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Due to the complex angular-spatial structure, light field (LF) image processing faces more opportunities and challenges than ordinary image processing. The angular-spatial structure loss of LF images can be reflected from their various representations. The angular and spatial information penetrate each other, so it is necessary to extract appropriate features to analyze the angular-spatial structure loss of distorted LF images. In this paper, a LF image quality evaluation model, namely MPFS, is proposed based on the prediction of global angular-spatial distortion of macro-pixels and the evaluation of local angular-spatial quality of the focus stack. Specifically, the angular distortion of the LF image is first evaluated through the luminance and chrominance of macro-pixels. Then, we use the saliency of spatial texture structure to pool an array of predicted values of angular distortion to obtain the predicted value of global distortion. Secondly, the local angular-spatial quality of the LF image is analyzed through the principal components of the focus stack. The focalizing structure damage caused by the angular-spatial distortion is calculated using the features of corner and texture structures. Finally, the global and local angular-spatial quality evaluation models are combined to realize the evaluation of the overall quality of the LF image. Extensive comparative experiments show that the proposed method has high efficiency and precision.

Keywords: light field, objective image quality assessment, focus stack, macro-pixels, corner


INTRODUCTION

Light field (LF) imaging technology is designed to record rich scenario information. Compared with ordinary two-dimensional (2D) images and binocular stereoscopic images, LF images are favored in researches like immersive stereoscopic display and object recognition because of their particular characteristics of dense view and post-focusing (Huang et al., 2016; Ren et al., 2017a). For these applications, image quality degradation will directly affect the perception of the immersive experience and the accuracy of object recognition. However, the quality assessment of LF images is different from that of ordinary image types. It involves analyzing the complex imaging structure relationships among dense multi-view LF images. Therefore, it is beneficial to consider the characteristics of LF images, such as the relationship between dense viewpoints, perception of human eyes to the structure of multi-view images, to accurately evaluate the quality. Traditional image quality evaluation models are not suitable for LF because they do not consider the special characteristics of LF images. It is of great significance for the development of LF to build an objective quality evaluation model that effectively utilizes the characteristics of LF images.

The characteristics of LF images are reflected in its various expressions. The dense viewpoints of an LF image, hereinafter referred to as subaperture images (SAIs), represent spatial information of the captured scenes from different visual angles. Adjacent SAIs have strong texture similarity, which enables the compression operation to be better realized. Compression algorithms of LF images can alleviate the problem of inconvenience in transmission caused by a large amount of data of LF images. Furthermore, the reconstruction algorithms play an excellent role in recovering the loss of spatial resolution or angular resolution in the LF image processing. The compression and reconstruction algorithms are mainly based on the multiple representations of LF images: hexagonal lenslet image, rectangular decoded image, SAIs, focus stack, and epipolar plane images (EPIs) (Huang et al., 2019a; Wu et al., 2019). All of the above representations can reflect the angular and spatial characteristics of LF images. Although both compression and reconstruction operations promote the practical application of LF images, they inevitably bring the problem of quality degradation. Moreover, the performance of these algorithms varies a lot, so the criteria to check out the optimal one are necessary.

For situations where SAIs are used to evaluate the quality of LF images, Tian et al. (2018) presented a multi-order derivative feature-based model using the multi-order derivative features extracted on the SAIs of LF images. However, their analysis remains in the texture aspect of spatial information, lacking the analysis of the connection between the angular and spatial information. As an LF image can be regarded as a low-rank 4D tensor, Shi et al. (2019) adopted the tensor structure of the cyclopean image array from the LF to explore the angular-spatial characteristic. Zhou et al. (2020) used tensor decomposition of view stack in four directions to extract the spatial-angular features. To explore the angular-spatial characteristics of LF images, Min et al. (2020) averaged the structural matching degree of all viewpoints to compute the spatial quality and analyzed the amplitude spectrum of near-edge mean square error along viewpoints to express the angular quality. Xiang et al. (2020) computed the mean difference image from SAIs to describe the depth and structural information of LF images, and it used a curvelet transform to reflect the multi-channel characteristics of the human visual system.

The focus stack is constructed by stacking the refocused images from the perspective of depth, which reflects both the texture and depth information of LF images. Meng et al. (2019) compared different objective metrics under SAIs and the focus stack, which verified the superiority of the refocus characteristic of LF images. Meng et al. (2019) utilized the LF angular-spatial and human visual characteristics and verified the effectiveness of the assumed optimal parallax range. Meng et al. (2021) built a key refocused image extraction framework based on the maximal spatial information contrast and the minimal angular information variation to reduce the redundancy of quality evaluation in the focus stack.

The depth feature makes the LF more popular in object detection, three-dimensional reconstruction, and other applications. Paudyal et al. (2019) compared different depth extraction strategies and assessed the quality of LF through the structural similarity of the depth map. It is proven that the depth information is effective in reflecting the distortion degree of LF images, but Paudyal et al. (2019) ignored the texture structure information of LF images. Therefore, some studies have attempted to combine depth features with the features from SAIs to achieve better prediction results. Shan et al. (2019) combined the ordinary 2D features of SAIs and sparse gradient dictionary of LF depth map. Tian et al. (2020) performed radial symmetric transformation on the luminance components of all dense viewpoints to extract symmetric features and used depth maps to measure the structural consistency between viewpoints, which explored the way humans perceive structures and geometries.

To preferably explore the angular-spatial characteristics of LF, many pieces of research are devoted to take advantage of various LF expressions. For the form of uniting multiple representations, Luo et al. (2019) used the global entropy and uniform local binary pattern features of a lenslet image to evaluate the angular consistency, and adopted the information entropy of SAIs to measure spatial quality. Fang et al. (2018) calculated the change in visual quality by combining the gradient amplitude of SAIs and EPIs.

In addition to traditional methods, as deep learning exhibits excellent performance in other aspects of image processing, some teams have worked to fill the research gap of deep learning in the quality evaluation of LF images. Zhao et al. (2021) proposed an LF-IQA method based on the multi-task convolutional neural network (CNN), in which the EPI patches were taken as the input of the CNN model and the model followed ResNet in the convolution layer. Lamichhane et al. (2021) proposed an LF-IQA metric based on a CNN that measures the distortion of the saliency map. Lamichhane et al. (2021) confirmed that there is a strong correlation between the distortion levels of normalized images and the corresponding saliency maps. Guo et al. (2021) proposed a deep neural network-based approach, in which the relationship among SAIs was obtained by SAI fusion and global context perception models. To solve the problem of insufficient databases, they proposed a ranking-based method to generate pseudo-labels to pre-train the quality assessment network, and then fine-tuned the model at small-scale data sets with real labels.

This paper attempts to build a quality evaluation index that comprehensively considers the angular-spatial characteristics of LF images and human vision characteristics. The angular information of LF is directly expressed in the form of macro-pixel, which has been widely used in LF compression (Schiopu and Munteanu, 2018). Macro-pixels can be simply used to compare changes in angular information and do not involve a complex analysis of texture. For lenslet images, the array of pixels beneath each microlens is named as a macro-pixel. As shown in Figure 1, the second line is the enlarged local macro-pixels of the referenced lenslet image and the corresponding distorted macro-pixels. The enlarged part of the lenslet image contains 7 × 7 macro-pixels, and each macro-pixel contains 9 × 9 pixels. It can be seen from Figure 1C that luminance and chrominance have changed in the distorted macro-pixels. Hence, we first utilize the angular information of all spatial positions to globally analyze the angular-spatial quality of LF images. As for spatial information, texture structure is an important and a direct means for human eyes to perceive image quality. Ingeniously, the focus stack not only reflects the texture structure information but also partly maps the angular information. Min et al. (2018) mentioned that quality degradations can cause local image structure changes, and Min et al. (2017a,b) mentioned that corners and edges are presumably the most important image features that are sensitive to various image distortions. Therefore, we construct a local LF angular-spatial quality evaluation model based on the focus stack through the measurement of corner and texture structures. Finally, the abovementioned two clues are combined to represent the overall quality of LF images. The contributions of this paper mainly include the following three points.

• A prediction framework of global angular-spatial distortion of LF images is established on the lenslet images. First, the distortion of angular information is calculated by averaging the changes in luminance and chrominance of each macro-pixel. All the evaluated values are arranged according to the corresponding spatial coordinates, forming an array of predicted values of angular distortion. Then, the visual saliency of the central SAI, which reflects the spatial information distribution with human visual characteristics, is introduced to pool an array of predicted values of angular distortion to obtain the predicted value of global distortion.

• An evaluation framework of local angular-spatial distortion of LF images is built on the principal components of the focus stack. The loss of the focalizing structure and the distortion of spatial texture structure are analyzed on the principal components through the corner similarity and texture similarity, respectively. The final local distortion is evaluated by fusing the predicted values of the focalizing structure and texture structure.

• The proposed method is compared with multiple objective metrics in the stitched multi-view image framework, and their results are analyzed with three subjective LF-IQA databases to verify their effectiveness and robustness.


[image: Figure 1]
FIGURE 1. (A) The referenced light field (LF) image in the form of decoded lenslet. (B) The first column is the enlarged local macro-pixels from (A), and the other two columns correspond to macro-pixels with different degrees of distortion, which increased from left to right. (C) Each column corresponds to the grid distribution of gray values of a single macro-pixel in the green block in (B).




MATERIALS AND METHODS

Although the angular-spatial characteristics of LF are reflected in various expressions of LF, it is still a great challenge to extract and calculate the angular-spatial characteristics of LF. The lenslet images not only macroscopically reflect the global angular-spatial information of the LF images, but also microscopically reflect the angular information distribution. Inspired by this, we intend to start from the macro-pixels of the lenslet images to evaluate the angular distortion at the micro level, and then use the feature of spatial information to pool the predicted values of angular distortion. In consideration of the lack of analysis of useful texture and edge structure in the scene, which has a great influence on the quality perception, in the calculation of global distortion of LF images, the study in this paper will combine with other LF representations to supplement its deficiency. As each refocused image in the focus stack contains both angular-spatial information and texture structure, this paper chooses to analyze the texture and edge structure of the LF images with the focus stack.

According to the abovementioned analysis, we propose an evaluation method to comprehensively predict the distortion of LF images from both global and local aspects. The distribution of global and local distortion is analyzed from the lenslet images and focus stack, respectively. As illustrated in Figure 2, the global distortion in lenslet images is analyzed at each macro-pixel through the luminance and chroma channels. After then, we utilize the visual salient feature of spatial information to assign different weights to the measured values of each distorted macro-pixel, so as to realize the fusion of spatial information and angular information. Moreover, human visual characteristic has been taken into account in the calculation of visual saliency. As the single macro-pixel of a lenslet image lacks the texture and edge information of the objects in the scene, we complement the global distortion measurement by analyzing the principal components in the focus stack. The prediction processes of global and local distortion are described in sections The Prediction of Global Angular-Spatial Distortion and The Evaluation of Local Angular-Spatial Quality, respectively, and the two complementary prediction frameworks are fused in section The Evaluation of Union Angular-Spatial Quality.


[image: Figure 2]
FIGURE 2. The proposed LF-IQA framework based on the angular-spatial feature information.



The Prediction of Global Angular-Spatial Distortion

A lenslet image is composed of an array of macro-pixels embedded with angular information. The array of macro-pixels reflects the distribution of angular-spatial distortion macroscopically, while a single macro-pixel reflects the distribution of angular distortion microscopically. The size of a lenslet image is S × T units of macro-pixels, and the size of a macro-pixel is I × J, where S × T is the spatial resolution of LF images, and I × J is the angular resolution of LF images.

As it can be seen from Figures 1A,B, the distortion of macro-pixels is manifested as the changes in luminance and chrominance. Figure 1C describes the grid distribution of referenced and different distorted macro-pixels, which reflects the influence of distortion on the angular information. Considering that a single macro-pixel involves all the angular information of the corresponding spatial position, we first compute the angular distortion within each macro-pixel.

As a single macro-pixel does not involve the complex texture and edge structure of the objects in the scene, we decided to study the variation of luminance information and chroma information in each macro-pixel. Without considering the image texture structure information, the root mean squared error (RMSE) method can simply and accurately calculate the error between referenced and distorted macro-pixels. As people are more sensitive to the change of luminance than that of chrominance (Su, 2013), we mainly measure the distortion of each macro-pixel on the luminance channel. Specifically, Equation (1) expresses the RMSE of luminance (RMSEY) of the referenced macro-pixel (YR) and the distorted macro-pixel (YD):

[image: image]

where xs,t is the pixel value on the spatial coordinate (s, t). xi,j is the pixel value on the angular coordinate (i, j). I and J are the angular resolutions, in this paper, I = 9, J = 9.

In addition to the variation of luminance information in the macro-pixel array, the distortion of chroma information will also affect the perception of the overall quality of images. As macro-pixels have no texture and edge structure of objects in the scene, the measurement of chroma distortion of macro-pixels can be simpler and more direct. Considering that the chrominance information has a much smaller impact on the overall quality than the luminance, we adopt the similarity measurement method that is widely used in objective assessment methods, as given in Equations (2) and (3). The chrominance information is analyzed in the YUV color space. The similarity map of each macro-pixel is averaged to calculate the quality value of the corresponding spatial position (s, t).
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where SU and SV are the color similarity of U and V channels. UR and VR are referenced macro-pixels of U and V channels, and UD and VD are distorted macro-pixels of U and V channels. The constant C1 is used to maintain the stability of the similarity measurement function (Zhang et al., 2011), we fixed C1 = 1 through the experiments.

The smaller RMSEY between the referenced and distorted macro-pixel signifies the smaller error of the luminance components between them, while the greater chrominance similarity represents the smaller chroma error. For each macro-pixel, we use Equation (4) to fuse the predicted values of luminance and chrominance components. The values of RMSEY are in the range of 0–255, to make the contribution of chroma less to the overall distortion prediction than the luminance, we set C2 to 0.01, so that the range of chroma error is 0.99–100.

[image: image]

where PVDMP(xs, t) is the fused prediction value of the distorted macro-pixel in the spatial coordinate (s, t), sϵ[1, S], tϵ[1, T]. S and T are the spatial resolution, in this paper, S = 434, J = 625. The PVDMP values arranged in spatial coordinates form an array of predicted values of angular distortion.

To integrate the angular information and spatial information of LF images in the process of image quality assessment, we intend to pool the predicted values of angular distortion using the spatial information. The exciting thing is that the corresponding spatial coordinates of macro-pixels reflect the significance of the texture and contour of the LF images. As the central SAI is the main perspective from which humans observe the scenes, we choose to use the features of the central SAI to pool an array of predicted values of angular distortion. The visual saliency map of the central SAI, which reflects the spatial information distribution with human visual characteristics, is introduced to pool the predicted values of all distorted macro-pixels, as given in Equation (5):

[image: image]

where PVGD is the predicted value of global angular-spatial distortion of LF images. VSm (xs,t) = max [VSr(xs,t), VSd(xs,t)], VSr(xs,t), and VSd(xs,t) are visual saliency maps of the central SAIs of referenced and distorted LF images, respectively. In this paper, we use the simple saliency model in Zhang et al. (2013), which integrates the frequency prior, color prior, and location prior and has been proven to be a simple and an effective visual saliency model that simulates the perceptual characteristics of human eyes to the images (Zhang et al., 2014).



The Evaluation of Local Angular-Spatial Quality

As mentioned earlier, the prediction of global angular-spatial distortion lacks direct measurements of the texture and edge structure of the objects in the scenes. This section aims to complement the global distortion measurement by analyzing the principal components in the focus stack. The focus stack consists of a series of refocused images arranged in the direction of depth. A refocused image is obtained by shifting and summing the SAIs at a given slope. Therefore, the refocused images only contain the local angular-spatial information of LF images. Specifically, the distortion of the angular information is directly manifested as the loss of the focalizing structure in the focus stack, while the distortion of the spatial information is manifested as various forms of destruction of the texture and edge structure in the scenes.

The loss of the focalizing structure is reflected as the disorder of the focus state. As shown in Figure 3A, the red and green boxes correspond to the cross and vertical sections of the focus stack. The sections of the referenced focus stack show that the focalizing structure is orderly, while the focusing state of the distorted focus stack is chaotic. Specifically, the foremost focusing position of the referenced focus stack is located on the wood plate, while the forefront refocused slice of the distorted focus stack is not in the focus state. Moreover, Figure 3B shows that the backmost refocus slice of the referenced focus stack focused on the text, while the corresponding distorted refocus slice was not focused on the text that should be focused due to the angular-spatial distortion. In a word, the energy distribution of the distorted focus stack is scattered throughout the whole depth range, and the original focalizing structure is destroyed.


[image: Figure 3]
FIGURE 3. Focus stack. (A) The focus stack of reference and distortion from left to right. The red and green boxes are the cross and vertical sections of the focus stack, respectively. (B) The partial focus stack of reference and distortion from left to right.


We also noticed from Figure 3 that there is a defocused blur in the unfocused parts of the focus stack. When human eyes focus on a point of the scene, the object points at other depths of the field become blurred. The focus stack simulates the human eyes' habit of viewing a scene, so a defocused blur is inevitably introduced. To alleviate the effect of a defocused blur, we attempt to use principal component analysis (PCA) to extract the main components from the focus stack, as shown in the first and third rows of Figure 4. As we have analyzed the effect of chrominance on the prediction of global distortion (section Databases for Validation), the principal components are extracted only in the grayscale of the focus stack (Ren et al., 2017b).


[image: Figure 4]
FIGURE 4. The first and third rows are the principal components of the referenced and distorted focus stack, respectively. The second and fourth rows are the corners of referenced and distorted principal components, respectively. (A) The first principal component; (B) the second principal component; and (C) the third principal component.


Principal component analysis is a means of dimension reduction. The advantage is that PCA not only reduce the calculation amount for the focus stack but also alleviate the influence of a defocused blur in the analysis of the focalizing structure. By sorting the eigenvalues and corresponding eigenvectors of the covariance matrix of gray refocused slices in the focus stack, the focus stack can be rearranged according to the proportion of information content. As for the number of selected principal components, the experimental comparison and analysis are conducted (section 4.6). In this paper, the first three principal components are selected to predict the local angular-spatial quality for accuracy and simplicity.

For the principal components of the focus stack, we analyze the loss of focalizing structure and texture damage caused by the angular-spatial distortion. Firstly, the corner structure based on phase congruency (PC-corner) is used to evaluate the focalizing structure loss. As shown in the second and fourth rows of Figure 4, the PC-corner operator detects the features as points in an image with a high-phase component order in the Fourier domain, and it is not affected by luminance, contrast, and scale. The PC-corner feature operator can detect a wide range of features, such as angle, line, and texture information of images.

The corner response function is developed based on the covariance matrix of PC (Kovesi, 2003), as given in Equation (6):
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where PCx and PCy are PC-corner at horizontal and vertical directions. The phase consistency utilizes the log-Gabor filter of multi-scale and multi-direction. The final covariance matrix is normalized with the orientations used in the log-Gabor filter. In this paper, we use three scales (n = 1, 2, 3) and six orientations (θ = 0, π/6, π/3, π/2, 2π/3, 5π/6).

Being different from the structural loss of ordinary image, the structural loss of the focus stack includes the reduction and increment of structure due to the angular-spatial distortion. Therefore, we use the form of Equation (7) to calculate the corner similarity SC between referenced and distorted principal components.

[image: image]

where NR and ND are the number of corners in referenced and distorted principal components, respectively. ∩ is the intersection of NR and ND, and ∪ is the union of NR and ND. The constant 1 is added to avoid the denominators being 0.

Secondly, in addition to assessing the loss of the focalizing structure, the angular-spatial distortion can also lead to an obvious texture damage of the focus stack. Similar to the evaluation of focalizing structure, the prediction of texture distortion is conducted on the principal components of the focus stack. The vertebrate retina can be mathematically represented by the Laplacian of Gaussian, which is an effective method of texture calculation reflecting the characteristics of human vision. Considering that the waveform distribution of DoG algorithm is similar to that of Laplacian of Gaussian, and the complexity of DoG is much smaller, we choose DoG to calculate the texture feature.

The DoG is the difference of the image signal I(xs, t) convolved with the two different Gaussian scales σ1, σ2:
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where L (xs, t, σ1) and L (xs, t, σ2) are convolutions of the image signal I (xs, t) with Gaussian functions at the two different Gaussian scales (σ1, σ2).

Equation (11) was initially used in the calculation of structure similarity (SSIM) (Wang et al., 2004), and then widely used for the distance calculation of feature similarity (FSIM) in objective assessment methods. Hence, the texture similarity of referenced and distorted principal components is calculated by Equation (11).

[image: image]

where DoGR and DoGD are differences of Gaussian feature of referenced and distorted principal components, respectively. The constant C3 is used to maintain the stability of the similarity measurement function, we fixed C3 = 0.1 through the experiments.

Concretely, the similarity map of DoG is pooled through the feature of visual saliency to obtain the quality of texture QT, as given in Equation (12). The calculation method of visual saliency is the same (as mentioned in section Databases for Validation):

[image: image]

We define the light flow in the focus stack as the sum of the differences between adjacent refocus slices. The feature of visual saliency VSm is computed with the light flow of the focus stack, as shown in Figure 5 and Equation (13).

[image: image]

where VSLif−R and VSLif−D are visual saliency maps of the light flow of referenced and distorted focus stack, respectively.


[image: Figure 5]
FIGURE 5. The light flow in the focus stack and the visual saliency map. (A) The light flow of referenced focus stack. (B) The light flow of distorted focus stack. (C) The visual saliency map based on the sum of light flow of focus stack.


Finally, the local angular-spatial quality QL is obtained by averaging the fused quality of the focalizing structure and texture. M in Equation (14) is the number of principal components, which is analyzed in section 4.6 at different M values.

[image: image]
 

The Evaluation of Union Angular-Spatial Quality

According to sections Databases for Validation and Performance Analysis of Image Quality Metrics, a smaller PVGD value indicates the smaller global distortion, which corresponds to the higher global quality, while a smaller QL value indicates the smaller local quality. The overall quality of LF images is calculated by fusing the predicted value of global angular-spatial distortion PVGDand local angular-spatial quality QL. Considering that PVGD and QL are inversely and directly proportional to the overall quality, respectively, we use Equation (15) to calculate the overall quality of the LF images.

[image: image]

where log operation is added to increase the linearity of the results, which conforms to the human eyes' ability to recognize the light intensity (Min et al., 2020). PVGD is given by Equation (5), and QL is given by Equation (14). ε is a constant for equation stability, which is set as 0.0001.




RESULTS


Databases for Validation

Resource identification initiative. To verify the performance of the proposed method, experiments were conducted on three subjective quality assessment databases of LF images, including the database of traditional distortion types: SHU (Shan et al., 2019), video compression, and LF compression types: VALID-10bit (Viola and Ebrahimi, 2018), and LF reconstruction types: NBU-LF1.0 (Huang et al., 2019b). The detailed information of these databases is listed in Table 1.

1) SHU database: traditional distortion types. The SHU database is composed of 8 referenced LF images and 240 distorted LF images. There are five distortion types, including the classical compression artifacts (JPEG and JPEG2000) and other distortions (motion blur, Gaussian blur, and white noise). Each type of distortion has six distortion levels. The database is visualized by pseudo-sequence video of SAIs to the subjects.

2) VALID-10bit database: video compression and LF compression distortion types. There are two general compression schemes (HEVC and VP9) and three compression schemes specifically designed for LF (Ahmad et al., 2017; Tabus et al., 2017; Zhao and Chen, 2017). For each compression type, 4 levels of compression are introduced, and a total of 100 compressed LFs are included in this data set. It has five referenced LF contents and is evaluated in the passive methodology. For the passive evaluation, the perspective views were shown as animation and followed by the refocused views (Viola et al., 2017).

3) NBU-LF1.0 data set: reconstruction distortion types. It includes five LF reconstruction schemes: neighbor interpolation (NN), bicubic interpolation (BI), learning-based reconstruction (EPICNN), disparity-map-based reconstruction (DR), and spatial super-resolution reconstruction (SSRR). It has 14 referenced LF contents and 210 distorted LF images. Each reconstruction type has three levels of reconstruction.


Table 1. The detailed information of LF-IQA databases used in the experiment.

[image: Table 1]

To reduce the complexity, the number of multiple views selected from the databases in Table 1 is 9 × 9, and the image resolution is 434 × 625.



Performance Analysis of Image Quality Metrics

There are three main representations of LF with whole global information: EPIs, lenslet images, and SAIs. First of all, the oblique texture structure in EPIs is not similar to the texture structure of objects in ordinary images, which is not conducive to the realization of traditional image quality evaluation methods. Except for the statistical IQA method at pixel-level, such as peak signal-to-noise ratio (PSNR), most traditional image quality evaluation methods cannot take the advantage of their simulation in image structure and human visual characteristics. Secondly, lenslet images have discontinuities of scene texture due to the angular information, which is not conducive to the application of algorithms based on human visual characteristics. Thirdly, SAIs can be regarded as a matrix of 2D images distributed in different angular directions. The superiority of traditional algorithms can be developed in the stitched SAIs, which is due to the fact that the stitched SAIs can be seen as a large 2D image with texture redundancy. Hence, we decide to apply the traditional algorithms to the stitched SAIs to carry out the following comparison experiments.

In general, the objective evaluation includes three categories according to their dependence on the reference image: full reference (FR), reduced reference (RR), and no reference (NR) (Wang and Bovik, 2006). In Table 2, the performance of the proposed MPFS is broadly compared with the classical FR, RR, and NR metrics over three subjective LF-IQA databases. The metrics mainly include classical traditional IQA metrics and the state-of-the-art LF-IQA metrics. 2D FR IQA metrics include PSNR, SSIM (Wang et al., 2004), multi-scale SSIM (MS-SSIM) (Wang et al., 2003), information weighting SSIM (IW-SSIM) (Wang and Li, 2010), FSIM (Zhang et al., 2011), FSIM based on Riesz transforms (RFSIM) (Zhang et al., 2010), noise quality measure (NQM) (Damera-Venkata et al., 2000), gradient similarity (GSM) (Liu et al., 2011), visual signal noise ratio (VSNR) (Chandler and Hemami, 2007), most apparent distortion (MAD) (Larson and Chandler, 2010), gradient magnitude similarity deviation (GMSD) (Xue et al., 2013), and HDRVDP (Mantiuk et al., 2011). Sparse feature fidelity (SFF) (Chang et al., 2013), universal image quality index (UQI) (Wang and Bovik, 2002), visual saliency-induced index (VSI) (Zhang et al., 2014), 2D RR IQA metrics include wavelet-domain natural image statistic model (WNISM) (Wang and Simoncelli, 2005), wavelet-based contourlet transform (WBCT) (Gao et al., 2008), and contourlet (Tao et al., 2009). Multi-view FR IQA metrics include morphological pyramids PSNR (MP-PSNR) (Sandić-Stanković et al., 2015), morphological wavelets PSNR (MW-PSNR) (Sandić-Stanković et al., 2015), MW-PSNRreduc (Sandić-Stanković et al., 2015), and 3DSwIM (Battisti et al., 2015). LFI FR IQA metrics include the algorithms in Min et al. (2020) and Meng et al. (2020). LFI NR IQA metrics include BELIF (Shi et al., 2019), Tensor-NLFQ (Zhou et al., 2020), and VBLIF (Xiang et al., 2020).


Table 2. The performance comparison of classical IQA indexes on three benchmark databases.

[image: Table 2]

This paper used four IQA indexes to measure the fitting of the degree of objective scores and subjective scores. The Pearson linear correlation coefficient (PLCC) and the RMSE denote the accuracy of correlation between mean opinion scores (MOS) and predict scores. The Spearman rank order correlation coefficient (SROCC) and the Kendall rank order correlation coefficient (KROCC) can measure the prediction monotonicity of IQA metrics.

Table 2 presents the performance of classical objective metrics on SHU, VALID-10bit, and NBU-LF1.0 databases, where the values in bold indicate the best performance. The results show that the proposed MPFS method consistently fits well with MOS in both accuracy and monotonicity over the databases of traditional distortion, compressed distortion, and reconstructed distortion.

It can be seen from Table 2 that the performance of traditional algorithms varies in different databases. Although these three databases contain different distortion types, their effects on angular and spatial information are reciprocal. First of all, some traditional algorithms perform well in the VALID-10bit database. This may be due to the fact that angular and spatial distortions in the VALID-10bit database are evenly distributed. Secondly, although the distortion of the SHU database is not derived from LF processing, it is still difficult to estimate the effects of these distortions on LF contents. For example, traditional algorithms do not take advantages they should have for traditional types of distortion. This is due to the fact that traditional algorithms fail to consider the relationship between the angular and spatial quality. In addition, most objective metrics cannot achieve good results in the NBU-LF1.0 database. This may be due to the complex distribution of angular-spatial distortion, for example, the cross effects of angular-spatial distortion vary greatly in different perspectives.

The performance of the multi-view algorithms is similar to that of the traditional 2D algorithms. They perform well when the distribution of the angular-spatial distortion is not complex, but worse for the NBU-LF1.0 database containing the distortion of reconstructed types. It somewhat indicates that the angular-spatial distortion caused by reconstruction algorithms is more complex.

The NR LF-IQA models were trained with 80% contents from each data set used in this paper, and 20% of contents were used for prediction. The optimal training parameters were obtained by multiple adjustments, and the result of each adjustment was the median value of 1,000 experiments. It can be seen from Table 2 that they achieved preferable results at the first two databases, but perform worse for the reconstruction distortions with complex angular-spatial artifacts.

For the FR LF-IQA, the concept of optimal parallax range of human eyes is introduced into the focus stack to calculate the quality of LF images. Meng et al. (2019) used some camera parameters provided by the EPFL database (Honauer et al., 2016) when calculating the optimal parallax range, while some databases do not have these parameters. Therefore, in combination with the experiments of refocusing factors in section 4.7, we set the focusing range of Meng et al. (2020) as [−3, 3] over all databases for the sake of fairness. Min et al. (2020) computed the quality of LF images through the global–local spatial quality and the angular consistency measurement. It is necessary to note that the angular resolution of all databases is set as 9 × 9 in the comparison experiment for fairness. Therefore, the performance of both Meng et al. (2020) and Min et al. (2020) presented in Tables 2, 3 is not optimal.


Table 3. PLCC performance of different distortion types on VALID-10bit, SHU and NBU-LF1.0 databases.

[image: Table 3]

It should be known that the performance of the same objective algorithm is slightly different in different databases. As suggested in Wang and Li (2010) and Zhang et al. (2014) we analyze the objective IQA metrics with the weighted average results across all databases for the overall performance. The weighted average [image: image] is computed as follows:

[image: image]

where ρi (i = 1, 2, 3, 4) is the fitting performance for each database. The weight coefficient of each database depends on the number of distorted images in the respective database. Table 2 presents the overall performance and the ranking of weighted-average SROCC of LF-IQA metrics over all databases.

The last two columns in Table 2 are the weight-average SROCC (WSROCC) and the mean SROCC (MSROCC) for each objective metric over all databases, respectively. It can be seen that MPFS performs much better than the other metrics on the WSROCC and the MSROCC.



Robustness Against Distortion Types

The robustness of the proposed objective IQA model against various distortion types is verified. Table 3 presents the performance comparison of classical objective models on the abovementioned three databases, covering various distortion types. Specifically, the VALID-10bit database contains two classical video compression schemes and three compression schemes specialized for LF images. The SHU database contains classical compression distortion and display distortion, and the NBU-LF1.0 database contains a variety of reconstructed distortion types specialized for LF images.

In Table 3, the values in bold indicate the first three best PLCC values for each distortion type. The performance of different objective algorithms for different distortion types is analyzed through PLCC, which can reflect the fitting accuracy of two sets of data. The results show that many algorithms have the optimal scope of application, and can only be sensitive to some specific distortion types. For example, most algorithms have a good predicted effect on the compressed distortion types in the VALID-10bit database, but are not effective for the reconstructed distortion types in the NBU-LF1.0 database or the traditional distortion types in the SHU database. The reason may be that the angular and spatial distortion in the VALID-10bit database is evenly distributed, while the cross effects of angular and spatial distortion of the other two databases vary greatly in different perspectives. The proposed method cannot achieve the best prediction for each distortion, but it performs relatively stable for all distortion types. The robustness of MPFS is superior to other metrics.



The Validity of the MPFS Model

The proposed MPFS method has two applications: the prediction of global angular-spatial distortion and the evaluation of local angular-spatial quality. The prediction framework of global angular-spatial distortion is established on the lenslet images. The angular distortion is first predicted at each macro-pixel. Then, the visual saliency of the central SAI is introduced to combine the angular and spatial information. The evaluation framework of local angular-spatial quality utilized the PC-corner and DoG algorisms to evaluate the loss of the focalizing structure and texture structure on the principal components of the focusing stack, respectively.

Table 4 compares the performance of the proposed MPFS in three cases: only the prediction framework of global angular-spatial distortion, only the local angular-spatial quality framework, and the combination of global and local frameworks. It can be seen that both local and global frameworks are effective in the VALID-10bit database, and they have reverse effects on the other two databases. The local angular-spatial quality evaluation framework based on the focus stack is more effective for both the spatial texture distortion and the focalizing structure loss caused by the angular distortion. Because the global framework is mainly based on the prediction of angular distortion, it will be mediocre when the distribution of the angular-spatial distortion is more complex. But the combination of the two frameworks works well, benefiting from their complementarity. Besides, Table 5 lists the time complexity of the proposed MPFS method. The listed time under each data set is calculated by averaging the run time of all LF images. Although the size of some LF images in the NBU-LF1.0 database is slightly different from those in the other two databases, the running time is similar.


Table 4. Performance of individual case on SHU, VALID-10bit, and NBU-LF1.0 databases.
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Table 5. Time complexity on SHU, VALID-10bit, and NBU-LF1.0 databases.
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The Validity of Individual Quality Component

After analyzing the contributions of the local/global angular-spatial quality framework, Table 6 presents various features used in the proposed MPFS algorithm, the first two features measure the loss of focalizing structure and texture structure in the local angular-spatial quality framework. It can be seen that the combination of PC-corner and DoG features can better evaluate the angular-spatial distortion of the focus stack. However, due to the complex distribution of angular-spatial distortion, it does not work well in the SHU database.


Table 6. Performance of individual features on SHU, VALID-10bit, and NBU-LF1.0 databases.

[image: Table 6]

In addition to the PC-corner and DoG features, Table 6 also presents the performance after adding the luminance and chrominance features. These two features improve the accuracy of the evaluation algorithm. It can be seen that the chroma information contributes greatly to improve the performance of the proposed method in the SHU database because of the high chromaticity distortion of JPEG.



The Impact of Principal Components on the MPFS Model

The order of the principal components of the focus stack is obtained by sorting the eigenvalues and the corresponding eigenvectors of its covariance. The eigenvectors with larger eigenvalues reflect a larger amount of information. As can be seen from Figure 4, the first-order principal component reflects most of the low-frequency information in the focus stack, in which the defocused blur of the focus stack is mainly distributed in the first-order principal component. The other principal components mainly reflect the high-frequency information of the focus stack, and the distortion of focalizing structure is obvious in the higher-order principal components.

Although the PCA is carried out in the local angular-spatial quality evaluation framework, we analyze the impact of different numbers of principal components on the overall algorithm due to the complementarity of the two frameworks. Figure 6 describes the distribution of PLCC/SROCC of the proposed MPFS method at different numbers of the principal components in the focus stack over the three databases. It can be seen that the variation trend of the final evaluation results over the three databases is inconsistent with an increase of the number of principal components, which is related to the completely different distortion types of the three databases. We finally choose the first three principal components to calculate the local angular-spatial quality for accuracy and simplicity.


[image: Figure 6]
FIGURE 6. The distribution of Pearson linear correlation coefficient (PLCC)/Spearman rank order correlation coefficient (SROCC) of the MPFS method at different numbers of the principal components in the focus stack over the three databases.




The Impact of Refocusing Factors on the MPFS Model

The evaluation framework of local angular-spatial quality is based on the focus stack, while the refocusing factors will affect the evaluated final results. Specifically, the refocusing factors contain the refocus scope and refocus step. This paper conducts the refocus operation in the spatial domain. The refocused images are obtained by the LFFiltShiftSum function in LFToolbox0.4, which acts on shifting and summing the SAIs within a given slope scope to obtain the focus stack. Different slopes correspond to different depth planes. A step between the two slopes determines the number of refocused images within the given refocus scope.

Table 7 lists the PLCC and SROCC in multiple refocus scopes over the three databases. We set 15 intervals for all to refocus scopes in Table 7, that is, 16 refocus images are obtained. Table 8 illustrates the effect of different intervals on the local angular-spatial quality under the optimal refocused scope in Table 7.


Table 7. PLCC and SROCC of different refocus scopes on VALID-10bit, SHU, and NBU-LF1.0 databases.
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Table 8. PLCC and SROCC of different refocus intervals on VALID-10bit, SHU, and NBU-LF1.0 databases.

[image: Table 8]

The results show that the optimal refocus scope of the focus stack is [−3, 3] in the local angular-spatial quality evaluation framework, and the optimal number of refocusing intervals is 15. However, the change of the refocus scope and step cannot cause a great influence, which indicates that the local angular-spatial quality framework based on the focus stack is relatively stable.




DISCUSSION

The quality evaluation for LF images is a new challenge due to the abundant scene information and the complex imaging structure. The existing objective methods are mainly carried out on the classical representations of LF images, especially SAIs, focus stack, and EPIs. It should be noted that different LF representations usually place different emphasis on the distribution of angular and spatial information. Comparatively speaking, the lenslet image and EPIs directly reflect the distortion of angular information, while the focus stack and SAIs directly reflect the distortion of spatial information. The advantages of angular-spatial information distribution in each representation can be better utilized by combining these LF representations, but the disadvantage is increased computational complexity.

The key to quality evaluation of LF images lies on how to combine the human visual perception and the LF angular-spatial characteristics. In this paper, we propose a new LF quality evaluation method through the global angular-spatial quality framework based on macro-pixels and the local angular-spatial quality framework based on the focus stack. The global angular-spatial quality framework evaluates the distortion of luminance and chrominance at each macro-pixel, primarily representing the angular distortion. Then, the visual saliency of human eyes to spatial texture structure is introduced to pool an array of predicted values of angular distortion. However, although the macro-pixel array reflects the global information of LF images, the single macro-pixel lacks the texture information of objects in the scene. Fortunately, the focus stack can help to measure the damage of spatial texture structure and the loss of the focalizing structure caused by the angular distortion. Therefore, a local angular-spatial quality framework based on the principal component of the focus stack is adopted to complement the global framework. The losses of the focalizing structure and texture structure are analyzed through the PC-corner similarity and DoG texture similarity, respectively. Extensive experimental results show that better performance can be obtained by combining the complementary local/global angular-spatial quality evaluation framework.

In the future work, we decide to explore ways to reduce the computational complexity of evaluating global angular-spatial distortion distribution, such as introducing the random sampling mechanism into the distortion prediction of macro-pixels. Moreover, how to achieve better integration of LF angular-spatial characteristics and human visual characteristics under the condition of low computational complexity is still a challenge for the quality evaluation of LF images. The application of human visual characteristics in this paper is divided into two types. First, the global framework uses the saliency distribution of spatial information as the weight to realize the integration of the distribution of angular distortion and spatial structure. Second, feature extraction operators of PC-corner and DoG, which simulate human visual characteristics, are, respectively, applied to the calculation of focalizing structure and texture structure. In general, the application of human visual characteristics in the quality evaluation of LF images mainly lies on the fusion of angular and spatial distortion prediction, or the feature extraction in the prediction of angular distortion and spatial distortion. It is difficult to achieve the perfect fusion of LF angular-spatial characteristics and human visual characteristics in the traditional algorithms, while the deep learning methods have strong ability to learn the relationship between the angular information and spatial information, as well as the relationship between the human visual characteristics and LF angular-spatial characteristics.
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