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Abstract

:

It has been known that human visual systems (HVSs) can be applied to describe the underlying masking properties for the image processing. In general, HVS can only perceive small changes in a scene when they are greater than the just noticeable distortion (JND) threshold. Recently, the cognitive resources of huma visual attention mechanisms are limited, which can not concentrate on all stimuli. To be specific, only more important stimuli will react from the mechanisms. When it comes to visual attention mechanisms, we need to introduce the visual saliency to model the human perception more accurately. In this paper, we presents a new wavelet-based JND estimation method that takes into account the interrelationship between visual saliency and JND threshold. In the experimental part, we verify it from both subjective and objective aspects. In addition, the experimental results show that extracting the saliency map of the image in the discrete wavelet transform (DWT) domain and then modulating its JND threshold is better than the non-modulated JND effect.
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1. Introduction


With the fast development of visual sensitivity of a human visual system (HVS) related applications (e.g., image/video compression, watermarking, information hiding, visual quality assessment), there is an increasingly significant demand on incorporating perceptual characteristics into these applications for improved performance. It is well known that the just noticeable distortion (JND), which can describe the minimum visibility threshold of the HVS on visual contents, is widely used for visual redundancy estimation.



In the literature, there are two categories to classify the existing JND models. One is the pixel-wise JND models, and the JND estimation is directly obtained on the original image/video. The other category is the subband-domain JND models, which are calculated in a compressed domain, such as wavelet or discrete cosine transformation (DCT) domain. In this paper, we focus on the wavelet-based JND model, as wavelet decompositions provide invertible multiscale transforms enabling two-dimensional transformation. The usage of wavelet decompositions for perceptual image processing has commonly been used in JPEG2000 encoding and AVS video coding standard.



In general, a typical JND model mainly includes three major effect factors, which are the contrast sensitivity function (CSF), luminance adaptation (LA) effect and contrast masking (CM) effect. Several wavelet-based JND models have been proposed in the past twenty years. For example, the JND model proposed in References [1,2].



However, research shows that the existing JND models give every region in the image equal attention, and so the sensitivity of the HVS is lower in low-attention-level regions. Visual saliency is responsible for defining which areas of a visual content will attract more attention of the human visual system. In general, distortion occurring in an area that attracts the viewer’s attention is more annoying than that in other areas.



Consequently, visual attention has become a visual feature in the information processing mechanism of a human visual system. The detection and analysis of the visual attention area have become an important research aspect in the field of image processing. It provides important clues for solving the problem of the gap between the image content and the high-level semantics. In the past few decades, many researchers have proposed many computational models for visual attention successively [3,4,5]. In this work, we investigate visual attention on the mechanisms of the JND estimations.



After recent years of development, the research on the model of perceived characteristics of a human visual system of images can be divided into two categories [6]. The first category is based on a visual attention model, such as the saliency detection model. Researchers try to find the objects or objects of interest in the image through the saliency detection algorithm to form a saliency map, which uses the saliency map to perform various operations on the image. The second category is based on the visual sensitivity model, such as the minimum perceptible distortion model JND, the minimum perceptible distortion model focusing on the discovery and quantification of the visual perception of image redundancy. The JND model mainly uses the visual masking mechanism of the human eyes. When the coding distortion is less than the human eye sensitivity threshold, the human eye can not perceive it.



For a fixed image, the human brain always pays more attention to high attention areas. Therefore, visual saliency requires adjustment of the visual sensitivity of different areas [6]. The saliency map precisely reflects the distribution of the attention of the human brain. Visual significance can adjust all visual perception levels, including increasing or decreasing actual visual sensitivity. Therefore, the JND profile of an image area and non-saliency area must be adjusted separately.



In order to better apply human eye characteristics to image processing, based on the existing theoretical models of a human visual system, the saliency detection algorithm representing the visual attention model is combined with the minimum perceivable distortion model to propose a new algorithm based on saliency region-first discernible distortion model. The model detects the saliency of the image by using the saliency detection algorithm, and calculates the minimum detectable distortion threshold of the image using the minimum detectable distortion model. Then, the minimum perceivable distortion threshold is adjusted with saliency: the minimum detectable distortion threshold is reduced for areas with more salience, and the minimum detectable distortion threshold is increased for areas with less salience. In the existing literature, there is very little with a combination of visual saliency and the JND model. The more prominent methods are proposed in [6,7]. The JND thresholds of the methods in both of the two documents are all tuned by a fixed set of linear significance adjustment functions. Recently, Reference [8] proposed a saliency-modulated JND model in the discrete cosine transform (DCT) domain, in which the JND threshold is determined by the DCT-based JND model whose size is adjusted by two nonlinear modulation functions for the visual significance of a given image pixel. The results of [8] show that the method performs better than both [6,7]. The effect of visual attention on visual acuity is represented by a mathematical expression that is a perceptual quality significance map (PQSM).



This paper presents a new saliency modulation JND model for better image processing. JND refers to the threshold of visual sensitivity within the visual range, where the position and spatial extent within the visual range of interest are represented by the visual significance. Thus, this gives us inspiration to consider modulatory effects in JND thresholds [6,7]. A new JND model with visual saliency modulation is proposed in this paper. The saliency-modulated JND (SJND) model we propose is a subband JND model and we perform the saliency map and the JND model separately in the wavelet domain. Then, the saliency map is used to modulate the JND model according to the nonlinear saliency modulation function. Our method in the paper is different from the Niu method [7] in three aspects. First, our various transformations are performed in the wavelet domain, and the Niu method is performed in the DCT domain. Second, we utilize two nonlinear functions to modulate, whereas two linear functions are used to modulate the JND thresholds in the Niu method. Third, we propose a systematic and automatic framework to calculate the parameters while the parameters of the linear functions in the Niu method were set experimentally. All of these differences make our approach more advantageous.



The rest of this paper is organized as follows. In Section 2, we talked about the related work. The proposed method is described in Section 3, which combined the novel JND model with a visual saliency model. Then, the experiments’ results are provided to demonstrate the superior performance of the proposed method. Finally, we provide the conclusions for this paper.




2. Related Work


2.1. Wavelet Transform


It has been shown by psychophysical study that, when we see images, HVS performs a multi-scale frequency analysis [9]. By definition, a wavelet is an oscillating and decaying function whose integral is zero. The wavelet transform of two-dimensional signals involves recursive filtering and sub-sampling. The signal   f ( x , y )   with side   M × N   can be defined [9]:


  [  W φ   (  j 0  , m , n )  =  1   M N     ∑  x = 0   M − 1     ∑  y = 0   N − 1    f  φ   j 0  , m , n     ]  



(1)




and


  [  W  ψ  i   (  j 0  , m , n )  =  1   M N     ∑  x = 0   M − 1     ∑  y = 0   N − 1    f ψ       j 0  ,  i    m , n     ] ,  



(2)




where   φ ( x )   and   ψ ( x )   are the scaling function and the wavelet function, respectively;   j 0   is an arbitrary initial scale;   i =  H , V , D   . The essence of wavelet decomposition is that the image is divided into two parts, namely the high frequency part and low frequency part. The low frequency part we denoted as LL, which usually contains the signal of the main information, and the high frequency part is associated with noise and disturbance. The horizontal high-frequency information (LH), the vertical high-frequency information (HL) and the diagonal high-frequency information (HH) compose the high frequency part. The high frequency coefficient consists of three coefficients: horizontal detail coefficients, vertical detail coefficients and diagonal detail coefficients. These three coefficients are represented by H, V and D, respectively.



According to the needs of analysis, the low-frequency part can be decomposed continuously, so that the image of the lower-frequency part and the image of the higher-frequency part can be obtained.




2.2. JND Estimations


In recent years, the JND model has drawn much attention in the field of image processing and has been used in video coding and video transmission based on visual characteristics, digital watermarking, image quality evaluation and display technology. Several JND models have been proposed. These JND models can be divided into two types: pixel domain JND model and frequency domain JND model(subband JND model). The pixel domain JND model is based on the characteristics of pixel values to establish the model. The frequency domain JND model is based on the pixel value in the transform domain characteristics of the model established, the usual transform domain, the DCT domain and the wavelet domain.



The pixel-based JND threshold in [10,11] is determined by two factors, background brightness masking and spatial contrast masking. Yang’s JND model [12] is an improvement of the JND model in [11], which deduces the overlap effect between the background brightness masking and the spatial contrast masking, and obtains a more accurate JND model.



Although the pixel-domain JND model can also describe HVS, satisfactory results can not be achieved without considering the spatial contrast function, which describes the human eye’s sensitivity to various frequency components. Because of this, the spatial contrast function is later integrated into the JND model. Since then, hot research has been shifted to subband JND models. An early subband JND model was described in [13]. The threshold of the model is determined by the subbands of luminance and texture masking.



Ahumada and Peterson [14] proposed a JND model within the DCT domain that has been referenced many times. In this model, the threshold of each DCT component is determined by the spatial contrast sensitivity function, which became the basis for many later JND models. The DCTune model [15] was an improvement on the Ahumada model, which introduced the brightness masking feature and the contrast masking feature into the Ahumada model to make the model better match the visual redundancy. In the document [16], the DCTune model was modified to work with a foveal area instead of a single pixel and was used in perceptual image coding. Recently, Bae [17] proposed a novel DCT-based luminance adaptation-JND model that takes into account its frequency characteristics. The letter also revealed that the luminance adaptation effect of HVS depends not only on background luminance but also on frequency in the DCT domain.



In the wavelet domain, it is necessary to examine the influence of a human visual system on image frequency sensitivity, brightness sensitivity and texture masking on JND. Since people’s sensitivity to noise is not the same in different frequency bands, and human sensitivity to noise is different even in different directions of the same frequency band, when calculating frequency sensitivity, the influence of frequency bands, directions, etc. on the human visual system must be considered. The most common visual model in the wavelet domain is the JND model described in [1]. In the literature [2], the JND model was also based on the wavelet domain, and it constructed a mathematical model for DWT noise detection thresholds including orientation, and displaying visual resolution. Existing models rarely take saliency feature as a consideration, so, based on these studies, we propose a new JND model in wavelet domain, which takes saliency feature into account.




2.3. Visual Saliency Model


When you see an image, the human senses always automatically focus on areas that stimulate the optic nerve and then focus on the rest. The area of interest refers to the fixed point or object that human observers notice at first glance. Visually, people are always able to quickly focus on their own interests, according to the visual space of a variety of mutation information such as sports, flicker, sharp edges, and the basic information of the object. The use of selective attention strategies and active perception solves computational complexity issues, and use the human visual system to automatically generate a saliency map of the target image or video sequence. One of the basic principles of saliency detection is to suppress low-frequency features to highlight areas with high-frequency features, where the detection process can be summarized as: giving salient features and then determining the salient directions of extraction by different feature comparison methods to extract significant clues, and finally use different combined methods to get the final saliency map.



Most of the existing image saliency detection methods are based on the spatial domain and the frequency domain. Itti et al. [3] proposed a saliency detection model based on the spatial domain in 1998. The model had three key points. First of all, as a whole, the model was bottom-up. The saliency map was calculated by using the three bottom features of image color, intensity and direction. Secondly, locally, the model decomposed the original image into multi-scale sequence of three channels of color, brightness and direction, used the center-surround method to obtain the feature maps of each channel, normalized the sequence of feature maps of each channel to form multiple conspicuity maps and, finally, the saliency map was linearly combined with the conspicuity maps. In 2013, Xu [18] proposed a spatial domain saliency detection algorithm. It is based on space constraint features and contrast color features, combined with multi-scale segmentation algorithms. Fang [19] proposed a visual saliency detection model and applied it to adaptive scaling of images. The model extracted the intensity, color, and texture features of the image from the DCT coefficients.The time-frequency characteristics of wavelet transforms make people put more and more research on saliency detection models based on DWT. Tian et al. [20] presented a salient point detector. The detector tested global variations and local ones based on wavelet transform. However, these models had drawbacks, they were either computationally expensive or had variable parameters. Recently, a saliency detection model using low-level feature calculations based on wavelet transform has been proposed [21], which exploits low-level features to obtain saliency maps. This method has achieved better results. Visual saliency is a fundamental problem in both cognitive and computational sciences, including computer vision. Li [22] used a visual saliency model and discovered that a high-quality visual saliency model can be learned from multiscale features extracted using deep convolutional neural networks (CNNs), which have had many successes in visual recognition tasks. Recently, Wang [23] proposed an unsupervised bottom-up saliency detection model by exploiting novel graph structure and background priors.



Our JND model is based on saliency modulation, which is modulated in wavelet domain by a nonlinear function and the function combines saliency features with the JND model well.





3. Proposed Model


The saliency-modulated JND model combines visual attention with the visual sensitivity of the human eye to represent the additional accurate perceptual redundancies of the digital image. Experiments show that it is a very effective JND model. We require a visibility threshold for each DWT coefficient, and here we use a saliency modulated JND profile. Figure 1 shows this process.



3.1. Overall JND Modeling


In image processing technology, the JND model based on the human visual system is commonly used, which provides a basic visual model that depends on the visual conditions and the characteristics of the image itself. The JND model that we propose in this article is a combination of three aspects, including spatial CSF, luminance masking and contrast masking.



3.1.1. Complete JND Estimation



   J N D ( λ , θ , i , j ) = S F ( λ , θ , i , j ) L ( λ , θ , i , j ) T ( λ , θ , i , j ) .   



(3)





Based on the above three elements, we can draw the JND threshold to be used in this article.   S F ( λ , θ , i , j )  ,   L ( λ , θ , i , j )   and   T ( λ , θ , i , j )   represent the spatial CSF, luminance masking and contrast masking respectively. i and j are position coordinates.




3.1.2. Spatial CSF


Contrast sensitivity function is the most basic visual theory model. The model has nothing to do with the content of video images, just depending on the human eye to watch the video perspective. Our eyes have the band-pass feature in the spatial frequency domain.



The spatial CSF model is numerically interpreted as the reciprocal of the fundamental distortion threshold that each DWT coefficient can tolerate. We can calculate the base threshold according to the following formula:


  S F  ( λ , θ , i , j )  =        2 ,      i f  θ = H H ;       1 ,        o t h e r w i s e       1  H ( f ) ( λ , θ )   ,  



(4)




where   H ( f ) ( λ , θ )   denotes CSF,   1  H ( f ) ( λ , θ )    is given by [24] as the just perceptual weighting depending on spatial frequency, which describes minimally noticeable sensitivity.  λ  is the number of wavelet decomposition levels,  θ  is the direction of wavelet decomposition and   H ( f )   is given by [25], which proposed a widely adopted model for the CSF:


  H  ( f )  = 2.6  ( 0.0192 + 0.0114 f )   e  [ −   ( 0.0114 )   1.1   ]   .  



(5)








3.1.3. Luminance Masking


The luminance masking effect characterizes the human eye as less sensitive to the darker areas of the image than the lighter areas, and the human eye can more easily detect the brighter areas for the same intensity of noise and can easily ignore darker area distortions. The luminance masking effect only depends on the local features of the image, which is used to measure the effect of distortion perception under the condition of a constant pixel value as the background.



In a scene, the human eye is less sensitive to very bright or very dark areas, and many perceptual models are based on this. For example, in a DWT-based model, we can take advantage of the low-frequency portion of the image to account for local brightness. Inspired by it, Xie and Shen proposed a new model [26], which is obtained in the subband for a given level, including the level of reconstruction approximation, and assessed its local brightness. It can be expressed as


  L  ( λ , θ , i , j )  = 1 +  L ′   ( λ , θ , i , j )  ,  



(6)






   L ′   ( λ , θ , i , j )  =      1 − x ( λ , L L , i , j ) ,     i f        x ( λ , L L , i , j ) < 0 . 5  ,              x ( λ , L L , i , j ) ,      o t h e r w i s e  ,       



(7)




where   x ( λ , L L , i , j )   is the coefficient value of the DWT at the level  λ ,   ( i , j )   position of the   L L   subband. It should be noted that all the subbands mentioned above are normalized before calculating the local luminance masking. The normalized range is [0, 1]. We can see that when the image area is very bright or very dark, the local brightness factor will be the maximum.




3.1.4. Contrast Masking


The human eye has less tolerance to distortions in the edge regions and relatively insensitive to the texture regions, a phenomenon that is compared to the masking effect, which is usually related to the perceived degree of one signal in the presence of the other signal. That is, the visibility of the target component (the target) in the image will change with the presence of other components (the masker). The masking effect is strongest when the spatial frequencies, orientations and positions of the two components are the same.



The same pattern or noise, if placed in a highly textured area, is harder to find than a even area. In other words, the image texture can hide or mask another part of the pattern. The contrast masking effect can be modeled as [27]


  T  ( λ , θ , i , j )  =  T  s e l f    ( λ , θ , i , j )   T  n e i g    ( λ , θ , i , j )  ,  



(8)




where    T  s e l f    ( λ , θ , i , j )    represents the self-contrast making adjustment factor at the location   ( λ , θ , i , j )  , and    T  n e i g    ( λ , θ , i , j )    represents the neighborhood contrast masking adjustment factor at the location   ( λ , θ , i , j )  .



The model for calculating    T  s e l f    ( λ , θ , i , j )    is given by Teo and Heeger [28] and can be expressed as [29]


   T  s e l f    ( λ , θ , i , j )  = max   1 ,       v ( λ , θ , i , j )    S F ( λ , θ ) L ( λ , θ , i , j )     ϕ    ,  



(9)




where   v ( λ , θ , i , j )   represents the DWT coefficient in position   ( λ , θ , i , j )  . For the   L L   subband, we can set  ϕ  to 0, and, for other subbands, set  ϕ  to 0.6.



To calculate    T  n e i g    ( λ , θ , i , j )   , we must know that the signal determined by the wavelet coefficients in the reconstructed image (DWT basis function) is superimposed on other signals determined by the adjacent wavelet coefficients. Moreover, due to the uncertainty of the phase, spatially adjacent signals also cause some masking effects. The model for    T  n e i g    ( λ , θ , i , j )    can be expressed as


   T  n e i g    ( λ , θ , i , j )  = max   1 ,  ∑  k ∈ n e i g h b o r s  o f ( λ , θ , i , j )         v k   S F ( λ , θ ) L ( λ , θ , i , j )     δ   N  i , j      ,  



(10)




where the neighborhood is composed of coefficients in the same subband within the window centered at that location   ( i , j )  ,   N  i , j    is the number of coefficients of the neighborhood,   v k   is the value of each neighborhood coefficient, and  ζ  is a constant that controls the degree of each neighborhood coefficient.





3.2. Saliency Estimation


About 75% of the information obtained by human sensory organs is visual information. Visually, people are always able to quickly focus on their own interests. The HVS automates the extraction of interesting content at all stages of visual processing, compressing or discarding a large amount of irrelevant information. Visual saliency analysis automatically generates a saliency map of this image to simulate the behavior of the human visual system when looking at an image. Here, we must emphasize that the saliency map in this article is not the use of eye-tracking data, but calculated according to specific formulas. Experiments show that this method is more in line with HVS and has a better effect on the modulation of the JND threshold.



Wavelet transform has the characteristics of multi-resolution analysis. It can show the characteristics of the image and fully reflect the huma visual characteristics. According to [21], the local saliency map is obtained by using the wavelet transform and the feature map, then the global saliency map is obtained based on the probability density function. Finally, the local saliency map and the global saliency map are combined to obtain the final saliency map.



Because we need to get more image contents, we will directly perform wavelet transform on the input image   I  i c    without a filter.



Using haar wavelet to decompose   I  i c   ,


     A N c  ,  H s c  ,  V s c  ,  D s c    = W  T N   (  I  i c   )  .  



(11)







N is the largest decomposition level of DWT,   s ∈   1 , . . . , N    , c represents the channel of   I  i c    and   c ∈   L , a , b    .   A N c  ,   H s c  ,   V s c   and   D s c   respectively represent the approximate coefficients, the horizontal coefficients, the vertical coefficients and the diagonal coefficients of the s-th decomposition level in the c-th channel.   H s c  ,   V s c   and   D s c   collectively referred to as the detail coefficients.



We use the coefficients of detail to get the feature map by IDWT:


   f s c   ( x , y )  =    ( I W  T s   (  H s c  ,  V s c  ,  D s c  )  )  2  η  .  



(12)







   f s c   ( x , y )    is the feature map of the scale s(s-th level) of the image c channel,  η  is the scaling factor,   η =  10 4   .



Next, use the feature map to calculate the global saliency map. First, we calculate the probability density function (PDF) based on a feature map:


  p  ( f  ( x , y )  )  =   e  ( − 1 / 2   ( f ( x , y ) − μ )  T   ∑   − 1    ( f ( x , y ) − μ ) )       ( 2 π )   n / 2       ∑      1 / 2      



(13)




with


  ∑  = E    ( f  ( x , y )  − μ )    ( f ( x , y ) − μ )  T    .   



(14)




 μ  is the average vector that contains the average of each feature map, i.e.,   μ = E  f   ; T is the transpose operation;   ∑    represents the   n × n   covariance matrix; n is the number of feature vectors, where it includes three color channels and N feature maps for each color channel; n is calculated by the formula   n = 3 × N  . The covariance matrix’s determinant is represented by    ∑    . Then, calculate the global saliency map according to Equation (15):


   s G   ( x , y )  =   ( log  ( p   ( f  ( x , y )  )   − 1   )  )   1 / 2   .  



(15)







After a global saliency map is calculated, we calculate a local saliency map according to feature map:


   s L   ( x , y )  =  (  ∑  s = 1  N   arg max (  f s L   ( x , y )  ,  f s a   ( x , y )  ,  f s b   ( x , y )  )  )  .  



(16)







   f s L   ( x , y )   ,    f s a   ( x , y )    and    f s b   ( x , y )    are the feature maps of the s-th decomposition level in L, a and b channels, separately.    s L   ( x , y )    is the local saliency map we want to calculate.



We have the global saliency map and the local saliency map and thus combine the two maps to get the final saliency map   s ( x , y ) ,   and this article uses it to modulate the JND model:


  s  ( x , y )  = M (  s L   ( x , y )  ×  e   s G   ( x , y )    ) .  



(17)







  M ( . )   is used as the nonlinear normalization function to diminish the effect of amplification on the saliency map and it is calculated as


  M  ( . )  =   ( . )   ln  2    /  2  .  



(18)








3.3. Saliency Modulated JND Profile


When the image distortion is less than the JND threshold, it is not perceived by the human eyes. The human visual system is generally attracted by certain significant regions of the image and is likely to pay more attention to the visual details of the interest object. With the above features, the use of JND threshold to remove undetectable redundancy coefficients and the use of generated saliency maps to collaboratively guide JND threshold assignments help us to further reduce image distortion. By significantly adjusting the size of the JND threshold, the effect of improving image quality is achieved.



According to the previous discussion and the mechanism of visual attention, in a pair of images, the visibility threshold of visual attention area is smaller, while the visibility threshold of non-attention area is larger. Thus, we need to adjust the JND profile in the saliency and non-saliency areas of the image. The higher the visual saliency value, the higher the frequency corresponding to the turning point of the spatial contrast masking curve, and the decreasing adaptation tolerances will decrease.



Based on these statements, we propose a new saliency-modulated JND model according to the idea of [7]:


  S J N D  ( λ , θ , s , i , j , α , β )  = J N D ( λ , θ , i , j ,  S  F ′    ( λ , θ )  ) f  ( s , β )  ,  



(19)




where s is the saliency value of the position   ( x , y )   of wavelet decomposition level  λ ;   J N D ( λ , θ , i , j ,  S  F ′    ( λ , θ )  )   means the JND model;    S  F ′    ( λ , θ )    is obtained by modulating the original spatial frequency through a modulation function. Human eyes show a band-pass property in the spatial frequency domain. Because the modulation function in this paper is calculated based on the human visual characteristics and the saliency map of the image, the modulated spatial frequency can be more perfectly combined with the JND model than the unmodulated spatial frequency. It is calculated by


   S  F ′    ( λ , θ )  = S F  ( λ , θ )  t  ( s , α )  ,  



(20)




where  α  is a vector of four coefficients,   α =    α 1  ,  α 2  ,  α 3  ,  α 4     ;   t ( s , α )   represents a sigmoid function defined as:


  t  ( s , α )  =  α 1   (  1 2  −  1  1 + exp (  α 2   ( s −  α 3  )  )   )  +  α 4  .  



(21)







Similar to  α ,  β  is a vector of four coefficients,   β =    β 1  ,  β 2  ,  β 3  ,  β 4     ;   f ( s , β )   is a sigmoid function defined as:


  f  ( s , β )  =  β 1   (  1 2  −  1  1 + exp (  β 2   ( s −  β 3  )  )   )  +  β 4  .  



(22)








3.4. Setting the Parameters of the SJND Model


We will now describe how the parameters  α  and  β  in the modulation function   t ( s , α )   and   f ( s , β )   are set. DWT is performed on the image I, and the saliency modulated just noticeable distortion (SJND) value of each level is calculated according to the formula. We add a random noise to the DWT coefficients of I. Thus, the amplitude of the noise to the DWT coefficients is equal to the SJND threshold at that DWT index. Then, we take the inverse DWT of the I to obtain a noise-added image    I ′   ( ω )   , as shown in Equation (23) below. For simplicity, let   ω = ( α , β )  :


   I ′   ( ω )  = D W  T  − 1     D W T ( I ) + f × S J N D ( λ , θ , i , j , s , ω )   .  



(23)







  D W T ( I )   refers to the coefficients after wavelet transform of image I; f is a random matrix of +1 and −1 to avoid creating a fixed artificial spatial pattern; s is the corresponding saliency value;   S J N D ( λ , θ , i , j , s , ω )   is the SJND threshold we obtained above.



We know that if the amount of change in the image is less than the SJND threshold, the difference between    I ′   ( ω )    and I cannot be seen. Therefore, it is necessary to adjust the  ω  value to make the SJND larger, and it is less likely to notice the difference between    I ′   ( ω )    and I. For this purpose, we design the following cost function. The purpose is to adjust  ω  to make the cost function smaller:


  Q  (  I ′   ( ω )    I , s   )  =   P S N R (  I ′   ( ω )   I  )   μ V Q (  I ′   ( ω )    I , s   )    



(24)




and


   ω *  =   arg min  ω  Q  (  I ′   ( ω )    I , s   )  ,  



(25)




where   P S N R (  I ′   ( ω )   I  )   represents the PSNR of    I ′   ( ω )    with respect to I;   V Q (  I ′   ( ω )    I , s   )   is the visual quality score of    I ′   ( ω )    with respect to I. For the perceptual quality metric, without loss of generality, we use the visual saliency-based index(  V S I  ) [30] to represent the value of it. The   V S I   index is given as:


  V S I =      ∑  x ∈ Ω     S  V S    ( x )  ·    S G   ( x )       0 . 4   · V  S m   ( x )     ∑  x ∈ Ω    V  S m   ( x )     ,  








where


  V  S m   ( x )  = max  ( V  S 1   ( x )  , V  S 2   ( x )  )  .  








  V  S 1   ( x )    and   V  S 2   ( x )    are the saliency values of the original image and the noised image at position x, respectively.  Ω  means the whole spatial domain:


   S  V S   =   2 V  S 1  · V  S 2  +  C 1    V  S 1 2  + V  S 2 2  +  C 1    ,  










   S G  =   2  G 1  ·  G 2  +  C 2     G 1 2  +  G 2 2  +  C 2    .  











  S G   is the similarity of gradient model. In addition, the gradient model G is calculated as [30].   C 1   and   C 2   are positive experience values.



 μ  is a regularization term, which is set to 30 here [8]. It can be known from the above equation that, as the JND threshold increases, the PSNR of    I ′   ( ω )    becomes smaller and   V Q (  I ′   ( ω )    I , s   )   becomes larger, so the quality of    I ′   ( ω )    is better. Therefore, to make the quality of the added noise image    I ′   ( ω )    better, the cost function must be minimized, that is, adjusting  ω  to obtain the maximum SJND threshold.



The modulation function in [8] is linear, whereas the modulation function used in this paper is nonlinear. We have carried out this optimization procedure 60 times with a randomly starting point each time in the experiment. In 57 runs out of 60, the cost function values we get is equal to the minimum cost function, and in the other three runs, the obtained cost function values were above the minimum. That is to say, the optimization procedure yielded the same optimum point in 95% of the conducted runs. The values we get for the parameters of the two modulation functions are   α =   − 0.1 , 4.98 , 0.62 , 0.95     and   β =   0.597 , 4 , 61 , 0.71 , 0.85    . The values found are image independent.





4. Experimental Results and Performance Analysis


The tests were conducted on a Windows platform. The PC was equipped with an Intel(R) Pentium(R) CPU G630 and 8 GB of memory. Images are taken from the image saliency detection of the public database MSRA. The MSRA database provides 1000 natural images and the ground truth of these 1000 images, which are often used as a test and comparison for target detection.



In order to evaluate the SJND model proposed in this paper, we conducted the following experiments to verify.



4.1. Evaluating Saliency Estimation


In this experiment, we use the significance test described earlier in Section 3.2 to get the saliency map. In the saliency map, each pixel corresponds to a significant value, and the larger the saliency value, the more significantly it corresponds. In order to verify the performance of the algorithm in this paper, we compare the saliency map produced by this method with the saliency map generated by the MSNR approach [31].



We select three images from the MSRA [32] database which is commonly used for some saliency or target detection and generate their own salient images using the method of this article and MSNR (multi-scale statistical non-redundancy) approach, respectively. The results are shown in the following Figure 2. By contrast, we can see that the effect of the saliency map produced by this method is obviously better than the saliency map generated by the MSNR approach. From this, it can be concluded that the saliency detection model in this paper has the better performance. Moreover, compared with MSNR approach, this method also has greater advantages in terms of time consumption.



As can be seen from the above, the JND model modulated by the saliency map distributes more noise in the non-significant area and less noise in the salient area, thereby improving the image quality. According to the experiment, the method of this paper can obtain a more accurate saliency map, so the noise can be distributed more accurately. That is to say, the salient map can better adjust the JND model and the generated image quality is better.




4.2. Evaluating Saliency Modulated JND Profile


4.2.1. The Objective Experiment


Based on previous papers, this paper proposes a method for modulating JND values using saliency map. First, we separately verify the image quality of the JND model proposed in [27,33] after modulation with saliency map, which uses our modulation function. We call them the Zebbiche method and Liu method in this paper.



In this section, we first design a subjective experiment to verify the Zebbiche JND model and its saliency modulated JND model. Prior to this, the intensity of the added noise or the control parameter was adjusted so that the PSNR values of the images generated by the two JND models were almost the same, so the less distorted the image, the better the model. PSNR is an objective criterion for evaluating images. In this paper, we adjust the PSNR value to 26 ± 0.01 dB because the distortion is just easier to see at this PSNR value. We selected a Two-Formed Choice (2AFC) method to compare the image quality produced by the two JND model, respectively. The 2AFC approach requires participants to choose one of two options. In this experiment, we asked the participants to choose one of two images with better image quality, where the two images were generated by the Zebbiche JND model and its saliency modulated JND model, respectively.



First of all, we select 20 images in the database, and then add noise to the images according to the two JND model we want to compare, that is, the Zebbiche JND model and its saliency modulated JND model. In each set of experiments, 24 participants were asked to observe two side-by-side images on a mid-gray background, with participants positioned vertically in the same direction and separated horizontally by a distance of 1 cm. The display time for each pair of images is 10 s, and, after 10 s, the screen will change to medium gray with a display time of 5 s. When displaying image pairs on the screen, we asked participants to answer the question of which of the two images looks better. Regardless of the level of certainty of the participants, a choice must be made, left or right. The premise of the experiment is that the participants do not know beforehand which method the images were generated from. In these 20 experiments, we randomly select 10 groups to put the images produced by the Zebbiche JND model on the left side of the screen and the other 10 groups on the right side of the screen to make the images generated by the saliency modulated JND model. The purpose of this is to avoid chance.



The experiment was run in a quiet classroom with 24 participants including 15 males and nine females between 22 and 25 years old. All participants had normal or corrected to normal vision. They are all related people in image processing specialties.



Results are shown in the following Table 1. The first column is the sequence of images, the second column and the third column are the number of times the Zebbiche JND model is selected and the visual saliency modulated Zebbiche JND model is selected. From this, it can be clearly seen that the number of methods for selecting the visual saliency modulated Zebbiche JND model is significantly more than that of the original unmodulated Zebbiche JND model. We test the statistical significance of the experimental results according to the two-sided chi-square test. The null hypothesis means that there is no preference either for the method presented by Zebbiche or for the saliency modulated Zebbiche JND model. The probability that the null hypothesis holds (also known as p-value) [8] is shown in the fourth column of the table. In doing experiments, empirically, the null hypothesis is rejected when p < 0.05. As shown in the table, at all p < 0.05, this indicates that the images produced by the two methods are of different quality, that is to say there is always one image in each image pair with better quality.



As can be seen from the Table 1, only 2 of the 20 experiments has p values greater than 0.05, so, in the remaining cases, it is clear that the image produced by the method of the saliency modulated Zebbiche JND model yields better image quality than the original unmodulated Zebbiche JND model. According to the above experiment, it can be concluded that most of the participants feel that the images produced by the SJND method are better, and few participants think that the unmodulated JND method produces better results. From this experiment, we can know that the saliency modulated JND model is better than an unmodulated JND model. This is because the saliency modulated Zebbiche JND model can allocate less noise to the salient areas of the image when the image is added with noise, while allocating more noise than the salient areas. Thus, our modulated method is effective. Figure 3 shows two images from Table 1 and their corresponding transformations with each method.



The same method can verify the Liu JND model and its saliency modulated JND model. The experimental results are shown in Table 2. It is observed that, in only three cases out of 20, the p-value is greater than 0.05. Then, we interviewed the two participants in the first group of experiments and the three participants in the second group of experiments. They said that they could not tell which of the images in the experiment was of better quality, so they randomly picked one of them.




4.2.2. The PSNR


Through the above experiments, we can know that using the visual saliency map to modulate on the basis of the original JND model will get better image quality. Next, we continue to test the superiority of this method.



We verify the Liu JND model, K JND model [34], Zebbiche JND model, Cui JND model [22] and our proposed saliency modulated JND model, respectively. According to these models, noise is added to the 20 images so that the VSI scores of the generated images are the same or similar. We can see that almost all of the images added with noise can not see the presence of noise. However, their PSNR values are not the same. Figure 4 shows five visual examples comparing the PSNR of the proposed method with the other five methods of the same visual quality. The PSNR value produced by the saliency modulated JND model in this paper is 29.7242. The PSNR value produced by the saliency modulated Zebbiche JND model is 30.1301. The PSNR value produced by the saliency modulated Cui JND model is 30.3502. The PSNR value produced by the saliency modulated K JND model is 30.6411. The PSNR value produced by the saliency modulated Liu JND model is 30.8715. The PSNR value in this paper is the smallest and lower than the PSNR value of the unmodulated JND model proposed in this paper. From the above experiment, it can be known that our modulated JND model has lower PSNR values than the other JND model. This shows that, although the saliency modulation model can distribute more noise in the non-saliency area and less noise in the salient area, in general, compared to the unmodulated JND model, the significant modulation in the JND under estimation, the image can add more noise energy.






5. Conclusions


In this paper, we propose a new saliency-modulated JND model in the DWT domain. Because wavelet transform has the characteristics of multi-resolution analysis, it can show that the image features fully reflect the human visual characteristics, so the method of this paper based on wavelet transform and its modulation is better. For the purpose of assigning different JND thresholds to different areas of the image according to the saliency, we add two nonlinear modulation functions to the proposed model. In order to verify the effectiveness of the proposed method, we conducted two experiments: one is a subjective experiment and the other is to compare PSNR values. Both experiments show that our SJND is much better than unmodified JND and other modulated JND model and it can provide a high distortion hiding capacity.
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Figure 1. Proposed framework for SJND estimation in wavelet domain. 
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Figure 2. The saliency estimation result of the proposal method in comparison with the MSNR method. From left to right: the original image, the saliency map generated by MSNR method and the saliency map generated by proposal method. 
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Figure 3. The images from Table 1 and their corresponding transformations with each method. From left to right: the image produced by the Zebbiche JND model and the image produced by the modulated Zebbiche JND model. 
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Figure 4. The VSI score of the four images is 0.95 ± 0.01. From left to right: (a) the original image; (b) the image produced by the saliency modulated Liu JND model; (c) the image produced by the saliency modulated K JND model; (d) the image produced by the saliency modulated Cui JND model; (e) the image produced by the saliency modulated Zebbiche JND model; (f) the image produced by the proposed saliency modulated method. The PSNR values of the last five pictures are 30.8715, 30.6411, 30.3502, 30.1301 and 29.7242. 
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Table 1. Comparing the Zebbiche JND model and its saliency modulated JND model based on the number of votes collected from 24 subjects.The first 10 images are from Group A, and the others are from Group B.
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	Image Number
	Unmodulated
	Modulated
	p-Value





	A1
	14
	36
	0.0019



	A2
	15
	35
	0.0047



	A3
	20
	30
	0.1573



	A4
	13
	37
	0.0007



	A5
	10
	40
	0.0001



	A6
	8
	42
	0.0001



	A7
	17
	33
	0.0237



	A8
	12
	38
	0.0002



	A9
	10
	40
	0.0001



	A10
	15
	35
	0.0047



	B1
	11
	39
	0.0001



	B2
	14
	36
	0.0019



	B3
	28
	22
	0.3961



	B4
	9
	41
	0.0001



	B5
	16
	34
	0.0109



	B6
	12
	38
	0.0002



	B7
	14
	36
	0.0019



	B8
	11
	39
	0.0001



	B9
	15
	35
	0.0047



	B10
	13
	37
	0.0007



	Total
	277
	723
	0.0001










[image: Table] 





Table 2. Comparing the Liu JND model and its saliency modulated JND model based on the number of votes collected from 24 subjects. The first 10 images are from Group A, and the others are from Group B.






Table 2. Comparing the Liu JND model and its saliency modulated JND model based on the number of votes collected from 24 subjects. The first 10 images are from Group A, and the others are from Group B.





	Image Number
	Unmodulated
	Modulated
	p-Value





	A1
	10
	40
	0.0001



	A2
	13
	37
	0.0006



	A3
	20
	30
	0.1573



	A4
	15
	35
	0.0047



	A5
	11
	39
	0.0001



	A6
	14
	36
	0.0002



	A7
	26
	24
	0.7773



	A8
	16
	34
	0.0002



	A9
	9
	41
	0.0001



	A10
	11
	39
	0.0001



	B1
	14
	36
	0.0019



	B2
	17
	33
	0.0237



	B3
	15
	35
	0.0047



	B4
	30
	20
	0.1573



	B5
	16
	34
	0.0109



	B6
	14
	36
	0.0002



	B7
	16
	34
	0.0109



	B8
	12
	38
	0.0002



	B9
	10
	40
	0.0001



	B10
	8
	42
	0.0001



	Total
	297
	703
	0.0001
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