Scientific Visualization, 2024, volume 16, number 3, pages 23 - 36, DOI: 10.26583/sv.16.3.03

Visually Salient Region Detection in Omnidirectional Images
Using Wavelet Textural Feature Map

Manisha ManetAB, Anand Bhaskar24

A School of Engineering, Sir Padampat Singhania University, Bhatewar, Udaipur-313601,
Rajasthan, India
B Shah and Anchor Kutchhi Engineering College, Chembur, Mumbai-88,
Maharashtra, India

1t ORCID: 0009-0005-4832-3874, manishamane.sakec@gmail.com
2 ORCID: 0000-0002-6255-328X, anand.bhaskar@spsu.ac.in

Abstract

Salient object detection is a crucial aspect of computer vision that involves identifying the
most prominent area in a 2D image. However, predicting salient regions in omnidirectional
images can be challenging due to their circular field of view. To facilitate saliency detection,
pre and post-processing are required, which involves converting the image into an
equirectangular projection (ERP). In this study, we propose a detailed approach to saliency
detection for omnidirectional images using the wavelet domain. Our proposed model utilizes
a 2-D wavelet transform to decompose and reconstruct images in the CIELAB space. The tex-
ture channel map is then calculated, followed by the feature map, where salient regions are
marked using Gaussian filtering and entropy. Our experimental results demonstrate that this
method is highly effective for detecting salient objects in omnidirectional images.

Keywords: ERP, Omnidirectional image, Saliency detection, Salient object map, Salien-
cy model, Visual saliency, 2-D wavelet transform.

1. Introduction

Saliency detection, also known as salient-object detection, involves identifying significant
objects within an image. This process enables a system to quickly recognize important re-
gions, similar to how the human visual system operates. By focusing on key objects within an
image, a computer can better understand the scene's overall importance, making it particu-
larly useful for capturing context information or detecting shapes. Salient region detection
methods can automatically capture important image features such as color, edges, and
boundaries [1]. The field of computer vision has explored the process of saliency detection
and its importance for a variety of applications, including object recognition, scene percep-
tion, image segmentation, image retrieval, adaptive image or video compression, and medical
imaging [2][3].

In general, effective saliency identification methods should prioritize accurate object detec-
tion, computational efficiency, and high resolution [4]. Researchers have established a range
of standards for saliency prediction, categorized by bottom-up and top-down approaches.
Over the last few years, much work has been conducted on saliency detection in both the spa-
tial and frequency domains. A comprehensive review of research conducted in this field is
provided in [2]

Feature extraction in the spatial domain is performed using pixel coefficients. Several cate-
gories of saliency detection are based on local and global contrast, with detection relying on
center-prior, backgroundness prior, and objectness prior. Many saliency methods have been
proposed using color spatial distribution, center surround histogram, and multi-scale con-
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trast. However, the spatial domain has limitations; the salient object is within a rectangular
box and its boundary cannot be detected. Additionally, spatial detection methods are compu-
tationally expensive and require appropriate parameter selection [5]. Some methods cannot
clearly differentiate the image from its background [6], likely due to the presence of high-
frequency content in the image [7]. In some cases, salient region boundaries are highlighted,
but the salient region is not consistently featured. All of these limitations arise from the pres-
ence of inappropriate frequency content in the image. To address these issues, the frequency
domain is often preferred [8].

The process of saliency detection in the frequency domain involves several steps. First, the
frequency spectrum of the input image is obtained by taking its frequency response to elimi-
nate the image background. Next, image enhancement techniques are applied to highlight the
salient regions, and a gray level saliency map is generated by taking the inverse frequency
transform. The first saliency detection method in the frequency domain was proposed by Hou
et al. [9], who discovered that statistical singularities in the amplitude spectrum of the Fouri-
er transform (FT) were responsible for salient objects, and that the average log amplitude
spectrum contained redundancies. Guo et. al. [10], then constructed a 2D signal using phase
spectrum to obtain a saliency map, and combined the color and intensity features of the im-
age into a quaternion Fourier transform (QFT) to suppress the non-salient regions. The sali-
ency map was generated based on a minimum entropy criterion by convolving the amplitude
spectrum with a low-pass Gaussian kernel at different scales. Fourier Transform is not suita-
ble for analyzing natural images that are non-stationary signals, and it does not provide sim-
ultaneous spatial and frequency resolution of signals. Therefore, the short-time Fourier trans-
form (STFT) is used for frequency analysis [11], where the non-stationary image signal is
segmented into narrow spatial intervals, considered stationary, and then Fourier transform is
applied. The limitation of STFT is non-uniform resolution, where high frequency resolution is
required in the spatial domain and low frequency resolution is important in the frequency
domain [12]. STFT also leads to high computational complexity. To address these shortcom-
ings, new saliency detection methods based on discrete wavelet transform (DWT) have been
proposed [13][14][15][16]. DWT enables simultaneous analysis of spatial and frequency do-
mains, and its basis functions vary in frequency and time for a limited duration, making mul-
ti-scale analysis possible. The saliency map is obtained by taking the inverse discrete wavelet
transform (IDWT) for each color sub-band, where weights are derived from the high-pass
wavelet coefficients of each level [17][11]. However, these methods can only predict salient
points, not salient regions. In advanced methods, feature maps are obtained by taking DWT
of the image at each decomposition level, and the IDWT is taken after setting low-pass coeffi-
cients of that level to 0. Local contrast is obtained by considering linear combinations of the
feature maps, and the computation of global distinctiveness feature maps is based on the
normal distribution of the features [14][18][19].

Omnidirectional Images also known as 360-degree Images are used in wide range of appli-
cations such as robotic vision, surveillance etc. due to their large field of view (FOV). The 360
degree cameras acquires the image which is equivalent to the placing of multiple convien-
tional cameras, due to their narrow field of view. Also the optical axies for each image ob-
tained by conventional cameras is different which makes it unsuitable for many applications
which demands hights FOV. The process of visual exploration for omnidirectional images
(ODI) differs from that of conventional 2D images because ODIs provide a wider perspective.
Detecting visual saliency in such images is not as straightforward as in conventional images
since the viewer may be interested in only a specific part of the ODI rather than the entire im-
age. Therefore, conventional 2D models for saliency detection cannot be applied directly to
ODI images. Pre- and post-processing steps are required for these images, which involve un-
wrapping the image and converting it into an Equirectangular Projection (ERP) image to en-
able saliency detection [20][21][22][23][24].



We present a saliency prediction method for omnidirectional images in this paper, which
employs wavelet transform. The experiments are conducted using an ERP image, and the re-
sults are calculated accordingly. The paper is structured as follows: Section 2 explains the
process of converting omnidirectional images to ERP images; Section 3 details the proposed
saliency detection technique that employs DWT and IDWT. Section 4 investigates the impact
of Gaussian filtering and entropy calculations. Section 5 provides a discussion of the experi-
mental results obtained from various techniques, along with a comparison with other existing
techniques. Finally, Section 6 concludes the paper.

2. Conversion of OD image into ERP image

Omnidirectional images contain information in circular form, which requires a different
approach to visual exploration than traditional 2D images. The expanded field of view pro-
vided by omnidirectional images also presents challenges for visual saliency detection. Unlike
2D images, a viewer may not be interested in the entire image but only a particular region,
leading to the need for unwrapping omnidirectional images. Three major image unwrapping
techniques are available: cube projection, sphere projection, and the Equirectangular projec-
tion method (ERP). Of these methods, the most preferable one is the ERP method, which
converts omnidirectional images into rectangular images, as depicted in Figure 1[22][23][24].

Figure 1 (a): Omnidirectional Image (b): Unwrapped equirectangular projection (ERP)
Image

Due to the large size and panoramic view of the ERP image, it is not appropriate for analy-
sis using DWT. Thus, it is necessary to segment the ERP image for use in pre-processing sali-
ency detection algorithms. The ERP image is segmented into several sub-images. In post-
processing, an image stitching algorithm can be used to obtain the saliency detection of the
ERP image. The segmented image obtained from the ERP image is depicted in Fig. 2.

Figure 2: (a) ERP Image, (b) Segmented ERP Image 1(Is1), ¢c) Segmented ERP Image 2(Is2).



To detect saliency in the segmented ERP images, DWT is applied at various levels. Wavelet
decomposition is performed up to level N, and to obtain the feature map at level N, the low-
pass coefficients of that level are set to zero, and IDWT is applied [25][17]Since the last de-
composition level contains all the detailed coefficients of the previous levels, IDWT does not
need to be applied at each decomposition level. Additionally, generating feature maps at each
decomposition level can increase the computational complexity of the method [26]

The method proposed in this paper employs DWT-based textural features of different color
channels to detect salient regions in images. Before detecting saliency from an image, the first
step is to select an appropriate color space for image analysis. The commonly used techniques
for color space analysis are RGB, YCbCr and CIELAB.

The RGB color picture is sensitive to changes in luminance color, and any color space can
be obtained using linear or non-linear combinations of RGB. However, it is device-
dependent, resulting in variations in the signal on different devices, and its chrominance and
luminance components are mixed, making it less preferable for color analysis [27]. On the
other hand, YCbCr is the most widely used color space, especially in real-time digital video
processing and information handling. Y represents luminance, while Cb and Cr represent
chrominance components. It is computed using a non-linear combination of RGB [28][7].

The most commonly used perceptually uniform color space is CIELAB where the non-
linear combinations are used to obtain colors and is useful when exact color definition is
needed. It is independent of input colors and also includes more colors than any other color
space [29][30].In the proposed algorithm, the input SERP image is first converted into
CIELAB color space, which uses L, a, and b to indicate luminance, red/green, and blue/yellow
channels, respectively [1][5][28].Fig.3 illustrates the complete process of the proposed meth-
od. Firstly, feature maps for each channel of the CIELAB color space are obtained through
DWT decomposition. The channel feature maps are generated based on the entropy value,
and the final saliency map is obtained after low pass filtering of the image feature map [11].
After applying the SERP images to the CIELAB color space, separate L band, a band, and b
band images are obtained, as illustrated in Fig. 4. Once these images are obtained, the chan-
nel feature map is computed by extracting the features of the lab-separated image. To obtain
all the coefficients of the image at N different decomposition levels, the discrete wavelet
transform is used.
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Figure 4: CIELAB color space images (L, a, b images respectively)

3. Saliency detection using DWT and IDWT

The transformation of images from the spatial domain to the frequency domain is accom-
plished using the Wavelet transform. This method yields four types of coefficients, namely
LL, LH, HL, and HH, which describe the high and low features of the images depicted in Fig.
5. To obtain features at high-resolution levels, multiple layers of decomposition are required
[30]. The inverse wavelet transform of the low-frequency feature map is used to obtain the
local feature saliency map. In the proposed method, the Discrete Wavelet Transform (DWT)
is utilized to extract textural features of the image at various scales Se{1,...,N}, where N is the
highest decomposition level of DWT. The DWT is carried out independently on the L, a, and b
channels of the SERP image [4].

DWT(IC)={AS, {HE,VE, DEY; Sef1, ..., NY)

where DWT is the discrete wavelet transform of the image with ¢ color channels (I€) and ¢ €
{L, a, b}, represents the color channels of the input image. The base level N approximation
coefficient is denoted byA§;, also known as the LL band. The detailed coefficients of the image
are represented by HS, VE, DS, whereby HE is the horizontal (LH) coefficient, VS is the vertical
(HL) coefficient matrix, andD¢ is the diagonal (HH) coefficient matrix of the channel cat level
s, respectively [11]. The images with level 1 decomposition coefficients of each color space of
the input image are shown in Fig. 6.

Input LL LH = LH
Image

HL HH i i

Figure 5: Discrete wavelet transform (DWT) decomposition

level1 LL LH HL HH

Figure 6: DWT decomposition coefficients of color space input Image



To extract textural details from the DWT decomposition of the image, a higher level of de-
composition is employed. Fig. 7 illustrates the second-level decomposition of the b band im-

age

Figure 7: 2nd Jevel decomposition of b band image (a)LL band, (b)LH band, (c) HL band,
(d) HH band

To obtain the textural feature map, the coefficientsA§ at the highest decomposition level N
are set to 0,and a 2D image is reconstructed by applying the IDWT that can be represented as
follows:

TuarC= IDWT (A = 0,{HS,VE, DEY; Se{d, ..., N},

here the texture map of channel cisTmarC, which is acquired by utilizing the inverse DWT.
The reconstructed images for the L, a, b band images, and our proposed method image, are
displayed in Fig. 8. In general, salient region is location of salient objects in the image having
a high pixel intensity levelassociated with them. Salient objects tend to be centrally located
and thus, weights are calculated without considering their proximity to the image borders.
The channel feature map of the image is generated by enhancing the features of TmarC. To
achieve this, the cluster of pixels with high intensity values is strengthened at location (i, j) of
the image using Twmar(i, j), which is known as the feature map (Fumar). This can be expressed as
follows:

Funar©(, j )=(Tmar¢(i,)))?

Fig. 8 illustrates the feature maps for the L, a, and b channels. Based on the images gener-
ated through the proposed algorithm, it can be concluded that an increase in the number of
decomposition levels leads to an improvement in the quality of the textural feature map for
n=1, ...N. As a result, the resulting feature map contains pixels that are clustered with higher
gray levels compared to other pixels.

4. Effect of Gaussian filtering and entropy calculation

The image feature map is calculated by taking summation ofweight of the channel ¢, as

wcof the channel feature maps, which calculated as.
FMAP:ZC wCFl\Cf;AC

To calculate the weight, image entropy is used, which works as the statistical measurement
tool of randomness. The channel feature map with larger entropy should be assigned a small-
er weight and vice versa. Two different images with variable pixel distributions may have the
same entropy value. This is the limitation of the entropy based weight determining method.
To overcome this limitation entropy value can be used in a more efficient way by considering
the spatial distribution of gray levels of pixels; the gray levels can be enhanced when the
channel feature map is combined with low pass filtering. With the help of low pass filtering
the number of gray levels will increase and hence their entropy will also vary.
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Figure 8: Feature map for L,a,b band with entropy with sigma 1 and 2

Fig. 8 shows the gray level pixel distribution with entropy value and the effect of low pass
filtering on the image with improved entropy value. Filter used here is a 3x3 low-pass Gauss-
ian filter. It is observed that after the filtering the entropy value is increased. Thus entropy
value is the important parameter in assigning weights and entropy is calculated as

€= H(G * FMAP®)
where G is a low-pass Gaussian filter and H is the entropy. The * represents the 2D convolu-
tion. For the Gaussian filtering it is expected to have a high value of the standard deviation.
Gaussian filter at the location (i,j) of the image is as given below and this Gaussian model is

preferred to highlight center part of the image and to suppress surrounding [30][31]
1 (i=in?+(=jn?

— 2

Gloy) = 2ma2 7

Here o is standard deviation of the low-pass Gaussian filter G[5] and it is calculated by
number of rows(L) and columns(W) of the original image

LxXW
o=0.02 >
and Gaussian mask K is set to
LxXW
o= 0.25

Images shows in figure 8 provide the entropy values for different standard deviation func-
tions. Feature map for CIE lab color space with entropy with sigma 1 and 2.

The weightage of the channel feature map can be determined by its entropy value, with
lower values indicating greater weight and vice versa. Our algorithm has the lowest entropy
value of all, as demonstrated in Figure 8, which displays the three-color channels and their
respective channel feature maps. The salient region is better represented by the channel fea-
ture map corresponding to the channel a band image, compared to the other channels L band
and b band. The b channel feature map captures some details of the salient region that are
not captured by the L channel feature map. The proposed method produces better results for
these images.

5. Experimental results and discussion

In this section, we evaluate the performance of our algorithm using images from common-
ly used natural image databases, including the MSRA-10K dataset (consisting of 1000 imag-



es), the Complex Scene Saliency Detection (CCSD) dataset (containing 200 more complex
background images), and the Extended Complex Scene Saliency Detection (ECSSD) dataset
(containing 1000 images with different groups of the same size) [11]. The process of obtaining
salient detection regions is similar to binary classification and requires a ground truth binary
image (G). The obtained saliency map image (SM) is transformed into a binary map image
(SMb) using an appropriate threshold value, which is selected using the indirect, adaptive

threshold method[3][7]
2 ..
TH(adpt) = 5 ), ) S

To evaluate the performance of the salient map, we use the ground truth value G(i,j) at lo-
cation (i,j). The evaluation is both qualitative and quantitative, with Precision (P), Recall (R),
and F-measure (F) - also known as F1 parameters - serving as quantitative performance
measures. Additionally, we need to calculate Accuracy, which is the percentage of correctly
identified pixels to the total pixels in the image. It is given by the ratio of

TruePositive . .
.The Precision performance parameter represents the

— ——. Recall,
TruePositive+FalsePositive

on the other hand, is also known as sensitivity and is given by the ratio of Recall =
TruePositive

Accuracy =
y TruePositive+TrueNegative

TruePositive

positive predictive value and is given by the ratio of Precision =

TruePositive+FalseNegative’

Ideally, we want to have high precision and recall values, however, these two measures are
inversely proportional, we may get good precision but bad recall or vice versa. Therefore, we
combine both precision and recall into a single measure, the F-measure, which we calculate
using the formula

F-Measure = (2 * Precision * Recall) / (Precision + Recall) and

o _ 202 SMb(ij) X G(i.)
X L, SMb(i,))
o ZiZ;SMb()) X GGi)

22y G, J)
_(I+n)xXPXxR

(nxP)+R

In general we want excellent precision value along with high recall value it provides a way
to combine both precision and recall into a single measure that to get both properties
[31[8][32].We have used the images from different data sets and the images Is: and Is» are
SERP Image. F measure is calculated for our algorithm using given formulae.

The images are qualitatively compared in Fig. 9 and subsequently utilized to derive quanti-
tative results by calculating the F1 parameter.Fig. 9 also displays the performance evaluation
of the saliency map for images belonging to the L band, a band, b band, and the proposed
method. It is evident from the results that the L band images are able to capture all the intri-
cate details of the background and salient objects, which is suitable for images with a simple
background. However, for images with a complex background, the output of this band is in-
adequate. On the other hand, a band and b band images produce good results for both simple
and complex background images by effectively suppressing the background. Additionally, the
proposed method images are obtained by combining the coefficients of the L, a, and b bands
to generate more detailed images, which exhibit similar results to the a and b band images.
Finally, Images Is: and Is.also demonstrate appropriate results for a band, b band, and pro-
posed method images.
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Figure 9: Image visualization of each method from left to right:(a) Input imae, (b) Ground
truth image, (c¢) Salient map of L. band image, (d) Saliency map of a band image, (e) Salient
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Table1:F1 parameter i) Accuracy, ii) Sensitivity, iii)Fmeasure iv) Precision

I, Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.5954 0.3697 0.4063 0.3871
a band 0.6287 | 0.2504 0.4356 0.3180
b band 0.6461 0.2917 0.4805 0.3630
Proposed Method | 0.6505 | 0.2915 0.4908 | 0.3657
I Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.5548 0.4031 0.8920 0.5553




a band 0.4897 | 0.3403 0.8088 | 0.4790

b band 0.5001 0.3937 0.7682 0.5206
Proposed Method | 0.3976 0.1939 0.7411 0.3074

I3 Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.5394 0.3996 0.6285 0.4886

a band 0.5750 0.4847 0.6538 0.5566

b band 0.5490 | 0.3314 0.6876 0.4473
Proposed Method | 0.5407 | 0.3550 0.6522 0.4597

I Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.5998 | 0.3007 0.1759 0.2219

a band 0.5743 0.1897 0.1170 0.1447

b band 0.6195 0.3360 0.2004 | 0.2511
Proposed Method | 0.5990 | 0.3575 0.1956 0.2529

Is: Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.6751 0.4410 0.4278 0.4343

a band 0.6519 0.3342 0.3717 0.3520

b band 0.6650 | 0.3906 0.4044 0.3974
Proposed Method | 0.6582 | 0.3398 0.3805 0.3590
Is2 Accuracy | Sensitivity/Recall | Precision | Fmeasure
L band 0.7093 0.4736 0.2722 0.3457

a band 0.6019 0.1787 0.0986 | 0.1271

b band 0.6569 | 0.2506 0.1550 0.1915
Proposed Method | 0.6567 0.1999 0.1318 0.1589

Table 1 presents a performance comparison of various types of images using the F1 param-
eters. The images utilized in this study are of different categories, such as I: and I», which are
images with a simple background, obtained from the MSRA 10K dataset. Images I3 and 1,4, on
the other hand, have a more complex background and are selected from the CSSD dataset.
Additionally, images Is1 and Is2 represent the segmentation of the ERP images acquired from
our algorithm. All the performance graphs are plotted for the images specified in Figure 9.
Figure 10 displays the overall performance of the F1 parameters, which includes four plots.
The accuracy plot provides similar results for all image types, while the sensitivity plot, the F-
measure plot, and the precision plot are specific to each image type. The behavior of seg-
mented images Is: and Is2 is similar to that of the other image types, as indicated by the simi-
larity in the values obtained for all these parameters. Therefore, it can be concluded that sali-
ent object detection is feasible using this method.
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6. Conclusion

The proposed method for detecting salient objects in omnidirectional images involves uti-
lizing wavelet-based feature maps. First, the omnidirectional images are preprocessed and
converted into segmented equirectangular projection images (SERP). Then, the CIE lab space
is employed to obtain L, a, b band images for extracting textural feature maps. The textural
features from SERP images are obtained using wavelet transform, where the approximation
coefficients of the Nth level are set to zero. Calculation of feature maps is performed based on
entropy and low-pass filtering, taking into account the distribution of pixels and image inten-
sity values. Images with higher entropy values are given lower weights and vice versa. The
channel feature maps are constructed by combining the textural features of the L, a, b bands.
The quantitative and qualitative results reveal that the saliency detection performance of the
SERP images is comparable to that of conventional images. Therefore, the proposed method
is effective in identifying salient objects and is well-suited for saliency detection in omnidirec-
tional images.
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