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Abstract

The saliency map obtained from the source image determines the efficacy of the
traditional seam carving process. The importance map proposed in this paper is used to
highlight the shadows and important objects in the images. It combines the saliency map,
shadow map, and gradient map acquired from the image to discover the image’s prominent
regions. The proposed map, when compared to others, highlights more distinct details with
the state-of-the-art. The improved seam carving technique is paired with cropping and
warping image retargeting operators in the suggested hybrid sequence. By labelling a picture
with a class label and object localisation, the coordinates of the objects are generated using
R-CNN object detection techniques. This will help in identifying the non-salient objects from
the image for security and surveillance purposes with pin-point accuracy.

Subject Classification: Primary 93A30, Secondary 49K15.
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1. Introduction

As the Internet and technology improve, more people are using
photos to share their knowledge and thoughts. Traditional image
retargeting techniques are being improved by researchers in order to
preserve the image’s important portions. The following are the four types
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of content-aware picture retargeting techniques: Cropping [1, 2, 3] Image
retargeting based on segmentation [4,5], non-homogeneous warping
[6], and seam carving [7]. The seam carving method delivers promising
retargeting results with minimum image distortions. The saliency map
produced by these techniques primarily emphasises the object’s structural
features based on colour and texture. The shadows of the items are vital in
making the scene realistic and attracting the viewers’ attention for a better
understanding of the situation. The presence of shadow allows the user
to notice important details such as object depth, light source angle, and
other image characteristics. Existing methods [8] should be paired with
enhanced saliency detection algorithms to improve the effectiveness of
image retargeting. After integrating three various maps, such as saliency,
shadow, and energy, a significance map is created. It is integrated with
additional state-of-the-arts such as cropping, warping, and scaling
to improve the efficiency of the suggested seam carving process. The
suggested approach and various sequences of image retargeting operators
are tested on various types of images.

Data support for aerospace activities such as satellite pointing and
tracking can be provided via accurate picture coordinate detection. We
researched the imaging characteristics of a satellite picture captured in
space and suggested a method for obtaining the satellite component
coordinates in the image to enable precise satellite component detection.
This technology, which is based on a “regional-based convolutional neural
network” (R-CNN), allows for accurate image coordinate detection.

2. Literature Review

The image’s derivate can be computed using a variety of existing
methods. The complexity of the picture features and variations in the color
information determine the computing time of the image’s salient features.
Individual maps such as the salient map, shadow map, and energy map
can be used to highlight the image’s prominent sections.

Ittiet. al., [9] suggested an approach through which bottom up saliency
of the image can be computed based on low level features. For each low
level feature of the image the individual saliency map is generated. The
computed saliency map is further combined to obtain single saliency map.

Jiet. al, [10] multiple saliency maps are combined using low-level and
abjectness properties in this architecture. The saliency map is optimised in
the last step of the proposed technique by incorporating multiple features
using multilayer cellular automata.
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The content-aware seam carving technique was first proposed by
Avidan and Shamir [11] which became very popular in image resizing.
The energy of neighbouring pixels is compared to determine the best
seam, and the pixel with the least energy is chosen for the seam. Their
approach is based on intensity variation, which offers the significance
map, and hence removes pixel paths with little intensity variation.

For refining the image scaling method, Achanta et. al., [12] suggested
a novel saliency detection scheme and integrated it with the seam carving
technique. An improved energy function was recommended to protect
the image’s normal structures which improves the existing seam carving
technique. Liu et. al., [13] produced a multi-scale contrast based adaptive
significance map that overcomes the seam carving technique’s total
limitations. They created a reserving ratio map with a mapping and re-
sampling scheme. The significant objects can be preserved and the visual
arrangement can be maintained utilising a continuous seam carving
technique.

S. Dhyakesh et. al., (2021) [14] employed remote sensing satellite data
to obtain information about the terrain. The term “object detection” refers
to the problem of identifying items within an image. Object detection
presents a number of difficulties, including non-trivial noise, blurring,
and lower resolutions compared to aerial photos.

Shubhankar Rawat (2019) [15] employed deep learning models and
RCNN to detect objects in aeroplanes, resulting in their widespread
application. It is well established that the performance of deep learning
models is proportional to the amount of training data. As a result of
data augmentation, additional images are generated for training, which
improves the model’s performance.

Jakaria Rabbi et. al., (2020) [16] developed a three-component
architecture consisting of an ESRGAN, an EEN, and a detection network.
They employed residual-in-“residual dense blocks (RRDB) for the
ESRGAN and EEN, and a faster region-based convolutional network
(FRCNN) (two-stage detector) and a single-shot multibox detector (SSD)
for the detector networks (one stage detector).”

Nidhi Bansal (2020) [17] Satellite imaging was utilised to track marine
movements. Increased ship mobility, the possibility of ship accidents, and
illegal activities have all prompted a number of organisations to keep a
closer eye on the open seas.
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3. Methodology

The steps of proposed model are shown in Figure 1.
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Figure 1
The Process Flow of Complete Research Methodology

3.1 Saliency Map Extraction

To compute an efficient saliency map, the segmentation based gPb-
owt-ucm (Arbelaez et. al., [18]) method is applied. To obtain the level
of the saliency correspond to each segment above three properties are
combined. To obtain the final result of the saliency level of each segment
k, eq. (1) is used.

S =11 s¢ 1)

jele by by)~j

3.2 Extraction of Shadow Mask using Region Growing & Gap filling

We must conduct three primary processes to detect the shadow map
of the input RGB image: pre-processing, shadow detection, and region
filling utilising image morphological procedures.

The ¢ 3 band was found to be suitable for recognising the shadow
regions present in the image after examining multiple images in the SBU-
shadow dataset (Vicente at al. [19]). The ¢ 3 component has been found to
be noisy in testing, which may cause misunderstanding between pixels
in shadow and non-shadow regions. To address this problem, the ¢ 3
component is convolved with the 33% average filter to decrease noise.
The RGB to HSI conversion procedure[20] is used to extract the HSI
components from the image.
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3.3 Gradient Map Extraction using Canny Operator

To reduce noise and detect strong edges, the Gradient Map is created
using the Canny Operator.

A filter with a defined dimension is applied to the image to create this
style of image. Forward and reverse mapping are used to determine the
relative locations of pixels from the source image to the target image. To
map all the pixel locations from source image to target image eq (2). is used.

IMG' = forward _mapping(IMG )

IMG,, = forward _mapping(IMG,) (2)
IMG'™" = Resample
wl~1/S,, (IMG,,IMG))

3.4 Integrate (Saliency Map + Shadow Map+ Gradient Map)

All three maps, namely the saliency map, shadow map, and gradient
map, are integrated to produce an accurate importance map. The produced
significance map indicates the image’s most prominent area where the
distortion is plainly visible to the naked eye.

3.5 Improvement of Existing Seam Carving

Due to the intersection of optimal seams in the existing seam carving
method, the contour of significant line structures is crushed. This is
accomplished by retargeting the lines[21], then locating the intersection
point and detecting the lines that correspond to it. After determining
the lines and points, the energy is modified, and the updated procedure,
which is now the enhanced seam carving process, is implemented.

The Vertical and Horizontal Seams are calculated by the formula
below:

ifI(i, j)=2DArray(i, j) =1
otherwise, y=y+1, x=x-1

IV(@i,j)= 3
@) =1,2,3,4...... n )
y=123,4...... n
ifI(i, j)=2DArray(i, j) =1
. otherwise, y=y-1, x=x+1
IH(i, j) = y=y (4)
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3.6 Object Detection using R-CNN Architecture

Ross Girshick, Shaoqing Ren, Kaiming He, and Jian Sun introduced
RCNN, a convolutional neural network-based object detection architecture,
in 2015. Along with YOLO (You Look Only Once) and SSD, it is one of
the most well-known object identification architectures that makes use of
convolutional neural networks (Single Shot Detector). Its architecture is

shown in Figure 2.
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Figure 2
R-CNN Architecture (Source: Girshick, 2015)

4. Results and Discussion
4.1 Proposed Importance Map (PIM)

From the Figure 3 the contours of the objects, the various boundaries
of the structure, and their shadows may all be seen in a single significance
map. When the proposed importance map is used in combination with the
proposed seam carving approach, the structure of the significant regions
can be preserved while the image is retargeted.

Figure 3

Comparison of (a) Original Image (b) Saliency Map (c) Shadow Map
(d) Energy Map (e) Proposed Importance Map (PIM)
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Figure 4 shows the results of a similar experiment on other images to
produce a saliency map and a significance map. The proposed technique
was used to create the importance map. The obtained saliency map in
Figure 4 highlights few prominent structures of the image.

4.2 Improved Seam Carving (ISC)

In figure 5(b) the line structures on the building’s roof have been
warped and changed into curved shaped items, as can be seen. This type
of distortion can arise in the traditional seam carving process due to the
meeting of ideal seams in both the horizontal and vertical directions.
When the ideal seam intersects on prominent line

structures and removes the low energy pixels from the line structures,
the shape of the lines starts to convert into curved shaped objects in the
traditional seam carving procedure. To solve this challenge, the suggested
technique uses the canny line detection operator to first detect the
significant line structures. In figure 5(c), the straight lines seen on the
building’s roof have been totally preserved. Only a few distortions can be
seen on the ground line segments that are not immediately visible to the
naked eye.

(a) (b) (c)
TN [

Figure 4
Comparison of (a) Original Image (b) Saliency Map (c) PIM

Figure 5

Comparison of (a) Original Image (b) Conventional Seam Carving
(c) Improved Seam Carving
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4.3 Comparison with other existing operators

The findings of the improved seam carving (ISC) technique were
compared to existing state-of-the-art techniques such as shift-Map(SM)
and stretch and scale (SNS) and displayed in Figure 6,Various photos,
including a range of line structures, curved shaped objects, and shadow
regions, were captured to test the efficiency of the improved seam carving
approach. From figures 6(b), 6(c), and 6(d), in comparison to the SNS
and the improved seam carving technique, the image retargeting results
obtained by the SM cause a greater amount of distortions on the line
segments. When compared to the SM and SNS retargeting operators, the
suggested approach produces visually pleasing results because image
distortion is very low.

Figure 6
Comparison of (a) Original Image (b) SM (c) SNS (d) Improved Seam Carving

Figure 7
Object Detection using RCNN

Coordinate Retarget of Vehicle to Common Google Earth Images

We collected images from Google Earth and applied R-CNN
inception. The images were collected and some objects are identified with
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Training Loss and Accuracy Curve of R-CNN Model - Curve for Accuracy
the images of location retargeting

common Google earth images (Figure 7 (a) and (b)). More accurate results
are shown in Figure 8 because it has minimum loss. These red boxes would
solve the security application of the work.

5. Conclusions & Outcomes

The saliency map, which highlights the image’s most important
portions, determines how effective the image retargeting process is.
The traditional saliency detection method simply highlights the most
important things and ignores shadow as a prominent structure. The
observer can comprehend the vital contents such as the strength of light
incident on the object, the depth of the object, the angle of the incident
light, and other significant elements of the objects due to the presence
of shadows. The proposed technique offers considerable results in terms
of reduced distortion percentage when compared to the state of the art.
The typical images were retargeted and categorised, R-CNN is used to
find the coordinates of images. In terms of object detection and coordinate
information of retargeted images of satellite views, the vehicle marked
images and curve presented in figure 9 were discovered to be the most
accurate. This pin-point accuracy is very much useful for security and
surveillance purposes for the identification of the infiltration activities
occurring at the border regions of any country.
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