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Motion Rectified Fisheye Video Enhancer in Real-world Scenario
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ABSTRACT

Fisheye video enhancement is seldom addressed in low-level vision tasks. In this paper, we propose

a fisheye video enhancer (FVE) capable of improving overall image quality of 1920x1920-sized fisheye
frames. To achieve this goal, we first develop a real-world fisheye-camcorder dataset and a matching
algorithm to generate well-aligned patch pairs for training. To tackle large motion in the captured dataset,
we also propose a Motion Refiner (MR), which rectifies motion blur and restores image sharpness by
using short-long-term fused images and flows. Experiments show that the MR module is an
indispensable component in our FVE and yields considerably higher quality images than existing

methods based on CNN or Transformer architectures.
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Introduction

Panoramic image and video super-resolution (VSR)
have seen great development in recent years'. Most of
the works design panoramic-specific modules in their
network architecture and loss, aiming to deal well with
severe distortion in the image/frame. These panoramic-
specific methods are usually focusing on equirectangular
projection (ERP)'*¥, which is transformed from dual
fisheye sensor image. There are few works studying
fisheye image and video super-resolution according to our
survey. Although most consumer fisheye cameras have a
built-in fisheye to ERP convertor and directly output ERP
image, some applications use customized fisheye lens
cameras that do not have such feature. For example, for
construction site application, people usually use
customized fisheye camera that is suitable for on-site
inspection. In this case, a fisheye image/video enhancer
that can improve resolution, quality and sharpness of the
captured image, as well as remove noise, blur and artifact
is highly demanding.

In this paper, we deal with video enhancement for
panoramic fisheye videos. Fisheye video is the original
sensor signal captured by the fisheye lens camera before
projection transformation (e.g., to ERP). Although the
perspective view is a user-friendly projection and does not
introduce significant distortion, it has limited field of view
compared to fisheye projection and ERP. In construction
site, it is usually necessary to view the entire wide-open
space for monitoring and inspection purposes. In this case,
fisheye image or ERP image is better because they have
much wider field of view (180° to 360°). More
importantly, fisheye image is the native image format
captured directly by the fisheye panoramic camera. It
possesses  consistent  pixel-density’.  Projection
transformation such as ERP and perspective break this
consistency” and introduce processing artifact, which
leads to unrealistic image when applying enhancement.

Therefore, it is favorable to enhance the original fisheye

image than ERP or perspective image. This is the
motivation of our work.

One important aspect is the dataset used for training.
Existing VSR methods usually train a network using
synthetic dataset*®, in which bicubic or blur degradation
is used to generate low resolution (LR) input. The trained
model using synthetic dataset does not generalize well to
real-world data because the latter includes much more
complicated degradations such as optical aberrations, lens
distortion, sensor noise etc. that are difficult to synthesize.
In our case, we aim to enhance captured fisheye video
frames directly to higher resolution and quality without
downsampling. For example, given an input 4Kx2K dual
fisheye, we enhance it to an output 8Kx4K fisheye with
higher quality. Therefore, a real-world dataset consisting
of original-size fisheye frames as the input and higher
resolution and quality counterparts as the ground truth
(GT) is required. Since it is non-trivial and expensive to
obtain paired input-GT full fisheye videos, we simplify
this process by adopting only the central region of the
fisheye which is aligned with a higher quality GT
counterpart. We show that our model trained on the central
region of the fisheye generalizes well to other regions too
(Fig. 6), and brings visually appealing full fisheye
enhanced frames. To ensure the image quality of the
captured GT video, we decide to use a 4K camcorder
instead of phone cameras because the former has better
optical system and sensor than the latter such that high
quality GT videos can be obtained. Based on the above
reasons, we propose a real-world fisheye-camcorder
dataset and a matching algorithm which can align the
fisheye central region with the camcorder’s frame, then
extract paired input-GT patches from the aligned frames.
We then use the extracted patches for training.

Another important aspect is the motion blur in the
captured data. We found that it is hard to remove large
motion blurs using state-of-the-art (SOTA) VSR or video
restoration networks for our dataset. This is probably

because the fisheye data is much more complicated than
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public datasets used for the SOTAs. The complexity of
fisheye data generally lies in three folds: First, fisheye
image has much lower quality than ordinary camera’s
because the former’s angular resolution is very low.
Second, fisheye motion blur does not simply follow object
movement along one dimension but with two
dimensions”. Third, the captured image itself also embeds
with some camera-specific noise which is unique to the
fisheye camera. All these add to the difficulty for motion
blur removal and image quality improvement for fisheye
videos. To recover image sharpness and obtain a
perceptually good enhanced fisheye video, we propose the
motion rectified fisheye video enhancer, or FVE. The
motion rectification is realized by a module inside FVE
called Motion Refiner (MR). We will show that the MR is
a crucial and indispensable component in our network for
blur removal. We further show that an image and flow
discriminators following the MR module are also
important for perceptual quality improvement.
Our contributions are as follows:

Propose a fisheye video enhancer (FVE) capable of

enhancing full-size fisheye video frame to high

resolution and image quality.

Propose a fisheye(input)-camcorder (GT) real-world

panoramic video enhancement dataset (fish-cam

dataset in short) and a matching algorithm to align

the fisheye central region with the camcorder’s frame.

Propose a motion refiner (MR) to tackle large
motions which are difficulty for existing SOTA
networks and restore sharpness of the enhanced
frames. Our FVE equipped with MR achieves
superior performance than existing state-of-the-arts

(SOTAS).

Related arts

2-1 Panoramic image/video super-resolution

Most of the existing panoramic image or video super-
resolution methods focus on module and loss design on
ERP based on its pixel density distribution and

distortion 381011,

For example, a latitude adaptive
upscaling algorithm for ERP super-resolution was
proposed,? a distortion aware attention block considering
different latitudes on the ERP was also proposed,® a dual
learning strategy and a weighted loss was adopts to handle
non-uniform information distribution on the ERPY, and a
spherical signal super-resolution with proportioned
optimization (S3PO) model was designed for ERP VSR.!?
Although fisheye image/frame includes more complicated
distortion than ERP¥, we demonstrate a simplified way of
training by adopting only the central region of the fisheye
which is aligned with a higher quality GT counterpart.
Without adaptive design for the fisheye, the trained model

is still proved to generalize well to the peripheral regions

(Fig. 6).

2-2  Video super-resolution for ordinary

camera

A lot of VSR methods focus on the design of temporal
alignment and fusion module. EDVR!? uses pyramid
cascading deformable convolution (PCD) for alignment
and temporal-spatial attention (TSA) fusion module to
emphasize different informativeness of each neighboring
frame with respect to the reference frame. BasicVSR'®
uses a bidirectional propagation to strengthen long-term
information connection, and emphasizes the importance
of feature alignment over image alignment. Its updated
version IconVSR'® adds an information-refill module to
mitigate accumulated error in long-term frame alignment.
Other works such as deformable convolution'® and
DUF!® use non-optical-flow-based method for alignment.

BasicVSR-++!9 adopts a hybrid version using flow-guided
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deformable alignment to stabilize training. Recently, a
bunch of transformer-based methods®!”-!%1% have also
been proposed. However, none of the above is designed
for fisheye video data that are more challenging than the

ordinary camera data as we described in section 1.

2-3  Synthetic and real-world dataset

Considering the difficulty of collecting real-world
paired data, a lot of VSR works adopt synthetic data in
which the degradation is realized by downsampling and/or
blurring operation from the GT frames*>!3>1720, In the
panoramic image/video SR field, most of existing
methods also use synthetic dataset'>?!?2.) proposes a
MiG panorama dataset which consists of ERP videos from
the Internet. Their training input and GT are downsampled
8x and 2X respectively, directly from the original ERP
using bicubic interpolation. Lau-net® generates LR input
by bicubic downsampling on the ERP HR image with
scaling factor 8X and 16X on the ODI-SR and SUN 360
Panorama? datasets.

Our dataset is different in that the input data are directly
extracted from the fisheye image. More importantly, we
adopt real-world dataset where the input LR is not
downsampled from the GT but captured directly from a
dual-fisheye camera. Our GT is captured by a 4K
camcorder with much higher quality than our input. Then
we directly apply trained model on the full-size fisheye
frames of 2K x2K resolution (one fisheye). We are doing
this because we aim to enhance captured fisheye video
frames directly to higher resolution and quality. Real-
world data have the merit of real-world degradation which
is much more complicated than synthetic one?*29), thus a
carefully trained model can generalize well to practical
applications. Many works capture real-world paired input-
GT data by using different cameras or same camera with

different focal lengths®®.

To cope with the different
exposure, optical aberrations and color balance in the data,
people also use matching algorithm for alignment.

Although real-world VSR and dataset have been studied

for ordinary cameras e.g., phones’ or DSLRs??, few has
studied panoramic real-world VSRY, let alone collecting
a corresponding dataset. In this work, we focus on the
study of real-world fisheye VSR by presenting a dataset
as well as a network that is tailored to tackle the

complexity of the dataset.

Fisheye camera

-

Frame 141 Frame 2~81

4K Camcorder

Frame 173 Frame 344

Frame 0

Fig. 1 Top: consecutive frames from one fisheye video
clip (only central regions extracted from the full
fisheyes are shown); Bottom: consecutive frames
from the camcorder at the same scene captured at
the same period. Here the camcorder’s frame

number is 1.223 times that of the fisheye.

Methodology

3-1 Real-world fish-cam video enhancement

dataset and matching algorithm

In this paper, we improve overall quality of the input
fisheye video with a scale factor X 2. More specifically,
we super-resolve an input single fisheye frame from
resolution 1920x1920 (2K) to 3840x3840 (4K), improve
texture details and image clarity, remove blurs, noise and
artifact simultaneously. The reason why we only test 2X
is that it maintains a good balance between processing
time and image quality: lower scale factor (1X) may not
produce acceptable perceptual quality, and higher scale
factor (e.g., 4X or 8X) is very memory-hungry and takes
very long time to process one single fisheye frame
because its resolution will become very large: 7680x7680
(in case of SR4X). One challenge is how to align the videos

spatially and temporally. Unlike ordinary real- world VSR

Ricoh Technical Report No.48

43

2026



me
1

=G - ; Image Discriminator
Generator fy Motion Refiner | ) 1010
D'(Y;, f)
Pre-deblur- |
denoise- VSR backbone i
module ‘ I R(G(I)) Ir Flow Discriminator
b
Ffbt e DF(nguse’ F})use) ok 1 or'0
Train stage

Fig.2 Our FVE network consists of four main components: generator, motion refiner (MR), image and flow discriminators.

For simplicity purpose, only backward flows are shown.

works in which the video pairs of input-GT frames are all
captured in the perspective projection”?”, our fish-cam
real-world dataset includes pairs that are in different
projections, i.e., fisheye and perspective for input and
ground truth, respectively. Unlike the distortion-free
ground truth frames, the fisheye frames are severely
distorted around image boundaries. A matching algorithm
is therefore required to precisely align the video pairs
(spatially alignment). Since the field of view (FOV) of our
camcorder frames are mostly overlapped with the central
region of our fisheye frames, our algorithm can be
simplified by matching only the overlapped region where
the distortion is not so severe. Additionally, the fisheye
camera and the camcorder have different frame rate,
resulting in different number of frames even if captured in
the same periods of time. Therefore, a temporal alignment
method should also be considered. We summarize our data
collection and matching algorithm as follows:

+  Capture low-quality videos using the fisheye camera
and the corresponding ground truth videos using the
4K camcorder.

Select a set of continuous frames from each type of
videos. Figure 1 shows two sets of frames recorded
at the same scene.

* Adjust the frame number of the two sets for temporal
alignment: to ensure that the camcorder’s frame
number is N times that of the fisheye (in our case the
former’s frame rate is a little bit higher), where N is

not necessarily integer. Then we use the int(iXN)th

frame of the camcorder to spatially align with the i th
frame of the fisheye, where int indicates integer
operation. The spatial alignment further consists of
three steps: a) coarse matching, b) fine matching and
¢) template matching.

One issue caused by the real-world dataset captured by
two different cameras is the misalignment of LR-GT frame
pixels and color/luminance difference?®. To mitigate the
influence of these factors on model performance, we can
either combine synthetic datasets (e.g., REDS?®) with the
fish-cam dataset or initialize a training using a pre-trained
model of the combined dataset. As we mentioned in
section 2.3, the LR frames of the synthetic dataset is
generated by downsampling the GT. There is no pixel
misalignment and color difference issues which is
common in the real-world dataset. The inclusion of
synthetic dataset helps improving model performance and
reducing color/luminance difference between the input

and output frames.

3-2 Network architecture

Our network has four main components: a generator, a
motion refiner, an image discriminator and a flow
discriminator. The generator further includes two modules:
a pre-deblur-denoise module to remove noise and blur
before feeding frames to the next module, a VSR
backbone module for frame propagation, alignment and
aggregation. The proposed motion refiner (MR) aims to

rectify large motions that are unable to be fully resolved
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by the generator. The image discriminator aims to
generate photorealistic output frame from the MR module.
The flow discriminator aims to generate fused short-long-
term flows as close to the GT flows as possible. The full

architecture is shown in Fig. 3.

Motion Refiner
i+t

i b 9 f
fgl ] Fi+1,i ﬂ—'
short-term i+2
i+1e
b g
g Fiioi .
G(I)_ fgl+2. . .
= . —_
-.-—_[ - fL+n
" Py i .
[ long-term Fquse
i e d
el

Concatenation Spatial Warping Short-long-term-

along temporal image fusion
dimension

Fig. 3 Motion Refiner. Only backward flows are shown
for simplicity purpose.

As mentioned in section 1, our dataset is complicated
in terms of image quality, noise and motion blur. An
effective pre-deblur-denoise module can alleviate the
burden of the subsequent VSR backbone network. We
adopt the multi-frequency RRDB structure introduced
in?” to initially remove noise and blur from the input
frames. Then, the VSR backbone performs the basic tasks
of frame propagation, alignment and aggregation, which
are widely used in most VSR networks. The backbone can
be any SOTA network which is insertable between the pre-
deblur-denoise module and the MR. Specifically, an input
sequence denoted as [ with shape (b,t,c, h,w) isfedto
the generator G and output an enhanced sequence f; =
G(I) with shape (b,t,c,2h,2w). Here b, t, ¢, h and w
represent batch size, number of neighboring frames,
number of input and output channels, and height and
width of one frame, respectively. The generator output
G(I) serves as the input of the subsequent MR.

In the following paragraphs, we mainly discuss the
proposed motion refiner and the subsequent two

discriminators.

The MR module aims to rectify motion blurs which are
hard to be removed by the generator alone. A rational way
to achieve this is to examine both adjacent and distant
optical flows of a blurry frame from G(I) and use
precisely estimated flows to warp towards this frame. The
reason for incorporating both adjacent and distant flows is
that the adjacent frames of the blurry one are usually
blurry too, in which case the accurate flow cannot be
estimated due to intensity change and mis-matching®?.
The distant frames, however, are highly possible to
include sharp ones, which can be used to compute
accurate flows. In the MR module, we concatenate distant
flows with adjacent ones along the temporal dimension
and feed them to the subsequent flow discriminator. Each
adjacent or distant flow is also used to warp towards the
blurry frame, and the original blurry frame and warped
ones are fused together, then fed to the subsequent image
discriminator. These short-long-term flow and image
fusions help refining motion blurs that cannot be fully
resolved by the generator.

F2y: inaccurate

sz,11 inaccurate
ng: accurate

Fo (FPo +W(F$1, Ffo)

sz,03 inaccurate
F},: accurate
Fgo: accurate

Ffl (accurate)

b b
F3, Fb, F3o F{’fn

g e N

Frame 3, sharp Frame 2, sharp Frame 1jb|urry Frame OT bltrry

Fig. 4 Residual short-long-term flow computation. The
long-term flows are useful to estimate accurate
optical flows when they are computed from sharp
frames.

Specifically, as shown in Fig. 3, let jfgi be an arbitrary
blurry frame from G(I) where i€ (1,2,..,t). Its
neighboring frames are denoted as fi*1, fi*2, .., fi*™.
For simplicity purpose, we only consider backward flows
in the following definitions. Then, we can compute
adjacent and distant backward flows as Fil-)i-l,i'Fil-Jl-z, i
. Filln, ;- Here we adopt residual flow defined as follows

for flow computation from frame i +n to i
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b
Fl+n1_

Fl.+1 1+W ( i+n,i+1>

Ffis0) (1
where the flow from frame i +n to i +1, i.e, Fi’iniﬂ
are warped towards flow Ff, ;, ie., flow from frame
i+1 to i, then added with F/, ;. The distant flow
Fl-l_’m_l-+1 can be computed using the same definition in (1).
An illustration of residual flow between four frames is
shown in Fig. 4. As to adjacent flows in Fig. 4, only Fgf’_ 2
is accurate because frame 2 and 3 are sharp. This flow map
can be used to compute distant flows Fj ; and then F?
using (1), which are also accurate. As a result, the distant
flow F3b, o 1s used in the warping module to warp frame 3
towards 0, obtaining a sharp frame.

The adjacent and distant flows are then passed to the
warping module of MR, which warp the corresponding
frames toward fgi. This can be expressed as follows:

f = W P, ) ®)
where W indicates spatial warping operation that warps
frame i +n towardsi and E}Tﬁ is the warped frame.
In this way, we can obtain warped frames
fg;f_f , ‘f'_f, ,]":ffd" that may include sharp ones, as
shown in Fig. 3. We then fuse the warped frames with fgi
to obtain f;!, which is one output of the MR module. This
can be defined as

f F(fg; l.+1 fgL+n) + f:g (3)

where F indicates short-long-term image fusion along the

I.+2
)

channel dimension followed by some convolutional layers.

Note that f; here only includes fused frames from the
backward direction. The full f;
the

should also include

frames from forward direction, which is
straightforward to add. f; serves as the input of the
subsequent image discriminator.

On the other hand, the obtained short-long-term flows
Fl+1 l,F+2 o ...,Fl-lfm,i are concatenated along the

temporal dimension to obtain a fused backward flow map
Ffbuse-

Ffuse = C(Fy 0 Flia i or Flin, 1) 4)
where € means concatenation along the temporal
dimension. Similarly, we can obtain the fused forward

flows as fuse The fused flows Ff,;, and F/ ., arethe

fuse

other two outputs of the MR and serve as the inputs of the
subsequent flow discriminator.

Overall, our MR module denoted as R can be defined
as follows:

F Ffuser Fluse = RG D) ®)

The initial backward and forward flows between
adjacent frames are computed using pretrained Spynet®!
model, after which all parameters inside R are updated
for each iteration. The shape of f! is(b,3,2h,2w) and the

shapes of Ffuse and F, are (b, fs,2,2h,2w), where

fuse
fs1 indicates the number of concatenated short-long-term
flows for each of the backward and forward flows. Here
the channel number equals 2 indicating the vertical and
horizontal components of each flow.

The image and flow discriminators in our network aim
to generate indistinguishable fused short-long-term images

£t and flows Ffbuse , from their corresponding

fuse
ground truth versions. We use relativistic discriminator®?
to achieve the target. Specifically as shown in Fig. 2, we
denote D' (Y;f!) as the image discriminator, where

Y;(i € 1,2,...,t) isthe ith GT frame corresponding to f:.

Similarly, the flow discriminator is denoted as
b

DF(F}ise’ FfbuSE) and DF(P}%];e' fuse) where F}ise and

1?‘17]; . are the corresponding fused GT flows for backward

and forward directions, respectively. Note that P}‘Zl;e nd

fuse follow the same equations (1) and (4) to compute
adjacent and distant flows as well as concatenation. The
output of D! and DF are either 1 or 0, indicating more
realistic than a fake data or less realistic than a real data,
respectively. For instance, D' - 1 means Y; is more
realistic than f.
Our objective function for generator and motion refiner
can be expressed as the following general form:
Ler = {< 1@ LI(';I,:R (6)
Note that L;y is defined across both ¢ and R nets.
The subscript in (6) indicates the loss is computed from
output of either G or R. The superscript I or F means

loss computed for image or flow, respectively. «; is the
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(a) Input frame

(b) Input close-up (c) BasicVSR'® (d) BasicVSR++!® (e) VRT'?

(f) FVE (Ours)

Fig. 5 Central region enhancement. All models are trained using fish-cam dataset and GAN.

weight for balancing each loss term. In order to obtain
perceptually good output frame with rectified motion blur,
we let LIGF r include pixel-based content loss, perceptual
loss in VGG space, relativistic discriminator loss (for both
fused image and flows) and end-point-error loss*”

One thing needs to be mentioned is that we adopt
GAN*) and adversarial losses in our network design. We
found that a discriminator as well as GAN losses are
necessary because it generates perceptually better results
with finer details and sharper edges than non-GAN
methods trained with only pixel level loss, e.g.,
Charbonnier loss!>!3161D or L1 loss?. Existing methods
seldom use GAN for video enhancement because GAN is
difficult to train and not stable. It is good enough to train
a non-GAN model for most of the public VSR datasets
e.g., REDS, Vimeo*Y. However, in our case, non-GAN
model does not perform good because our dataset is much

more complicated as described in section 1.

4, Experiments

In this section, we compare our FVE with some VSR
methods that are widely adopted in the literature. The
methods include BasicVSR'?, BasicVSR-++'9 and VRT!?.
Compared to these methods, FVE considers the accuracy
of the optical flow estimation by residual short-long-term
flow computation introduced in Fig. 4. Besides, FVE is
based on pure convolutional network, so it is
computationally efficient than an ordinary transformer
architecture in vision tasks such as image/video SR. In
addition, the proposed FVE adopts a flow discriminator
which will generate indistinguishable flows from their
corresponding ground truth. None of the aforementioned
methods adopt the flow discriminator.

Since we have the aligned camcorder frames by using
matching algorithm introduced in section 3.1 (but
corresponding to only a small central region in the fisheye
frame because the camcorder has limited FOV), we regard

them as the GT and evaluate different methods using full-
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(a) Input frame  (b) Input close-up

(c) BasicVSR'™®

(d) BasicVSR++!9

(e) VRT'? (f) FVE (Ours)

Fig. 6 Full-size single fisheye enhancement. All models are trained using fish-cam dataset and GAN.

reference metrics: PSNR, SSIM and LPIPS*. Since
different metric has different definition and focus for
evaluating image quality, we believe that these full-
reference metrics can reflect the overall performance of
the model. For full-fisheye images, we cannot use full-
reference metrics because we have no corresponding full-
fisheye GT. In this case, we evaluate using no-reference
metrics: NIQE*®, and BRISQUE?".

On the other hand, the evaluation of our method cannot
apply WS-PSNR/WS-SSIM that are designed for EPR
image/frames®®3) because fisheye possesses different
pixel density distribution with ERP. To compare fairly
with the existing methods, we adopt non-panoramic
methods such as EDVR, VRT etc., and train with GAN
(only image discriminator) using the same losses as ours.
Some methods output multiple frames instead of single
frame. In that case, we feed the discriminator with the

central output frame only.

Table 1 Full-reference evaluation on fisheye central
region. All scores are averaged over 300
enhanced images of size 1280x640 by
referring to the corresponding GT of the same
size. PSNR and SSIM are computed for RGB
channels. Best marked in red.

PSNR (1)  SSIM(T)  LPIPS (})
BasicVSR™ 15.02 0.6625 0.5491
BasicVSR+'®) 14.92 0.6631 0.5352
VRT" 14.52 0.6570 0.5389
Ours (FVE) 15.46 0.6461 0.5188

As mentioned in 3.1, we combine synthetic dataset with
our fish-cam dataset to mitigate the influence to the model
performance caused by the misalignment of input-GT
frames. Specifically, we add REDS to our fish-cam dataset
with a ratio of training pairs 1:1. Note that all SOTAs and
our model are trained using the same fish-cam dataset
combined with REDS. The full-reference metrics are

computed between enhanced frames by different methods
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and the GT. All enhanced frames are super-resolved with
scaling factor 2X.

Table 1 and Fig. 5 show full-reference results and the
corresponding visual quality of all compared methods for
central region of the fisheye frame. We can see that our
FVE are very effective for blur removal in all three sample
images, which all possess motion blurs of some extent.
Especially, the third row shows large motion blur around
the left and right parts of the image. Thanks to the
proposed MR module, our method can recover sharp
edges and clear textures. Other methods also improve the
sharpness and clarity over the input image, but they are
not comparable to our results. Our FVE also outperforms
other compared methods for PSNR and LPIPS scores with
large margin.

Table 2 and Fig. 6 show no-reference results and the
corresponding full-fisheye visual results. In Fig. 6, we
show enhanced regions in the peripheral areas to validate
that our model trained on the central region also performs
well on other areas. Our visual results outperform other
compared methods in terms of image sharpness and
texture improvement (see the object edge marked with
arrows on the cropped area in the third row). The
quantitative results in Table 2 also show that our FVE is
superior to other methods in terms of image quality

evaluated by no-reference metrics.

Table 2 No-reference metrics: BRISQUE and NIQE are
computed by averaging 180 full single fisheye
enhanced images selected from six video clips.
Best marked in red.

BRISQUE(!) NIQE(!)
BasicVSR™ 27.55 4.6229
BasicVSR++9 24.24 4.9305
VRT" 32.76 5.7020
Ours (FVE) 234 3.2981

In addition, we also show the processing time of
compared methods in Table 3. We tested three methods
using 2K (1920%x1920) fisheye frames and generate 4K

(3840 x 3840) super-resolved frames. The input frame
number is set to 9, which means all nine neighboring
frames are used to compute optical flow and fed to the
motion refiner. We run all methods on a single RTX
4070Ti Super GPU to make sure fairness comparison. The
processing time includes only the inference time from
loading the model to output the result. For FVE, we adopt
BasicVSR as the VSR backbone (please refer to Fig. 2 for
more details). We compute average processing time over

30 consecutive frames.

Table 3 Processing time comparison.

Methods Average processing time(s)
BasicVSR™ 2431
VRT" 3583.55
Ours (FVE) 38.19

We can see that the processing time for FVE is
approximately 1.57 times that of BasicVSR, and much
faster than VRT, which runs about 1 hour. The full and no
reference scores in Tab.1 and 2 show that FVE surpasses
BasicVSR and VRT with a large margin. This indicates
that enhancement by scale factor 2X maintains a good
balance between processing speed and image quality.

Finally, to investigate the effectiveness of the proposed
real-world dataset, we compare model performance on a
synthetic dataset and our fish-cam dataset. We used
0ODV360 dataset*” as the synthetic data for training. Since
ODV360°’s original HR frames format is EPR with
resolution 2160x 1080, we convert them to fisheye frames
first. Each ERP frame is converted to left and right fisheyes
with resolution 1080 1080. Then we downsample the left
and right fisheye by scale factor 2X to create the LR
frames. EDVR was adopted as the VSR backbone. To
compare with model trained with our fish-cam real-world
dataset, we tested both models on real-world data.
Quantitative and qualitative results are shown in the
Table 4 and Fig. 7. For quantitative evaluation, we use no-

reference metrics BRISQUE and NIQE for 30 consecutive
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frames and compute the average scores as the final scores.
For qualitative evaluation, we denote model trained by
ODV360 dataset as Model ODV360 and those by real-
world dataset fish-cam as Model Fish-Cam.

Note that model trained using synthetic dataset
generates enhanced image with poor perceptual quality.
This is because the model is trained using pure synthetic

data which cannot generalize well to the real-world data.

© (d)

(@) (b)

Fig. 7 Qualitative comparison between model trained by
ODV360 (synthetic) and fish-cam (real-world)
dataset. (a) Input frame. (b) Input close-up.

(c) Model ODV360. (d) Model Fish-Cam.

Table 4 Quantitative comparison between model
trained by ODV360 and Fish-Cam dataset.
Scores are averaged over 30 consecutive
fisheye frames.

0ODV360 Fish-Cam
BRISQUE(!) 43.44 234
NIQE(!) 42875 3.2981

4. Ablation study

To further verify the effectiveness of the proposed FVE,
and the necessity of the MR module and subsequent image
and flow discriminators, we carried out ablation study by
adding or removing important modules. We compare our
full model using all four components: generator G,
motion refiner R, image discriminator D' and flow
discriminator Df with model using only G and D'.
Table 5 shows the full and no reference scores and Fig. 8
shows the visual results. Note that the first column of
Fig. 8 shows the close-up of the central region shown in
Fig. 5.

We can see that the model using only G and D!
cannot effectively remove large motion blur shown in the
third row of Fig. 8 (also refer to Fig. 5 third row for large
motion of this area) because it lacks the MR module which
rectify large motions that G alone cannot resolve. For
texture improvement shown in the first and second rows,
GD'" also shows unsatisfied results. Our full model
GRD'DF(FVE) significantly improves the image quality
over GD!, removes large motion blur effectively and
recover fine textures as shown in Fig. 8. The quantitative
results in Table 5 also show the superiority of the full
model over GD'. This suggested that the proposed MR

module and the subsequent image and flow discriminators

are crucial and indispensable designs in our network.

(a) Input close-up  (b) GD'  (c) GRD'DF(FVE)

Fig. 8 Ablation study. Visual comparison between our
full model GRD'DF with the model using only G
and D'.

Table 5 Ablation study. All scores are computed using the
same rules as Table 1 and 2. Best marked in red.

GD! GRD'DF (FVE)
PSNR(T) 14.62 15.46
SSIM(1) 0.6401 0.6461
LPIPS() 0.5242 0.5188
BRISQUE(l)  27.01 23.40
NIQE(l) 4.8595 3.2981
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Conclusion

This paper proposed a fisheye video enhancer (FVE)
that enhances full-size fisheye frame to high resolution
and image quality. We also proposed a real-world fisheye-
camcorder dataset and a matching algorithm to train a
model adaptable to real-world degradation. To deal with
the complexity of the dataset and large motions that
cannot be resolved by the generator alone, we further
propose a motion refiner followed by one image and one
flow discriminator. Experiment shows the proposed FVE
equipped with MR achieves superior quality over

compared works trained using GAN and same losses.
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