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Abstract— With the development of multimedia technology,
Augmented Reality (AR) has become a promising next-generation
mobile platform. The primary value of AR is to promote the
fusion of digital contents and real-world environments, however,
studies on how this fusion will influence the Quality of Experience
(QoE) of these two components are lacking. To achieve better
QoE of AR, whose two layers are influenced by each other, it is
important to evaluate its perceptual quality first. In this paper,
we consider AR technology as the superimposition of virtual
scenes and real scenes, and introduce visual confusion as its
basic theory. A more general problem is first proposed, which
is evaluating the perceptual quality of superimposed images, i.e.,
confusing image quality assessment. A ConFusing Image Quality
Assessment (CFIQA) database is established, which includes
600 reference images and 300 distorted images generated by
mixing reference images in pairs. Then a subjective quality
perception experiment is conducted towards attaining a better
understanding of how humans perceive the confusing images.
Based on the CFIQA database, several benchmark models and a
specifically designed CFIQA model are proposed for solving this
problem. Experimental results show that the proposed CFIQA
model achieves state-of-the-art performance compared to other
benchmark models. Moreover, an extended ARIQA study is
further conducted based on the CFIQA study. We establish an
ARIQA database to better simulate the real AR application
scenarios, which contains 20 AR reference images, 20 background
(BG) reference images, and 560 distorted images generated from
AR and BG references, as well as the correspondingly collected
subjective quality ratings. Three types of full-reference (FR) IQA
benchmark variants are designed to study whether we should
consider the visual confusion when designing corresponding IQA
algorithms. An ARIQA metric is finally proposed for better
evaluating the perceptual quality of AR images. Experimental
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results demonstrate the good generalization ability of the CFIQA
model and the state-of-the-art performance of the ARIQA model.
The databases, benchmark models, and proposed metrics are
available at: https://github.com/DuanHuiyu/ARIQA.

Index Terms— Augmented reality (AR), visual confusion, image
quality assessment, quality of experience (QoE).

I. INTRODUCTION

WITH the evolution of multimedia technology, the next-
generation display technologies aim at revolutionizing

the way of interactions between users and their surround-
ing environment rather than limiting to flat panels that are
just placed in front of users (i.e., mobile phone, computer,
etc.) [1], [2]. These technologies, including Virtual Reality
(VR), Augmented Reality (AR), and Mixed Reality (MR),
etc., have been developing rapidly in recent years. Among
them, AR pursues high-quality see-through performance and
enriches the real world by superimposing digital contents
on it, which is promising to become next-generation mobile
platform. With advanced experience, AR shows great potential
in several attractive application scenarios, including but not
limited to communication, entertainment, health care, educa-
tion, engineering design, etc.

On account of the complex application scenes, it is impor-
tant to consider the perceptual Quality of Experience (QoE)
of AR, which includes measuring the perceptual quality and
better improving the experience of AR. Lately, some works
have been presented to study the quality effects of typical
degradations that affect digital contents in AR [3], [4], [5],
[6], [7]. These studies have performed subjective/objective
tests on screen displays showing videos of 3D meshes or point
clouds with various distortions. Moreover, with the develop-
ment of Head Mounted Displays (HMDs) for AR applications,
some studies have considered evaluating the QoE of 3D
objects using these devices. For instance, Alexiou et al. [8]
have studied geometry degradations of point clouds and have
conducted a subjective quality assessment study in a MR HMD
system. Zhang et al. [9] have conducted a study towards the
QoE model of AR applications using Microsoft HoloLens,
which mainly focused on the perceptual factors related to the
usability of AR systems. Gutierrez et al. [10] have proposed
several guidelines and recommendations for subjective testing
of QoE in AR scenarios. However, all these studies only focus
on the degradations of geometry and texture of 3D meshes
and point clouds inside AR, e.g., noise, compression etc.,
their see-through scenes are either blank or simple texture,
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Fig. 1. Visual confusion theory of AR. “B” denotes the background
view, i.e., see-through view. “A” represents the augmented view. “S” implies
the superimposition of the background view (B) and augmented view (A).
“A” and “B” will influence the perceptual quality of each other.

or even without see-through scenes (opaque images/objects).
The studies discussing the relationship between augmented
views and see-through views are lacking.

To address the above issues, in this paper, we consider
AR technology as the superimposition of digital contents
and see-through scenes, and introduce visual confusion
[11], [12] as its basic theory. Fig. 1 demonstrates the concept
of the visual confusion in AR. “B”, “A” and “S” in Fig. 1
represent the background (BG) view, augmented view and
superimposed view, respectively. If both “B” and “A” are
views with blank/simple textures, there is nothing important
in the superimposed view. If one of “B” or “A” has a complex
texture, but another view has a simple texture, there is also no
confusion in the superimposed view. If both “B” and “A” have
complex textures, visual confusion is introduced. We assume
that without introducing specific distortions that has been
widely studied in the current QoE studies, visual confusion
itself is a type of distortion, and it significantly influences the
AR QoE. Thus, we argue that it is important to study the
assessment of the visual confusion towards better improving
the QoE of AR. Note that it does not mean that no confusion
is better than having confusion, since the objective of AR is
to promote the fusion between the virtual world and the real
world. Instead, the balance between them is more important.

To this end, in this work, we first propose a more general
problem, which is evaluating the perceptual quality of visual
confusion. A ConFusing Image Quality Assessment (CFIQA)
database is established to make up for the absence of relevant
research. Specifically, we first collect 600 reference images
and mix them in pairs, which generates 300 distorted images.
We then design and conduct a comprehensive subjective
quality assessment experiment among 17 subjects, which
produces 600 mean opinion scores (MOSs), i.e., for each
distorted image, two MOSs are obtained for two references
respectively. The distorted and reference images, as well as
subjective quality ratings together constitute the ConFusing
Image Quality Assessment (CFIQA) database. Based on this
database, several visual characteristics of visual confusion are
analyzed and summarized. Then several benchmark models
and a specifically designed attention based deep feature fusion
model termed CFIQA are proposed for solving this problem.
Experimental results show that our proposed CFIQA model
achieves better performance compared to other benchmark
models.

Moreover, considering the field-of-view (FOV) of the AR
image and the background image are usually different in
real application scenarios, we further establish an ARIQA

database for better understanding the perception of visual
confusion in real world. The ARIQA database is comprised of
20 raw AR images, 20 background images, and 560 distorted
versions produced from them, each of which is quality-
rated by 23 subjects. Besides the visual confusion distortion
as mentioned above, we further introduce three types of
distortions: JPEG compression, image scaling and contrast
adjustment to AR contents. Four levels of the visual con-
fusion distortion are applied to mix the AR images and the
background images. Two levels of other types of distortions
are applied to the AR contents. To better simulate the real
AR scenarios and control the experimental environment, the
ARIQA experiment is conducted in VR environment. We also
design three types of objective benchmark models, which can
be differentiated according to the inputs of the classical IQA
models, to study whether and how the visual confusion should
be considered when designing corresponding IQA metrics.
An ARIQA model designed based on the CFIQA model is
then proposed to better evaluate the perceptual quality of
AR images. Experimental results demonstrate that our CFIQA
model also achieves good generalization ability on the ARIQA
database, and the proposed ARIQA model achieves the best
performance compared to other methods.

Overall, the main contributions of this paper are summarized
as follows. (i) We discuss the visual confusion theory of
AR and argue that evaluating the visual confusion is one of
the most important problem of evaluating the QoE of AR.
(ii) We establish the first ConFusing IQA (CFIQA) database,
which can facilitate further objective visual confusion assess-
ment studies. (iii) To better simulate the real application
scenarios, we establish an ARIQA database and conduct a
subjective quality assessment experiment in VR environment.
(iv) A CFIQA model and an ARIQA model are proposed for
better evaluating the perceptual quality in these two application
scenarios. (v) Two objective model evaluation experiments are
conducted on the two databases, respectively, and experimental
results demonstrate the effectiveness of our proposed methods.

Our data collection softwares, two databases, benchmark
models, as well as objective metrics will be released to
facilitate future research. We hope this study will motivate
other researchers to consider both the see-through view and
the augmented view when conducting AR QoE studies.

II. RELATED WORK AND ORGANIZATIONS OF THIS PAPER

A. Augmented Reality and Visual Confusion
This work mainly concerns head-mounted AR applications

rather than mobile phone based AR applications. Considering
rendering methods, there are two main aspects of works in
the field of AR visualization, including 2D displaying and 3D
rendering. The superimposition between real-world scenes and
virtual contents may cause visual confusion. Depending on dis-
play methods (i.e., superimposition methods), AR technology
may produce two kinds of visual effects, including binocular
visual confusion and monocular visual confusion. We discuss
the relationship between these aspects and our work as follows.

1) 2D Displaying: The most basic application of AR is
displaying digital contents in a 2D virtual plane [13]. These
digital contents include images, videos, texts, shapes, and even
3D objects in 2D format, etc. To display 2D digital contents,
a real world plane is needed to attach the virtual plane. The real
world plane and virtual plane are usually in one same Vieth–
Müller circle (a.k.a, isovergence circle), which may cause
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visual confusion. This situation is the main consideration of
this paper.

2) 3D Rendering: Compared to 2D displaying, 3D render-
ing aims at providing 3D depth cues of virtual objects (note
that this depth cue is a little bit different from the depth of the
above mentioned virtual plane) [14]. Although the 3D depth
cues will cause the real world scenes and virtual objects to be
located in different Vieth–Müller circles, the visual confusion
effect still exists, which makes this situation more complex
(see Section VII for more details).

3) Visual Confusion: Visual confusion is the perception of
two different images superimposed onto the same space [15].
The concept of visual confusion comes from ophthalmology,
which is usually used to describe the perception of diplopia
(i.e., double vision) caused by strabismus [16]. Note that in this
paper, we only consider the “seeing of two or more different
views/things in one direction” [11], [12] as the definition of
visual confusion, which should be distinguished from visual
illusions [17] and most perceptual distortions. However, some
distortions such as ghosting artifacts can be regraded as visual
confusion. Although the multiplexing superimposition can
extend visual perception and has been widely used in prism
designs for field expansion [12], some studies have reported
that the visual confusion that occurs during field expan-
sion makes users uncomfortable, annoying and disturbing
[11], [18]. Thus, it is significant to study the visual confusion
effect for AR QoE assessment.

4) Binocular Visual Confusion: The visual confusion
caused by two views superimposed binocularly (within two
eyes respectively) is binocular visual confusion, which may
lead to binocular rivalry [12], [19]. Some previous monoc-
ular AR devices, such as Google Glass [20] and VUZIX
M400 [21], were mainly constructed based on binocular
visual superimposition to avoid the occlusion produced by AR
devices. However, the binocular rivalry caused by binocular
visual confusion may strongly affect the QoE [22].

5) Monocular Visual Confusion: The visual confusion
caused by two views superimposed monocularly (within one
eye) is monocular visual confusion [12], which may lead
to monocular rivalry [12], [19]. Since monocular rivalry is
much weaker than binocular rivalry [22] and it possibly occurs
only with extended attention [12], most recent binocular AR
technologies were built based on monocular visual superim-
position to avoid occlusion, such as Microsoft HoloLens [23],
Magic Leap [24], Epson AR [25], etc. However, the QoE of
monocular visual confusion still lacks thorough discussion,
which is mainly considered in this paper.

B. Image Quality Assessment
Many IQA methods have been proposed in the past

decades [26], [27], which can be roughly grouped into three
categories, including full reference (FR) IQA, reduced ref-
erence (RR) IQA, and no reference (NR) IQA. Considering
the possible application scenarios where the digital contents
and real-world scenes can be easily obtained, in this paper,
we mainly focus on the FR-IQA metric.

1) Classical IQA Index: In terms of FR IQA methods,
many classical metrics have been proposed and widely used,
including mean squared error (MSE), peak signal-to-noise
ratio (PSNR), structural similarity (SSIM) index [28], feature
similarity (FSIM) index [29], etc. Regarding NR IQA indexes,

Fig. 2. Relationship between CFIQA and ARIQA.

there are also many popular methods such as natural image
quality evaluator (NIQE) [30], blind quality assessment based
on pseudo-reference image (BPRI) [31], and NR free-energy
based robust metric (NFERM) [32], etc.

2) Learnable IQA: Driven by the rapid development of
deep neural networks (DNNs) recently, some learning based
IQA algorithms have been proposed. Kang et al. [33] proposed
to use multi-task convolutional neural networks to evaluate
the image quality and use 32 × 32 patches for training.
Bosse et al. [34] proposed both FR and NR IQA metrics by
joint learning of local quality and local weights. Some studies
located specific distortions by using convolutional sparse cod-
ing and then evaluated the image quality [35]. Recently, some
studies also demonstrated the effectiveness of using pre-trained
DNN features in calculating visual similarity [36], [37].

3) AR/VR IQA: As discussed in the introduction, most
previous AR/VR IQA works have studied the degradations of
geometry and texture of 3D meshes and point clouds inside
AR/VR [8], [9], [10]. Unlike AR research, many works on
VR IQA have also investigated the quality of omnidirectional
images (a.k.a, equirectangular images) [38], [39], [40], [41],
since the format of these images is different with traditional
images. In this paper, we propose that in AR technology,
confusing image is its special “image format”, and confusing
image quality assessment is equally important with 3D meshes
or point clouds quality assessment, since it is not only related
to 2D displaying but also associated with 3D rendering effects.
Moreover, it significantly influences the QoE of AR.

C. Relationship Between CFIQA and ARIQA
Fig. 2 illustrates the relationship between CFIQA and

ARIQA. CFIQA is a more basic and general problem, which
aims at predicting the image quality for each image layer
of the superimposition between any two images. Note that
superimposed images/scenes are frequently encountered in the
real-world, e.g., rain, haze, reflection, etc, [42], [43], [44],
but we mainly focus on the superimposition between two
complex images in this paper, since it is directly related to AR
applications. ARIQA is a more specific application scenario
of CFIQA, which mainly considers the image quality of the
AR layer, since we are more concerned with the saliency or
visibility problem of the BG layer [13], [45]. This saliency
or visibility issue is not something we discuss and address
in this paper (see Section VII for more details). Moreover,
in this paper, the FOV of two image layers in CFIQA is the
same since it is a more general problem and the influence
of the superimposition on perceptual quality is unknown,
while the FOV of BG scenes is larger than that of AR
contents in ARIQA since it is a more realistic situation in
AR display [2], [45].

The rest of the paper is organized as follows. Section III
describes the construction procedure of the CFIQA database.
Section IV introduces the objective CFIQA models includ-
ing benchmark models and the proposed CFIQA model.
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Fig. 3. Distribution of λ values in this paper. The values are multiplied by
10 and rounded up.

The experimental validation procedure and results of these
objective CFIQA models are given in Section V. Then an
extended subjective & objective ARIQA study is presented
in Section VI. Section VII concludes the paper and discusses
several future issues.

III. SUBJECTIVE CONFUSING IMAGE QUALITY
ASSESSMENT (CFIQA)

A. Confusing Image Collection
To address the problem of subjective confusing IQA data

absence, we first build a novel ConFusing Image Quality
Assessment (CFIQA) database. Since this paper is the first
work to study confusing IQA, we consider the visual confusion
as the only distortion type in this section to study whether
and how visual confusion influences the perceptual quality.
We collect 600 images from Pascal VOC dataset [46] as
reference images and split them into two groups. Then we
randomly select two reference images from these two groups
and mixed them in pair with a blending parameter λ to
generate a distorted image. This can be formulated as:

ID = λ ◦ IR1 + (1 − λ) ◦ IR2 , (1)

where IR1 is the reference image from the first group, IR2 is the
reference image from the second group, λ ∈ [0, 1] represents
the degradation value of mixing, ID denotes the generated
distorted image. All reference images are resized to the size
of 512 × 512 and then superimposed. A total of 300 distorted
images are finally generated.

Obviously, λ value near 0 or 1 will cause one image to be
unnoticeable while closer to the center (i.e., 0.5) will cause
near confusion for both views. Since visual confusion is the
main consideration in this section, it is unreasonable to ran-
domly sample λ from [0, 1]. In this work, to make the λ value
to be closer to the center values in range [0, 1], we sampled
λ value from a Beta distribution, i.e., λ ∼ Beta(α, α). The
parameter α is set to 5 in this database. Fig. 3 demonstrates
the distribution of λ values used in the CFIQA database.

B. Subjective Experiment Methodology
1) Experiment Setup: A subjective experiment is con-

ducted on the dataset. There are several subjective assessment
methodologies recommended by the ITU [47], for instance,
single-stimulus (SS), double-stimulus impairment scale (DSIS)
and paired comparison (PC). Since the reference images are
available, we adopt a paired comparison continuous quality
evaluation (PCCQE) strategy to obtain the subjective quality
ratings. As shown in Fig. 4, for each distorted image, we dis-
play its two reference images simultaneously and instruct the
subjects to give two opinion scores of the perceptual quality

Fig. 4. Illustration of the subjective experiment interface for CFIQA.

of two layer views (i.e., two reference images) in the distorted
image, respectively. We suggest the subjects to only view the
distorted image in the center, and two reference images are just
used to determine the quality of which layer is being given.
Two continuous quality rating bars are presented to the subject.
The quality bar is labeled with five Likert adjectives: Bad,
Poor, Fair, Good and Excellent, allowing subjects to smoothly
drag a slider (initially centered) along the continuous quality
bar to select their ratings. They are seated at a distance of about
2 feet from the monitor, and this viewing distance is roughly
maintained during each session. All images are shown in their
raw sizes, i.e., 512 × 512 with random sequence during the
experiment.

2) Testing Procedure: As suggested by ITU [47], at least
15 subjects are required to conduct subjective IQA experiment.
A total of 17 subjects are recruited to participate in the study.
Before participating in the test, each subject have read and
signed a consent form which explained the human study.
All subjects are determined to have normal or corrected-to-
normal vision. General information about the study is supplied
in printed form to the subjects, along with instructions on how
to participate in the task. Each subject then experiences a short
training session where 20 confusing images (not included in
the formal test) are shown, allowing them to become familiar
with the user interface and the visual confusion distortion
which may occur. Moreover, subjects have enough rest time
every 10 minutes to avoid fatigue during the experiment.

C. Subjective Data Processing and Analysis
We follow the suggestions given in [47] to conduct the

outlier detection and subject rejection. Specifically, we first
calculate the kurtosis score of the raw subjective quality ratings
for each image to detect it is a Gaussian case or a non-Gaussian
case. Then, for the Gaussian case, the raw score for an image is
considered to be an outlier if it is outside 2 standard deviations
(stds) about the mean score of that image; for the non-Gaussian
case, it is regarded as an outlier if it is outside

√
20 stds

about the mean score of that image. A subject is removed
if more than 5% of his/her evaluations are outliers. As a
result, only 1 subject is rejected, and each image is rated by
16 valid subjects. Among all scores given by the remaining
valid subjects, about 2.77% of the total subjective evaluations
are identified as outliers and are subsequently removed. For the
remaining 16 valid subjects, we convert the raw ratings into
Z-scores, which are then linearly scaled to the range [0, 100]

and averaged over subjects to obtain the final mean opinion
scores (MOSs) as follows:

zi j =
mi j − µi

σi
, z′

i j =
100(zi j + 3)

6
, (2)

M O S j =
1
N

N∑
i=1

z′

i j , (3)
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Fig. 5. Histogram of MOSs from the CFIQA database within different λ value
ranges.

where mi j is the raw rating given by the i-th subject to the
j-th image, µi is the mean rating given by subject i , σi is the
standard deviation, and N is the total number of subjects.

Fig. 5 plots the histograms of MOSs over the entire database
as well as within different λ value ranges, showing a wide
range of perceptual quality scores. We also plot the Gaussian
curve fitting for the histogram. It can be observed that when λ
is closer to 0.5, the MOSs tend to be more centered (illustrated
by the smaller σ value), but still have a wide range of
perceptual quality scores.

Based on the constructed database, we further qualitatively
analyze the characteristic of the visual confusion. As shown
in Fig. 6, we roughly classify the visual confusion into three
categories. The first category is “strong confusion”, which
means that the mixing of two reference layers will cause
strong confusion and may affect the quality rating of the
superimposed image (distorted image). The second category
is “confusion but acceptable”, which represents that the visual
confusion caused by the superimposition of two reference
layers is acceptable, or uninfluenced, or the perceptual quality
is even improved. The third category is “suppression”, which
denotes that in the superimposed image, one reference layer
will suppress another reference layer. This results in the
situation that the perceptual quality of one layer is much better
than another layer. First of all, as a general observation from
Fig. 6, we notice that the MOS values (i.e., subjective quality
scores) are commonly sorted in descending order as: (1) the
activated layer in the “suppression” category (i.e., the clearer
layer), (2) two image layers in the “confusion but acceptable”
category, (3) two image layers in the “strong confusion”
category, and (4) the suppressed layer in the “suppression”
category (i.e., the fainter layer). Furthermore, with thorough
observation, we notice that the saliency relation between two
layers of the superimposed image are important to the percep-
tual quality, which are demonstrated by several IQA metrics
in Section V. From the above observations, we conclude that
without introducing other distortions, visual confusion itself
can significantly influence the quality of confusing images.

D. Controlled Experiment

To further validate the assumption that the superimposi-
tion between two images will cause visual confusion and
significantly influence the perceptual quality, we also con-
duct a controlled experiment based on pristine images and
compare the MOS results with those of the above subjective
CFIQA experiment. Specifically, a new group of 17 subjects
is recruited for the controlled experiments. These subjects
are asked to give their opinion scores for all pristine images

of the superimposed images used in the previous subjec-
tive CFIQA experiment. Then the MOSs of these pristine
images are calculated correspondingly. Fig. 7 demonstrates
the comparison results between this controlled experiment
and the above CFIQA experiment. As shown in Fig. 7 (a),
the MOS distribution of the controlled experiment is more
centered on the right side of this figure compared with that
of the CFIQA experiment. Fig. 7 (b) further demonstrates
the paired t-test comparison result between the MOSs of the
CFIQA experiment and those of the controlled experiment,
which illustrates that the MOSs of the controlled experiment
are significantly larger (p < 0.0001). These experimental
results further quantitatively validate our assumption that the
visual confusion caused by the superimposition significantly
influences the perceptual quality.

IV. OBJECTIVE CFIQA MODELS

A. Benchmark Models

In terms of the CFIQA database, one distorted super-
imposed image corresponds to two reference image layers
and two subjective ratings. Thus, we modify state-of-the-art
FR-IQA metrics as benchmark models to cope with the CFIQA
database as follows.

1) The Simplest Metric: The first intuitive idea is applying
the mixing value λ as the metric for evaluating visual confu-
sion since it is directly related to the generation of distorted
images. As shown in Eq. (1), larger λ values make image ID
and image IR1 more similar, and make image ID and image
IR2 more different, while larger (1−λ) values make image ID
and image IR2 more similar, and make image ID and image IR1
more different. Therefore, for a distorted image ID generated
by two image layers IR1 and IR2 via Eq. (1), the simplest FR
metric is using λ and (1−λ) to predict the perceptual qualities
of IR1 and IR2 in ID , respectively.

2) Classical FR-IQA Metrics: We test 16 state-of-the-art
classical FR-IQA metrics on the CFIQA database, including
MSE, PSNR, NQM [48], SSIM [28], IFC [49], VIF [50],
IW-MSE [51], IW-PSNR [51], IW-SSIM [51], FSIM [29],
GSI [52], GMSD [53], GMSM [53], PAMSE [54], LTG [55],
and VSI [56]. Considering that for a distorted image, there
are two corresponding reference images, we calculate the
FR similarities of this distorted image and the two reference
images respectively to obtain two predicted quality scores.
Moreover, since visual attention is important in this task
as discussed above, we further select 3 widely used and
well-performed metrics, i.e., SSIM, FSIM, and GMSM, and
incorporate saliency weights into the quality pooling as new
metrics, which are denoted as “SSIM + saliency”, “FSIM +

saliency”, and “GMSM + saliency”, respectively.
3) Deep Feature Based IQA Metrics: Recently, many works

demonstrate the consistence between DNNs and human visual
perception [36], [37], [57]. Therefore, we also consider
modifying these DNNs as benchmark models for objective
CFIQA. We first build baseline models with several state-
of-the-art DNNs, including SqueezeNet [58], AlexNet [59],
VGG (VGG-16 and VGG-19) [60], and ResNet (ResNet-18,
ResNet-34, and ResNet-50) [61], which are denoted as
“Baseline (SqueezeNet)”, “Baseline (AlexNet)”, “Baseline
(VGG-16)”, etc. These baseline models are constructed by
averaging the subtracted features of the selected layers (see
Section IV-B, Para. 2 for more details) between distorted
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Fig. 6. Sample images from CFIQA database. MOS, SSIM, FSIM values, as well as λ value are given in the figure. Note that a MOS in this figure mean
the MOS of the reference layer in the distorted image.

Fig. 7. Comparisons of MOSs between the subjective CFIQA experiment
and the controlled experiment.

Fig. 8. The SRCC scores between the distance scores and the subjective
ratings for each layer l of the VGG-16 network.

images and reference images as follows:

d(l) =
1

Hl WlCl

∑
h,w,c

f l
d , (4)

where f l
d is the subtracted feature vector for the selected l-th

layer (see Eq. (5) in Section IV-B, Para. 3 for more details),
and Hl , Wl , Cl are the height, width, and number of channels
of the l-th layer. Considering the features extracted from the
last layer of each “component” of these networks may not
well reflect the overall performance, in this work, we pro-
pose a method to improve the baseline performance based
on VGG-16, which is denoted as “Baseline+ (VGG-16)”.
As illustrated in Fig. 8, for each layer l of the 17 layers (13
convolutional layers and 4 max pooling layers) of VGG-16,
we calculate the Spearman Rank-order Correlation Coeffi-
cient (SRCC) between d(l) and the MOSs over the whole
dataset, which allows us to observe if a particular layer of

the model provides more relevant feature maps for CFIQA.
Then the 5 most correlated layers are extracted and averaged
to compute the predicted score of the model “Baseline+
(VGG-16)”. Furthermore, two widely used deep feature
fusion-based metrics (i.e., LPIPS [37] and DISTS [62]) are
also included as benchmark models.

4) Overall: for each benchmark model, we obtain 600 pre-
dicted quality scores corresponding to 600 subjective quality
ratings (MOSs) for 300 distorted images. The performance
of each model is then calculated between all these predicted
quality scores and subjective quality ratings using the criteria
discussed in Section V.

B. Attention Based Deep Feature Fusion Method (The
Proposed CFIQA Model)

As shown in Fig. 6, the classical SSIM index and FSIM
index are inconsistent with human perception in some cases
(see Section V for more quantitative comparison). From the
above analysis, we suppose that the assessment of visual
confusion is related to both low-level visual characteristics and
high-level visual semantic features, since the visual confusion
may disturb semantic information and affect the perceptual
quality. This may cause the failure of the classical metrics,
since most of them only consider low-level visual features.
As discussed in [36], [37], deep features also demonstrate
great effectiveness as perceptual metrics. Moreover, DNN
can extract both low-level and high-level features. Therefore,
in this paper, we propose an attention based deep feature fusion
method to measure the visual confusion, which is shown in
Fig. 9.

1) Deep Feature Extraction: We first employ several state-
of-the-art pre-trained DNNs to extract both low-level and high-
level features, which include SqueezeNet [58], AlexNet [59],
VGG Net [60], and ResNet [61]. SqueezeNet is an extremely
lightweight DNN with comparable performance on classifi-
cation benchmark. The features from the first conv layer
and subsequent “ f ire” modules in SqueezeNet are extracted
and used. We also use a shallow AlexNet network which
may more closely match the architecture of the human visual
cortex [63], and we extract the features from the conv1 −

conv5 layers in AlexNet. Furthermore, 5 conv layers labeled
conv1_2, conv2_2, conv3_3/conv3_4, conv4_3/conv4_4,
conv5_3/conv5_4 are extracted from two VGG networks
(VGG-16 and VGG-19), respectively. Finally, considering the
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Fig. 9. Illustration of our proposed attention based deep feature fusion method. For one distorted image ID and two reference images IR1 and IR2 , three
DNN feature vectors fD , fR1 , and fR2 are first extracted. We then compute the feature distances between the corresponding feature layers of fD and fR1 ,
as well as fD and fR2 , respectively, to get distance vectors fd1 , fd2 . Next, two feature distance vectors fd1 , fd2 are fed into a channel attention module to
get distance map stacks m1, m2. After weighting by a spatial attention operation, two score vectors d1 and d2 are computed. Finally, two predicted scores
s1 and s2 are calculated by averaging d1 and d2 respectively. Two kinds of loss functions are used to constrain the learning process, including the ranking
loss (middle), and the score regression loss (top and bottom). All loss functions are based on the cross-entropy loss.

Fig. 10. Illustration of the channel attention module used in the proposed
CFIQA model.

effectiveness of ResNet in a large amount of computer-vision
(CV) tasks, we also explore the utility of features extracted
by ResNet in this task. Three ResNet architectures including
ResNet-18, ResNet-34, as well as ResNet-50 are considered.
We use the features extracted from the first conv layer and
subsequent “BasicBlock” or “Bottleneck” modules for all
of these architectures. Overall, for a distorted image ID and
corresponding two reference images IR1 , IR2 , we extract
feature stacks fD , fR1 , and fR2 from L layers of a network
F , respectively.

2) Computing Feature Distance: Then we follow the
method in [37] and calculate the feature distance vectors
between a distorted image and two reference images by sub-
tracting normalized feature stacks. This can be expressed as:

f l
di

=

∥∥∥ f l
D − f l

Ri

∥∥∥2

2
, (5)

where l ∈ [1, L] represents the l-th layer, i ∈ {1, 2} denotes
the reference category, f l

di
is the calculated feature distance

vector.
3) Channel Attention for Learning Feature Significance:

Since the significance of each channel of the feature distance
vector is uncertain for this task, it is important to learn the
weights of the channels for each feature distance vector and
re-organize them. We adopt a widely used channel atten-
tion [64] method to learn and re-organize features. As shown
in Fig. 10, after the channel attention, two convolutional layers
are followed to reduce channel numbers. The kernel size of
all convolutional layers is set to 1. Through this manipulation,
a distance map stack mi can be obtained for each fdi , where
i ∈ {1, 2}.

4) Spatial Attention: As discussed in Section III-C, high-
level visual features such as saliency may influence the
perceptual quality of visual confusion. Since it is hard to
optimize spatial attention with a relatively small dataset, in this
work, we calculate spatial attention by a saliency prediction
method. A state-of-the-art saliency prediction method [65] is
used to calculate the spatial attention map Wi for a reference
image IRi . By weighting the distance map mi with a scaled
spatial attention map Wi , the distance score for each layer l
can be calculated as:

dl
i =

∑
h,w W l

i hw
⊙ ml

i hw∑
h,w W l

i hw

. (6)

Then the final quality score can be computed as:

si = Avgl (d
l
i ), (7)

where Avg is the average operation, and si is the predicted
quality score.

5) Loss Function: Different with [37], which aims at two
alternative forced choice (2AFC) test, our work focuses on
a more general quality assessment task, i.e., the MOS pre-
diction task. Moreover, different from traditional IQA con-
dition, in our dataset, one distorted image corresponds to
two reference images. Thus, the loss function needs to be
carefully designed. An intuitive loss function is to compare
(rank) the perceptual qualities of two layers in the distorted
image. Therefore, a ranking loss LR is adopted to predict
the probability that one layer suppress another layer, which
is based on the cross-entropy loss function. Although the
above ranking loss can predict the relative perceptual quality
of two layers in a distorted image, the overall qualities of
different images across the whole dataset are not normalized
and compared. Therefore, another score regression loss LS is
introduced to regress the probability of the quality being bad
or excellent, which is also built based on the cross-entropy
loss function. Two linear layers and a sigmoid layer are used
to project the predicted value to the ground-truth space. The
overall loss function can be formulated as:

L = LS1 + LS2 + γLR, (8)

where the hyperparameter γ is empirically set as 2.
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6) Edge Feature Integration: The edges of objects can help
identify their categories [66]. However, when two images
are superimposed together, the intersection of the edges of
two image layers may strongly influence the perceptual qual-
ity. Therefore, we further extract the features from an edge
detection model [66] and concatenate them with the features
extracted from one of the aforementioned classification back-
bones as an enhanced model, which is named CFIQA+.

V. EXPERIMENTAL VALIDATION ON THE
CFIQA DATABASE

A. Experimental Protocol
1) Experimental Settings: As mentioned in Section IV-B,

our proposed method needs some samples to train the feature
fusion module. Therefore, the CFIQA database is split into
two parts at a ratio of 1:1, i.e., each part has 150 distorted
images and corresponding 300 reference images. A two-fold
cross-validation experiment is conducted. The two splits of
the database are used as the training set and the test set
respectively in each cross-validation fold. During training, the
feature extraction network is frozen, and we only train the
feature fusion part. We use Adam as the optimizer [67].
The network is trained for 100 epoch with a learning rate
of 0.0001, and additional 50 epoch with decayed learning rate
from 0.0001 to 0. The batch size is set as 10 during training.

2) Traditional Evaluation Metrics: To evaluate the various
quality predictors, we use a five-parameter logistic function to
fit the quality scores:

Q′
= β1(

1
2

−
1

1 + eβ2(Q−β3)
) + β4 Q + β5, (9)

where Q and Q′ are the objective and best-fitting quality,
βi (i = 1, 2, 3, 4, 5) are the parameters to be fitted during the
evaluation. Five evaluation metrics are adopted to measure the
consistency between the ground-truth subjective ratings and
the fitted quality scores, including Spearman Rank-order Cor-
relation Coefficient (SRCC), Kendall Rank-order Correlation
Coefficient (KRCC), Pearson Linear Correlation Coefficient
(PLCC), Root Mean Square Error (RMSE) and Perceptually
Weighted Rank Correlation (PWRC) [68]. The evaluation is
conducted on the entire database and 2 sub-datasets within
different λ ranges. Note that evaluating the performance in
the range that the λ value is near 0.5 is significant, since it
is near the essence of visual confusion and is more common
in AR applications, while the poor cases in this situation may
strongly influence the QoE. However, most FR-IQA metrics
cannot perform well in this range, which may limit their
practicality on CFIQA.

3) New Evaluation Methodology: As a complementary, the
receiver operating characteristic (ROC) analysis methodol-
ogy [69], [70] is also adopted for metric evaluation, which is
based on two aspects, i.e., whether two stimuli are qualitatively
different and if they are, which of them is of higher quality. The
Fig. 1. in the supplementary material illustrates the framework
of this evaluation methodology. We first conduct pair-wise
comparison for all possible image pairs, and then classify them
into pairs with and without significant quality differences.
Then the ROC analysis is used to determine whether various
objective metrics can discriminate images with and without
significant differences, termed “Different vs. Similar ROC
Analysis”. Next, the image pairs with significant differences

are classified into pairs with positive and negative differences,
and the ROC analysis is used to test if various objective
metrics can distinguish images with positive and negative
differences, termed “Better vs. Worse ROC Analysis”. The area
under the ROC curve (AUC) values of two analysis are mainly
reported in this paper, of which the higher values indicate
better performance.

B. Performance Analysis

1) Results Analysis: First of all, it is important to analyze
the performance of all IQA models within different λ ranges.
We notice that with λ values closer to 0.5 (i.e., the probability
of causing strong visual confusion increases), nearly all met-
rics tend to perform worse. This indicates that the assessment
of strong visual confusion is a difficult task for most models.
As shown in Table I, λ can perform as the metric for confusion
evaluation, and even acts better than MSE and PSNR, though
the performance is still limited. Among classical IQA indexes,
IW-SSIM and VIF show the top performances, which denotes
that visual information weighting possibly helps the assess-
ment of visual confusion. The improvements of introducing
saliency into SSIM, FSIM, as well as GMSM demonstrate the
importance of visual attention in visual confusion, which is
worth further and deeper research. Surprisingly, the baseline
deep features show good consistence with human perceiving
on the entire dataset, though they are not well performed on
either of the two sub-datasets. Unexpectedly, the widely used
deep metrics LPIPS [37] and DISTS [62] perform even worse
than the baseline methods, which may indicate that visual
confusion is a different type of degradation compared to other
distortions. Finally, our method gets relative better results and
different backbone architectures show different optimization
trends, which denotes that the feature extraction network is
also important. Future studies on exploring different feature
extraction methods are also needed.

Fig. 11 illustrates the performance evaluated by the new
criteria on the CFIQA database. First, we observe that the
proposed CFIQA model significantly outperforms other state-
of-the-art models on Different vs. Similar Analysis and Better
vs. Worse Analysis by a large margin. Furthermore, we notice
the AUC values of the CFIQA metric on the Better vs.
Worse classification task are higher than the Different vs.
Similar classification task, which indicates that the Different
vs. Similar classification is a more hard task and there is still
room for improvement in this classification task.

2) Impact of Different Components: We further verify the
impact of each component in our method. The analysis is con-
ducted based on the backbone of VGG-16 and the results are
shown in Table II. We first remove all components including
channel attention, spatial attention and projection components
(two-layer MLP), and only regress the weighting layers for
feature fusion. The results shown in the first row of Table II
demonstrate that the performance of this method is similar
to the baseline method in Table I. Then we compare the
impacts of channel attention and spatial attention modules for
feature fusion. It can be observed that the spatial attention
module contributes more to the final performance compared
to the channel attention module. Furthermore, we compare
the contributions of two loss functions. It can be observed that
ranking loss contributes most for constraining the optimization
process. Though contributing less, the score regression loss
still improves the performance.
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TABLE I
PERFORMANCE COMPARISON OF THE STATE-OF-THE-ART FR-IQA MODELS ON THE CFIQA DATASET. THE DATASET IS SPLIT INTO THREE

FOLDS, INCLUDING “ENTIRE”, “0.3< λ <0.7”, AND “0.4< λ <0.6”. WE BOLD THE BEST TWO RESULTS
IN EACH GROUP OF MODELS. “*” MEANS ARE-TRAINED MODEL

Fig. 11. New criteria performance of 19 state-of-art FR IQA models and the proposed metric on the CFIQA database. Left two figures are the different vs.
similar ROC analysis results. Right two figures are the better vs. worse analysis results. Note that a white/black square in the significance figures means the
row metric is statistically better/worse than the column one. A gray square means the row method and the column method are statistically indistinguishable.
The backbone of all networks in these figures is VGG-16.

VI. EXTENSION STUDIES ON AUGMENTED REALITY
IMAGE QUALITY ASSESSMENT (ARIQA)

In the above Study I and Study II, we have discussed a
relatively more basic and more general problem, i.e., visual
confusion and its influence on the perceptual QoE. As afore-
mentioned, visual confusion has significant influence on the
QoE of human vision. However, the situation in the above
studies is quite different with the real AR applications, which
is mainly attributed to the fact that in actual AR applications,

the FOV of the AR contents is usually smaller than the FOV of
the real scenes [71]. Thus, we further conduct another subjec-
tive and objective IQA study towards evaluating the perceptual
quality of AR contents in real-world AR applications.

A. Subjective ARIQA
1) Subjective Experiment Methodology: An intuitive way

to conduct subjective AR experiment is wearing AR devices
in various environments and then collecting subjective scores.
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TABLE II
IMPACT OF DIFFERENT COMPONENTS. (BACKBONE: VGG-16. “CA” MEANS “CHANNEL ATTENTION”. “SA” MEANS “SPATIAL ATTENTION”)

Fig. 12. The illustration of the AR simulation in VR environment. (a) The demonstration of the relationship between the omnidirectional image, the AR
image, and the perceptual viewport image. (b) The omnidirectional images are used as the background scenes, which include outdoor and indoor scenarios.
(c) The AR images are composed of three types of content including web page images, natural images, and graphic images. (d) The perceptual viewport
images are generated by superimposing the AR images on the omnidirectional images (here λ = 0.58). Note that the perceptual viewports of the subjects are
changed dynamically with the head movement, however, the relative positional relationship between the omnidirectional image and the AR image is fixed.

However, this way suffers from uncontrollable experimental
environments and limited experimental scenarios [10], e.g.,
the head movement may cause different collected background
images for different users, and it is hard to introduce various
background scenarios in lab environment. Therefore, we adopt
the method of conducting subjective AR-IQA studies in VR
environment for controllable experimental environments and
diverse experimental scenarios.

Fig. 12 illustrates the methodology of the subjective exper-
iment in this ARIQA study. First of all, 20 omnidirectional
images are collected as the background scenes including
10 indoor scenarios and 10 outdoor scenarios. Considering
the real applications of AR, we further collect 20 images
as the reference AR contents, which include 8 web page
images, 8 natural images, and 4 graphic images. The reso-
lution of all raw AR images is 1440 × 900. We generate a
much larger set of distorted AR contents by applying quality
degradation processes that may occur in AR applications.
Three distortion types including image compression, image
scaling, image contrast adjustment, are introduced as follows.
(i) JPEG compression is a widely used method in image
compression, and have been introduced into many quality
assessment databases [72]. We set the quality level of the JPEG
compression at the two levels with quality parameters 7 and 3.
(ii) Image scaling is widely used in modern video streaming
systems, where videos are often spatially downsampled prior
to transmission, and then upscaled prior to display [73]. Such
image scaling can also simulate the distortions introduced by
various resolutions of AR devices. We create distorted images
by downsclaing original images to 1/5 and 1/10 of the original
resolution, then spatially upscaling them back to the original
resolution. (iii) Image contrast adjustment is also an important
factor affecting the human visual perception and has been
commonly introduced into natural IQA [74] and screen content

Fig. 13. Demonstration of the subjective experiment interface for ARIQA.
Note that this subjective experiment is conducted in VR environment, however
this demonstration is the screenshot from the desktop.

IQA [72]. We also use the gamma transfer function [74] to
adjust the contrast, which is defined as y = [x ·255((1/n)−1)

]
n ,

where n = [1/4, 4] (n < 1 is negative gamma transfer,
n > 1 is positive gamma transfer). Hence, for each AR image,
we generate 6 degraded images.

Since the visual confusion strongly influences the human
visual perception as aforementioned, the superimposition
degradation is also introduced. We design a program using
Unity [75] to perform the experimental procedure, including
stimuli display, data collection, etc. Fig. 13 demonstrates the
user interface of the subjective ARIQA experiment. We first
randomly match the 20 AR images and 20 omnidirectional
images in pairs to generate 20 scenarios. Hence, for each
omnidirectional image, we have 7 AR images superimposed
on it (1 reference image + 6 distorted images). During the
experiment, the perceptual viewport can be formulated as:

IS = λ ◦ IA + (1 − λ) ◦ IO , (10)

where IS denotes the perceptual viewport, i.e., the super-
imposed image, IA represents the AR image, IO indicates
the omnidirectional image, and λ ∈ [0.26, 0.42, 0.58, 0.74]

denotes the mixing value used in the experiment, i.e., four
superimposed levels are introduced in this subjective exper-
iment. Overall, 560 experimental stimuli are generated for
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Fig. 14. Histogram of MOSs from the ARIQA database.

Fig. 15. Distribution of MOS values of raw images, JPEG compressed
images, rescaled images superimposed on the omnidirectional backgrounds
with different mixing values. The mixing values λ1, λ2, λ3, λ4 are equal to
0.26, 0.42, 0.58, 0.74, respectively.

conducting the subjective experiment (20 scenarios ×

7 levels ×4 mixing values). As demonstrated in Fig. 12 (a),
the omnidirectional image is displayed in 360 degrees as the
background scenarios, the AR image is superimposed on the
omnidirectional image which is perceived by the perceptual
viewport. Fig. 12 (b), (c) and (d) show the examples of the
omnidirectional images, the AR images, and the perceptual
viewport images, respectively.

A total of 23 subjects participate in the experiment, who
are not included in the aforementioned CFIQA study. All
subjects are recruited through standard procedures similar to
that described in Section III-B. Before the formal test, each
subject experiences a short training session where 28 stim-
uli are shown. The same distortion generation procedure is
introduced for the training stimuli as for the test stimuli, and
these training stimuli are not included in the test session. Since
the experiment is conducted under VR-HMD environment,
the single-stimulus (SS) strategy is adopted to collect the
subjective quality ratings of AR images. A 10-point numerical
categorical rating method is used to facilitate the subjective
rating in HMD [39]. We use HTC VIVE Pro Eye [76] as the
HMD on account of its excellent graphics display technology
and high precision tracking ability. During the formal test, all
560 experimental stimuli are displayed in a random order for
each subject.

2) Subjective Data Processing and Analysis: Similar to
the procedure in Section III-C, we first process the collected
subjective scores to obtain the MOSs. Only 1 subject is
rejected, and each image is rated by 22 valid subjects. Among
all scores given by the remaining valid subjects, about 3.21%
of the total subjective evaluations are identified as outliers and
removed. Fig. 14 plots the histogram of MOSs over the entire
ARIQA database, showing a wide range of perceptual quality
scores.

We further analyze the distribution of MOS values across
different mixing values and various distortions. Fig. 15 shows
the MOS distribution of the images with the degradations of

Fig. 16. Samples of MOS values of raw images, contrast adjusted images
superimposed on the omnidirectional backgrounds with different mixing
values. “N” denotes negative gamma transfer, “P” represents positive gamma
transfer.

JPEG compression and image scaling under different mixing
values. We notice that as the λ value increases, the MOS
value also shows an overall upward trend, of which the reason
is apparent since larger λ value means clearer AR content.
Specifically, for the superimposition of raw AR images and
background images, we find that graphic images provide better
QoE than web page images, and web page images provide
better QoE than natural images in general. It may reveal that
relatively simple AR contents can provide better QoE than
complex AR contents. Moreover, for the superimposed AR
images with JPEG compression and scaling, we notice that
when the mixing value λ is relatively smaller, the MOSs of
these images are closer to that of superimposed raw images,
though the overall MOSs are smaller than that of the larger λ
values. It may reveal that the superimposition degradation is
a more influential quality factor compared to other distortions
when the λ value is relatively small. However, it also means
that the superimposition degradation can hide other distortions.
Fig. 16 plots several examples of the MOS values of raw
images and contrast adjusted images superimposed on the
omnidirectional backgrounds with different mixing values,
which shows that appropriate contrast adjustment may even
improve the perceptual quality of AR contents.

B. Objective ARIQA Models
1) Benchmark Models: As discussed in Section III and

Section VI-A, the visual confusion may affect the human
visual perception and may degrade the QoE of AR. However,
whether the IQA metrics should consider the superimposed
image, the AR image, and the background image together still
needs to be discussed. Therefore, three benchmark variants are
introduced for objective ARIQA. We assume the background
image, the AR image, as well as the mixing value are
known, which can be acquired in real applications, and the
superimposed image can be correspondingly calculated. Let
IAD denotes the AR image with distortions, IAR denotes the
raw reference AR image, IB indicates the background image,
λ represents the mixing value, hence, the displayed AR image
IA and the perceptual viewport image (superimposed image)
IS can be correspondingly expressed as: IA = λ · IAD , and
IS = λ · IAD + (1 − λ) · IB , respectively. Then, three FR-IQA
benchmark variants used to calculate AR image quality are
defined as: Type I, the similarity between the displayed AR
image IA and the reference AR image IAR ; Type II, the
similarity between the perceptual viewport image IS and the
reference AR image IAR ; Type III, the SVR fusion [78] of
the similarity between the perceptual viewport image IS and
the reference AR image IAR , and the similarity between the
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TABLE III
PERFORMANCE OF THE THREE VARIANTS OF THE STATE-OF-THE-ART FR-IQA MODELS ON THE ARIQA DATABASE. THE TOP 3 RESULTS OF

ALL THREE VARIANTS ARE IN BOLD FOR EACH GROUP. THE PERFORMANCE CHANGES COMPARED TO
TYPE I IN TERMS OF SRCC ARE INDICATED IN GRAY FONTS

Fig. 17. The framework of the proposed ARIQA model.

perceptual viewport image IS and the background image IB .
These three variant types can be expressed as:

QType I = FR(IA, IAR ), (11)
QType II = FR(IS, IAR ), (12)

QType III = SVR(FR(IS, IAR ), FR(IS, IB)), (13)

where QType I, QType II, and QType III denote the quality
predictions of the three variants, FR represents the used
FR-IQA metric, SVR indicates the support vector regression
deployment.

2) The Proposed ARIQA Model: Intuitively, using superim-
posed images as the perceptual distorted images, and consid-
ering their similarity with both AR references and background
references may be more effective for evaluating the perceptual
quality of the AR layers. Hence, as demonstrated in Figure 17,
for better evaluating the perceptual quality of AR contents,
we further improve the learning strategy of the CFIQA model
to the ARIQA model by comparing the quality of two homol-
ogous superimposed images. Different from CFIQA, the goal

for the ARIQA is to predict the perceptual quality of AR
contents rather than both two views, therefore, the two output
results of CFIQA are fused to predict the AR image quality.
Considering the effectiveness of the training objectives of
the LPIPS [37] and our CFIQA, during the training process,
two pathways are introduced to ARIQA for comparing the
perceptual quality of two different distorted images of one AR
and background reference pair. Furthermore, we also improve
the ARIQA model to the ARIQA+ model by incorporating the
features from the edge detection model RCF net [66], which
is similar to the way of the aforementioned CFIQA+.

C. Experimental Validation on the ARIQA Database
1) Experimental Settings: In terms of our ARIQA database,

the background image IB (i.e., viewport of the omnidirectional
image IO ) and the superimposed image IS are captured
in Unity, then the results of our proposed ARIQA model
and benchmark models can be calculated accordingly as
aforementioned.

a) Benchmark experiment setting: Besides the state-of-
the-art FR-IQA metrics mentioned in Section IV-A, we also
test the generalization ability of the CFIQA model trained
on the CFIQA database on the ARIQA database. For the
SVR experiment (i.e., Type III mentioned above), we conduct
a 100-fold cross validation experiment. For each fold, the
ARIQA database is randomly split into a training dataset and
a test dataset at a ratio of 4:1. The final results are calculated
by averaging the test results of all 100 cross-validations.

b) Deep learning-based experiment setting: We con-
duct a five-fold cross-validation experiment for the proposed
ARIQA model on the ARIQA database. For each fold, we split
the 560 samples into 280 training samples and 280 testing
samples without scene repeating, i.e., 280 training samples
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Fig. 18. New criteria performance of 19 state-of-art FR IQA models and the proposed metric on the ARIQA database. Left two figures are the different
vs. similar ROC analysis results. Right two figures are the better vs. worse analysis results. The black/white/gray squares in the significance figures have the
same meaning with that in Fig. 11.

TABLE IV
PERFORMANCE OF FOUR TRAINABLE MODELS

and 280 testing samples corresponding to different 10 AR/BG
pairs, respectively. For fair comparison, we also re-train the
LPIPS and CFIQA models only using AR image as the
reference image, which is similar to the concept of Type II
described above. Note that the CFIQA model here is a mod-
ified version, since the original CFIQA aims to compare the
similarity between two reference images for one superimposed
image, while here we focus on comparing two superimposed
images for one AR reference, which is more similar to the
concept of LPIPS.

2) Performance Analysis: Table III presents the perfor-
mance of three types of benchmark variants derived from
the state-of-the-art FR-IQA models on the ARIQA database.
Comparing Type I and Type II, we notice that for most
FR-IQA metrics, using superimposed images as distorted
images can improve the performance of the algorithm. In addi-
tion, as shown in the comparison between Type III and
Type I, when superimposed images, AR images, as well as
background images are jointly considered, the performance of
almost all FR-IQA metrics can be further improved. Moreover,
it can be observed that our proposed CFIQA models trained on
the CFIQA database also achieve state-of-the-art performance
on the ARIQA database. This demonstrates the good general-
ization ability of our proposed CFIQA models and illustrates
that visual confusion is one of the most important factors
affecting the perceptual quality of AR images.

Table IV shows the averaged performance of these four
models after five-fold cross validation. It can be observed that
the ARIQA model achieves better performance than the LPIPS
model and the CFIQA model, and the ARIQA+ achieves
the best performance compared to other models. Fig. 18
illustrates the performance evaluated by the new criteria on
the ARIQA database. We notice that the proposed ARIQA
model significantly outperforms other state-of-the-art models
on Different vs. Similar Analysis and Better vs. Worse Analysis
by a large margin.

VII. CONCLUSION AND FUTURE WORKS

In this paper, we discuss several AR devices and appli-
cations (see Section II-A), and clarify the essential theory
underlying AR, i.e., visual confusion. A more general problem

underlying AR QoE assessment is first proposed, which is
evaluating the perceptual quality of superimposed images, i.e.,
confusing image quality assessment. To this end, we build a
confusing image quality assessment (CFIQA) database, and
conduct subjective and objective image quality assessment
studies based on it. A CFIQA model is also proposed for
better evaluating the perceptual quality of visual confusion.
The results show that without extra degradation, the visual
confusion itself can significantly influence the perceptual qual-
ity of the superimposed images, and state-of-the-art FR-IQA
metrics are not well performed on this problem, especially
when the mixing value is closer to 0.5. Moreover, the proposed
CFIQA model performs better on this task. Next, in order to
better study the influence of visual confusion on the perceptual
quality of AR images in real application scenarios, an ARIQA
study is further conducted. An ARIQA database is constructed,
and three benchmark model variants as well as a specifically
designed ARIQA model are proposed. The results show that it
is beneficial to consider visual confusion when designing IQA
models for AR, and our proposed ARIQA model achieves
better performance compared to other benchmark models.
We hope this work can help other researchers have a better
understanding of the visual confusion effect underlying AR
technology. There are many issues related to visual confusion
or AR QoE assessment that need to be explored in the future.
Several key aspects are discussed as follows.

A. More Complex Degradations and Diverse
Digital Contents

In this paper, on the basis of visual confusion degradation,
we further incorporate three other distortion types. However,
we may encounter more complex degradations [79], [80]
in daily life due to the limitation of photographic appara-
tus, compression processing, transmission bandwidth, display
devices, etc. The perceptual peculiarity of these more complex
distortions may be different from their original characteristics
when mixed with the visual confusion degradation. Moreover,
besides 2D AR contents, 3D rendering may also produce
visual confusion effect when the 3D virtual content is not
fitting in the real-world environment. The perceptual quality of
these more complex degradations and diverse digital contents
under the visual confusion condition needs to be further
studied.

B. More Realistic Simulation for Real-World
Scenes and AR Devices

It should be noted that the simulation used in our ARIQA
study can also be improved. First of all, in the ARIQA study,
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we use omnidirectional images as background scenes, which
cannot simulate real-world depth cues. It is significant to
consider using omnidirectional stereoscopic images or virtual
3D scenes as background scenes to study the 3D visual
confusion problem in future studies. However, the stereoscopic
factor is hard to control, which should be carefully designed.
Moreover, some AR devices may be equipped with dynamic
dimming functions, such as Microsoft HoloLens [23] and
Magic Leap [24] etc. It is also important to discuss this aspect
when studying visual confusion effect for specific devices in
future works. Finally, in real AR applications, the dynamic
range of background scenes and AR contents may be different,
since the background scenes are usually optically see-through
and directly observed by users, while the dynamic range
of AR contents is limited by the display. However, due to
the limitation of the VR display, we cannot reproduce the
dynamic range of real-wold scenes. Future works can also
consider using real AR devices to study the influence of visual
confusion on the QoE of AR.

C. Visual Attention/Saliency of Visual Confusion
As can be observed in Section V above, incorporating

saliency as spatial attention into IQA metrics introduces sig-
nificant performance improvement. However, in this work,
we just apply the saliency map predicted by current meth-
ods on the reference images. We notice that state-of-the-art
saliency prediction models fail to predict the saliency on the
superimposed distorted images. Since the superimposition may
change the original texture, the visual attention may be altered
correspondingly. Future studies on predicting the saliency
of confusing (superimposed) images are also needed [45].
Moreover, the relationship between saliency prediction and
quality assessment under the visual confusion situation also
needs more discussion. In our ARIQA study, we notice that
clearer AR contents bring better perceptual quality for them.
However, it does not mean that we should make the AR
as clear as possible, since it may completely occlude the
background view and may cause trouble or even danger.
For see-through views, besides the perceptual quality metric,
we suppose that the visibility metric may be a good way for
evaluating it, which needs more research on it.

D. How to Improve the QoE of AR
Based on the above discussions, we suppose that it is impor-

tant to consider how to carefully design and harmoniously
display the digital contents of AR to make the QoE of both the
virtual world and the real world better, especially for different
application scenarios and user requirements. We discuss some
factors and present several recommendations that may be
deserved to be studied to improve the QoE of AR in the
future as follows. (i) FOV. The main difference between the
CFIQA database and the ARIQA database is that the FOVs of
two superimposed views in the ARIQA database are different.
We notice that the superimposition of two views with different
fields may help distinguish each other. Future works on how
to appropriately design the FOV for specific applications may
be helpful. (ii) 3D depth cues. The depth difference between
AR contents and BG scenes can help distinguish two layers
and may improve the perceptual quality of them. However,
it should be noted that the depth difference may increase the
risk of inattentional blindness [81], [82]. Thus it may be better

to study the influence of this factor in both the quality problem
(as discussed in this paper) and the saliency problem [45]
together to give a trade-off solution. (iii) Similarity/correlation
between AR contents and BG scenes. As shown in Fig. 1,
if the background view or augmented view is blank, there
is no visual confusion. However, this situation is unlikely to
happen in real cases. A more reasonable solution is calculating
the similarity/correlation between AR view and BG view,
then looking for appropriate space to display AR contents or
adjusting the brightness/contrast/color of AR contents [13].
Our proposed method can be used in this situation. (iv) Dis-
playing AR contents considering scenarios. It should be noted
that different scenarios (e.g., moving, talking, relaxing, etc.)
may need different display solutions. This is a human-centric
problem, which may need to combine other computer vision
techniques from egocentric problems [83] for AR displaying.

E. Other Computer Vision Tasks and Applications
The directly related CV tasks to this work are blind source

separation (BSS) [44], [84] and its sub-tasks, such as image
reflection removal [44] etc. BSS aims at separating source
signals/images from a set of mixed ones, which has been
widely explored recently [42], [44]. Research on FR or NR
IQA metrics of visual confusion may contribute to the evalu-
ation of these problems. Moreover, besides the AR, the visual
confusion may also appear in other display technologies, such
as projector and transparent display screens [85]. Future work
on NR-IQA metrics of visual confusion may help assess the
QoE of these devices.
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