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Salient Object Detection on Matrix
Disintegration using Convolutional Neural
Network

Hemraj Singh, Maheep Singh

Abstract: In this work, initially low-rank matrix is used for
Salient object detection (SOD) and generating saliency. The
Saliency map obtained using low rank matrix is then passed to the
convolutional neural network (CNN) to obtain the final saliency
map. Salient object has been recognized by sparse matrix and is
detected using CNN, but still there remains two problems to be
resolved. First, the elements in the sparse matrix which are
commonly self-sufficient, avoids spatial pattern of image regions.
Second, if the entire low-rank matrix and sparse matrix have been
fairly well-founded, then a likeliness of the salient object and
background are convoluted. To solve these problems we have
proposed a novel model with two conditions: (1) We have used
tree-structure sparsity breeding formalization which captures
image structure and revamp to the object which has akin saliency,
(2) Laplacian formalization has been used for filling the gaps in
the images that contains multiple salient objects. Overall, high
level priors have been used to handle matrix decomposition and to
increase the salient object detection capacity, and to detect the
salient object a CNN network has been designed that handles
single, multiple and complex scene of images and gives the better
result as compared to state-of-the-art models.

Keywords: Sparse matrix, convolutional neural network,
Low-rank matrix, subspace, structured skimp..

I. INTRODUCTION

Visual saliency is significant research in the field of
neuroscience, psychological science, and computer vision
from long time. It appertains to identify the subset of lusty
visual information required for further image processing. The
important part of visual saliency, for a given image is
localizing and segmenting salient object present in image. It
is giving earthshaking enthrallment since the last decade due
to its popularity in the field of computer vision, object
detection and recognition [1], [2], [3], [4], are
substance-based image recovery [5], [6], and
circumstance-cognizant image resizing [7], [8], [9], [10] ,
[11].

Different form of saliency model is given for generating
saliency map and detecting objects. Either using previous
information or not, latest model are using: bottom-up and
top-down. Bottom-up architecture is [7], [8], [9], [10], [11]
used | impetus-obsessive and necessarily works on the local
And global center-environs distinction, based on the
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Figl. Different models of salient object detection (LRR

[7], ULR [6], and SLR [8]) are dispersed and fragmental,

but our algorithm reduces this asperity and performing

good.

Low-level affection, i.e. color, text and position. The main
objective of SOD models is detecting saliency regions or
target objects contained in image. On other way top-down
models [12], [13], [14], [15], [16], [17], [18]
charge-obsessive and generally tour de force high-level
human perception lore, ambient, semantic and ground for
calculating posterior saliency. Somehow, high assortment of
the object is limiting the stereotype and scalability of the
model. In modern way, SOD are using both bottom-up and
top-down clue for providing detection of object.

A series of paper have been used [19] the low-rank matrix

mending hypothesis. Shen and Wu’s [20] have been given a

low-rank matrix model of transferring the affection to add the

low-level affection of using a high level of lore. Zou et al

[10]. Have proposed segmentation cardinal to find out from

scene and image confines cues, abet low-rank matrix. Long et

al [11].

Have been mount a low-rank representation (LRR) using a

multi-job erudition procedure, of top-down and the weight is

syndicated of multiple features for SOD. Basically, an

e Image could be defined as a conflation of achingly
superfluous information based on the LR-based method,
(e.g., graphically accordant scene demesne) and
exiguous salient (e.g., disparate accentuate demesne).

e The accordant advice lies between low Bulk affection
subspaces, which are neared to low-rank affection
matrices. The salient part is detouring low-rank subset
which is showing noise or bugs, and denoted as sparse
sensuous matrix.
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So the affection matrix F in image is decomposing
low-rank matrix L, then non-salient locale exiguous matrix S
are using to measure the saliency map using low-rank matrix.

Min Ls LIl +A[1S| 1 )
s.t. F=L+S
Where ||.|[<is @ nuclear ethics (sum of aberrant
Values matrix), convex dalliance rank matrix
Function, ||.|| I:-norm that give skimp, and
Parameter A> 0 gives the trade-off two items. The
Old LR-based SOD algorithm is giving auspicious
Result, but there have some problems:
e Based on LR hypothesis (a.k.a .robust PCA) [21], is
disintegrating interpretation of consciousness matrices it is
debased if there is any high cohesion between low-rank and
skimp matrices. So that if locale is going to agglomeration or
the same to appear in the salient object is complex for
LR-based method to scattered them in “ fig.1 <. Tackling this
problem, we are given structured matrix
decomposition passing into a convolutional neural network
model that behaves like foreground/background bifurcation,
which is an issue of low-rank and edifice-base matrix
disintegration. We are ameliorating two important
ingredients in “eq.4”. 1). we acquaint tree structured skimpy
prompting norm to blackjack S, therefore matrix
disintegration is taking part in image revamp for spatial
connectivity  and  peculiarity  resemblance.  This
continence is generally a hierarchical assemblage of tree
building, where a I-norms are engaged to administer to
patches  congruous saliency value. 2). we are assimilated
a Laplacian homogenization breaking consonance low-rank
and structured-skimp matrix. The normalizer is taking
geometric edifice of images to construct local recondition
to discuss the same presentation and distributed
foreground objects to background. This tract is enabled our
CNN model to descry a salient object of rumple sites,
eventually, aspect of background salient object is same.
Sometimes it is difficult to find-out old answer that CNN is
Ameliorated  the  object  comprehensive.  Some
important contribution of the state-of-art models are given
below:
¢ \We have advanced especial edifice matrix disintegration
convolutional neural network model for SOD. The
comparison of standard, the LR method is utilized [2], and
not taking the abecedarian architecture of data, but tackling
challenges which is arising the consonance of low-rank
matrix and sparse matrices. Showing our experience, first
work is done in architectural model of data via using
convolutional neural network and skimps of matrix
disintegration. Using alternating direction method (ADM)
[1], we are giving optimization process for resolving our
problem with help of convolutional neural network (CNN).
e We mounted CNN-based salient object detection
skeleton and valuated five touchstones in different
screenplays, single object, collaborative objects, and
intricate objects. We are comparing the result of our model
with 10 state-of-the-art models with help of rendition
metrics, comprehending prescription measures, such as
precision
metrics and mean absolute error (MAE), and
F-measure [2]. CNN-based method is gaining
competitive outgrowth in comparing other cardinal models.
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Il. RELATED WORK

Advancement of object detection has two sub-fields: eye
obsession estimation and salient object detection. Latest
solicit of the eye obsession estimation are finding and salient
object detection (SOD) has been solicited. Here, we are
discussed about the second sub-filed, that our task is
associated. But afore that, we could retrospect some
customary studies to set as close of the sub-filed. The
institution of SOD algorithms are followed the hypothesis of
center-surrounded difference and multiple affection
integration. An important leverage method is given by lttiet
al. [11], which extrapolates saliency to the dissimilitude
Gaussian on multiple affection maps. Harel et al. are given
graph of image and espouse random walks for saliency. The
knowledge-based models are generating saliency on multiple
affection. Later, the investigator are meliorating the
hypothesis by using consequence of affiliate, regional and
broad-gauge differ cues, and scouring saliency cues in
prevalence precinct [14].

The latest works are done in salient object detection [8], that
articulating the saliency detection such as segmentation
problem. The latest reasoned are classified in bottom-up and
top-down. Bottom-up approach has been used in bio-field and
low-level feature images. The prevalence congruity method
[22] is measuring the color deviation based on mean of color
image at pixel-level. And modified solution [7] is given to
recognize SOD based on context in form of low-level
affection and differentiation of global special relation. Global
distant model [12] is recognizing salient zone for predicting
distinctive lab color histogram of image zone. Saliency filters
[20] are improving the global distant model [12] to adding the
color personalized and spatial disposition of image zone. The
next bottom-up methods are multi-scale paragon [23] for
high amplitude color transfiguration and [17] are going to
exploring salient object detection [24]. The other important
cues are given, texture [20], depth, or surroundedness [25],
which are studied recently. The variation of top-down models
is especially predicting saliency by using a work-specific
learning algorithm or high-level. The models, [26] which are
identifying salient objects of conditional random field (CRF)
with contrary of multi-scale distant histogram and special
disposition affection. The inert varying model is predicting
saliency by the help of joint learning and specific dictionary
CRF. Saliency aggregation are trained a CRF of the saliency
map based on other Visual saliency model is an abecedarian
disquisition issue in the field of neuroscience, psychological,
and computer vision sagaciousness of long time. It appertains
to identify subset of lusty visual information for the next
processing. It is an important part of visual saliency, for a
given scene the most and important part of object is
localizing and segmenting using SOD. It is giving
earthshaking enthrallment since the last decade due to its
popularity in the field of computer vision, as object detection
and recognition[1],[2],[3].[4], content-based image retrieval
[5], [6], and context-aware image resizing [7], [8], [9], [10],
[11].

Different saliency model are given to generate saliency map
of images and detecting the salient objects.
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Either using the previous information or not, latest model are
using the two approaches: bottom-up and top-down.
Bottom-up models [7], [11], [12], [13], [14], [15], [16], [17]
used impetus-obsessive and necessarily worked on the local
and global center-environs distinction, based on the low-level
affection, i.e. color, text and position. Important terminations
of the models are detected saliency region or containing
target objects or mixing the background. Other way top-down
models [18], [19], [20], [21], [22], [23], [24], [27]
charge-obsessive and generally tour de force high-level
human perception lore, like as ambient, semantic and
background for calculating posterior saliency. Somehow,
high assortments of the object are limiting the stereotype and
scalability of the model. In modern time, SOD is using
bottom-up and top-down clue for detection of object. A series
of paper are used [28] low-rank matrix mending hypothesis.
Shen and Wu’s are given a low-rank matrix model of
transferring the affection to adding the low-level affection of
using a high level of lore. Zou et al. are proposed
segmentation cardinal to find out from scene and image
confines cues, abet low-rank matrix. Long et al. are mount a
low-rank representation (LRR) using a multi-job erudition
procedure, of top-down and the weight is syndicated of
multiple features SOD. Basically, animate has been defined a
conflation of achingly superfluous information based on the
LR-based method, (e.g., graphically accordant scene
demesne) and exiguous salient (e.g., disparate accentuate
demesne). The accordant advice lies between low bulk
affection sub-spaces, that is neared to low-rank affection
matrices. The salient part is detouring low-rank subset which
is shown as noise or bugs, and denoting sparse
sensuous-matrix. So affection matrix F in the image is
decomposing in low-rank matrix L, the non-salient locale
exiguous matrix S is using to measure the saliency map.

Min s [IL|l + AJIS|LSt. F = L + S @)

where ||.||- is a nuclear ethics (sum of aberrant values matrix)

, convex relaxation of the rank matrix function, k.k1 11-norm

that give sparseness and parameter A > 0 gives the trade-off

two items. The old LR-based SOD algorithms are giving
auspicious result, but there have some problems:

e The state of art model was not provide a correlation of
element in S, and overlook common relations, of spatial
proximity and pattern viscosity, between pixels and
mend. Algorithms are enduring two confines. (1)
Foreground pixels or mend is effectuated and saliency
map is acted as attendant to dissipate in fig.1. (2) The
saliency values are discordance in the same object,
antecedent fragmental part of detected object, which is
given in “fig.1”.

e Based on LR theory (a.k.a .robust PCA), disintegrate
interpretation of consciousness matrices is debased high
consonance between low-rank and sparse matrices. If
locale is going to agglomerate. salient object is complex
for LR-based method to scattered them in “fig.1”

Tackling this problem, we are given structured matrix

decomposition passing into a convolutional neural network

model that behaves like the foreground/background
bifurcation which is an issue of low-rank and edifice-base
matrix disintegration. We are ameliorated two important
ingredients in “eq.2”. 1). we acquaint a tree-structured
skimpy-prompting norm to blackjack S, therefore matrix
disintegration is taking part in image revamp for spatial
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connectivity and peculiarity resemblance. This continence is

generally a hierarchical assemblage of tree building, where a

l.-norms are engaged to administer to patches a congruous

saliency value. 2). we are assimilated a Laplacian
homogenization breaking the consonance low-rank and
structured-skimp matrix. The normalizer is taking the
geometric edifice of images to construct local recondition to
discuss the same presentation and distributed the foreground
objects to background. This tract is enabled our CNN model
to descry a salient object of rumple sites, eventually, aspect of
the background in the salient object which is the same.

Sometimes it is difficult to find-out old answer that CNN is

ameliorated the object comprehensive. There is some

important benefaction is given:

e We have been advanced especial edifice matrix
disintegration convolutional neural network model that
is SOD. In comparison of the LR model is used, not
taking the abecedarian architecture of data, but tackling
challenges which are arising the consonance of low-rank
matrix and sparse matrices. Showing our experience, the
work that is done in hierarchical architecture of data via
using convolutional neural network and sparsity of
matrix disintegration is very effective in SOD. Using

alternating direction method (ADM), we are given
optimization method for resolving our Problem
with help of convolutional neural Network

(CNN).

o We mounted CNN-based salient object detection skeleton
and valuated five touchstones in different screenplays as
single object, collaborative objects, and intricate objects.
We are comparing the result with 24 state of the art
models comprehending prescription measures, such as
precision metrics, mean absolute error (MAE), and
F-measure. CNN-based method is gaining Competitive
outgrowth in comparing other cardinal Models.

I11. PROPOSED MODEL

A. Basic Articulation
The input image 1 is partitioning in N non-overlapping
renovate P= (P1, P2... PN), e.g., super-pixels. For every
renovate Pi, D-dimensional touch vector is corkscrew which
is noted as pi RD. The total of affection vector forms matrix
of I, noted as F= (fy, f2 ...FN) € R DxN. The issues in SOD is
to meditating effectual method of disintegrate affection
matrix F in the form of superfluous advice L (non-salient
background) and architecture disparate S (salient object). For
solving this problem in part 1, we are giving an important
CNN matrix decomposition models as shown: [26]

Min ,s @ (L) + an(S) + 6 (L, S) 3)
St. F=L+S where @ (.) is low-rank constitutional feature
subset, o (.) is architecture sparsity formalization to extract
spatial features in S, 0 (.) is distance between L, S, a, B are
positive dicker parameter.
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B. Low-Rank Homogenization Of Image Background

We are applying low-rank formalization background feature
matrix L and chase constitutional structure. So the
minimization of the matrix-rank of affine continence is
NP-hard problem. We are embraced nuclear par in the form
of convex dalliance. [26]
® (L) = rank (L) = [|L|}+ + & 4)

Where € are dalliance error. At last we are predicting the rank
of affection matrix noted " using: [26]

" r =argminr (RMSRE (r—1) -RMSRE(r)) <€ %)
Where RMSRE(r) is root mean square conversion error of
genuine matrix, rank-r and singular value decomposition
(SVD), threshold is €=0.01.

C. Laplacian Formalization

Standardization of feature matrix F in terms of low-rank L
and architecture-sparse S, and subspace between L and S, that
it made simple to distribute the salient object background. So
in the last we are giving the Laplacian Formalization in local
invariant assumption: if two image patches which are
neighborhood in similar features then subspace are closely
related to each other. We are given the formalization as
shown in below. [26]

N
1 , i
6(L.5) =5 Z ls: = sl Wi ; = Trisaaz5™)  (6)
ClLjl=1
Where si is ith column of S an Wij is (i,j)th entry of matrix
W=(wi,j))ERN*N denote feature patches (Pi,Pj), Tr(.) are
trace of matrix and MFE RN*N is laplacian matrix and

compatibility matrix W which is given as [26]

. (_ 15° . £V 7
Ly exp ro :f(f-"!'f-"_l-') ': ]

0 Otherwise

Where V is set of contiguous pairs image. The (i,j)" is
Laplacian matrix, MF is given [26]

—w;. ifiE]
Meay = Z . Otherwise (8)
jei
1. For a given matrix A= (@i ER™™
1

o
Al = {Eﬂlzf_l|n!j|' }" In equation (6) the
Laplacian Formalization F and S are affiliated base on
this 6 (F, S) =06 (L + S, S) =6 (L, S). The Laplacian
Formalization is activating the process to accelerate the
distance of feature subspace and debonair the vector S
based on the local adjacent feature matrix F.

D. Optimization

To calculating efficiency and accuracy we are needed to
optimize our result, so we require an alternating direction
method of convex problem. We are extending equation (2)
[26].

i m
min sllLll 4o ) ) v

i=1 j=1
St. F=L+S, S=H
Then we are solving this problem using ADM
Minimizers which is another form of the
Lagrangian function j [26]

Se “;: + BTr(HM:H)  (9)

Retrieval Number: A1003031121/2021©LSP
Journal Website: www.ijvlsi.latticescipub.com

NN RN R ]
I % $ 4 © P
BN bR REINRS
YN NN e
Il =
4»% % """ §_>8 §+§ §>E
INE RN ANRIE
Input - — — E é
DO NN NN NN
IR AR
] G L I I

Figure 2: Deep CNN model for global context modeling
for SOD.

IV. CNN BASED SOD

This is demonstrated our CNN model for salient object
detection algorithm. We are using two important part: the
First one discuss of low-level features and second discussion
on high-level lore. “Fig.4” is showing the result of a
CNN-based salient object detection model.

A. Low-Level Salient Object Detection

Our models are using four steps: image cogitation, index tree
erection, matrix formalization, and saliency chore.

Stepl: Image Cogitation.

In this process, a given input image is distributed in rigid and
perceptually of the same elements. Following, first of all we
could extracting the low-level features, in terms of RGB
color, steerable pyramids and Gabor filter of
over-segmenting the image in the form of N atom recondition
P=P1,P2,........ PN. Each recondition Pi is denoted as feature
vector fi, form a feature matrix F = [fy, f,, f3 _FN] & RPN,
Step2: Tree Erection.

Using hierarchical segmentation we could concoct the index
tree T of encoding the architecture information on top of P.
Based on the equation (7) we are evaluating the affinity of
each neighborhood patch couple. After that, we could be
using the graph-based image segmentation algorithm [12] to
adding the spatially adjacent patches based on the affinity.
This type of algorithm is generating a sequence of granularity
increasing the segmentation. In each of the granularity layers,
segmentation is performing on adjacent node of layer in
index tree. Generally, the granularity is controlled in the
affinity threshold of 1. At last, we are finding-out the
hierarchical architecture of fine-to-cut-rate segmentation of
input image.

Step3: Matrix disintegration.

If we have affection matrix F and index tree T which are
fitted, in our proposed CNN model for articulation in eg.(2)
with l.-norm, for formalizing F in a low-rank element L and
an architecture-skimp element S.

Step4: Saliency chore.

For saliency estimation, we are formalizing F and alien
outcome of feature domain to spatial domain. Using
structured matrix S, we are using a forthright of the function
Sal (.) recondition in P.

Sal (Pi) = ||Sil| (10)
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Table I: The network structure model and number of
layer

Layer Parameters Input

Input Layer(l)
Convolution(C»)

Grey:150*150*1
Kernel:3*3, map:16 | 1

MaxPooling(Mi1) | Kernel:2*2 Ci
Convolution(Cy) Kernel:3*3, map:32 M
MaxPooling(M2) | Kernel:2*2 C
Convolution(Cs) Kernel:3*3, map:8 M
MaxPooling(Ms) | Kernel:2*2 Cs
Upsampling(U31) Kernel:2*2 M3
Convolution(Ca) Kernel:3*3, map:32 Us
Average(A) Cs and My
Upsampling(Uz) Kernel:2*2 A1
Convolution(Cs) Kernel:3*3, map:16 U
Average(Ay) Csand M,
Upsampling(Us) Kernel: 2*2 A,

Convolution(Cs)
Convolution(Cy)
(non-trainable)
Output

Kernel:3*3, map:1 Uz

Kernel:3*3, map:16 Cs
Grey:150*150*1

B. Assimilate High-Level Principal

We are figured out the propound CNN-base saliency
detection which are integrated a high-level principal. Based
on Shen and Wu [26], are given three principals, such as
location, color, and background principals, to beget the
principal map. Generally, the Location principal is coming
out from Gaussian distribution which is distances from
proper pixels values to image center. Color principal is using
the like as [25], which is calculating the human eye acuteness
in terms of red and yellow color. The background principle is
finding out through probability of the image regions which
are joining to image boundaries [13]. These principal are
using together to find out the high-level principal map. Vj

Is define

Vi = -max (nk: k € G) (11)

Eq.(12) is increasing the saliency value of the nodes at high
principal values which are accumulating to small part vij. The
high-level principal information is smoothly enclosed in the
CNN model and directed matrix formalization and improve
saliency detection. If vij=1 so for every node G'; are debased
the low-level saliency detection model. High-level principal
in CNN. The top branch (high-level modeling) of propose
saliency detection is using pipeline in CNN structure.
Super-pixel are performing the segmentation of images in
SLIC [12] method, and given input to global context CNN
which is using a super pixel-center for large context window
of full image. If region of image boundaries are increasing
then we are using padding of training datasets. After adding
pixel of images and are wrapping in the form of 111x 111x3,
where 3 denoted as three-dimension which is known as
width, height, and the number of channels. Using this model
we are formalized and padded the super-pixel which is
classified centrum image, and contiguous diffusion of global
context image. The input of the image has covered the whole.
The last layer of the network is two neurons which follow the
soft-max function as an output, which are showing the
probability of the centered super-pixel in terms of
background or part of the salient object. The proposed model
is efficient and effective for classification of the ImageNet
2013. The Clarifai model is accepted baseline model. The
Clarifai model has 5 convolutional layers and 2 fully
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connected layers. The composition of network is affection
map of the every layer. In convolution layers the affection
maps are bounded width xheightxdepth, first two dimensions
are showing structural size and third is number of channel.
The pooling layer is active after three layers. Total parameter
is using is 58 million for other reading we using [28].

(a)Image (b)GT (c)LRR[7] (d)ULR[6] (e)SLR[10] (f)PM
Fig.3 from Left top to left bottom, image is single image,
multiple images, and complex image and appears images are
given in terms of models (LRR [27], ULR [28], and SLR
[29]). The segmentation result is closing to saliency maps
(CNN models) closed to ground truth and Propose d Model
(PM).

V. RESULT AND DISCUSSION

The evaluation of our algorithm is administrating continues

experiment in the HKU-IS datasets and existing many script.
A. Experimental Situation

1. Datasets. Here, we are using HKU-IS [20]. In this
database, images in single object, multiple object, and
complicated or complex scene of images. Every
information of datasets are given in table 1l. SOD [21]
has also single object, multiple object and complex scene
object images. ECSSD [22] has also single object
multiple object and complex scene object images. This
type of datasets are using for SOD.

Table 1. Abbreviation of the Benchmarks Datasets

Name Size Characteristics
HKU-IS[12] 5,168 Single object, poised from
(image) HKU-1S[12], easy
background, high
diversity, single object,
complex background with
SODJ[13] 5,168 natural images, multiple
image, different size of
multiple objects, different
size  of locations of
ECSSD[14] 1,000 objects,

2. Parameter Setting. The parameter of CNN for salient
object detection is as given. For image abstraction, we
set the patches N=300. For construction of threshold
value 1=[150,450,3000],parameter are using and
generating three grainy-increasing segmentation.
Beginning of over segmentation, we are using five
convolutional layers and two fully connected layers of
total image to construct an index tree.
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\For decomposition we are setting bandwidth $62=0.07, and
model parameters o and 3 are 0.36 to 1.4. Our code is running
on some different platform C++ and License version of
Matlab-2019a and average run-time are 0.2 seconds per
image on HKU-IS datasets and PC of Intel(R) Xeno(R), CPU
E52620 v3 and 16 GB RAM, with 1 TB hard disk and 2GB
graphics card and multi-thread used.

3. Evaluation Metrics. The evaluation metrics are given in
precision-recall (PR), F-measure, mean absolute error
(MAE), S-measure score.

Precision is measuring assignment of salient pixel and recall

is ratio between truly detected of all true salient pixels.

F-measure is a collection of weighted mean precision and

recall:

1+ B°PR i

Te B°P 4+ R (12}

where B? is 0.4 ferment precision more to recall. The PR and

F-measure curve are generated, variation of threshold which

gives SOD. The ROC curve is propagating help of true

positive and false positive rates that are calculated under the

PR-curve. Therefore calculating the MAE and OR metrics

based on the saliency map S and ground truth G. MAE is

calculated difference of S and G:

MAE = mean (IS —GJ) (13)

The overlapping ratio is calculated on the segmented mask S’

and binary S and adaptive threshold that is twice the mean of

S.

Table I11. Comparison of state of art models to proposed

models on HKU-IS Datasets

Metric HKU-IS Datasets

F-Measure | S-Measure | MAE
HS[11] 0.652 0.764 0.215
drfi[12] 0.745 0.74 0.145
wCtr[13] 0.695 0.74 0.138
mcdI[14] 0.787 0.786 0.092
LEGS[15] | 0.736 0.742 0.119
map[16] 0.552 0.624 0.182
SBF[17] 0.821 0.829 0.078
LRR[7] 0.448 0.408 0.159
ULRI[6] 0.601 0.691 0.144
SLRJ[10] 0.704 0.626 0.112
PM 0.8375 0.83 0.065
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Fig 4. Comparison of state of art model of SOD datasets.
Table 1V. Performance Comparison of state of art
models
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Metric SOD Datasets

F-Measure S-Measur | MAE

0.756 3.711 0.222
HS[11]
DRFI[12] 0.658 0.619 0.228
WCTR[13] 0.615 0.638 0.213
MCDL[14] 0.689 0.651 0.182
LEGS[15] 0.685 0.658 0.197
MAP[16] 0.509 0.557 0.236
SBF[17] 0.740 0.708 0.159
LRR[7] 0.723 0.745 0.234
ULR[6] 0.713 0.712 0.235
SLR[10] 0.712 0.710 0.236
PM 0.801 0.769 0.149

Table V. Performance comparison of state of art models

Metric ECSSD Datasets

F-Measure S-Measure MAE

0.652 0.764 0.215
HS[11]
DRFI[12] 0.745 0.740 0.145
WCTR[13] 0.695 0.740 0.138
MCDL[14] 0.787 0.786 0.092
LEGS[15] 0.736 0.742 0.119
MAP[16] 0.552 0.624 0.182
SBF[17] 0.821 0.829 0.078
LRR[7] 0.448 0.408 0.159
ULR[6] 0.601 0.691 0.144
SLR[10] 0.704 0.626 0.112
PM 0.831 0.833 0.068
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