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In a typical communication pipeline, images undergo a series of process-

ing steps that can cause visual distortion before being viewed. Given a high-

quality reference image, a reference image quality assessment (IQA) algorithms

can be applied after compression or transmission. However, the assumption

of a high quality reference image is often not fulfilled in practice, contribut-

ing to less accurate quality predictions. Towards ameliorating this problem,

we have devised a novel two-step image quality prediction approach that com-

bines no-reference with reference quality measurements. Applying a first stage

of no-reference IQA to determine the possibly degraded quality of the source

image yields information that can be used to quality-modulate the reference

prediction to improve its accuracy. We devise a simple and efficient weighted

product of reference and no-reference stages that produces more reliable objec-

tive prediction scores. We also constructed a new dedicated database that is

specialized for the design and testing of ‘two-step’ IQA models. Using this new
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resource, we show that two-step approaches yield outstanding performance

when applied to compressed images whose original, pre-compression quality

covers a wide range of realistic distortion types and severities. The two-step

concept is versatile as it can use any desired reference and no-reference compo-

nents. We are making the source code of a particularly efficient model that we

call 2stepQA publicly available at https://github.com/xiangxuyu/2stepQA.

We are also providing the dedicated new two-step database free of charge at

http://live.ece.utexas.edu/research/twostep/index.html.
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Chapter 1

Introduction

Global mobile data traffic grew 63 percent in 2016, while mobile data

traffic has grown 18-fold over the past 5 years [2]. Mobile image and video

traffic comprises most of the overall mobile data that is transmitted. On-

line service providers like Facebook, Instagram, Netflix and Youtube generate,

store, and transmit enormous quantities of visual content every day. At the

same time, users increasingly expect higher quality visual data, which poses

significant challenges to providers seeking to optimize the visual quality of

their content under increasingly difficult bandwidth conditions.

The digital pictures captured by inexpert consumers are particularly

prone to a wide variety of distortions during the capture process, before they

are compressed. This makes it much more difficult to predict the perceptual

quality of the pictures following compression. The innovation we make here is

to devise ways of assessing the quality of the ultimately compressed pictures,

while also accounting for their innate, pre-compressed state of imperfect per-

ceptual quality.

Generally speaking, objective IQA algorithms can be classified into

three broad categories, according to whether a reference image is available.
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Full-reference IQA algorithms require access to a complete reference image,

while reduced-reference IQA algorithms require less information derived from

a reference image. Since we will use them in the same way, here we will col-

lectively refer to both of these simply as reference (R) models. If no reference

image is available, then no-reference (NR) or ‘blind’ IQA algorithms must be

used.

Given high-quality reference data, R IQA models are available that

yield excellent predictions of human quality judgments. Successful reference

models include SSIM [3], MS-SSIM [4], VIF [5], FSIM [6], VSI [7] and RRED

[8]. However, high quality reference data is often not available. Indeed, a

highly practical area of inquiry that has remained little studied is the design

of R IQA models that account for the possibly inferior quality of a reference

image to produce better quality predictions.

There are many common types of distortions that can occur before

compression, such as film grain, blur, over/under-exposure and up-scaling,

which can combine to degrade the quality of a captured image. These kinds of

authentic, ‘in-capture’ artifacts are often a problem for inexpert, amateur pho-

tographers who may have unsteady hands or utilize improper lighting. These

inferior quality images are then compressed, introducing further distortion.

To predict and adjust the quality of the images resulting from compression,

an R IQA model may be applied, but it may not perform well because of the

imperfect reference. While an NR IQA algorithm could be applied directly on

the distorted image, there is still value in making the reference comparison.
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Alternately, we may attempt to combine R and NR models to improve

prediction performance. Our concept involves two steps. First, a NR model

is applied to ascertain the innate degree of distortion of the source image. To

assess or guide the overall quality following compression, an R model is then

applied as a second step to measure the deviation between the source image

and the compressed image, while also accounting for the NR quality measure-

ment. In this way, the collective commingled effects of both compression and

in-capture artifacts may be predicted, leading to more accurate and robust

results.

Current public image quality databases, such as LIVE [9], TID2013

[10], and CSIQ [11], only contain high quality reference images. Therefore,

to be able to develop and test two-step models, we have also created a new

database containing source images distorted by a wide variety of mixtures of

authentic distortions of diverse quality levels, along with various compressed

versions of each.

The rest of the report is organized as follows. Section 2 briefly discusses

relevant progress on the IQA problem and work related to the two-step con-

cept. Section 3 describes the new two-step IQA approach in detail. Section

4 describes the new subjective image database, while Section 5 discusses the

experiments conducted on it. Section 6 concludes the report with ideas for

future work.
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Chapter 2

Related Work

The mean squared error (MSE), which computes the mean of squared

differences between a reference image and a distorted image, was widely adopted

before the emergence of modern objective R IQA models. However, MSE does

not have a good correlation to subjective opinions on visual quality [12]. Hence,

a bunch of perception-driven R IQA models were developed. In general, there

are two main categories of modern R IQA algorithms. The first bottom-up

framework aims to imitate various fundamental processing sections of human

vision systems (HVS), such as visual masking effect [13], contrast sensitivity

[14], and just noticeable differences [15]. However, this strategy does not work

effectively due to limited knowledge of HVS. Other R IQA models are based on

the second top-down framework, which assumes several overall function prop-

erties of HVS and establishes models in accordance with them. These include

the structural similarity index (SSIM) [3], visual information fidelity (VIF)

[5], most apparent distortion (MAD) [16], feature similarity (FSIM) index [6],

spectral residual-based similarity (SR-SIM) [17], visual saliency-induced in-

dex (VSI) [7], gradient magnitude similarity deviation (GMSD) [18] and haar

wavelet-based perceptual similarity index (HaarPSI) [19], among many others.

SSIM [3] is a benchmark among modern R IQA models, and has several exten-
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sions including MS-SSIM [4] and IW-SSIM [20]. VIF [5] measures information

extracted from both a reference image and a distorted image, a concept also

used in the suite of reduced reference entropic differencing (RRED) models

[8]. MAD [16] is based on the argument that multiple strategies should be

used to assess image quality. FSIM [6] modifies SSIM using two features, the

phase congruency and the gradient magnitude. SR-SIM [17] takes into ac-

count a simple measure of visual saliency, as does VSI [7]. GMSD [18] utilizes

a gradient based quality map to predict image quality. The recent HaarPSI

model [19] extracts features using a Haar wavelet decomposition to evaluate

local similarities between two images.

The authors of [21] show that a combination of different R models can

lead to improved performance, but this approach does not address the problem

of an imperfect reference image.

Most early NR IQA models assumed images to be distorted by a partic-

ular type of distortion, such as blur [22], [23], blocking [24], [25] or ringing [26].

However, we are more interested in more powerful generalized models which

usually rely on natural image statistic (NSS) models [27] that are sensitive to

diverse distortions. These include the DIIVINE index [28], BLIINDS-II index

[29], BRISQUE [30], GWH-GLBP [31], BIQA [32] and a method based on

Local Ternary Patterns [33]. The Natural Image Quality Evaluator (NIQE)

[34] is a ‘completely blind,’ unsupervised IQA model that is also based on

NSS but does not require any training process. CORNIA [35] is a data-driven

method which constructs a codebook via K-means clustering to generate fea-
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tures, then uses an SVR to estimate quality. There are also a variety of NR

IQA algorithms based on deep learning, such as DLIQA [36], RankIQA [37]

and methods described in [38] [39] [40].

There is prior work related to, but different from the two-step concept.

For example, some authors have proposed using both R and NR models within

a same system, although not in direct combination. The authors of [41] apply

both R and NR video quality assessment models to predict the quality of

encoded videos after transmission. An R method is employed to measure the

transmission loss, while an NR model is used to capture degradation from

encoding at a reference node. However, the compared source video is still

assumed to be of undistorted high quality.

In [42], the authors consider images undergoing multiple distortion

stages, and point out that in such cases IQA performance on a current stage

could be improved by propagating quality levels from previous stages. While

they note that distorted images may be used as references, they do not propose

an R-NR combination to handle them. The authors of [43] note the problems

associated with a ‘corrupted reference,’ and take the different approach of

modifying full-reference algorithms like SSIM and VIF to deal with imperfect

references.

Regarding related subjective databases, the authors of [42] also intro-

duced two new databases including a large number of images afflicted by mul-

tiple stages of distortions. However, they did not conduct a human study to

obtain subjective scores, relying instead on MS-SSIM scores as proxies. The
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LIVE Multiply Distorted Database [44] contains images with two distortion

stages and subjective scores, but the reference images are of high quality. Be-

cause of the lack of any subjective database containing low quality reference,

we took the effort of developing one for public use, as described in Section 4.
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Chapter 3

Two-Step IQA Model

Reference IQA models assume of the availability of a reference image

of high quality, and operate by predicting the quality of a distorted image by

making a perceptual comparison of it with a reference image. Thus, a reference

IQA model is actually a perceptual fidelity measure [5]. In other words, R IQA

models only provide relative image quality scores.

(a) MOS: 79 (b) MOS: 51
DMOS: 52
MS-SSIM: 0.9346

(c) MOS: 45 (d) MOS: 36
DMOS: 32
MS-SSIM: 0.9674

Figure 3.1: (a) A high quality reference image. (b) JPEG compressed version
of (a). (c) A low quality reference image. (d) JPEG compressed version of (c).

Given a pristine image of high quality, such as the image in Figure

3.1(a), a reference IQA model (e.g., MS-SSIM) can be used to assess the qual-

ity of a JPEG compressed version of it (Figure 3.1(b)) by measuring perceptual

fidelity deviations between the images in Figures 3.1(a) and 3.1(b). But if the
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quality of the reference is degraded, as in Figure 3.1(c), then reference IQA

models become unreliable. We illustrate such a scenario in the following. The

‘reference’ images in Figures 3.1(a) and 3.1(c) are displayed with their associ-

ated subjective Mean Opinion Scores (MOS), which are available since these

images were drawn from the LIVE In the Wild Challenge IQA database [1].

Figures 3.1(b) and Figure 3.1(d) are compressed versions of these same respec-

tive reference images with both associated MOS and Difference Mean Opinion

Scores (DMOS), as well as MS-SSIM scores. These images are part of the new

subjective database described in Section 4, and have both types of subjective

annotations. In Figure 3.1, the MS-SSIM values are in monotonic agreement

with DMOS (increasing MS-SSIM corresponding to decreasing DMOS), in-

dicating that the image in Figure 3.1(d) is of superior quality to the one in

Figure 3.1(b). However, the MS-SSIM score and MOS have a reverse rela-

tionship (increasing MS-SSIM corresponding to decreasing MOS). Indeed, the

MOS values strongly indicate that the perceptual quality of the image in Fig-

ure 3.1(d) is worse than that of the image in Figure 3.1(b). In this case, DMOS

does not accurately indicate the level of subjective quality, which is indicative

of situations where reference IQA models may fail to accurately predict the

quality of compressed images.

While one might consider simply using an NR IQA models to directly

predict the absolute quality of the distorted-then-compressed images, this is

currently not an acceptable alternative. While much progress has been made

on NR IQA model design, even the best algorithms cannot yet deliver the
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performance needed in demanding consumer applications [39] [40] [1]. Rather

than setting aside the valuable information contained in an imperfect reference

image, it is a far better option to attempt to account for the a priori quality

of the reference, and how it impacts the reference measurement. Towards this

end, we introduce a combined two-step NR-then-R approach, whereby no-

reference and reference quality measurements are applied in sequence, before

and after compression, respectively, and are then combined in a principled

way.

As is illustrated in Figure 3.2, given an input image I and its compressed

version Ic, an NR component first predicts the perceptual quality QNR of I.

Once the image is compressed, an R IQA score is generated to account for the

perceptual quality difference QR between Ic and I. The two-step process is

then completed by combining QNR with QR. This may be viewed as a process

of conditioning QR on QNR, where the predicted source image quality serves

as “prior” knowledge, converting the relative quality result obtained by the

reference IQA model into an absolute score, which better fits with subjective

opinions.

The main advantage of the two-step model is visually illustrated in

Figure 3.3, by considering a hypothetical image quality axis spanning the entire

quality range from low quality to high quality. The true perceptual quality of

an image is represented by its distance from the space of undistorted, natural

images. A reference module can only measure the distance between a pristine

image I and its compressed version Ic: When I is of high quality, it will be close

10



Original Image I

Input

Compressed 

Image Ic
Compression

No-Reference
IQA

Reference
IQA

Combine

Reference

QRQNR

Q2step

Figure 3.2: Overview of two-step model. The original image I is compressed to
obtain Ic. A reference module is then applied to I and Ic resulting a predicted
quality score QR. I is also processed by a no-reference module to generate
a predicted score QNR. QNR and QR are then together fed into the two-step
model outputting a final predicted quality score Q2step.
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Quality

Bad Poor Fair Good Excellent

Ic I

R IQA

Module

NR IQA

Module

Undistorted

Natural

Image

Model

Figure 3.3: Visual illustration of the two-step IQA concept. The quality axis
spans low to high quality, with five exemplar distorted images shown below
each Likert mark. Above the axis, image I is an imperfect reference image
having a fair quality level, while Ic is its compressed version, which has a
much worse quality. The reference module measures the deviation of Ic from
I, while the no-reference module evaluates the distance between I and the
undistorted natural image space.

to the natural image space, and the reference module score may be regarded

as an accurate prediction of the quality of Ic. However, if I is of degraded

quality, i.e. at a distance from the natural image space, then the no-reference

module predicts this perceptual distance, which can then be used to augment

the reference IQA result, thereby yielding a better prediction of the overall

perceptual distance from Ic to the natural image space. While the method of

combining the NR and R stages may be conceived broadly, in two-step they

may also be integrated as a simple product of suitably adjusted R and NR

prediction scores QR and QNR, yielding a final two-step score Q2step.
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3.1 Reference IQA Module

A reference IQA module aims to capture perceptual quality differences

between a distorted image and a reference image. Naturally, a robust, high-

performance R IQA should be used in the design of a two-step model, since the

system should perform well at gauging the perceptual effects of compression

when the source image is not distorted. As mentioned earlier, there is now a

rich variety of effective reference image quality models. From among these,

we will use MS-SSIM [4] as an exemplar R module for comparing I with Ic.

MS-SSIM has found considerable commercial success thanks to its simplicity

and high performance. MS-SSIM compares luminance, contrast and structural

quality information in a multi-scale fashion. MS-SSIM delivers quality scores

that fall in the range [0, 1], where larger values correspond to better quality.

3.2 No-Reference IQA Module

As discussed in Section 2, the majority of NR IQA models are data-

driven, and depending on a process of training on one or more database(s) of

distorted images labelled by human subjective opinion scores. There are also

unsupervised ‘opinion-unaware’ NR algorithms like NIQE [34], and IL-NIQE

[45], which are constructed using NSS.

In the two-step model, the aim of the NR module is to provide prior

information about the innate perceptual quality of the source image and use it

to improve the R IQA result when the source is distorted. As an effective and

flexible exemplar, we will use the NIQE index, which is a completely blind IQA

13



model, as the NR part of a simple and very effective two-step model. The em-

pirical distributions of mean-subtracted and divisively normalized luminance

coefficients of high-quality images which drive NIQE are known to reliably

follow a Gaussian distribution, while they tend to stray from gaussianity in

the presence of distortions. NIQE measures these statistical deviations using

a simple Mahalanobis-like measure of the distance between the NSS feature

distribution of a test image, and of a pristine model. Unlike many trained IQA

models, NIQE is very general, while delivering good prediction performance.

3.3 Two-Step Model

The goal of a two-step IQA model is to combine NR and R IQA modules

to improve the accuracy of systems that predict the quality of compressed

images that may have been degraded before compression. Generally, such a

two-step model should fulfill three important properties:

(a) If compression does not occur, or has an imperceptible effect on quality,

then the two-step model should report the innate source (reference) image

quality.

(b) If the source is pristine, then the two-step model should accurately predict

the effect of compression on perceived quality.

(c) If the source is already distorted and then compressed with perceptual

loss, then the two-step model should yield a better prediction than either

the R and NR components applied on the compression image.

14



While there are different ways to achieve the basic two-step concept,

a straightforward, simple, and effective method is to define a two-step model

as a product of suitably re-mapped versions of the constituent NR and R

components:

Q2step = QR ·QNR, (3.1)

where QR is the reference IQA score that perceptually compares a compressed

image with its reference, and QNR is NR prediction of the reference image

quality. The remapping process, which will be discussed in detail, accounts

for the different ranges of the NR and R outputs.

As a simple canonical example, let the NR and R components be NIQE

and MS-SSIM respectively, which, following rescaling, yields a particularly

simple and effective two-step model that we call 2stepQA:

Q2stepQA = MS-SSIM · (1− NIQE

α
), (3.2)

where QR = MS-SSIM and QNR = 1 − NIQE
α

, and α is a scaling constant. If

the MS-SSIM scores fall within [0, 1], where MS-SSIM = 1 indicates perfect

quality (the usual assumption), then the raw NIQE scores should be rescaled

to the same interval prior to taking the product (3.1). Since NIQE scores

increase with worsening picture quality on a scale of about [0,100] on known

databases, we simply fix α = 100.

Of course, for a variety of possible reasons it may be desired to use

NR and/or R IQA models other than NIQE or MS-SSIM. This may arise

because of known, specific distortions or a desire to use more sophisticated

15



models. These components can also be integrated using the two-step concept

to obtain better performance. However, the constituent NR and R models

must be remapped before combining them via (3.1). Next, we describe a

generalized way of remapping the R and NR elements so that they can be

combined by multiplication. This lends a high degree of versatility to two-step

IQA modeling, as it provides a general design framework.

3.4 Logistic Remapping

To properly develop a multiplicative combination of NR and R models,

it is beneficial to map them to the same range and trend. The ranges of

quality scores generated by different IQA algorithms varies significantly. Many

R IQA models, such as SSIM, MS-SSIM, and FSIM deliver output quality

scores on [0, 1], whereas many NR IQA models, which are trained on human

subjective scores are mapped to MOS/DMOS on [0, 100]. Thus, in our basic

two-step model the R and NR scores to be combined are mapped to the same

range to avoid influencing their relationship to perceptual quality. To preserve

monotonicity, allow for generalizability, and to scale the scores to either [0, 1]

or the MOS range, we deploy a simple logistic mapping of the reference and

no-reference IQA scores.

Specifically, we use a four-parameter, monotonic logistic function to fit

each predicted NR or R quality score Q to [0, 100]:

Q′ = β2 +
β1 − β2

1 + e−(Q−β3/|β4|)
, (3.3)
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where Q′ is the rescaled score after finding the least-squares best-fitting logistic

function over the four parameters {βi; i = 1, .., 4}.

The parameters β can be effectively determined by using the subjective

data from one or more IQA databases. For example, one could find the optimal

βs for a number of IQA models by minimizing the squared error between the

remapped objective scores and the MOS values from the LIVE IQA Database

[9, 46]. Since a degraded image may be used as the reference image, the entire

LIVE Database distorted image corpus could be used to fit the logistic function

to obtain the parameters βNRi, i = 1, .., 4 for each NR model. Since in our

design the possibly distorted image is then subjected to compression, then

the JPEG subset of the LIVE IQA database could be used to determine the

parameters βR1 − βR4 for any R model.

Given a compressed image and its possibly distorted reference version,

the NR module is applied on the reference image to generate an NR quality

score QNR, while the R component is conducted on both the distorted and

the reference images to obtain an R quality score QR. The rescaled scores

Q′NR and Q′R can then be computed using (3.3) using {βNRi; i = 1, .., 4} and

{βRi; i = 1, .., 4}.

In this way, the scores predicted by the R and NR models are remapped

to the same range as MOS (or by similar process, to [0, 1] if desired) without

loss of information or accuracy. Of course, if a model is trained on MOS, it

does not need remapping, since it already has the same score range as MOS.
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We introduce an additional fitting exponential parameter γ to control

the relative weighting of the NR and R modules. Thus the remapped scores

Q′NR and Q′R, which have the same MOS range, are combined as follows:

QG = (Q′NR)γ · (Q′R)1−γ, (3.4)

where γ ∈ [0, 1] adjusts the relative contributions of the R and NR components.

As discussed in Section 5.3, the value of γ can depend on such factors as the

relative accuracy of the R or NR IQA models. We find that the performances of

R and NR models can be significantly improved using this generalized model.
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Chapter 4

A New Distorted-Then-Compressed Image

Database

Current mainstream image quality databases, such as LIVE IQA [9],

TID2013 [10], and CSIQ [11], are widely used in IQA research. The LIVE IQA

Database, which contains 29 reference images and 779 distorted images of five

distortion types, was the first large public-domain IQA database. TID2013,

which extends TID2008, contains 3000 images with 24 different kinds of distor-

tions. CSIQ contains 30 original images, each distorted by one of six different

types of distortions. These major databases have largely support the devel-

opment of modern IQA algorithms over the past 15 years. However, since

they all make use of high quality pristine images as reference images, these

databases are not useful tools for studying the influence of distorted reference

images on reference quality prediction performance.

A recently published database, called the LIVE In the Wild Challenge

[1] IQA Database, contains more than 1100 authentically distorted images

captured by a wide variety of mobile devices. The distortions in it are repre-

sentative of those encountered in practical consumer applications, where the

images produced by uncertain amateur hands are often of reduced quality.
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Figure 4.1: (a) MOS distribution of the entire LIVE In the Wild Challenge
IQA Database [1]. (b) MOS distribution of the 80 selected reference images
in the new LIVE Wild Compressed Database.

Towards the development of algorithms that can assess the overall quality of

these kinds of image after they are also compressed, we have created a new

database which we introduce here, and call the LIVE Wild Compressed Picture

Quality Database, which uses degraded authentic images from [1] as reference

images. In the following, we detail the new database.

4.1 Content

A total of 80 images were chosen from [1] to serve as references in the

new LIVE Wild Compressed Picture Quality Database. These were selected to

span a wide range of content and quality levels. Figure 4.1 shows that the 80

selected images have a similar MOS distribution as the entire parent database

[1]. The MOS of the 80 images nearly span the entire image quality range.

These authentic reference images contain numerous types and complex com-
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binations of in-capture distortions such as blur, over/under-exposure, lighting

etc.

(a) MOS: 83 (b) MOS: 60 (c) MOS: 55 (d) MOS: 40 (e) MOS: 35

(f) MOS: 58 (g) MOS: 51 (h) MOS: 46 (i) MOS: 41 (j) MOS: 32

Figure 4.2: (a) High quality reference image. (b)-(e) four JPEG compressed
versions of (a) using compression parameter (distortion level) 18, 12, 6 and
3 (from left to right). (f) Low quality reference image. (g)-(j) four JPEG
compressed versions of (f) using compression parameter (distortion level) 18,
12, 6 and 3 (from left to right).

The reference images were then JPEG compressed using the Matlab

JPEG tool into four different, broadly distinguishable severity levels. For each

content, there are four compressed versions, yielding 320 compressed images.

Some examples of both pristine and compressed versions of images in the

database are shown in Figure 4.2.

4.2 Human study

We conducted a human study in the LIVE subjective study lab. Most of

the subjects participated in the study were UT-Austin students inexperienced
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Figure 4.3: The rating bar.

in understanding image quality assessment, or compression impairments. Each

subject participated in two ˜30 minute sessions at least 24 hours apart. The

database was divided equally and randomly into two parts in each session, each

containing 40 contents, including 40 pristine images and their respective four

different compressed images, hence each subject viewed 200 images per session.

The images were displayed in random order with each image shown only once

during each session. Presentations of each unique content were separated by at

least 5 images. For each subject, two sessions were generated and assigned in

random order. The total number of subjects taking part in the study was 29,

and all of them successfully finished both sessions. Most subjects completed

each session within 20 minutes.

All of the subjects participated in a visual acuity test, and were asked

whether they had any uncorrected visual deficiency. A viewing distance of

2 feet was measured and approximately maintained during testing. Before

starting the experiment, each subject was required to read and sign a consent

form including general information about the human study, then the procedure
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Figure 4.4: Screenshot of the subjective study interface showing the test image
shown to the subject.

and requirements of the test were explained. A short training session was

presented before the first test session using a different set of images than

the test experiment. Given each image, the subject was asked to provide an

opinion score of picture quality by dragging a slider along a continuous rating

bar. As shown in Figure 4.3, the possible quality range was labelled from

low to high with five adjectives: Bad, Poor, Fair, Good, and Excellent. The

subjective scores obtained from the subjects were sampled onto numerical

quality scores in [1, 100]. A screenshot of the subjective study interface is

shown in Figure 4.4. The interface was developed on a Windows PC using

PsychoPy software [47].

The subjective MOS were then computed according to the procedures
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described in [48]. The raw scores were first converted into Z-scores. Let sijk

denote the score assigned by the i-th subject on the j-th image in session

k = {1, 2}. The raw scores were converted into Z-scores per session:

zijk =
sijk − s̄ik

σik
, (4.1)

where s̄ik is the mean of the raw scores over all images assessed by subject i

in session k, and σik is the standard deviation.

The subject rejection procedure described in ITU-R BT 500.13 [49] was

then conducted to remove outliers. After performing the rejection procedure,

6 of the 29 subjects were rejected. The Z-scores of the remaining 23 subjects

were then linearly rescaled to [0, 100]. Finally, the MOS of each image was

obtained by computing the mean of the rescaled Z-scores. The overall MOS

distribution of the LIVE Wild Compressed Picture Quality Database is plotted

in Figure 4.5 for several different compression levels.

4.3 Analysis

To examine subject consistency, we split the subjective scores obtained

on each image into two disjoint equal groups, and compared the MOS on every

image, one from each group. The random splits were repeated 25 times and

the median Spearman’s rank ordered correlation coefficient (SROCC) between

the two groups was found to be 0.9805.

Figure 4.6 shows a box plot of MOS from the LIVE Wild Compressed

Picture Quality Database for different compression levels. The MOS decreases,
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Figure 4.5: (a) MOS distribution across the entire LIVE Wild Compressed
Picture Quality Database. (b) MOS distribution of reference images. (c)
MOS distribution of compressed images at distortion level 18. (d) MOS dis-
tribution of compressed images at distortion level 12. (e) MOS distribution of
compressed images at distortion level 6. (f) MOS distribution of compressed
images at distortion level 3. 25
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Figure 4.6: Box plot of MOS of images in the LIVE Wild Compressed Picture
Quality Database for different compression levels. The central red mark repre-
sents the median, while the bottom and top edges of the box indicate the 25th
and 75th percentiles, respectively. The whiskers extend to the most extreme
data points not considered outliers, and the outliers are plotted individually
using the ‘+’ symbol.
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Figure 4.7: MOS of all content for five different compression (distortion) levels,
coded by color.
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with reducing variance, as the compression is increased. Figure 4.7 shows the

MOS across all contents at with each color coded curve at a different compres-

sion level. While the curves are nicely separated by content, it is important to

observe the mixing of MOS across contents, caused by the reference distortions.
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Chapter 5

Performance Evaluation

We used the new LIVE Wild Compressed Picture Quality Database

to compare the performance of various two-step IQA models, including the

2stepQA algorithms (3.2) against each other and against other R and NR

IQA measures. Most available R IQA databases contain pristine image as

references against which to evaluate the fidelity of distorted images. In such

scenarios, DMOS is typically used to reduce any biases arising from image

content. However, if the reference image is affected by distortion, as in the

aforementioned database, DMOS is less likely to reflect subjective opinions

correctly. Thus, we only compute and correlate objective quality predictions

against MOS, which represents absolute subjective quality.

We evaluated the performance between predicted quality scores and

subjective MOS using SROCC and the Pearson’s (linear) correlation coeffi-

cient (LCC). The predicted IQA scores were passed through a logistic non-

linearity (following usual practice) before computing the LCC measure [9].

Larger values of both SROCC and LCC indicate better performance.

Although the 2stepQA model and some of the other compared IQA

algorithms (both one-step and two-step) do not require training processes,
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PSNR MS-SSIM FSIM VSI NIQE BRISQUE CORNIA 2stepQA
SROCC 0.4227 0.8930 0.9101 0.7953 0.8457 0.9091 0.9005 0.9311

LCC 0.4299 0.8923 0.9134 0.8153 0.8407 0.8966 0.8955 0.9305

Table 5.1: Performances of the 2stepQA model (3.2) various one-step reference and no-
reference IQA models on the LIVE Wild Compressed Picture Quality Database. The best
performing algorithm is highlighted in bold font. Italics indicate no-reference algorithms.

we divided the database into non-overlapping 80% training sets and 20% test

sets by content, to ensure fair comparisons against other learning-based IQA

algorithms. Such random train-test splits were repeated for 1000 iterations to

avoid unbiased results.

We utilized a number of prominent R IQA algorithms including PSNR,

MS-SSIM [4], FSIM [6] and VSI [7]. Among perceptually-relevant NR IQA

algorithms, we tested NIQE [34], BRISQUE [30] and CORNIA [35]. These

popular IQA algorithms are well established in the IQA literature and have

been shown to correlate well against subjective opinions of image quality.

5.1 Comparisons Against Mainstream IQA Methods

We first conducted a performance comparison between the 2stepQA

model (3.2) and several one-step R and NR IQA algorithms, and report the

results in Table 5.1. As expected PSNR, which is not a perceptually-relevant

measure of image quality, performed poorly as compared with the other R and

NR IQA algorithms, which all correlated at least reasonably well against sub-

jective judgments of quality. However, the 2stepQA index (3.2) significantly

outperformed all of the compared one-step IQA algorithms.
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PSNR MS-SSIM FSIM VSI NIQE BRISQUE CORNIA 2stepQA
PSNR 0 -1 -1 -1 -1 -1 -1 -1

MS-SSIM 1 0 -1 1 1 -1 -1 -1
FSIM 1 1 0 1 1 1 1 -1
VSI 1 -1 -1 0 -1 -1 -1 -1

NIQE 1 -1 -1 1 0 -1 -1 -1
BRISQUE 1 1 -1 1 1 0 1 -1
CORNIA 1 1 -1 1 1 -1 0 -1
2stepQA 1 1 1 1 1 1 1 0

Table 5.2: Results of one-sided Wilcoxon rank sum test performed between
SROCC values of the IQA algorithms compared in table 5.1. A value of
“1” indicates that the row algorithm was statistically superior to the column
algorithm; “ − 1” indicates that the row was worse than the column; A value
of “0” indicates that the two algorithms were statistically indistinguishable.
Italics indicate no-reference algorithms.

To determine whether the differences in correlations reported in Table

5.1 were statistically significant, we conducted a statistical significance test.

We utilized the distribution of the obtained SROCC scores computed over 1000

random train-test iterations. The nonparametric Wilcoxon Rank Sum Test

[50], which exclusively compares the rank of two sets of observations, was used

to conduct hypothesis testing. The null hypothesis was that the median for the

(row) algorithm was equal to the median of the (column) algorithm at the 95%

significance level. The alternate hypothesis was that the median of the row was

different from the median of the column. A value of ‘1’ in the table represents

that the row algorithm was statically superior to the column algorithm, while a

value of ‘-1’ means the counter result. A value of ‘0’ indicates that the row and

column algorithms were statistically indistinguishable (or equivalent). The

statistical significance results comparing the performances of the compared

IQA algorithms are tabulated in Table 5.1.
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Figure 5.1: Box plot of SROCC distributions of the compared algorithms
in Table 5.1 over 1000 trials on the LIVE Wild Compressed Picture Quality
Database.
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Figure 5.2: Box plot of LCC distributions of the compared algorithms in Table
5.1 over 1000 trials on the LIVE Wild Compressed Picture Quality Database.

33



Subset 1 Subset 2
MS-SSIM 2stepQA MS-SSIM 2stepQA

SROCC 0.9395 0.9434 0.8546 0.8991
LCC 0.9419 0.9458 0.8551 0.8980

Table 5.3: Performance comparison of the proposed 2stepQA against MS-
SSIM on two equally divided subsets of the LIVE Wild Compressed Picture
Quality Database. The first subset contained compressed images with bet-
ter quality reference images (or lower NIQE scores), while the second subset
contained compressed images with worse quality reference images (or higher
NIQE scores).

To illustrate how the distributions of the SROCC and LCC scores varied

by algorithm, Figures 5.1 and 5.2 show box-plots of the correlations computed

over 1000 iterations for each of the compared algorithms. A lower standard

deviation with a higher median SROCC indicates better performance. As may

be inferred from the Tables and Figures, the 2stepQA model (3.2) exhibited

significantly higher and more reliable correlations against subjective quality

than all of the compared one-step R and NR IQA algorithms.

Since the design of 2stepQA involves MS-SSIM as its integral compo-

nent, it is of interest to explore why 2stepQA is able to improve on MS-SSIM

on the LIVE Wild Compressed Picture Quality Database. To do this, we di-

vided the database into two equal-sized subsets based on the quality of the

reference images. The no-reference NIQE engine was used to evaluate the

quality of the reference images and to divide the references into two quality

classes. The first class comprised of 160 compressed images derived from 40

high quality references, while the second class used the remaining 160 images

with lower quality references. As may be seen in Table 5.1, both MS-SSIM
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Figure 5.3: Performance of the 2stepQA index (3.2) as the parameter α is
varied, showing a peak at α = 100.

and 2stepQA correlated similarly with subjectivity on the subset of high qual-

ity reference images. However, 2stepQA significantly outperformed MS-SSIM

on the subset of poor quality reference images, indicating that 2stepQA can

improve the performance of R IQA models operating on low-quality reference

images.
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PSNR MS-SSIM FSIM VSI
NIQE 0.6609(0.63) 0.9283(0.47) 0.9263(0.37) 0.8775(0.54)

BRISQUE 0.6833(0.62) 0.9333(0.46) 0.9357(0.41) 0.8980(0.53)
CORNIA 0.6807(0.51) 0.9356(0.39) 0.9375(0.36) 0.8992(0.46)

MOS 0.6156(0.71) 0.9401(0.61) 0.9474(0.56) 0.8946(0.64)

Table 5.4: SROCC performances of two-step combinations of reference and
no-reference IQA models on the LIVE Wild Compressed Picture Quality
Database. The parameter γ is given in parentheses. Results using MOS as
the ‘ideal’ NR module score is shown for comparison.

PSNR MS-SSIM FSIM VSI
NIQE 0.6830(0.63) 0.9268(0.47) 0.9278(0.37) 0.8839(0.54)

BRISQUE 0.6743(0.62) 0.9309(0.46) 0.9355(0.41) 0.8988(0.53)
CORNIA 0.6747(0.51) 0.9353(0.39) 0.9394(0.36) 0.9026(0.46)

MOS 0.6064(0.71) 0.9403(0.61) 0.9499(0.56) 0.8981(0.64)

Table 5.5: LCC performances of two-step combinations of reference and
no-reference IQA models on the LIVE Wild Compressed Picture Quality
Database. The parameter γ is given in parentheses. Results using MOS as
the ‘ideal’ NR module score is shown for comparison.

5.2 Selection of 2stepQA Parameter (α)

The 2stepQA index involves a free parameter α which affects the map-

ping to MOS. Figure 5.3 shows the SROCC values of the 2stepQA model (3.2)

for a wide range of values of α. The model attains its best performance at

α ≈ 100. However, the performance of 2stepQA is robust over a wide range

of the values of α ∈ [50, 150].
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5.3 More General Two-Step Models

The general two-step model outlined earlier lends a more flexible ap-

proach towards combining different R and NR components. Table 5.3 and 5.3

plot the performance of general two-step models incorporate several combina-

tions of R and NR IQA components.

We considered four R IQA algorithms: PSNR, MS-SSIM, FSIM and

VSI, and three NR IQA algorithms: NIQE, BRISQUE and CORNIA. The lo-

gistic function parameters (βs) used in (3.3) were optimized on the LIVE Image

Quality Database [9]. Learning-based NR IQA models, such as BRISQUE and

CORNIA, were then trained on the subset of LIVE Wild Challenge Database

[1] that excludes the 80 reference images of the LIVE Wild Compressed Picture

Quality Database.

To highlight the importance of using accurate NR algorithms, we also

included experimental results by replacing the NR scores with the actual MOS

of the reference images. This serves as an idealized basis of comparison of NR

algorithms evaluated on the same reference images. The median SROCC and

PLCC of the various two-step models over 1000 iterations of randomly chosen

disjoint 80% training and 20% test subsets are reported in Tables 5.3 and 5.3,

respectively. The optimal exponents γ in (3.4) are reported along with the

correlation scores.

As one would expect, a high-performing R algorithm is assigned larger

weights (1− γ) in the general two-step model (3.4) when the NR component
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SROCC LCC
NIQE 0.5350 0.6742

BRISQUE 0.7217 0.7282
CORNIA 0.6772 0.7523

Table 5.6: Performances of no-reference IQA modules on 80 reference images
on the LIVE Wild Compressed Picture Quality Database.

is fixed, as reflected by the γ values reported in Tables 5.3 and 5.3. When

tested on the LIVE Wild Compressed Picture Quality Database, FSIM and

MS-SSIM outperform other one-step algorithms, including VSI and PSNR

(Table 5.1), and for these models, the optimal γ values were smaller. When

the low-performing PSNR was combined with any of the three NR models, γ

took much larger values (≥ 0.5) than for other R models, implying that NR

models dominate the two-step product when combined with low-performing R

models like PSNR. However, when a high-performing R model is used, such as

FSIM or MS-SSIM, the corresponding optimal values of γ are smaller (< 0.5),

emphasizing the value of having a high-performing R model in the product.

Similarly, an effective NR module is essential to achieving better per-

formance of two-step models. The contributions of different NR algorithms in

the general two-step model is shown in Table 5.3. Although the performance

of the two-step model (3.4) is not influenced as much by the choice of NR

algorithm as by R algorithm, it is clear that higher-performing NR algorithms

result in better overall performance.

Tables 5.3 and 5.3 plot the performances of general two-step models

but fixing γ = 0.5. As compared with the results in Tables 5.3 and 5.3,
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PSNR MS-SSIM FSIM VSI
NIQE 0.6423 0.9312 0.9254 0.8805

BRISQUE 0.6711 0.9339 0.9327 0.8982
CORNIA 0.6863 0.9331 0.9287 0.9022

MOS 0.5692 0.9384 0.9473 0.8832

Table 5.7: SROCC of general two-step models using different combinations of
reference and no-reference IQA models on the LIVE Wild Compressed Picture
Quality Database, for γ = 0.5. MOS as an ideal NR algorithm is included for
comparison.

PSNR MS-SSIM FSIM VSI
NIQE 0.6578 0.9302 0.9269 0.8871

BRISQUE 0.6626 0.9312 0.9310 0.9004
CORNIA 0.6799 0.9314 0.9286 0.9036

MOS 0.5572 0.9381 0.9489 0.8858

Table 5.8: LCC of general two-step models using different combinations of
reference and no-reference IQA models on the LIVE Wild Compressed Picture
Quality Database, for γ = 0.5. MOS as an ideal NR algorithm is included for
comparison.
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Figure 5.4: Performance of the 2stepQA (MS-SSIM + NIQE) model with
exponent γ allowed to vary.

where optimal γ values were used, the generalized models still achieved nearly

optimal performance when γ = 0.5 for most combinations of R and NR IQA

modules.

5.4 Weighted 2stepQA

The general two-step model allows the choice of parameter γ to adjust

the relative weights assigned to the NR and R IQA components. Small val-

ues of γ correspond to less emphasis on the NR score, and conversely, larger
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MS-SSIM NIQE 2stepQA
SROCC 0.9787 0.9355 0.9632

LCC 0.9819 0.9483 0.9744

Table 5.9: Performance of 2stepQA on the JPEG subset of the LIVE Image
Quality Database as compared with MS-SSIM and NIQE.

values of γ increase the importance of the NR contribution. Figure 5.4 plots

the performance of the general two-step model (3.4) against γ using NIQE

and MS-SSIM as the combination components, i.e., “weighted 2stepQA.” The

best SROCC result was attained for γ = 0.47, as shown in Figure 5.3. The

performance of the generalized model was robust over the range γ ∈ [0.4, 0.55],

indicating that the NR and R components of 2stepQA are of roughly equal

importance.

5.5 Performance Using High Quality Reference Images

Table 5.5 illustrates the performance of the 2stepQA model on the

JPEG subset of LIVE Image Database, where the reference images are of

extremely good quality. An important conclusion that can be drawn from the

above experiment is that if reference images are of very high quality, then

the prior information provided by the NR element becomes of greatly reduced

importance.
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Chapter 6

Conclusion

We described a new two-step framework for the design of algorithms

that can predict the quality of distorted pictures (e.g., during capture) af-

ter they are subjected to additional compression. The general approach is to

combine NR (before compression) with R (after compression) algorithms in a

simple exponentially weighted product formulation. In order to facilitate the

development, testing, and benchmarking of two-step models for this applica-

tion, we constructed a new subjective quality resource called the LIVE Wild

Compressed Picture Quality Database. This new dedicated resource contains

compressed versions of real-world reference images that have already been sub-

jected to complex mixtures of authentic distortions (typically occurring during

capture), spanning wide ranges of original quality levels. The two-step frame-

work is general enough to encompass the design of any potential combination

of suitable R and NR algorithms. We also highlight a simple exemplar two-

step model called 2stepQA, which combines two highly efficient commercial

algorithms (MS-SSIM and NIQE), achieving standout efficiency without any

need for training. We show that the 2stepQA model outperforms other lead-

ing R and NR IQA models applied in isolation (one-step). Adding a training

process produces even better results, but at the possible loss of generality, and
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increased effort and complexity. The standout performance is particularly sig-

nificant for low quality reference images. The proposed two-step IQA concept

is a simple yet efficient way to address the low quality reference IQA problem.
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