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Abstract
Co-salient object identification is a new and emerging branch of the visual saliency 

detection technique that tries to find salient pattern  appearing in  several image groups. 
The proposed work has the potential to benefit a wide variety of important applications 
including the detection of objects of interest, more robust object recognition and animation 
synthesis, handling input image query, 3D object reconstruction, object co-segmentation etc. 
To build modified ResNet50 model, the hyperparameters are adjusted in the current work to 
increase accuracy while minimizing loss. The modified network is trained on HOG features 
to mine more significant features along with their corresponding ground truth images. For 
a more streamlined outcome, the proposed system was built using the SGDM optimizer. 
During testing among the relevant and irrelevant image the network generates appropriate 
co-saliency map of relevant images. Integrating the associated and prominent characteristics 
of the image yields the appropriate  ground truth for each image. The proposed method 
reports better F1 value 98.7% and MAE score 0.089 value when compared with SOTA model.

Subject Classification:  68T07

Keywords: Semantic segmentation, Co-saliency, CoSOD3k, ResNet model, HOG features, Semantic 
Segmentation.

*	E-mail:	anuj.mangal@gla.ac.in (Corresponding Author)
†	 E-mail:	hitendra.garg@gla.ac.in
§	 E-mail:	charul@gla.ac.in

Journal of Information & Optimization Sciences
ISSN  0252-2667 (Print), ISSN  2169-0103 (Online)
Vol. 44 (2023), No. 6,  pp. 1035–1042
DOI : 10.47974/JIOS-1331

http://www.tarupublications.com
mailto:anuj.mangal@gla.ac.in
dx.doi.org/10.47974/JIOS-1331


1036� A. MANGAL, H. GARG AND C. BHATNAGAR

1.  Introduction

People tend to focus their visual attention on places and things that 
are captured through their eyes and hold their attention for a while to 
acquire information [1]. In order to comprehend the scenario, CoSOD 
model replicates the human visual system and searches for corresponding 
prominent objects [2] in a collection of image set. The CoSOD [3] model is 
used for various image processing task. In order to precisely describe the 
most important details of an image, important representative characteristics 
must be extracted. Additionally, a quick and efficient computational 
methodology must be created in order to produce and identify common 
patterns. Convolutional neural networks (CNNs)can capture far-reaching 
correlations by expanding fields of receptivity by overlaying convolution 
layers over low-resolution input  data. On the other hand, multi-hop 
dependency modeling is made more difficult by recurrent convolution 
approaches [16]. The framework of the proposed article is as outlined 
below: The proposed work is described in section 2 which details about 
the dataset pre-processing phase and optimization of the proposed model. 
The comparison study with other models over  dataset is presented in 
Section 3. The intended work is concluded in Section 4.

2.  Proposed Work 

The co-saliency approach’s principal goal is to separate recurrent and 
salient events from background noise. The dataset images [13] are split 
into 70%:30% ratio along with their corresponding ground truth images. 
The suggested method pre-trains the model using the retrieved HOG 
features from every group of dataset sample. Every sample image along 

Figure 1 
The abstract view of the proposed model
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with their ground truths are rescale to 224 x 224 to match the input for 
existing ResNet 50 [15] network. By including HOG characteristics and the 
ground truth of the related source image, the precision and effectiveness 
of the suggested technique are increased. In the suggested model, 
hyperparameters are also altered to increase accuracy while minimizing 
loss. The network preserves the output parameters of the original fully 
linked layer while reducing the total no. of system elements. The concept 
model of the proposed approach is depicted in Figure 1.

HOG is popularly known as a feature descriptor technique for object 
identification in image processing and computer vision field. This 
descriptor method counts the number of times in an image that a detection 
window or region of interest has a gradient orientation (ROI). The detailed 
description with algorithm is mentioned below.

1.	 Preprocess the Input Image Ti
	 a.	 Resize the image to 64 x 128 and in 8 x 16 grid.
	 b.	 Every block of 8 x 8 pixel.  

1.	 Calculating the gradient of the image
	 a.	 Calculate the Gx and Gy of each pixel:
                Gx (a,b) = I(a, b + 1) - I(a, b – 1); Gy(a, b) = I(a – 1, b) – I(a + 1,b)

		�  where Gx and Gy are the gradient of a pixel in x and y direction 
and a, b as row and column respectively.

	 b.	 Calculate magnitude and angle of each pixel of the block :
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2.	 Obtain Histogram of gradient
	 a.	� Develop 9 bin histogram separated by 20 degree representing 

intensity of gradient in that bin.
	 b.	� Bin in histogram are assigned with some values, calculated 

from the matrices of magnitude and angle.
	 c.	 Create a new block of 2 x 2 size.
	 d.	 Keep stride of 8 pixels for grouping purpose.
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	 e.	 Concatenate cells of block to form 36 feature vector.
3.	� Normalize the histogram to minimize the effect of contrast variation 

in the image. 
4.1	 Calculate p and fbi value:

2 2 2 2
1 2 3 36

1 2 3 36, , ..bi

p b b b b

b b b bf
p p p p

= + + +…+

        
= ……        
         

4.	 Calculate the cumulative HOG feature vector
	 a.	 Collect all 36 point vectors from each block.
	 b.	� Concatenate them into one giant vector which will be total 3780 

features. 

The SGDM optimizer is used throughout the training phase in order 
to get the network to produce the least amount of loss. A quicker convergent 
time and improved outcomes are obtained by accelerating gradient vectors 
in the desired orientations using SGD optimizer. The SGDM method alters 
the weights and biases of the network in order to reduce the overall loss 
and ahead to  local minima. The resulting formula produces an entirely 
new vector V using exponentially weighted average:

1    (1 ( 1))t t tV V Sb b−= + −

Where V stands for vector, where Vt–1 preceding assigned data fact, St 
is newly assigned data facts and β denotes hyper-parameter value between 
0 - 0.9. 

Figure 2
The details of proposed model architecture
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(2)n o tW W Va= −

Where Wn denotes updated weight, Wo is old weight, a  learning rate 
which is assigned with 0010 value. We have kept less parameters than 
existing ResNet-50 model which is mentioned in Figure 2. 

3.  Results and discussion

The CoSOD3k dataset [26] used in the proposed model is one of the 
biggest dataset. The below metrics used for system performance are 
defined below:
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where H is height and W is width of image and Tp, Fp, Fn, and Tn stand 
for true-positive, false-positive, false-negative, and true-negative values, 
respectively. With a batch size of 20, the proposed network’s starting 
learning rate was set at 1e-4. Nineteen epochs were used to train the 
network. The network was built with the SGDM optimizer to more 
efficiently reduce the loss function for a more optimal result. The suggested 
model’s training accuracy and loss were 99.39% and 0.04%, respectively. 

4.2  Qualitative Results

The proposed model’s output visible outcomes are contrasted with 
representative SOTA models, such as those in Figure 3.

Figure 3
Visual outcome of proposed network compared with SOTA model on beaker
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Table 1
Quantitative comparison table

Ref. Model F1- SCORE MAE
[5] BASNet 0.736 0.122
[4] EGNet 0.782 0.119
[8] PoolNet 0.797 0.12
[6] SCRN 0.806 0.118
[7] CBCD 0.589 0.228
[9] ESMG 0.615 0.239
[16] CODR 0.645 0.229
[10] DIM 0.458 0.327
[11] CSMG 0.645 0.157
[12] SSNM 0.675 0.12
[14] GCAGC 0.74 0.1
[13] GICD 0.743 0.189
[15] ResNet-50 0.927 0.122

MODEL Mod. ResNet 0.987 0.089

As we can see from the result Table no. 1 the network we suggest 
performs better than the original ResNet-50 model when compared. 
Figure 4 displays a performance graph contrasting the suggested network 
with several standard SOTA models, clearly demonstrating the high F1-
score and lowest MAE value when compared to others.

Figure 4
Progress graph compared with SOTA models
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5.  Conclusion 

The suggested article uses a modified version of the ResNet network 
model  to accomplish co-saliency identification process. This study 
proposes a new deep learning  method for strong co-saliency detection 
task. The suggested work is evaluated using the ground truth images from 
the standard CoSOD3k dataset. We calculate HOG features of the images 
from the standard dataset and train the modified ResNet-50 model along 
with their corresponding ground truth value. The proposed work is being 
tested on 30% of the dataset images, followed by their HOG feature 
extraction. The proposed method comes with 98.7% F1-score and 0.089 
MAE value which is quite good with state of art methods. In future 
additional visual characteristics can be employed in the existing model 
and research on motion features for video co-saliency identification can be 
carried out.
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