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Abstract

Reduced-reference (RR) image quality assessment (IQA) aims to use less reference data for qual-

ity evaluation. Global features are demanded to effectively express quality degradation caused

by distortion. Since the human visual system (HVS) is highly sensitive to structure degradation,

we suggest to represent the visual content of an image with several structural patterns. Also, im-

age quality is measured based on the structural degradation on these patterns. Firstly, the spatial

correlation of image structure is analyzed with the local binary pattern (LBP), and several rep-

resentative structural patterns are extracted. Then, the energy changes on these patterns between

the reference image and the distorted image are calculated. Finally, the support vector regres-

sion (SVR) procedure is adopted for feature pooling, and the quality score of the input image is

returned. Experimental results for three publicly available databases demonstrate that the proposed

RR IQA method is highly consistent with the human perception, which uses a small amount of

reference data (20 values) and achieves a promising improvement on quality evaluation accuracy.
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1. introduction

In the multimedia era, the digital image plays a significant role in our daily life. Meanwhile,

with the tremendous growth of digital information, an unsolved problem is how to effectively and

efficiently acquire high quality images from the massive amounts of available images. Objective

image quality assessment (IQA), which attempts to provide computational models for measuring

the perceptual quality of the image, is greatly needed for selecting useful information [1–3].

In the last decade, a large number of IQA methods have been proposed to evaluate the qual-

ity of images. In general, objective IQA methods can be categorized into three types [1]: Full-

Reference (FR) IQA, which requires the complete reference signal; Reduced-Reference (RR) IQA,

which requires only part of the reference signal; and No-Reference (NR) IQA, which uses only

the processed signal. With the help of the reference image, the FR IQA can directly calculate the

distortion on each pixel and can always output a much accurate assessment result [4]. However

this method does not work when there is no reference signal available. For this condition, an NR

IQA method is required. Due to the varied image contents and the individual distortion types, it

is extremely difficult for the NR IQA method to accurately assess the quality without the help of

the reference signal/prior information [5–7]. RR IQA method is a compromise between FR and

NR IQA, and can use less information of the reference signal and achieve higher assessment accu-

racy [8–10]. In this paper, we focus on the RR IQA method and attempt to build a novel RR IQA

model.

In order to reduce the quantity of the reference information, global features are always ex-

tracted for RR IQA methods. The quality degradation can furthermore be effectively represented

by the changes on global features. Researches indicated that natural images present some sta-

ble statistical properties [11, 12], and most real-world distortions disturb image statistics [13].

According to this assumption, Wang et al. [14] made an account on marginal distribution of

wavelet coefficients of a natural image, and introduced a wavelet-domain natural image statistic

metric (WNISM) for RR IQA. In this metric, the quality of a distorted image is measured based

on the error between its wavelet coefficients and that of the reference image. Analogously, Ma

et al. [15] measured the quality with the statistic of DCT coefficients, and proposed a city-block
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distance based RR IQA method. In addition, Gao et al. [16] suggested considering the statistical

correlations of wavelet coefficients in different subbands, and introduced a multiscale geometrical

analysis based RR IQA method. All of the above methods are based on the statistical properties of

natural images. However, most scenes that we need deal with contain manmade objects, such as

cars, buildings, roads, and so on. Moreover, Redi et al. [17] adopted the color correlogram for RR

IQA, which shows good performance across different types of distortions. Recently, Soundarara-

jan and Bovik [18] suggested to measure the quality degradation according to the scaled entropies

of wavelet coefficients (namely, RRED metric). However, a high bit rate about the reference image

is required in RRED to achieve good performance.

Recent brain science researches on visual perception indicate that the human visual system (HVS)

possesses an internal generative mechanism (IGM) [19], within which the HVS actively predicts

the visual contents and ignores the residual uncertainty [20, 21] to minimize the free-energy of

the input scene. We suggest that different types of distortions induce different degradations on

the two kinds of contents (i.e., the predicted content and the residual uncertainty), which result in

different visual quality degradations. Inspired by this brain perception theory (i.e., the free-energy

principle), Wu et al. [22] and Li et al. [23] suggested analyzing the degradations from different

types of distortions, and introduced new FR IQA methods by separatively measuring the qual-

ity degradations on the two kinds of contents. Moreover, Wu et al. [24] separatively measured

the energy changes (namely, RRVIF metric) on the two kinds of contents between the distorted

and reference images for RR IQA. With so little data (2 data) to represent the reference signal,

RRVIF cannot effectively demonstrate the visual contents of the signal and yields only marginal

performance across different types of distortions.

Since the HVS is highly adaptive to extract structure from an input image for visual percep-

tion [22], we attempt to represent image content with several structural patterns for RR IQA.

Generally, some local features (e.g., the first-order statistic values [25], contrast [26], phase [9],

etc.) are adopted for structure analysis. In [2], three local statistic values, namely, mean, variance,

and covariance, are employed for structure representation in IQA model. In [26], the local gradient

is adopted to capture the structure information for IQA. However, these local structure descriptions

only works for FR IQA. For RR IQA, some kinds of structure descriptions which can effectively
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represent the whole visual content are required. In [27], block boundary (for blockiness artifact

detection), edge smoothness (for blur detection), and image activity (for ringing detection) are

adopted for structure information extraction. These structure descriptions aims to represent degra-

dations from different types of distortions, rather than the visual content that an image possesses.

Thus, it only works well for certainly types of distortions. Since the HVS is highly sensitive to

luminance contrast and spatial distribution of visual content for visual perception, both factors

should be considered for structure information representation. In [28], the spatial correlations be-

tween a central pixel and its neighborhood are analyzed with their co-occurring pixel values, and a

signed gray-level difference based local binary pattern (LBP) is designed for structure description.

The LBP achieves great success in structure description for texture classification.

In this paper, we attempt to represent image content with LBP patterns, and introduce a novel

RR IQA method based on visual structure degradation (RRVSD) on these patterns. According

to the free-energy principle, an input scene should be decomposed into two portions (i.e., the

predicted portion, which mainly includes the predicted contents, and the residual portion, which

includes the residual uncertainty) for separate processing. Moreover, the HVS is highly adapted to

extract structural information for understanding the environment. Therefore, we adopt the LBP to

extract visual structure, and the LBP based structural histogram is created for visual content anal-

ysis. Next, the structural degradation is computed as the similarity of the structural histograms

between the distorted and reference images. Finally, the support vector regression (SVR) proce-

dure, which is suitable and effective at handling high-dimensional data, is used to pool features and

return the quality score of the distorted image [29]. Experimental results on three publicly avail-

able image databases confirm that the proposed RRVSD method outperforms the state-of-the-art

RR IQA methods.

The rest of this paper is organized as follows. In Section 2, according to the free-energy

principle, different visual information degradations caused by different types of distortions are

analyzed. In Section 3, a novel RR IQA computational model (i.e., RRVSD) is introduced for

visual quality measurement. The experimental results of the proposed RRVSD are presented in

Section 4. Finally, conclusions are drawn in Section 5.
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2. Visual Information Degradation

In this section, we firstly analyze the visual information degradation caused by various types

of distortions. The images which contaminated by different types of distortions are demonstrated.

Next, the recent brain science findings (i.e., the free-energy principle theory) on visual signal per-

ception is investigated, and its corresponding computational model is deduced. Finally, according

to the free-energy principle, the characteristics of quality degradations from different types of dis-

tortions are illustrated.

Different types of distortions generate totally different quality degradations. Fig. 1 shows an

image (i.e., the lighthouse image, from the TID database [30]) distorted by four different types

of distortions, such as, additive white Gaussian noise (AWGN), Gaussian blur (GBLUR), JPEG

compression distortion (JPG), and JPEG2000 compression distortion (J2K). The distortion ener-

gies (represented by the mean square error (MSE) values) are similar within the four contaminated

images as listed in the labeling of Fig. 1.

Although the same level of distortion energy is given, the perceptual qualities (represented by

the mean opinion score (MOS) values, where a larger MOS means better quality) of the four con-

taminated images are obviously different. As shown in Fig. 1 (a), though the noise is apparent to

the human eye, its visual quality is high (MOS=4.26). Our human eyes will simply filter out the

AWGN noise and totally acquire the visual information of this image (such as the sky, the light-

house, and the ledge). The GBLUR distortion in Fig. 1 (b) weakens the luminance contrast, which

causes the main edge (such as the contour of the lighthouse) to be fuzzy and erases some detailed

textures (such as the texture of the ledge). Since some valuable information for scene understand-

ing is missing, the visual quality of Fig. 1 (b) (MOS=3.40) is much lower than that of Fig. 1 (a).

The JPG and J2K distortions not only make the visual contents fuzzy (such as the degradation on

the contour of the house) but also create new distorted structures (e.g., blockiness in the sky from

the JPG distortion and ringing around the edge of the lighthouse from the J2K distortion), and the

perceptual qualities of Fig. 1 (c) (MOS=3.25) and (d) (MOS=3.06) are lower than (a) and (b). In

summary, these four kinds of distortions cause different visual content degradations. Therefore,

we should discriminatively measure the quality degradations from different kinds of distortions.
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(a) AWGN with MOS=4.26 and MSE=256 (b) GBLUR with MOS=3.40 and MSE=294

(c) JPG with MOS=3.25 and MSE=230 (d) J2K with MOS=3.06 and MSE=255

Figure 1: Example for image quality degradations under different types of distortions. (a) AWGN: Additive White

Gaussian noise. (b) GBLUR: Gaussian Blur. (c) JPG: JPEG compression distortion. (d) J2K: JPEG2000 compression

distortion.
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Recent psychophysical analysis on visual perception explores the inner processing mechanism

of visual signals in our brain, that indicates the path to measure the visual quality under different

types of distortions. The free-energy principle [21] suggests that the HVS possesses an IGM

for visual signal perception and understanding. According to the free-energy principle, the brain

can adjust its configuration, e.g., it changes the method of sampling or encoding [31], to actively

predict the visual contents of an input scene for understanding; the residual uncertainty is ignored

for further processing [21]. Therefore, the brain performs like an active prediction system for

visual signal processing.

Inspired by the free-energy principle, we try to mimic the performance of the IGM for visual

information prediction. The active prediction of the HVS for an input image I is determined by

both the objective content SI (e.g., the structure of the scene) and the subjective characteristics

G (e.g., the priori knowledge, emotion, and attention). The prediction of the image I in the IGM

can be described as

argmin||I′ − I||, s.t. I′ ∝ f (SI;G) (1)

where I′ is the predicted content of image I in the IGM, and f (SI;G) is the response of HVS

on image I. The subjective characteristics G for image perception vary from person to person.

Therefore, the inner visual signal processing is extremely complex and how to model the IGM for

visual information prediction is still an open problem.

The HVS presents some common characters when perceiving images. For example, the HVS

is highly adaptive to summary regular contents for perception and understanding. Intuitively, an

orderly region presents self-similar contents, and also the HVS is adaptive to extract these regular

contents for visual information prediction; when a disorderly region shows irregular contents, the

HVS has a difficult time determining its organization rule for scene understanding [32]. In other

words, the prediction of visual information is highly related to the correlations among neighbor

contents, and a local region that possesses structures as its surrounding is much more easily to be

predicted. According to this common character of perception, we simplify the active prediction of

I in the IGM as the correlation maximization among visual contents, and the constraint condition
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in Eq. (1) is rewritten as

I′(x) ∝ max C(x|X), (2)

where x presents a pixel in I, X presents a surrounding region of x, and C(x|X) is the correlation

between x and X. Generally speaking, a pixel located in a region with regular structures has a

larger C than that in a disorderly region. Moreover, pixels in an orderly region are more likely to

be similar than those in a disorderly region. Thus, by considering the correlation (similarity coef-

ficient) Ci between the central pixel x and the surrounding pixel xi∈X, Eq. (2) can be reorganized

as

I′(x) ∝ max {C1,C2, · · · ,CN}, (3)

where N is the number of pixels in the surrounding region X.

With the above mentioned analysis, we have simplified the prediction in IGM, and deduced

that the prediction of visual contents are highly correlated to the similarities among nearby pixels.

Since the autoregressive (AR) technique is a powerful information predictor, it predicts a pixel

value according to the correlation with its neighbor pixels. Thus, we have adopted the AR model

to mimic the visual content prediction in the IGM. In the AR model, the value of a central pixel x

is predicted as,

g′ =
∑
gi∈X
C′i gi, (4)

where g′ is the predicted value of pixel x, and gi is the value of the surrounding pixel xi. In order

to highlight these highly correlated pixels, the AR coefficient is set as the normalized similarity

coefficient between pixels x and xi, C′i=
Ci∑
j C j

[32].

With Eq. (4), an input image is decomposed into two portions, namely the predicted portion (Ip)

and the residual portion (Ir), as shown in Fig. 2. According to the free-energy principle, Ip (as

shown in Fig. 2 (b)) contains the main visual contents for image perception, and Ir (as shown in

Fig. 2 (c)) possesses the residual uncertainty between I and IP, for which the HVS tries to ignore

for image understanding [21].

Since the two portions (Ip and Ir) contain different visual contents for image perception, dis-

tortions on them cause different visual content degradations. Distortions on Ip directly damage

the visual structures of an image (e.g., the GBLUR distortion in Fig. 1 (b) mainly makes the edge
8



(a) (b) (c)

Figure 2: AR based image content prediction, where (a) is the original butterfly image, (b) is the predicted portion (Ip),

and (c) is the residual portion (Ir = I − Ip) (light/dark regions represent low/high residual values).

of the lighthouse fuzzy and erases the texture of the ledge), which affects our understanding of

the image content. Distortions on Ir mainly change the level of the structural uncertainty of an

image (e.g., the AWGN noise in Fig. 1 (a) makes the sky region rough), which causes an un-

pleasant experience but has limited effect on our understanding of the image. According to the

analysis above, we suggest that different types of distortions generate different degradations on

the predicted and residual portions (i.e., Ip and Ir), and therefore result in different visual quality

degradations.

In order to discriminatively measure the quality degradations from different types of distor-

tions, an input image is decomposed into two portions with the AR prediction model. And then

the structural degradations of the two portions have to be computed separately for quality mea-

surement. The detailed structural degradation measurement is provided within the next section.

3. Visual Quality Measurement

In this section, we briefly introduce the structure descriptor, called the LBP. Then, the structural

information is extracted with the LBP and the structural histograms are created from the predicted

information (Ip) and the residual uncertainty (Ir) of an input image, respectively. With the LBP

histogram, the structural degradation on each bin is computed. Finally, the SVR procedure is

adopted to pool the features and returns the quality score of the input image. The flowchart of the

proposed model is shown in Fig. 3.
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Figure 3: Flowchart of the proposed model. Io (Id) is the reference (distorted) image; Io
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r ) are the

predicted and residual portions of Io (Id), respectively; and Ho
p (Hd

p) and Ho
r (Id

r ) are their corresponding LBP based

histograms.

3.1. Local Binary Pattern

Image structures convey the main visual information of a scene and the HVS is highly adapted

to extracting structural information for image perception and understanding [2, 22]. Structural

information is widely used in many image/video precessing techniques, such as content classifi-

cation [33], denoising [34], quality assessment [26], deblurring [35], and so on. In the past, the

first-order statistics of local property values, such as the variance and covariance, were typically

adopted to simply analyze the character of image structure [25]. These statistics values can effec-

tively represent the luminance change, but they are unable to characterize the spatial distribution

of structure [36]. By considering the spatial relationships among pixels, the classic LBP descrip-

tor is introduced [28], within which a joint difference distribution is measured to characterize the

spatial structure. Given a pixel xo, its LBP value is computed as the difference with its circularly

symmetric neighborhood [28],

LBP(xo) =
P∑

i=1

s(gi−go)2i−1, (5)
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s(gi−go) =


1, gi−go ≥ 0

0, gi−go < 0,
(6)

where go (gi) is the gray value of the central pixel xo (the neighbor xi), and P is the number

of neighbors. By considering the computational complexity and accuracy, we set P=8 in our

experiments (from experiments we found that larger values of P make only small contributions to

accuracy for image quality assessment, while greatly increasing the computational complexity),

and there are 28 different types of LBP patterns.

In order to reduce the number of LBP patterns, the fundamental patterns are investigated.

Analysis on LBP has verified that certain patterns provide the vast majority structural informa-

tion (sometimes over 90%; detailed analyses can be found in Section 4.1) [28, 33]. Further study

demonstrates that these patterns always contains very few spatial transitions, and are therefore de-

fined as “uniform” (U) patterns. For example, patterns 00000000 and 11111111 posses no spatial

transition (i.e., bitwise 0/1 changes), and their corresponding U=0; the 01000000 and 01111110

patterns have two 0/1 transitions, andU=2. According to the spatial transitions, the uniform LBP

patterns can be defined as:

LBPu(xo) =


∑8

i=1 s(gi − go) if U(LBP(xo)) ≤ 2

9 else,
(7)

where

U(LBP(xo)) =
8∑

i=2

|s(gi − go) − s(gi−1 − go)|

+ |s(g1 − go) − s(g8 − go)|.
(8)

According to Eq. (8), two LBP patterns with U=0 (as the first and the ninth patterns shown

in Fig. 4) and 7×8 LBP patterns with U=2 (seven different types (as the second to the eighth

patterns shown in Fig. 4) multiply 8 orientations) form the 9 uniform patterns, while the other

LBP patterns (the rest 198 non-uniform LBP patterns) are labeled as the 10-th pattern. According

to the LBPu value of each pixel, the structural histogram of an input image I ∈ RM can be mapped
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Figure 4: Uniform LBPs for 8-neighbor patterns.

into 10 bins,

H(k) =
1
M

M∑
j=1

V(LBPu(x j), k−1), k ∈ [1, 10], (9)

V(LBPu(x j), k−1) =


Var(x j) if LBPu(x j) = k−1

0 else
(10)

where Var(x j) is the local variance of pixel x j. More detail about LBP can be found in [28].

3.2. LBP based Structure Extraction

According to the free-energy principle of the brain mechanism, an image ought be decomposed

into two portions, namely, the predicted and residual portions, for perception and understanding.

Distortions on the two portions result in different quality degradations. Therefore, we need to

separately measure the quality degradations on the two portions. In this subsection, we attempt to

separately extract the structural information from the two portions of an input image with Eq. (9)

for different processing.

First, we try to extract the structural information from the predicted portion and create its cor-

responding structural histogram. The predicted portion contains the main visual information of an

image, which was fully predicted by the HVS for perception and understanding [21]. Meanwhile,

visual perceptual research indicates that the HVS is sensitive to changes in luminance, rather than

absolute luminance [37, 38]. Therefore, the luminance contrast is firstly computed for LBP based

structural histogram creation. The luminance contrast of the predicted portion (Ip) is computed as

E(x) = max
n=1,...,4

Gn(x), (11)

Gn = φ∇n ∗ Ip, (12)
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Figure 5: Edge filters for four directions.

where φ=1/16, ∇n are four directional filters (as shown in Fig. 5), and ∗ denotes the convolution

operation. With the luminance contrast map E, the LBP structure of the predicted portion is

computed with Eq. (9) to acquire the structural histogram Hp for Ip.

Next, we attempt to compute the structural histogram of the residual portion (Ir). According to

the free-energy principle, the residual portion contains uncertain information that the HVS cannot

understand, and the intensity value represents its uncertainty degree. Therefore, we compute the

structural character of Ir with the LBP formulation directly to create its corresponding structural

histogram Hr with Eq. (9). So far, we have extracted the structural features (i.e., Hp and Hr) from

the input image.

3.3. Structural Degradation and Quality Measurement

Distortions always damage the structures of images, which result in visual quality degradation.

Therefore, we try to measure image quality according to the structure change. For a distorted

image Id (and its corresponding reference image Io), the structural information of its predicted

portion Id
p and residual portion Id

r (Io
p and Io

r for the reference image) is extracted with Eq. (9) (as

illustrated in the previous subsection). Their LBP based structural histograms are expressed as Hd
p

and Hd
r (Ho

p and Ho
r for the reference image), respectively. In order to visualize how the structural

histogram varies as a function of distortion, Fig. 6 shows an example of histogram changes for

an image distorted by GBLUR distortion. By comparing Figs. 6 (a) and (b), it is obvious that

significantly structural information is smoothed out due to the GBLUR distortion. Meanwhile, as

shown in Figs. 6 (c) and (d), the energies in all of the histogram bins are decreased for both of the
13



predicted and residual portions.

In order to measure the structural degradation caused by the distortion, the similarity formula-

tion [2] is adopted to compute the change on each bin of the histogram,

HC(Id
t , I

o
t ) =

2 × Hd
t · Ho

t

(Hd
t )2 + (Ho

t )2
, (13)

where t ∈ {p, r}.

Since there are 9 uniform LBP patterns and 1 non-uniform pattern, Eq. (13) returns 20 features

from the predicted and residual portions. However, determining how to pool features for quality

assessment is still an open problem. For simplicity, all features are typically considered to have

the same importance [2, 26], and are equally accumulated to acquire the final score. However, it is

obvious that the 20 LBP features in this work are not equally important: 1) the visual contents in

the predicted and residual portions are quite different and they play different roles in image percep-

tion and understanding (as illustrated in Section 2); and 2) each LBP represents different spatial

structure (as shown in Fig 4), and its variance leads to different quality degradations. Therefore,

we employ a SVR to determine a feature pooling method for quality measurement. SVR can ef-

fectively handling high dimensional data [39, 40], which has been widely used in feature pooling.

In this paper, we adopt the LIBSVM package [41] to implement the SVR for quality assessment

with a radial basis function kernel [42].

Q(Id, Io) = SVR (HC,MOD) , (14)

where Q is the quality score, andMOD is a trained model for regression.

4. Experimental results

In this section, we analyze the LBP based histogram to demonstrate its effectiveness at repre-

senting the structural degradations caused by different types of distortions. Also we compare the

proposed method with the latest RR IQA metrics and some classic FR IQA metrics in three pub-

licly available databases (LIVE [43], TID [30], and CSIQ [44]). The proposed RR IQA method

operates on grayscale images only; color input is converted to grayscale image (convert the true-

color image into the grayscale intensity image, e.g., Gray = 0.299×R + 0.587×G + 0.114×B) at

the onset.
14



(a) Reference (b) Distorted

(c) Predicted portion (d) Residual portion

Figure 6: An example of LBP based structural histogram change under Gaussian Blur. (a) and (b) The reference and

distorted images from the TID database [30]. (c) The structural histogram change in the predicted portion. (d) The

structural histogram change in the residual portion.
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(a) (b)

Figure 7: LBP based structural change under four different types of distortions (i.e., AWGN, GBLUR, JPG, and J2K)

for the lighthouse image (as shown in Fig. 8), where (a) refers to the LBP based histograms of Ip and (b) refers to that

of Ir.

4.1. Analyses of the Proposed Method

The proposed RR IQA algorithm is based on visual structural degradation, which measures

the changes of the LBP based structural histograms of the input image. The LBP based structural

histogram can effectively represent the visual information of scenes. An example of LBP structure

changes on the lighthouse with four different types of distortions (i.e., AWGN, GBLUR, JPG, and

J2K) is shown in Fig. 7, and the corresponding original image and the distorted images are shown

in Fig. 8 and Fig. 1, respectively. By comparing these histograms, we could see that different types

of distortions cause obviously different structural changes. As shown in Fig. 1 (a), the AWGN

noise adds a lot of random disturbances to the image, which are unpredicted in the HVS (the HVS

can not extract the structure rule, and thus can not understand the visual content of such kind

of information); such disturbances always cause unpleasant perceptions. According to the free-

energy principle, most of the AWGN noise is unpredicted/uncertain and will be decomposed into

the residual portions. As a result, the information in the residual portion becomes abundant, and

its energy in each bin of the LBP based histogram is greatly increased, as shown by the blue bar

in Fig. 7 (b). On the contrary, as shown in Fig. 1 (b), the GBLUR erases a significant amount of
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Figure 8: The reference lighthouse image of Fig. 1 from the TID database [30].

visual content. This kind of distortion decreases the structural information in both the predicted

and residual portions. As a result, the energies in all of these bins are obviously decreased with a

similar ratio, as the green bars show in Figs. 7 (a) and (b). In summary, the AWGN noise mainly

increases the energies of the structural information; the GBLUR mainly decreases the structural

information.

The changes in LBP bins caused by JPG and J2K are more complex than the changes induced

by the AWGN and GBLUR. Since JPG and J2K compressions discard some high frequency in-

formation, these compression techniques will cause blockiness and ringing artifacts (as shown in

Figs. 1 (c) and (d)), respectively. As a result, some structural information is lost, and the energies

in most LBP bins are decreased, particularly for the 1-th (with LBP pattern 00000000 as shown in

Fig. 4, such pattern means the current pixel presents different content from all of its 8-neighbors,

and it is more likely to appear in the disorderly place) and the 10-th (the 10-th bin represents the

non-uniform patterns which contains much more spatial transitions, as illustrated in Section 3.1,

which is also more likely to appear in the disorderly place) bins as shown in Fig. 7. Furthermore,

the blockiness in JPG and the ringing in J2K always degrade the real edge (the edges that exist in

the reference image), and also create new fake edges (the edge of the blockiness and the ringing

around the real edge). Due to the offset between the real and fake edges, the energy decreases in

some LBP patterns are limited, e.g., the 5-th and 6-th bins (which are more likely to appear in the
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(a) (b)

Figure 9: LBP based structural change under four different types of distortions (i.e., AWGN, GBLUR, JPG, and J2K)

for the images (100 images for each type) from the TID database. (a) and (b) The structure changes on the LBP

patterns for the predicted portion Ip and the residual portion Ir, respectively.

edge line of object) of Fig. 7. Moreover, the 9-th bin is greatly increased with JPG. That is because

the blockiness of JPG creates contrast blocks (between each 8× 8 patch), and increases the energy

of the 9-th pattern (which is more likely to appear in the image block).

In order to further demonstrate the effects of different types of distortions on image structures,

all contaminated images with the four types of distortions (i.e., AWGN, GBLUR, JPG, and J2K) on

the TID database are chosen. For each type of distortion, there are 100 contaminated images (25

different scenes, each with 4 different levels of distortion). The ratio of structure changes (i.e.,
Hd

t −Ho
t

Ho
t

) on the LBP patterns are analyzed, and their mean values under each distortion type are

calculated, which are shown in Fig. 9. The AWGN noise greatly increases the energy of each LBP

bin, especially for the residual portion. As the blur curve shown in Fig. 9 (b), for which the ratios

of structure changes are larger than zero. On the contrary, the GBLUR decreases the energies of

all LBP bins for both the predicted (Ip) and residual (Ir) portions. As the green curves shown in

Fig. 9 (a) and (b), for which all of the ratios are much smaller than zero. For JPG, the energies

for most bins are decreased except for the 6-th and 9-th bins (especially for the 9-th bin, due to

the effect of blockiness as analyzed in the above paragraph), as the brown curves shown in Fig. 9.
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(a) (b)

Figure 10: The energy distributions in the uniform patterns and the non-uniform patterns for the lighthouse image (as

shown in Fig. 8) and its corresponding four distorted images (as shown in Fig. 1).

When for J2K, the energies for most bins are also greatly decreased except for the 5-th and 6-th

bins, as the bronzing curves shown in Fig. 9.

With the above analysis, we can see that the results from the lighthouse image and the dataset

are consistent. Both of them demonstrate that different types of distortions will cause different

types of damages on visual contents, which results in different structural degradations. More-

over, the LBP based structure can effectively represent visual information degradations caused by

different types of distortions.

In addition, we adopt LBPu (which mainly represents the uniform patterns) to analyze the im-

age structure in this work. We adopt LBPu since the uniform LBPs provide most of the structural

information of an input scene. For example, as shown in Fig. 7, the former 9 bins represent the

uniform LBPs and the last bin represents the other (i.e., non-uniform) LBPs. As can be seen,

these uniform LBPs contain much more structural information than the non-uniform patterns (the

quantity of structural information is represented by the energy level). For visual clarity, the ener-

gies of the uniform and non-uniform LBPs are shown in cumulative format. The percentages of

the two types of LBPs are shown in Fig. 10. As can be seen, the uniform LBPs provide 85%–

95% of the structural information of the predicted portion (Ip) (as shown by the dark blue bars in
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Table 1: Energy distribution of the uniform patterns.

Image original AWGN GBLUR JPG J2K average

Ip

mean 0.913 0.883 0.940 0.933 0.926 0.919

std 0.011 0.020 0.013 0.022 0.018 0.017

Ir

mean 0.806 0.753 0.907 0.904 0.903 0.855

std 0.029 0.008 0.026 0.035 0.024 0.025

Table 2: Detailed information of the three publicly available databases.

Database

No. of

Reference

Image

Distortion

Type

No. of

Distorted

Image

LIVE 29 5 799

TID 25 17 1700

CSIQ 30 6 866

Fig. 10 (a)), and 75%–95% of the structural information of the residual portion (Ir). Moreover, a

comprehensive analysis on all of these original images and the four types of distorted images in

the TID database (a total of 25 reference images and 100 images per each distortion in TID) are

illustrated, and the experimental results are listed in Table 1. As can be seen, the statistical results

from Table 1 are similar to results from the single lighthouse image, which further confirms that

the uniform LBPs provide most of the structural information for an input scene.

4.2. Performance Comparison

We have compared the proposed RRVSD method with three latest RR IQA metrics (RRVIF [24],

WNISM [14], and RRED [18]) and three classic FR IQA metrics (i.e., PSNR [45], SSIM [46], and
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MS-SSIM [2]) to demonstrate the performance of the proposed RRVSD method. We select three

large public databases in our experiment, which are LIVE [43], TID [30], and CSIQ [44] (the

detailed information about the three databases are listed in Table 2).

First, we perform the IQA metric on the LIVE database, which consists of five types of dis-

tortions, namely, additive white Gaussian noise (AWGN), Gaussian blur (GBLUR), JPEG (JPG)

compression, JPEG2000 (J2K) compression, and a Rayleigh fast-fading channel simulation (FF)

distortion. Since the proposed RRVSD method adopts SVR for feature pooling, which requires

a training procedure, we have split the LIVE database into two subsets (one for training and the

other for testing). In our experiment, 80% of the reference images and their corresponding dis-

torted images are randomly chosen for training, and the remaining 20% for testing (this method

ensures that no overlap occurs between the training and testing images). Moreover, to eliminate

performance bias, we repeat this random train-test procedure 100 times and calculate the average

performance for the final result.

In order to evaluate the performance of different IQA metrics on a common space, a five-

parameter mapping function is usually adopted to nonlinearly regress the predicted quality scores [47],

S = β1

(
1
2
− 1

1 + exp(β2(S 0 − β3))

)
+ β4 S 0 + β5, (15)

where S 0 is the predicted score for an IQA metric, and {β1, β2, β3, β4, β5} are the parameters to be

fitted.

The performance of an IQA metric is evaluated as the correlation between the predicted scores

and the subjective qualities (represented by the MOS or Degradation MOS (DMOS) values). In

this work, three performance criteria, namely, the Pearson linear correlation coefficient (CC), the

Spearman rank-order CC (SRCC), and the root mean squared error (RMSE) are adopted for per-

formance evaluation. A better IQA metric has higher CC and SRCC values (with a rank of [−1, 1]),

and a lower RMSE value.

A successful RR IQA metric is expected to use less data from reference images and achieve a

higher evaluation accuracy. Table 3 first lists the quantities of the reference data used in different

IQA metrics for the LIVE database. As shown in Table 3, the quantities of reference data of the

proposed RRVSD, RRVIF, and WNISM are 20, 2, and 18, respectively, and N (the size of the
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Table 3: Performance of IQA metrics on the LIVE database

Dist.
Crit.

Algo. RR FR

RRVSD RRVIF WNISM RRED PSNR SSIM MS-SSIM

No. of scalars 20 2 18 20 N N N

AWGN

CC 0.990 0.957 0.890 0.938 0.982 0.969 0.974

SRCC 0.982 0.946 0.870 0.950 0.985 0.963 0.973

RMSE 2.25 4.66 7.29 9.71 4.334 6.901 3.65

GBLUR

CC 0.966 0.955 0.888 0.956 0.784 0.874 0.955

SRCC 0.960 0.961 0.915 0.951 0.782 0.894 0.954

RMSE 3.98 4.66 7.22 5.43 11.5 8.96 4.69

JPEG

CC 0.894 0.895 0.876 0.962 0.860 0.951 0.943

SRCC 0.858 0.885 0.851 0.956 0.841 0.944 0.942

RMSE 6.94 7.15 7.71 7.74 14.5 9.89 5.33

J2K

CC 0.927 0.932 0.924 0.956 0.896 0.941 0.957

SRCC 0.913 0.950 0.920 0.951 0.889 0.936 0.953

RMSE 5.96 5.88 6.18 9.28 11.0 8.51 4.69

FF

CC 0.950 0.944 0.925 0.892 0.890 0.945 0.947

SRCC 0.926 0.941 0.923 0.920 0.890 0.941 0.947

RMSE 4.86 5.42 6.25 12.86 13.0 9.36 5.30

Overall

CC 0.935 0.725 0.710 0.831 0.872 0.904 0.943

SRCC 0.932 0.732 0.703 0.834 0.876 0.910 0.945

RMSE 9.59 17.6 18.4 15.2 13.4 11.7 9.09
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Figure 11: Variance-weighted regression correlations of different algorithms on each distortion type of LIVE database,

where A1 to A7 on the horizontal axis represent seven different algorithms, i.e., RRVSD, RRVIF, WNISM, RRED,

PSNR, SSIM, and MS-SSIM, respectively. Each panel shows the CC value, and the error bars represent 95% confi-

dence intervals.

image in pixels) for all of the three FR IQA metrics. The quantity of the reference data can be

adjusted in RRED (from 1–N data). To ensure a fair comparison, we set the quantity of reference

data to 20 for RRED (same as the proposed method).

The performance of these IQA metrics on the LIVE database is also listed in Table 3. The

performance on the individual type of distortion shows that: the proposed RRVSD has larger CC

and SRCC values than the other three RR IQA metrics on three types of distortions (i.e., AWGN,

GBLUR, and FF), and has a little smaller CC and SRCC values than the best RR IQA metric on

the other two types of distortions. For AWGN and GBLUR, the proposed RRVSD even has larger

CC and SRCC values than the FR IQA metric MS-SSIM. Moreover, as shown in the last row of

Table 3, the overall performance (performance on the whole database) of the proposed RRVSD is

better than the other three RR IQA metrics. The proposed RRVSD also performs better than the

PSNR and SSIM metrics and is comparable with MS-SSIM.
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Table 4: Overall performance of IQA metrics on the CSIQ and TID databases

DB
Crit.

Algo. RR FR

RRVSD RRVIF WNISM RRED PSNR SSIM MS-SSIM

CSIQ

CC 0.873 0.698 0.696 0.780 0.800 0.815 0.900

SRCC 0.872 0.733 0.705 0.780 0.806 0.838 0.914

RMSE 0.126 0.182 0.189 0.164 0.158 0.152 0.115

TID

CC 0.814 0.535 0.572 0.725 0.573 0.641 0.842

SRCC 0.819 0.500 0.495 0.709 0.579 0.627 0.853

RMSE 0.773 1.134 1.101 0.924 1.100 1.03 0.723

In order to give a clear view about the performances of these algorithms on the three databases,

the variance-weighted regression correlations are calculated [48]. The correlation coefficients (we

use the CC values in this work) is firstly transformed to z-score with Fishers Z transform. Then

the 95% confidence interval is calculated according to the size of the database, for which only a

5% (i.e., 1−95%) chance that the “true” value lay outside the bounds of the interval. The perfor-

mance of these IQA metrics on each types of the LIVE database is shown in Fig. 11, which further

demonstrates the effectiveness of the proposed metric.

According to the analysis above, we can conclude that the changes on these uniform LBPs

can effectively represent quality degradation. Although we use only a limited amount of reference

data (20 values), the proposed RRVSD has obviously improved the quality assessment accuracy.

In addition, the performance of these IQA metrics on the other two large databases (i.e., CSIQ

and TID) is listed in Table 4. For each database, 80% of the reference images and their corre-

sponding distorted images are randomly chosen for training, and the remaining 20% for testing.

As shown in Table 4, for both databases, the proposed RRVSD returns larger CC and SRCC val-

ues (at lest 10% promotion on both databases) than those of the other three RR IQA metrics (i.e.,

RRVIF, WNISM, and RRED). The proposed RRVSD also has smaller RMSE values than the other
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Figure 12: Variance-weighted regression correlations of different algorithms on the three databases, where A1 to A7

on the horizontal axis represent seven different algorithms, i.e., RRVSD, RRVIF, WNISM, RRED, PSNR, SSIM, and

MS-SSIM, respectively. Each panel shows the CC value, and the error bars represent 95% confidence intervals.

Table 5: Performance comparison with F-test (statistical significance). The symbol ”1”, ”0”, or ”-1” means

that the proposed metric is statistically (with 95% confidence) better, indistinguishable, or worse than the

corresponding metric.

DB

Algo. RR FR

RRVIF WNISM RRED PSNR SSIM MS-SSIM

LIVE 1 1 1 1 1 -1

CSIQ 1 1 1 1 1 -1

TID 1 1 1 1 1 -1

RR IQA metrics. Therefore, the proposed RRVSD outperforms the state-of-the-art RR IQA met-

rics. Furthermore, by comparing with the FR IQA metrics, we could see that the proposed RR

IQA metric also outperforms PSNR and SSIM on both databases, and is also comparable with

MS-SSIM. In order to give a clear view about the performances as listed in Table 4, their corre-

sponding variance-weighted regression correlations (with 95% confidence) are shown in Fig. 12.

As can be seen, the performance on the the three databases further proves the effectiveness of the

proposed RRVSD for quality assessment.

Although the performance of different metrics is listed and compared within Tables 3 and
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4, these performance values may not be statistically relevant. In order to evaluate the statistical

significance of performance between the proposed RRVSD and the other compared metrics, the

F-test [49], that computes the residuals between the predicted scores (after nonlinear mapping)

and the subjective scores, is adopted. The evaluation result (with a confidence of 95%) is listed in

Table 5. A value of ‘1’ in the table indicates that the proposed RR IQA metric is statistically su-

perior to the metric located in that column; a ‘-1’ indicates that the proposed metric is statistically

worse than the column metric; and a ‘0’ indicates that the two metrics are statistically indistin-

guishable. From Table 5 we can conclude that the proposed metric performs better than the other

three RR IQA metrics (with value ‘1’), statistically better than the full reference metrics PSNR

and SSIM (with value ‘1’), and worse than the classic full reference metric MS-SSIM (with value

‘-1’). So far, we can conclude that the proposed RRVSD outperforms the existing RR IQA metrics,

and is highly consistent with the subjective perception.

4.3. Cross Validation

Since the proposed method is trained and tested on various splits of a single dataset (such as in

the LIVE, CSIQ, and TID databases as described above), it is natural to wonder if the trained set of

parameters are database specific. In order to demonstrate that the training process is universal, we

train the parameters on one database, and then test on the other two databases. In this experiment,

we train on the TID database because: 1) the distortion level of the TID database is well orga-

nized (each type of distortion has four different levels); and 2) the subjective quality (MOS) of the

TID database is acquired from a large number of subjects (observers from three different countries

carried out about 256,000 individual human quality judgments to obtain the final MOS values).

Since the three databases contain four identical types of distortions (i.e., AWGN, GBLUR, JPG,

and J2K), we first pick put all of the four types of images. Next, the parameters are trained with

these images from the TID database according to the SVR procedure. Finally, the trained model is

tested on the other images from the LIVE and CSIQ databases, respectively. The experimental re-

sults of cross validation are shown in Table 6. As can be seen, the proposed RR IQA metric is quite

consistent with the HVS perception, and the SRCC values of the overall performance confirm that

the proposed RR IQA metric outperforms the other existing RR IQA metrics.
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Table 6: The cross validation result (Trained on the TID database and test on the LIVE and CSIQ databases).

Dist.
Crit.

Algo. LIVE CSIQ

RRVSD RRVIF WNISM RRED RRVSD RRVIF WNISM RRED

AWGN

CC 0.951 0.947 0.892 0.938 0.940 0.951 0.942 0.917

SRCC 0.982 0.972 0.870 0.950 0.943 0.947 0.941 0.914

RMSE 5.704 7.277 12.66 9.714 0.054 0.052 0.056 0.067

GBLUR

CC 0.986 0.785 0.896 0.956 0.953 0.858 0.794 0.966

SRCC 0.947 0.753 0.915 0.951 0.921 0.851 0.813 0.965

RMSE 4.717 12.87 8.210 5.425 0.051 0.078 0.174 0.082

JPEG

CC 0.952 0.899 0.901 0.962 0.950 0.847 0.891 0.958

SRCC 0.927 0.877 0.851 0.956 0.921 0.838 0.879 0.943

RMSE 9.703 12.88 12.39 8.726 0.096 0.123 0.139 0.086

J2K

CC 0.846 0.957 0.925 0.956 0.934 0.951 0.800 0.959

SRCC 0.813 0.955 0.920 0.951 0.841 0.944 0.791 0.954

RMSE 13.45 6.383 8.266 7.441 0.113 0.052 0.190 0.082

Overall

CC 0.869 0.701 0.689 0.815 0.889 0.718 0.732 0.856

SRCC 0.878 0.695 0.699 0.813 0.885 0.722 0.775 0.876

RMSE 13.37 18.47 19.58 15.65 0.129 0.208 0.193 0.146
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5. Conclusion

In this paper, we have introduced a novel RR IQA method based on visual structural degra-

dation. In essence, RR IQA metrics aim to use less data from reference images for evaluation.

Existing RR IQA algorithms do not perform well with a small amount of data from the reference

image. Research indicates that the HVS is highly adapted to extract structural information from

an input scene. Therefore, we suggested representing the visual structure of an image with several

uniform LBPs, and measuring the quality degradation based on the structural changes on these

patterns.

Inspired by the free-energy principle of the HVS on scene perception and understanding, we

first employed the AR procedure to decompose an input image into the predicted portion and

the residual portion for separate processing, based on a well-grounded brain theory. Next, for

each portion, we analyzed its structural information with the LBP algorithm, and created an LBP

based structural histogram. With the structural histograms of the reference image and the distorted

image, we measured the structural degradation based on the structural change in each bin of the

histogram. Finally, SVR was adopted for feature pooling and the quality score of the image was

obtained. Experimental results on three publicly available databases have demonstrated that the

proposed RRVSD method greatly improves the quality evaluation accuracy and outperforms the

state-of-the-art RR IQA metrics.

In the future, we will further analyze the relations between the structure degradations and the

quality, since the HVS is highly adaptive to extract structure for visual perception. Moreover,

we will try to extend the proposed RR IQA work to NR IQA. By exploring the degradations on

all of these LBP patterns, we hope to build a reliable reference model, with which the quality

degradation can be measured based on the changes on these LBP patterns.
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