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Abstract

Omnidirectional videos (ODVs) provide an immersive vi-
sual experience by capturing the 360◦ scene. With the rapid
advancements in virtual/augmented reality, metaverse, and
generative artificial intelligence, the demand for high-quality
ODVs is surging. However, ODVs often suffer from low res-
olution due to their wide field of view and limitations in cap-
turing devices and transmission bandwidth. Although video
super-resolution (SR) is a capable video quality enhancement
technique, the performance ceiling and practical generaliza-
tion of existing methods are limited when applied to ODVs
due to their unique attributes. To alleviate spatial projection
distortions and temporal flickering of ODVs, we propose a
Spatio-Temporal Distortion Aware Network (STDAN) with
joint spatio-temporal alignment and reconstruction. Specifi-
cally, we incorporate a spatio-temporal continuous alignment
(STCA) to mitigate discrete geometric artifacts in parallel
with temporal alignment. Subsequently, we introduce an in-
terlaced multi-frame reconstruction (IMFR) to enhance tem-
poral consistency. Furthermore, we employ latitude-saliency
adaptive (LSA) weights to focus on regions with higher tex-
ture complexity and human-watching interest. By exploring
a spatio-temporal jointly framework and real-world viewing
strategies, STDAN effectively reinforces spatio-temporal co-
herence on a novel ODV-SR dataset and ensures affordable
computational costs. Extensive experimental results demon-
strate that STDAN outperforms state-of-the-art methods in
improving visual fidelity and dynamic smoothness of ODVs.

Introduction
Omnidirectional videos (ODVs), also known as 360◦ or
panoramic videos, cover a full 360◦ field of view by stitch-
ing images onto a sphere. Their wide coverage enables
highly immersive experiences and supports applications in
entertainment, creativity, advertising, autonomous driving,
and video conferencing. Achieving realistic immersion typ-
ically requires high resolutions such as 4K, 8K, or higher
(Elbamby et al. 2018). Nevertheless, balancing visual qual-
ity and transmission cost remains challenging. Video super-
resolution (VSR) offers a promising solution by reconstruct-
ing high-resolution (HR) frames from low-resolution (LR)
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Figure 1: Geometric transformations: (a) ERP. (b) A practi-
cally observed ERP viewpoint. To align with viewing pref-
erences, attractive viewpoints should be emphasized.

ones. Unlike general videos, ODVs must undergo a sphere-
to-plane projection before processing, which introduces un-
even stretching and broken boundaries. These issues render
traditional VSR models ineffective for ODVs.

Common ODV projection formats include Equirectangu-
lar Projection (ERP), Cubemap Projection (CMP), Icosahe-
dral Projection (ISP), and Equi-Angular Cubemap Projec-
tion (EAC), etc. Among them, ERP is the most widely used
due to its low computation cost and broad compatibility. As
illustrated in Fig. 1(a)1, spherical coordinates are defined as
(ρ, θ, ϕ), where θ ∈ (0, 2π) and ϕ ∈ (0, π) represent lon-
gitude and latitude, respectively. The projected planar co-
ordinates are defined as (u, v). Despite its simplicity, ERP
introduces latitude-related distortions, particularly near the
poles, and causes artificial discontinuities along image bor-
ders, breaking the spatial continuity of spherical content.

Deep learning-based VSR models have replaced tradi-
tional interpolation methods, achieving remarkable success.
Unfortunately, these techniques fall short when applied to
ODVs with spatio-temporal distortions. As for omnidirec-

1Detailed derivative processes can be found in Appendix 1.
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Figure 2: WS-PSNR(dB) and Runtime(s) comparison. Our
STDAN outperforms other methods and strikes a balance
between performance and computational efficiency.

tional image (ODI) super-resolution (SR), existing meth-
ods focused on reducing ERP distortions through latitude
correlation (Ozcinar et al. 2019; Deng et al. 2021; An and
Zhang 2023). OSRT (Yu et al. 2023) designed feature-level
offset and alignment. FATO (An et al. 2024) explored fre-
quency distribution. Research on ODV-SR remains limited,
with current works (Liu et al. 2024; Baniya et al. 2023; Li
and Liu 2024) concentrating on latitude-related distortions
without considering spatial discontinuity and temporal in-
consistency. Moreover, the aforementioned models overlook
the human visual pattern. As demonstrated in Fig. 1(b), the
highlighted region stands for the real viewpoint of interest.

This paper proposes a Spatio-Temporal Distortion Aware
Network (STDAN) to address the unique challenges of
ODV-SR. Unlike conventional video SR methods that
mainly rely on temporal alignment, STDAN explicitly ad-
dresses the complex spatio-temporal degradations unique to
360◦ ODVs. It jointly models spatial and temporal correla-
tions via an omni-positional encoding–based spatial align-
ment module and an interlaced multi-frame reconstruction
module to maintain temporal stability. Moreover, a latitude-
saliency-adaptive loss function concentrates on high-heat
regions. We also present a new ODV-SR dataset covering
diverse scenarios. Extensive experiments demonstrate that
STDAN achieves state-of-the-art performance. The main
contributions are summarized as follows:

1) We propose STDAN to fully exploit the spatio-temporal
properties of ODVs. The spatio-temporal continuous
alignment (STCA) incorporates positional information to
mitigate projection distortions effectively.

2) An interlaced multi-frame reconstruction (IMFR) is de-
signed based on a spatio-temporal sequence rescheduling
mechanism, guaranteeing temporal consistency.

3) A latitude-saliency adaptive (LSA) loss is adopted to en-
hance regions with high texture complexity and watching
interest, thereby enhancing perceptual quality.

4) We develop the first ODV-SR network tailored for prac-

tical applications, emphasizing computational efficiency
and focusing on actual viewpoints, as shown in Fig. 2.
Additionally, a variety of ODV-SR dataset is introduced
to improve the generalization capability of STDAN.

Related Work
Video Super-Resolution
Traditional VSR networks are broadly divided into two cat-
egories: sliding-window and recurrent frameworks. The for-
mer (Kappeler et al. 2016; Caballero et al. 2017; Wang et al.
2019; Tian et al. 2020) leverages the temporal correlation be-
tween a reference frame and its neighboring frames within a
short temporal window. The latter (Sajjadi, Vemulapalli, and
Brown 2018; Haris, Shakhnarovich, and Ukita 2019; Chan
et al. 2021, 2022) employs a recurrent mechanism to cap-
ture long-term relationships across frames. Benefiting from
the long-term modeling capability, Transformer (Vaswani
et al. 2017) has been integrated into VSR (Liang et al. 2022;
Shi et al. 2022; Zhou et al. 2024; Xu et al. 2024; Kim
et al. 2025). However, the complex attention calculations in
Transformer-based VSR approaches pose significant chal-
lenges for practical deployment, particularly when it comes
to enhancing ODVs to at least 2K resolution.

Omnidirectional Image Super-Resolution
Intuitively, Ozcinar et al. (Ozcinar, Rana, and Smolic 2019)
designed a latitude-related loss to alleviate ERP distor-
tions. LAU-Net (Deng et al. 2021) designed a framework
with multiple latitude levels. SphereSR (Yoon et al. 2022)
proposed an icosahedron-based feature extraction module.
OSRT (Yu et al. 2023) presented a distortion-aware Trans-
former oriented to real-world fisheye down-sampling. FATO
(An et al. 2024) reduced ODI distortions by analyzing
the frequency domain distribution. BPOSR (Wang et al.
2024) applied a bi-projection network to facilitate the fu-
sion between different projections. FAOR (Shen et al. 2025)
adapted the implicit image function from the planar domain
to the ERP domain by integrating spherical geometric priors.

Omnidirectional Video Super-Resolution
Despite the impressive progress in VSR techniques, ODV-
SR has not garnered the attention it deserves. SMFN (Liu
et al. 2024) introduced a dual single-frame and multi-frame
network. A weighted loss function is also provided to make
the network pay more attention to equatorial regions. S3PO
(Baniya et al. 2023) adopted a spherical distortion fea-
ture extractor in an attention-recurrent framework, unbound
from conventional VSR alignment. VertexShuffle (Li and
Liu 2024) utilized a focused icosahedral mesh to repre-
sent local sphere regions and further constructed matrices
to rotate spherical content over the entire sphere. Although
referenced ODI/ODV-SR models modulated latitude-related
ERP distortions effectively, the spatial discontinuity inher-
ent in projection and temporal inconsistency remain under-
explored. Besides, the tendency of human visual attention in
ODVs is hardly involved. In this paper, we propose an effi-
cient spatio-temporal aggregation framework with watching
inclination to enhance the immersive experience.
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Figure 3: Overview of the proposed Spatio-Temporal Distortion Aware Network (STDAN).

Methodology
Overview
The overall framework of STDAN is depicted in Fig. 3.
Built upon the bi-directional propagation framework (Chan
et al. 2022), STDAN consists of three main components:
spatio-temporal continuous alignment (STCA), interlaced
multi-frame reconstruction (IMFR), and a latitude-saliency
adaptive (LSA) module. Given an LR video sequence
{x1, ..., xi, ..., xn}, we first extract the feature gi from each
frame xi. This feature is then passed to STCA, which con-
ducts continuous spatio-temporal alignment to produce the
enhanced feature hi. The process is formulated as follows:

hi = SA(C(TA(hi−2, hi−1, gi),Res(gi))), (1)
where TA(·) and SA(·) refer to temporal and spatial align-
ments, C(·) stands for channel-wise concatenation, and
Res(·) denotes residual blocks. The aligned feature hi is sub-
sequently fed into IMFR for interlaced reconstruction:

ĥi = MFF(PixelShuffle(MFR(hi, wi)), w
′

i), (2)
where MFR(·) and MFF(·) indicate the multi-frame recon-
struction and fusion processes. The parameter wi is a learn-
able weight that guides interaction across frames. After
MFR, we employ PixelShuffle (Shi et al. 2016) to up-sample
reconstructed features and further smooth outputs using a
fixed-weight w

′

i. The final HR frame yi is generated via a
global residual connection. Notably, we estimate the LSA
loss to emphasize practically appealing regions.

Spatio-Temporal Continuous Alignment (STCA)
The ERP inherently introduces distortions and discontinu-
ities, which pose challenges for ODV-SR. To address these
issues, we propose STCA that integrates omni-positional en-
coding (OPE) to achieve joint spatio-temporal alignment.
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Figure 4: DCN-based temporal correlation alignment (a) and
spatial distortion alignment (b). Optical flows and omni-
positional encoded offsets supply spatio-temporal priors.

Dimension Expansion Alignment DCN-based (Dai et al.
2017) alignment has been widely adopted for temporal mo-
tion compensation. Following BasicVSR++ (Chan et al.
2022), we apply SpyNet (Ranjan and Black 2017) to com-
pute the optical flow fi as temporal guidance. Using this
flow, we calculate the offset ot and mask mt for the warped
feature g

′

i, which serve as the initialization of temporal
DCNT. Fig. 4 (a) inspects the forward alignment process; the
backward pass follows the same procedure. To tackle geo-
metric distortions in ODVs, we extend the alignment range.
Unlike previous feature-level warping (Yu et al. 2023), we
design a spatio-temporal joint framework with an ODV-
oriented OPE to achieve multi-dimensional continuous mod-
ulation. As shown in Fig. 4 (b), positional cues and distortion
patterns are captured through a lightweight prediction block
consisting of a 1×1 convolution with two hidden layers. The
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proposed STCA is defined as follows:

ot = Res(C(gi, g
′

i)) + fi,mt = Conv(C(gi, g
′

i)), (3)

h
′

i = DCNT(C(hi−1, hi−2), ot,mt), h
′′

i = C(h
′

i,Res(gi)), (4)
os = Conv(P(OPE(xi))),ms = Conv(P(OPE(xi))), (5)

hi = DCNS(h
′′

i , os,ms), (6)
where OPE(·) means omni-positional encoding, and P(·)
represents prediction block. The prediction block allows po-
sitional priors to adapt dynamically to the content distribu-
tion, thereby enhancing the flexibility of spatial DCN.

Omni-Positional Encoding In contrast to the compli-
cated cylinder-style convolution proposed for ODI inpaint-
ing (Liao et al. 2023), we develop a tight spatial align-
ment with OPE to exploit geometric priors. Specifically, we
capture ERP positional cues to predict offsets for a learn-
able spatial DCN, achieving precise distortion modeling. For
ODVs, ERP introduces quantifiable latitude-dependent dis-
tortions (Appendix 1), hence, we adopt cosine-based vertical
PE at each latitude. Additionally, the ERP left-right bound-
ary separates adjacent pixels and introduces stitching arti-
facts. As depicted in Fig. 5 (a), boundary windows exhibit
severe mismatches, degrading visual quality. Since polar re-
gions are free of discontinuities, we introduce a horizontal
PE that mimics the unrolling of a cylinder:

[sin(1/100002k/du), cos(1/100002k/du), . . . ], (7)

where d indicates one-half of the encoding dimensions. This
handcrafted encoding explicitly facilitates interaction across
boundaries. Finally, we concatenate vertical and horizontal
PE to obtain the complete OPE. After OPE-guided predic-
tion and learnable spatial DCN, STCA adaptively reallocates
sampling positions to modulate ERP distortions and restore
spatial coherence, as illustrated in Fig. 5 (b).

Reconstruction

Fusion

𝑤1

𝑓 𝑖
𝑃

𝑤𝑖𝑤2 𝑤𝑖−1
…

𝑤𝑖

𝑡1 𝑡1 𝑡𝑖−2 𝑡𝑖−1

1×1 Conv Sigmoid
1×𝐻×𝑊×𝐶 1 × 𝐻 × 𝑊 × (2𝐶) 1×𝐻×𝑊×𝐶×2

Adaptive weights

𝑡𝑖

𝑤𝑖
𝑃

Fixed 

weights

ℎ𝑖

𝑤𝑖+1
…

𝑓 1
𝑃 𝑓 2

𝑃 𝑓 𝑖−1
𝑃…

𝑓 𝑖
𝑃 𝑓 𝑖+1

𝑃 …

𝑓 1
𝐶 𝑓 2

𝐶 𝑓 𝑖−1
𝐶…

𝑓 𝑖
𝐶 𝑓 𝑖+1

𝐶 …

𝑓 1
𝑁 𝑓 2

𝑁 𝑓 𝑖−1
𝑁…

𝑓 𝑖
𝑁 𝑓 𝑖+1

𝑁 …

𝑡𝑛−2

𝑡1 𝑡2 𝑡𝑖−1 𝑡𝑖 𝑡𝑖+1

𝑡2 𝑡3 𝑡𝑖 𝑡𝑖+1 𝑡𝑖+2

𝑤𝑛−1 𝑤𝑛

𝑓 𝑛−1
𝑃 𝑓 𝑛

𝑃

𝑡𝑛−1

𝑓 𝑛−1
𝐶 𝑓 𝑛

𝐶

𝑡𝑛−1 𝑡𝑛

𝑓 𝑛−1
𝑁 𝑓 𝑛

𝑁

𝑡𝑛 𝑡𝑛

𝑡𝑖−1

𝑓 𝑖
𝐶

𝑓 𝑖
𝑁

𝑡𝑖

𝑡𝑖+1

𝑡𝑖

𝑓 𝑖+1
𝑃

𝑓 𝑖
𝐶

𝑓 𝑖−1
𝑁

𝑡𝑖

𝑡𝑖
෠ℎ𝑖

P
re

v
io

u
s

S
eq

u
en

ce
C

u
rr

en
t

S
eq

u
en

ce
N

ex
t

S
eq

u
en

ce

𝑤𝑖
𝑁

Figure 6: Interlaced multi-frame reconstruction. The target
frame fC

i is reconstructed with weighted fP
i and fN

i and
fused with fP

i+1 and fN
i−1 to ensure temporal consistency.

Interlaced Multi-Frame Reconstruction (IMFR)
The memory constraint of HR ODVs limits the length of
video sequences that can be processed at once. A straight-
forward solution is to divide the full sequence into short
subsequences and enhance them independently. However,
truncated frames risk temporal flickering. To improve visual
consistency, we explore cross-frame relationships within re-
stricted subsequences and propose an interlaced multi-frame
reconstruction (IMFR). IMFR reconstructs three temporally
interlaced sequences and gets target frames through sliding
interaction among corresponding frames in three sequences.

To leverage temporal correlation among limited frames,
we triple the channel of intermediate features and split them
along the temporal axis into three subsequences: previous
fP , current fC , and next fN . Each index i thus corresponds
to prior frame, target frame, and subsequent frame. To unify
sequence lengths, we pad fP and fN by replicating their
first and last frames. As demonstrated in Fig. 6, the target
frame fC

i is jointly reconstructed from its neighbors fP
i and

fN
i . The aligned feature hi is fed into a 1 × 1 convolution to

predict adaptive weights wP
i and wN

i that modulate the con-
tributions of fP

i and fN
i . A Sigmoid followed by a scaling

factor of 0.5 constrains the range of weights.
Thereafter, we up-sample three sequences and fuse the

target frame fC
i with its temporal counterparts fP

i+1 and
fN
i−1, enforcing a weighted smoothing across the three sub-

sequences. Formally, the fused frame is computed via:

fi = Norm(α1f
P
i+1 + fC

i + β1f
N
i−1), (8)

where Norm(·) indexes normalization, and weights α1 and
β1 are preset to 0.01. The IMFR propagates temporal con-
text into every frame and smooths it, yielding a temporally
coherent video sequence.

Latitude-Saliency Adaptive Module (LSAM)
Considering practical ODV watching habits, we introduce
a latitude-saliency adaptive module (LSAM) to counteract
latitude distortions while respecting viewing preferences.
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Dataset ODV-SR Dataset
Method PSNR (dB)↑ / SSIM↑ WS-PSNR (dB)↑ / WS-SSIM↑ E∗

warp↓ VMAF↑ Top-5 PSNR (dB)↑ / SSIM↑
Bicubic 28.01 / 0.8218 27.20 / 0.7933 8.25 44.85 26.37 / 0.7562
OSRT 27.98 / 0.8419 28.11 / 0.8314 9.84 70.00 28.01 / 0.8204

BPOSR 27.58 / 0.8024 28.41 / 0.8294 9.65 71.58 28.27 / 0.8148
EDVR 30.40 / 0.8765 29.61 / 0.8569 11.69 81.56 29.87 / 0.8580

BasicVSR 30.53 / 0.8785 29.64 / 0.8591 8.42 82.54 29.76 / 0.8581
BasicVSR++ 30.72 / 0.8807 29.83 / 0.8621 8.44 83.39 30.10 / 0.8640

VRT 30.92 / 0.8832 30.06 / 0.8649 8.74 83.88 30.44 / 0.8665
PSRT 31.01 / 0.8834 30.14 / 0.8653 8.68 83.77 31.53 / 0.8732

MIA-VSR 31.09 / 0.8843 30.17 / 0.8660 8.71 83.57 31.48 / 0.8729
IA-RT 31.11 / 0.8845 30.18 / 0.8659 8.69 83.75 31.47 / 0.8734

STDAN(Ours) 31.13 / 0.8876 30.23 / 0.8698 7.60 85.13 31.61 / 0.8736
Dataset 360VDS Dataset MiG Dataset
Method PSNR(dB)↑ / SSIM↑ WS-PSNR(dB)↑ / WS-SSIM↑ PSNR(dB)↑ / SSIM ↑ WS-PSNR(dB)↑ / WS-SSIM↑
Bicubic 25.11 / 0.7518 24.37 / 0.7164 28.97 / 0.8215 28.78 / 0.7985
OSRT 25.35 / 0.7926 25.00 / 0.7676 30.63 / 0.8618 30.13 / 0.8472
EDVR 26.79 / 0.8252 25.99 / 0.7994 30.30 / 0.8534 29.93 / 0.8340
SMFN - - 30.56 / 0.8505 30.13 / 0.8381

BasicVSR 27.10 / 0.8313 26.25 / 0.8057 30.71 / 0.8588 30.10 / 0.8397
BasicVSR++ 27.21 / 0.8358 26.36 / 0.8110 30.71 / 0.8578 30.23 / 0.8387

S3PO 27.24 / 0.8225 26.31 / 0.8026 31.16 / 0.8565 30.42 / 0.8453
VRT 27.23 / 0.8359 26.43 / 0.8124 30.85 / 0.8636 30.45 / 0.8461
PSRT 27.30 / 0.8383 26.48 / 0.8148 30.97 / 0.8625 30.42 / 0.8443

MIA-VSR 27.28 / 0.8380 26.48 / 0.8146 31.03 / 0.8619 30.38 / 0.8433
IA-RT 27.34 / 0.8397 26.53 / 0.8164 31.24 / 0.8655 30.50 / 0.8472

STDAN(Ours) 27.38 / 0.8408 26.51 / 0.8165 31.21 / 0.8669 30.50 / 0.8488

Table 1: Quantitative ×4 ODV-SR comparison on ODV-SR, 360VDS, and MiG Panorama Video datasets. Bold and underlined
values indicate the best and second-best results.
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LSAM offline estimates latitude projection and saliency at-
tention maps to assign weights in the loss function. Instead
of fusing them as priors in the network, LSAM incurs zero
additional cost at inference, making it deployment-friendly.

Latitude-Related Projection Map As shown in Fig. 1,
ERP pixels are non-uniform. We quantify this distortion by
the stretching ratio (STR) (Sun, Lu, and Yu 2017), which
measures the local area variation after projection. From Ap-
pendix 1, the ERP STR is derived as:

STR(u, v) = cos(ϕ) = cos(v), (9)

Based on Eqs. 9, we measure ERP distortions through
latitude-related pixel weights ranging from 0 to 1:

Wlat(u, v) = cos((v − (H/2) + 0.5)π/H). (10)

Saliency-Oriented Attention Map While ODVs span
360◦, human views fixate on limited regions. We there-

Figure 8: Examples of the proposed ODV-SR dataset, includ-
ing dynamic and static scenes.

fore enhance high-frequency observed viewpoints to im-
prove perception. Built upon SalEMA (Linardos et al. 2019;
Dahou et al. 2021), we utilize a two-branch network (Fig. 7)
to capture global context and regress viewpoint likelihood
for predicting ODV saliency. Afterward, we multiply paral-
lel results to get the saliency-oriented weight Wsal(u, v).

Latitude-Saliency Adaptive Loss Function As shown in
Fig. 3, LSAM is pre-computed to yield pixel-level weights.
The composite loss steers the network toward attractive ar-
eas. Loss Llat and Lsal are formulated as follows:

Llat/Sal = E(Wlat/Sal ⊙ |IHR − ISR|), (11)

where IHR and ISR denote ground-truth HR and recon-
structed SR patches. E(·) is matrix averaging. The latitude-
saliency adaptive loss function L is defined as:

L =

√
∥IHR − ISR∥2 + ε2 + α2Llat + β2Lsal, (12)

where the first item represents Charbonnier loss (Lai et al.
2017) and ε is assigned as 10−3.
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Figure 9: Qualitative ×4 ODV-SR comparison on ERP, fisheye, and perspective ODV-SR dataset.

Experiments
Experimental Details
Prior ODV datasets are either too small (only 4 test se-
quences in MiG (Liu et al. 2024)) or of limited resolu-
tion (360 × 480 in 360VDS(Baniya et al. 2023)). Al-
though NTIRE (Cao et al. 2023) released a high-quality
ODV360 dataset, its test set is not publicly available. To
facilitate training and testing, we gather a new ODV-SR
dataset sourced and reorganized from public websites and
the ODV360 dataset. It contains 270 training, 20 validation,
and 25 testing clips at 1080 × 2160 resolution. As illustrated
in Fig. 8, it covers diverse scenes, including landscapes,
sports, driving, movies, virtual games, and animation. For
training, HR frames are cropped into 256 × 256 patches,
with 20-frame clips and a batch size of 2. STCA embeds 7
residual blocks. We train STDAN with Adam (lr = 10−4)
and CosineRestart for 300K iterations. The SpyNet is jointly
fine-tuned at ×0.25 the STDAN’s learning rate. All experi-
ments are conducted on 8 A800 GPUs using PyTorch.

Comparison Results
We conduct a comprehensive evaluation covering
interpolation-based Bicubic; ODI-SR methods OSRT
and BPOSR (Yu et al. 2023; Wang et al. 2024); CNN-based

VSR methods EDVR, BasicVSR, and BasicVSR++ (Wang
et al. 2019; Chan et al. 2021, 2022); Transformer-based
VSR methods VRT, PSRT, IA-RT, and MIA-VSR (Liang
et al. 2022; Shi et al. 2022; Xu et al. 2024; Zhou et al.
2024); ODV-SR methods SMFN and S3PO (Liu et al. 2024;
Baniya et al. 2023); and our STDAN. PSNR, SSIM, and
ERP-specific WS-PSNR (Sun, Lu, and Yu 2017) and WS-
SSIM (Zhou et al. 2018) are computed on the Y channel.
For fairness, reproducible video models are retrained on the
ODV360 dataset; otherwise, we adopt reported results.

Computational Efficiency Comparison Computational
efficiency on the ODV-SR dataset is summarized in Fig.
2. Relative to Transformer-based VSR approaches, VRT,
PSRT, MIA-VSR, and IA-RT, STDAN achieves a faster run-
ning speed while preserving the best SR quality, striking
an effective complexity-performance trade-off. Detailed pa-
rameters, FLOPs, and runtime are reported in Appendix 2.1.

Quantitative Comparison As displayed in Tab. 1, our
STDAN achieves the best or second-best quantitative met-
rics on all benchmarks, demonstrating its superior capacity.
Notably, the HR-grade ODV-SR dataset offers results that are
closer to real-world conditions. While Transformer-based
MIA-VSR and IA-RT yield competitive performance, they
incur markedly higher computational overhead.
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Figure 10: Qualitative ×4 ODV-SR comparison on ERP
boundaries in ODV-SR dataset.

Models with Proposed Modules ODV-SR Dataset
WS-PSNR / WS-SSIM

0 Baseline 29.83 / 0.8621
1 +Latitude Distortion Map 29.93 / 0.8643
2 +Saliency Attention Map 29.91 / 0.8641
3 +Spatio Distortion Alignment 29.85 / 0.8635
4 +Cylinder Position Encoding 29.88 / 0.8639
5 +Interlaced Multi-frame Reconstruction 30.06 / 0.8665
6 +Interlaced Multi-frame Fusion 30.02 / 0.8667
7 +Data Augmentation 30.04 / 0.8653

Table 2: ×4 ODV-SR ablation study on different modules.

Qualitative Comparison Fig. 9 presents visual results
from representative VSR methods. Upon inspection of
zoomed-in regions, only STDAN restores grids and stripes
of buildings clearly. In the second scene, the small white
letters “YOUR” become most legible in the STDAN recon-
struction. Beyond the ERP format, we further visualize re-
sults on fisheye and perspective ODVs. On such formats,
STDAN continues to rebuild visually more pleasing tex-
tures. These observations corroborate that STDAN recon-
structs finer structural details and surpasses current methods.

Spatio-Temporal Consistency Comparison As dis-
cussed in Sec. STCA, we introduce spatio-temporal joint
alignment to modulate discontinuities flexibly. First, we
evaluate spatial consistency across ERP boundaries. Ac-
cording to Fig. 5 (a) and 10, we stich the left and right
margins into a unified perspective view. Within the high-
lighted rectangular regions, it is clearly evident that STDAN
maintains identical window structures on both sides of the
seam, whereas competing approaches reconstruct dissimilar
neighboring windows with obvious visual discontinuities.

The warping-error metric E∗
warp (Lai et al. 2018) quanti-

fies temporal consistency. As illustrated in Tab. 1, STDAN
attains the lowest E∗

warp, evidencing its ability to produce
smooth ODVs. We further evaluate video quality using
VMAF (Blog 2016), a widely adopted metric that jointly as-
sesses spatial fidelity and temporal coherence. STDAN also
obtains the highest VMAF score (Tab. 1), confirming its su-
perior spatio-temporal reconstruction. To intuitively indicate
the temporal stability of STDAN, we include temporal pro-
file comparisons and a user study in Appendix 2.3 and 2.4.

Viewpoint Comparison When watching 360◦ ODVs,
viewers naturally focus on appealing local regions. To as-
sess practical perceptual quality, we sample the Top-5 high-
frequency observed viewpoints with a SURF-based detec-

Fusion and Weight ODV-SR Dataset
Parameters WS-PSNR(dB) / WS-SSIM
α1, β1 = 0 29.83 / 0.8621

α1, β1 = 0.001 29.98 / 0.8657
α1, β1 = 0.01 30.02 / 0.8667
α1, β1 = 0.1 29.69 / 0.8669

α2 = 0 β2 = 0 29.83 / 0.8621 29.83 / 0.8621
α2 = 0.01 β2 = 0.01 29.90 / 0.8644 29.86 / 0.8637
α2 = 0.1 β2 = 0.1 29.93 / 0.8643 29.91 / 0.8641
α2 = 1 β2 = 1 29.81 / 0.8610 29.83 / 0.8615

Table 3: Ablation study of fusion and weight parameters.

tor (Xu, Zhou, and Chen 2020) and calculate their PSNR
and SSIM. By achieving 0.14 dB PSNR gains over IA-RT in
Tab. 1, STDAN performs better on salient viewpoints where
it matters most to human observers.

Ablation Study
In this section, we perform ablation studies to validate each
proposed module, comparing the ×4 SR baseline against
variants that incrementally include individual components.

Effects of Proposed Modules
Tab. 2 summarizes the ablation results. Model 0 is the base-
line and Models 1-7 add one module at a time. Specifically,
Models 1 and 2 with the refined loss bring about 0.1 dB WS-
PSNR gains. Model 3 exceeds the baseline by 0.13 dB, and
its optimized variant Model 4 gains another 0.03 dB. Models
5 and 6 achieve about 0.2 dB improvements with iteration in
three temporal sequences. A similar conclusion can be ob-
served in WS-SSIM. These results indicate the effectiveness
of the proposed modules, which can enhance ODV-SR per-
formance. Besides, Model 7 boots WS-PSNR by 0.21 dB,
confirming the value of the proposed ODV-SR dataset. More-
over, we visualize ×4 SR results of Models 1-7 in Appendix
2.5 to provide an intuitive comparison.

Effects of Different Fusion and Weight Parameters
As discussed in IMFR and LSAM Section, we preset fusion
parameters α1, β1 = 0.01 and balance latitude and saliency
weights with α2, β2 = 0.1. As shown in Tab. 3, these default
values are from a grid search and yield the best performance.

Conclusion
In this paper, we proposed a Spatio-Temporal Distortion
Aware Network (STDAN) for omnidirectional video super-
resolution (ODV-SR) in practical scenarios. First, we de-
signed a spatio-temporal continuous alignment module with
omni-positional coding to offset spatio-temporal distortions
and discontinuities. Next, we presented an interlaced multi-
frame reconstruction module to enhance the temporal con-
sistency of restored ODVs. Finally, we introduced a latitude-
saliency adaptive module to weigh regions with visually sen-
sitive texture and human-watching interest. We further col-
lected a diverse ODV-SR dataset and developed comprehen-
sive experiments on it. Extensive experimental results on dif-
ferent datasets demonstrated that our STDAN achieves the
best ODV-SR performance and is application-friendly with
faster speed and real-world viewpoint enhancement.
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