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ABSTRACT
Along with the development of virtual reality (VR), omnidirectional
images play an important role in producing multimedia content
with an immersive experience. However, despite various existing
approaches for omnidirectional image stitching, how to quantitatively assess the quality of stitched images is still insufficiently
explored. To address this problem, we first establish a novel omnidirectional image dataset containing stitched images as well as
dual-fisheye images captured from standard quarters of 0◦ , 90◦ ,
180◦ , and 270◦ . In this manner, when evaluating the quality of an
image stitched from a pair of fisheye images (e.g., 0◦ and 180◦ ),
the other pair of fisheye images (e.g., 90◦ and 270◦ ) can be used
as the cross-reference to provide ground-truth observations of the
stitching regions. Based on this dataset, we propose a set of Omnidirectional Stitching Image Quality Assessment (OS-IQA) metrics. In
these metrics, the stitching regions are assessed by exploring the local relationships between the stitched image and its cross-reference
with histogram statistics, perceptual hash and sparse reconstruction, while the whole stitched images are assessed by the global
indicators of color difference and fitness of blind zones.Qualitative
and quantitative experiments show our method outperforms the
classic IQA metrics and is highly consistent with human subjective
evaluations. To the best of our knowledge, it is the first attempt that
assesses the stitching quality of omnidirectional images by using
cross-references.

Figure 1: Motivation of cross-reference stitching quality assessment. We establish a cross-reference omnidirectional
dataset with quadruple fisheye images captured at 0, 90, 180,
270 degrees. Taking two images in opposite directions for
stitching, the other two images can provide high-quality
ground-truth references (green boxes) to assess the stitched
low-quality regions (red boxes).

CCS CONCEPTS
• Human-centered computing → Virtual reality; • Computing methodologies → Image processing.

1

INTRODUCTION

With the rapid development of immersive multimedia content in
virtual reality (VR), high-quality omnidirectional images are required to provide a natural immersion of real-world scenarios in
head-mounted displays. Driven by the boost of stitching methods,
there exists a huge demand for the quality assessment of stitched
omnidirectional images. Actually, the quantitative assessment of
stitching quality will be of great help in the development of VR
equipment and computer-aided 3D modeling [2].
In the past decades, dozens of image quality assessment (IQA)
methods [5, 10, 17, 23, 24] have been proposed. These IQA researches have gained large successes in common images. Considering the image categories they focus on, these models can be roughly
divided into two categories. The first category mainly focuses on
the assessment of common daily images. In the recent research
of image denoising and deblurring techniques, many commonly
used indexes such as MSE [37], PSNR [33] and SSIM [35] have been
widely used to evaluate the quality of the generated images. Some
other studies [3, 11] also use the deep models as the evaluation
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metric to learn the assessment model automatically. For example,
Kang et al. [11] proposed a compact multi-task convolutional neural
network for simultaneously estimating image quality and identifying distortions. Liu et al. [17] further proposed a non-reference
image quality assessment with the ranking model of Siamese Network. However, these models usually focus on the photometric
quality indexes such as blurring, noise and color distortions, which
may be not suitable for the omnidirectional stitched images quality.
The second category of the IQA models mainly focuses on the
stitched images, which can be also used, more or less, to evaluate the
omnidirectional images. In recent years, few studies have explored
this less-explored tasks. For examples, Yang et al. [5] proposed a
light-weight model to evaluate the stitched panoramic images based
on ghosting and structure inconsistency. However, this proposed
metric is designed for normal 2-D plane image stitching, while the
dual-fisheye images for generating 360◦ omnidirectional images
face large distortion and information loss in the boundary areas.
Duan et al. [6] established an omnidirectional IQA dataset collected
with four types of distortions and proposed a subjective method to
assess the image quality. However, this method may face difficulties
to get the ideal ground-truth in the stitching areas even with a
labor-consuming calibration.
To tackle these challenges, we mainly address two concerns in
the proposed dataset and models. Firstly, to get the high-quality
ground-truth reference for the stitched regions, we established a
novel Cross-Reference Omnidirectional Stitching data Set (CROSS).
As shown in Fig.1, a cross-reference is implemented within an overlapping region of two wide-angle images for stitching. Taking four
fisheye images along a circle, the two images of 0◦ and 180◦ are
stitched into an omnidirectional image. During stitching, geometry deformation occurs in the region of stitching, so the stitching
results of the other two images of 90◦ and 270◦ can provide highquality ground-truth references for measuring such a deformation.
To the best of our knowledge, we establish the first cross-reference
omnidirectional image dataset which contains 292 quaternions of
fisheye images as well as the stitched images generated by seven
methods.
Secondly, to accurately evaluate the stitching quality in local
regions along with the global experience of environment immersion , an Omnidirectional Stitching Images Quality Assessment
(OS-IQA) algorithm is proposed, where three quality measurements
of stitching region (histogram statistics, perceptual hash, and sparse
representation) and two global ones (global color difference and
blind zone) are introduced and weighted by using a linear regressor
to match the human subjective evaluation. Qualitative and quantitative experiments show our algorithm outperforms the classic
IQA metrics and is highly consistent with the human subjective
evaluation.
The main contributions of this paper are summarized as follows: 1) We establish the first cross-reference omnidirectional image dataset which contains 292 quaternions of fisheye images and
the stitching results of seven methods; 2) We propose a novel OSIQA algorithm to automatically assess the stitching quality of 360◦
omnidirectional images; 3) We conduct extensive experiments to
qualitatively and quantitatively demonstrate the performance of
state-of-the-art stitching methods.

2

RELATED WORK

Many IQA methods have been proposed in the past decades, which
can be roughly grouped into three categories. Some pioneer works
for image IQA [3, 10, 26] focuses on both traditional IQA and common panoramic stitching IQA. In this paper, we mainly focus on the
quality assessment omnidirectional images, which is a less-explored
task with increasing demands.
Classical IQA indexes. Most of recent IQA researches are focused on no-reference image quality assessment (NR-IQA) [20, 30,
38, 41] and full-reference image quality assessment (FR-IQA) [24,
35–37, 43]. NR-IQA do not need specific reference image which
is convenient to the various image assessment task. On the contrary, the assessment of FR-IQA is compared with the result of
reference image, For instance : MSE [37], PSNR [33], SSIM [16].
The assessment of immersive stitching IQA can also be adapted
to fully referenced assessment method. However, the assessment
result may be not necessarily accurate and sometimes do not match
human subjective evaluations.
Learnable IQA. Driven by the rapid developments of deep learning in recent years, various existing problems can achieve better
results with deep learning techniques. Therefore, many researchers
use deep learning to evaluate objects in the field of image quality
evaluation. In daily image processing, it works very well. For image
quality evaluation using depth learning [10, 11], at present, the
biggest problem is that there is no suitable large dataset for study.
Kang et al. [11] is aimed at images which the dataset suitable for
deep learning training and proposed to use 32 × 32 patches for
training. On the one hand, the method increases the amount of
data through simplify image processing, on the other hand, the
discontinuity of the main structure in the image may lead to inaccuracy. Liu et al. [17] trained a Siamese Network to sort and learn
images, and learned the relationship between images by sharing
the weight of the network. And some researchers use convolutional
sparse coding to locate specific distortions [15, 40, 42], and design
the kernel to quantify the mixed effects of multiple distortion types
in local regions.
Stitching IQA. The methods of stitching IQA mainly focus on
the some specific errors, such as stitching distortions and ghosting
regions. Yang et al. [5] solved the problem of ghosting and structural
discontinuity in image stitching by using perceptual geometric error
metric and local structure-guide metric, but for immersive image,
the evaluation method is not comprehensive enough to detect the
global color difference, and the conditions of blind zone. Huang et
al. [9] proposed the quality evaluation of immersed images, mainly
focusing on resolution and compression, neither the quality evaluation of stitching, nor on the image quality evaluation. Ling et
al. [15] utilizing convolutional sparse coding and compound feature
selection which focus on the stitching region for stitched image
assessment. Qureshi et al. [27] using geometric by high-frequency
information and photometric by low-frequency information to evaluate the stitched panoramic images which compared to corrected
unstitched images.
IQA datasets. In the traditional IQA, the existing datasets include LIVE [31] and JPEG2000 [22] dataset. While the dataset for
stitching image quality evaluation includes SIQA [5], but these mentioned datasets are not suitable for research requirements of 360 ×
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Figure 2: Fisheye and cross-reference ground-truth images in the proposed CROSS datasets. Collected original fisheye images
are shown in the first and third row, while the ground-truth omnidirectional stitching images are shown in the second and
fourth row.
180-degree omnidirectional image stitching quality assessment. To
this end, we propose a novel CROSS dataset to motivate our IQA
methods and future studies.

and outdoor environments as well as natural light and no-natural
light conditions.
For the original fisheye images, we take the highest resolution
of 5792 × 2896 limited by the camera settings (Samsung Gear).
For the stitched images, the resolutions are up to the stitching
methods, as summarized in the Table 1. Note that since each scene
consists of images captured from various degrees, the synthesis area
in each stitching result contains the corresponding ground-truth
observations that are required for evaluation. Therefore we must
guarantee that the image content cannot be changed during the
acquisition time.

3 THE CROSS-REFERENCE DATASET
3.1 Omnidirectional Dataset Collection
To address the absence of omnidirectional stitching IQA dataset and
obtain perfect ground-truth for evaluations, we establish a novel
Cross-Reference Omnidirectional Stitching data Set (CROSS). We
use a set of Samsung gear 360 fisheye camera to capture data in
various conditions to enhance the robustness. The CROSS dataset is
composed of images in 10 various scenarios, which can be further
concluded into two families: 1) Indoor : meeting room, classroom,
stairs, underground park, dance room, reading room 2) Outdoor :
street, wild area, basketball court, and residential area. Overall,
the dataset contains 292 quaternions of fisheye images and the
stitching results of seven methods. Some representative examples
can be found in Fig. 2. The proposed dataset covers many indoor

A

B

sti-270

sti-90

Image resolution
5472 * 2736
2048 * 1024
5418 * 2709
4290 * 2183
5418 * 2709
5966 * 3091
5410 * 2777
5792 * 2896

sti-0

ref-90

sti-180

sti-180

ref-270

sti-0

D

C

Table 1: Resolution of images obtained by several omnidirectional stitching methods in detail.
Omnidirectional stitching method
SamsungGear
OpenSource
WeiMethod
Stereoscopic Vision Projection
ManMethod
Isometric Projection
Equidistant Projection
Fisheye Images

ref-0

sti-90

ref-180

sti-270

Figure 3: Cross-reference grouping. One group is consist of
four images with different camera angles. The ref-0 is short
for reference areas in 0 degrees, and sti denotes the stitching areas. When stitching the images of A and C, the image
B and D can provide a perfect ground-truth with fewer distortions.
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Figure 4: Overview of OS-IQA framework. The stitched images are evaluated with three local metrics which focus on the
quality of the stitching region, and two global metrics to evaluate the environmental immersion. These metrics are learned
to fuse by a guided linear classier to match the human subjective evaluations.

3.2

Cross-reference Grouping

To collect the omnidirectional images with high-resolutions, we
use a set of Samsung gear 360 fisheye camera to capture data in the
form of image groups. Each group consists of 4 images captured
from different orthogonal categories (0, 90, 180, 270) degrees at the
same camera position. Taking two images in opposite directions
for stitching, there always exist two images which can provide
ground-truth references without distortions.
To this end, we advocate using the cross-reference images to
evaluate the stitching quality. As shown in Fig. 3, the center region
of image B and D can serve as reference of image A and C (and
vice versa) due to the orthogonal relationship of degrees. When
evaluating the quality of the stitched image at a degree, we call the
fisheye images in orthogonal degrees as the cross-reference.

4

Figure 5: Stitching region attentive sampling. Our method
conducts densely sampling near the stitching region, while
patches far from the stitching region are sparsely sampled
with the proposed criterion.

THE QUALITY ASSESSMENT ALGORITHM

In this section, we propose a novel Omni-directional Stitching Images Quality Assessment (OS-IQA) approach, which is based on
our cross-reference dataset in Section 3. Our approach is organized
as follows: we propose stitching region attentive sampling method
in Section 4.1 to sample the accurate ground-truth patches based on
the cross-reference logic. Obtaining these accurate labels, we adopt
three local indexes to evaluate the stitching region in Section 4.2,
and two global features to evaluate the environmental immersion
in Section 4.3. Combing with these indexes, we resort to linear
regression approaches to learn the parameters automatically in
Section 4.4.

4.1

Stitching Region Attentive Sampling

The main distortions in the stitching images are most likely to
appear in the regions near stitching regions, while the regions
far from the stitching regions are usually with fewer distortions
and other optical mistakes. To this end, we develop a simple yet
effective attentive sampling strategy which emphasizes stitching
regions in the quality assessment process. Verified by many saliency
analysis of gaze tracking [1, 28, 32] on immersive images, human

2363

gaze [29, 34] generally focuses on the range of (-60, 70) degrees in
a 360 × 180 degrees region. To conduct the assessment in a fast and
effective way, we mainly sampled the patches in the range of (-70,
70) relative to stitching line (0 degrees).
In this region, we sampled the patches with the gaussian criterion
to sample more patches near the stitching region, which can be
formally represented as:


(x − µ)2
1
Att(x) = √
exp −
.
(1)
2σ 2
2πσ
We denote position coordinates relative to the stitching line and
sampled patches as x and Att(x), respectively. The region indicators µ is set as the 0.5 times width of the stitching region and σ for
stitching regions and reference regions set as 220 and 350, respectively. As shown in Fig. 5, both stitching images, and ground-truth
images are sampled densely near the red stitching line, while the
remote regions are sampled sparsely owing that fewer distortions
would occur in these regions. Especially, the reference ground-truth
are sampled more densely than the stitching region to reduce the
possible misregistration error.

4.2

expressed. Our sparse reconstruction aims to use the minimal vectors in the dictionary to represent the ground-truth image. The best
stitching images should share the most mutual information with
the ground-truth. To this end, we use the sparse reconstruction
to find the most accurate stitched images with minimal elements
number.
The sparse dictionary D is an over-completed dictionary which
is constructed of stitching patches of the cross-referenced omnidirectional image sets in Section 4.1. The stitched images are denoted
as R and our solving procedure of the minimal X∗ can be formulated
as:
1
X∗ = argminX ||R − DX||F2 + λ||X||1 .
(3)
2
After getting optimized sparse representation X∗ of the stitching
area, we use the widely used SVD decomposition to get the principal
component with F . The final score is evaluated the number of
elements with L1 norm:
r
Õ
Ui Σi VTi ,
X∗ =
i=1
r
Õ

Stitching Region Assessment Metrics

Lspar se = −

After sampling with the region attentive strategy, we further develop three local indicators to evaluate the quality of the stitching
region, where the distortions are most likely to occur in the omnidirectional images.
Histogram feature. The HOG features are most commonly
used metrics to evaluate the image similarities. To this end, we
resort to the histogram between the stitching area and reference
area to calculate the divergence in gray levels. Let N denote the total
number of observations, the divergence between two histogram
vectors mi , mj can be formally represented as:
ÕÕ
Lhis =
cos(mi , mj )||mi ||F2 ||mj ||F2 .
(2)
i

i=1

(4)
||FPCA (Σi )||1 .

The Σ is decomposed with singular values to represent the sparse
reconstructions. With the principal component analysis FPCA , we
use the summarization of the number of vectors for sparse reconstruction as the final score.

4.3

Global Assessment Metrics

Many stitching methods would adjust the optical settings of the
images for better stitching results, which usually bring in some
chromatic aberrations. Moreover, blind regions are usually ignored
by these methods. To accurately evaluate the environmental immersion of stitching omnidirectional images, we develop two global
metrics to evaluate the global experience.
Color difference. To evaluate the point-wise color difference,
we use SIFT [18] matching to find pixel correspondences between
the stitching and the reference area. For each matched point pair,
we compute K nearest neighbor to eliminated mismatches, and
we denoted S and R as the sampled patch of stitching regions and
reference regions, respectively. The sift matching procedure can be
formulated as:

j

We divide the scope of the gray values into N bins and count
the number of gray values in each bin on the image region. In
N for stitching area and
this manner, a vector with a length of | |m
| |1
reference area are obtained, which calculates the cosine similarity
between vectors mi and mj of sampled patches.
Perceptual hash. Despite losing the texture details in stitching
regions, the histogram feature could also be largely influenced by
the gamma correction. Therefore, the differences in the pixel level
of the image calculated by utilizing perceptual hash algorithm about
the image details are removed, leaving only structure and shading.
The stitching and reference regions are firstly resized to 64 × 64
followed with the Discrete Cosine Transform (DCT). After filtering
the high-frequency components, the hash fingerprint is calculated
to output a 4096-dimensional vector for stitching and reference regions, respectively. We use the hash distance Lhash of the stitching
region and reference region as our final similarity metrics.
Sparse reconstruction. To robustly measure the region similarity at various levels of details, we propose to adopt sparse reconstruction errors. More specifically, the corresponding stitching area
and sampling area are obtained by the visual weight processing
module. Then gaussian sampling result of reference area is used
as a dictionary, and the result of stitching are used as data to be

R∗ = argminR ||S − Hsif t (Ri )||F2 , i = 1 . . . K .

(5)

After matching every S with the nearest R, the color difference
score can be calculated as
∗
N Õ
C
Õ
Sik − Rik
,
(6)
Lcolor = −
λ
N ×C
i=1
k =1

where N is the number of sampled patches and C is the number of
channels, the λ is set as 100 to balance the score.
Blind zone. Blind zones are the stitched regions without any
information below the image, which greatly affects the visual comfortableness in the immersive experience. To measure the impact
of blind zones, we conduct a subjective evaluation. In this evaluation, the observers give a subjective score range from 1 to 10 that
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Figure 6: Qualitative results of our OS-IQA methods. The OS-IQA scores are shown in the top left corner (view in blue). The
NIQE [21] and PIQE [23] are shown in the top right corner, from top to bottom in orange, respectively. Images with higher
scores show fewer distortions and color chromatism.
reflects the effect of the blind zone on quality of omnidirectional
stitching metrics. The average value will assign a relative score by
standardization directly.
We propose the following solutions based on the human visual
saliency on the omnidirectional images. Common stitching algorithms generate the blind zone in the form of rectangles, so the
way to compute the proportion of the blind zone in the images
is to integrate the subjective visual saliency values. Specifically,
integration range is from the for rectangles region, the integration
is district D(x, y) for human gaze region in I image. Lbl ind obtains
the blind zone score in Eq. 7.
∬
Lblind = 1 −

D(x,y)

∬
I

P(x, y)dxdy

P(x, y)dxdy

in Eq. 8:
H = β · x,
β ∗ = argminβ (xT Ω−1 x)−1 xT Ω−1 H,

where Ω is the covariance matrix of residual error. In this manner,
the β is learnable to match the human subjective evaluations. Finally,
the final assessment scores can be calculated as R̂ = β ∗ · x, which
can be used to rank different stitching results.

5 EXPERIMENTS
5.1 Experimental Protocol
Experimental settings.In experiments of this paper, we randomly
select 192 quaternions from 8 different scenes from our proposed OSIQA dataset as the evaluation set. For our learnable human-guided
classifier, we use the rest 100 dual-fisheye image quaternions as
the training set. We adopt 7 widely-used state-of-the-art stitching
methods to construct our benchmark, including Samsung Gear
360 [8], OpenSource [7], Stereoscopic Vision Projection (SVP) [19],
Isometric Projection (IP) [4] and Equidistant Porjection (EP) [15],
ManMethod (Manual Method) and WeiMethod [39], which finally
yields 1344 stitched images in total for comparison. In subjective
tests, all experiments are performed on a PICO-HMD apparatus
with a 2560×1440 screen. Subjects are seated in 360-degree swivel
chairs and are allowed to free-view the whole scene. To eliminate
possible viewing biases, the free-viewing process of each scene is
started by placing the stitching areas at the center of the view.
Mean opinion score. We introduce the human subjective evaluation as the ground-truth scores to measure these IQA methods.
The human subjective evaluation is conducted with 12 expert participants, who evaluated these images with Head-Mounted Displays.
To get the ranking score of 7 stitching methods, we conduct the
pair-wise comparisons of every two images from the same group
to get the win-loss times as the score. In this manner, each group

(7)

where P(x, y) denotes the integral function based visual-times distribution, and final blind zone evaluation score is Lbl ind .

4.4

(8)

Human Guided Classifier Learning

After getting the local and global assessment metrics in the above
sections, we further introduce human subjective evaluations to
supervise our classifier. It is hard for a participant to evaluate single
image quality without comparisons. We thus adopt the way that
participants choose the higher quality image by perception when
compare two images, and record the times during comparison (winloss times). Our classifier aims to match human observation as
much as possible. To this end, we use the multiple linear regression
(MLR) [13, 25] to fit the human subjective ground-truth.
Stack vector x = {Lhis , Lhash , Lspar se , Lcolor , Lbl ind } with
the proposed five metrics above, we adopt human evaluation scores
as the ground-truth H , The weight-balance parameters β can be
learned by generalized least squares estimation, which are shown
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Table 2: Average quality assessment scores. The ranking order is viewed in blue.
Method
MSE [37]
PSNR [33]
SSIM [35]
BRISQUE [20]
NIQE [21]
PIQE [23]
CNN [10]
OS-IQA

SamsungGear
0.0347[6]
28.050[3]
0.967[5]
30.023[3]
3.443[1]
32.259[2]
21.125[1]
74.264[1]

OpenSource
0.0322[4]
27.878[5]
0.946[7]
31.185[2]
2.969[6]
45.601[1]
19.026[5]
57.857[3]

WeiMethod
0.0259[1]
30.300[1]
1.261[1]
21.846[5]
3.240[4]
29.548[4]
18.572[6]
62.108[2]

SVP
0.0373[7]
26.204[7]
0.955[6]
15.790[7]
2.772[7]
23.834[7]
19.522[3]
41.067[6]

ManMethod
0.0265[2]
29.864[2]
1.238[2]
21.744[6]
3.226[5]
29.383[5]
18.564[7]
32.074[7]

IP
0.0328[5]
27.333[6]
1.012[4]
31.669[1]
3.230[3]
30.188[3]
20.761[2]
42.485[5]

EP
0.0321[3]
27.907[4]
1.027[3]
24.732[4]
3.306[2]
28.340[6]
19.335[4]
42.514[4]

Table 3: Comparisons with 7 state-of-the-art IQA methods with 5 evaluation criterions.
Metrics
CS(UnNor) ↑
CS(Nor) ↑
PRCC ↑
SROCC ↑
KRCC ↑
RMSE ↓

MOS

MSE [37]

PSNR [33]

SSIM [35]

BRISQUE [20]

NIQE [21]

PIQE [23]

CNN [10]

OS-IQA

1.000
1.000
1.000
1.000
1.000
0.000

0.798
0.829
0.012
0.012
0.024
2.807

0.832
0.851
0.158
0.158
0.143
2.558

0.782
0.834
0.089
0.089
0.071
2.938

0.867
0.857
0.336
0.336
0.238
2.263

0.871
0.852
0.354
0.354
0.262
2.220

0.895
0.872
0.476
0.476
0.365
2.003

0.832
0.847
0.158
0.158
0.103
2.567

0.948
0.930
0.737
0.737
0.602
1.389

Table 4: Comparisons with human subjective evaluations. Evaluation scores: total winning proportions via pair-wise comparisons.
Method
MOS
OS-IQA

SamsungGear
26.53%
27.73%

OpenSource
19.92%
20.72%

WeiMethod
22.63%
21.57%

SVP
6.92%
8.40%

ManMethod
0.95%
1.40%

IP
10.59%
9.80%

EP
12.44%
10.36%

Figure 7: Visualization of algorithm performance in various scenarios.
of 7 stitched image is compared to 21 times and 14,847 images comparison assessments are conducted in total. It cost averagely 5 ∼ 7s
for one participant in each comparison. The winning times of all
methods are thus stacked as a normalized 7D vector to generate the
Mean Opinion Score (MOS), which represents the human subjective
evaluation results [5, 12].
Evaluation metrics. Five evaluation metrics are adopted to
evaluate the performance of IQA algorithms, including the Cosine
Similarity (CS), the Pearson Rank Correlation Coefficient (PRCC),
the Spearman Rank Order Correlation Coefficient (SROCC), Kendall
Rank Correlation Coefficient (KRCC) and Root Mean Square Error
(RMSE). According to the score rank vectors of images in experiment result and times rank vector by better one participants choose,

we compute IQA metrics with MOS to measure the monotonic relationship with each other. Despite this qualitative evaluation metrics,
we also evaluate the proposed methods with the ranking order of
stitching images.

5.2

Comparisons with State-of-the-arts

To evaluate the effectiveness of OS-IQA methods, we compare
our methods with 7 widely-used IQA methods, including classical
methods MSE [37], PSNR [33], SSIM [35], no-reference quality assessment metrics, BRISQUE [20], NIQE [21], PIQE [23], and current
method based machine learning, CNNIQA [10]. We firstly use the 7
compared IQA methods to evaluate results of selected 7 stitching
models, which finally yields 49 scores, as shown in Table 2. To com-

2366

Table 5: Impact of different components. The similarity is
calculated by the cosine metric.
Metric component
Sparse reconstruction
Histogram statistics
Perceptual hash
Color chromatism
Blind Zone
OS-IQA

Figure 8: Stitching region sensitivity. The NIQE [21] and
PIQE [23] are view in orange (top left corner). The proposed
OS-IQA are view in blue (top right corner), which is more
sensitive to the stitching distortions.

natural light and the no-natural light scene in indoors and outdoors
conditions, research whether the performance of proposed OS-IQA
algorithm will appear drops sharply or keep steady.
Results are shown in the Fig. 7. The evaluation performance of
the algorithm is generally robust, it can adapt to indoor, outdoor
and the scene with natural light or not. Under the condition of
Natural-light, the accuracy can reach 94.9%, while Outdoor only
reach 93.7%. Under the influence of standardization conditions,
we find that the algorithm’s scene distinguishability and accuracy
performance are better than unstandardized, mainly because of the
complex lightness conditions and various scenerios.
Impact of different components. To verify the effectiveness
of each component, we conduct experiments with single indicator
to evaluate the omnidirectional image quality, including analyzing
stitching region assessment metric, global color difference, and
blind zone size.
The experimental results are shown in Table 5, which is calculated by the similarity with MOS. Intuitively, the blind zone indexes
contribute least to the final IQA metric. The perceptual hash takes
the most contribution to the final score, which is also a widely used
indicator in fast but coarse image searching. Combing with the five
indicators together, our final OS-IQA achieves the highest scores of
0.948 when comparing to the MOS.

are with these IQA indexes, we use the ranking order (view in blue)
to evaluate these methods. It can be seen that our OS-IQA index
is sensitive to the stitching quality, comparing to other methods.
Qualitative results are illustrated in Fig. 6. Our proposed method is
sensitive to the local distortions and global color difference, while
NIQE [21] and PIQE [23] (view in orange) do not generate favorable
results to match the visual experience. The third row shows the local
distortions and blind zones. The Samsung gear archives best scores
in stitching with minimal distortions and smooth connections while
the OpenSource method generates fracture in stitching regions and
color distortions, which are misestimated by the PIQE [23] methods.
To verify the effectiveness of the proposed methods, we adopt the
human subjective scores (MOS) as ground-truth measurements. As
shown in Table. 3, we adopt five commonly used metrics to evaluate
the similarity of IQA assessment and MOS. More specifically, for
CS indexes, we normalized scores with Bradley-Terry model [14]
as CS-Nor. The rest indexes are evaluated with the ranking scores
of the 7 methods. Our proposed OS-IQA method outperforms both
the hand-crafted IQA indexes [33] and deep learning methods [10]
by a large margin, which is also highly consistent with human
evaluation.

5.3

Similarity with MOS
0.794
0.825
0.841
0.803
0.660
0.948

6

CONCLUSION

In this paper, we first establish a cross-reference omnidirectional
image dataset containing stitched images as well as dual-fisheye
images with standard quarters of 0◦ , 90◦ , 180◦ and 270◦ , which will
be made publicly available for researchers. In this manner, each
quaternion can provide both stitching results and perfect reference ground-truth for quality assessment. Based on dataset, we
further propose a novel Omnidirectional Stitching Image Quality
Assessment (OS-IQA) algorithm, where we design the histogram,
perceptual hash and sparse reconstruction based quality measurements of the local stitching region and propose two global quality
indicators to evaluate the visual color difference and fitness of
blind zones. In our future work, we will explore more evaluation
methods besides MOS evaluations and extend our approach into
omnidirectional videos.

Performance Analysis

Human subjective evaluation. To validate the similarity between
the proposed OS-IQA and human subjective evaluations (MOS), we
normalize the MOS and OS-IQA scores to (0, 1) to make an intuitive
comparison. As shown in Table 4, our proposed OS-IQA is highly
consistent with the MOS, which is tested on the evaluation set. The
maximum divergence between OS-IQA and human evaluations is
about 0.02, which is favorable with such a light-weight assessment.
Stitching region sensitivity. As shown in Fig. 8, we use the
three local indicators which focus on the stitching regions as the
final scores. The scores are shown on the left right corner (in blue),
and the local indicators are sensitive to the local distortions (e.g.,
doors in Fig. 8). While the other state-of-the-art methods NIQE [21]
and PIQE [23] (in orange) do not generate sensitive scores with a
large distortions in local region.
Performances in different scenes. To evaluate the performance stability of the proposed algorithm, we deal with the experimental data in two aspects: unnormalized and normalized. In the
condition of normalization and non-normalization, we explore the

7
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