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Video classifier with adaptive blur network to determine horizontally extrapolatable

video content
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Abstract

While the demand for extrapolating video content horizontally or vertically is increasing, even the most advanced techniques
cannot successfully extrapolate all videos. Therefore, it is important to determine if a given video can be well extrapolated before
attempting the actual extrapolation. This can help avoid wasting computing resources. This paper proposes a video classifier that
can identify if a video is suitable for horizontal extrapolation. The classifier utilizes optical flow and an adaptive Gaussian blur
network, which can be applied to flow-based video extrapolation methods. The labeling for training was rigorously conducted
through user tests and quantitative evaluations. As a result of learning from this labeled dataset, a network was developed to
determine the extrapolation capability of a given video. The proposed classifier achieved much more accurate classification
performance than methods that simply use the original video or fixed blur alone by effectively capturing the characteristics of
the video through optical flow and adaptive Gaussian blur network. This classifier can be utilized in various fields in conjunction

with automatic video extrapolation techniques for immersive viewing experiences.
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Figure 1: ScreenX [1] is a technology designed to transform or-
dinary movie theaters into multi-projection environments. It ex-
pands the cinematic experience by using the left and right walls of
a theater as supplementary projection surfaces. ScreenX-enabled
movies can then be projected onto these walls, creating an immer-
sive viewing experience.
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Figure 2: Based on the user test conducted using the DAVIS dataset, extrapolation results that users judged as unnatural fall in one of
three cases. A video scene that passes all conditions is tagged as natural.

Figure 3: Extrapolation result by Dehan et al. [8]. In the experi-
ment, we cropped each side of the frame 12.5% and extrapolated it
back.
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Table 1: The top part of the table explains how we will designate
the datasets henceforth. For both training and evaluation, we have
ground truth denoted as a raw video dataset, the cropped video
where the sides were cut off, and the extrapolated dataset. The bot-
tom part of the table indicates the final count of labels categorized
either as natural or unnatural in the train and evaluation datasets.

Dataset purpose Training Evaluation
Ground truth Traimrew FEvalyqw
Crop 25% Traincrop Evalcrop
Extrapolated back | Traineztra Evalegtra
natural 81 34
Tag
unnatural 255 116
Total 336 150
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Figure 4: Different frame scenarios require different blur widths.
(A) shows a stationary object in the center, allowing for a wider
blur width due to the absence of significant periphery artifacts.
On the other hand, (B) displays numerous temporal artifacts at
the boundary, requiring a narrower blur width and expanded ROL.
These varying scenarios reflect the concept of foveated vision [5]
and have informed our design of an adaptive Gaussian blur net-
work.
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Quantitative
LPIPS < 0.1

Evalgigy

Network

Natural
Network < Unnatural

Qualitative
User test

Select adaptively
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Evalgyirg cEb oo
Natural Adaptive blur
Unnatural
Dataset labeling Extrapolation classification

Figure 5: Our work is divided into two key parts: dataset labeling and classification for extrapolatable video content. Dataset labeling
initially relies on a quantitative evaluation, where an LPIPS value of 0.1 serves as the threshold. This is followed by a qualitative
evaluation using a user test. We establish three cases of extrapolation failure and assign the final natural 1abel to videos that pass all these
cases. For classification, the optical flow of the cropped dataset is initially used as input. Following this, the Adaptive Blur Network(/N,;)
selects the most suitable blur width(W},,,,.) for each frame. The Wy, list is chosen from one of the top 10 best-performing intervals
from the fixed Gaussian blur results. Afterward, frames are blurred by G, and they subsequently pass through a classifier based on Liu
et al., which ultimately determines whether the video will be extrapolated well.

34 YEYI TR

A o Hjo]Agkel of7| 8l A= ResNet-18 [23]-5 W2 © 2 ARG
Sh=TSM 241222 A= ok3lar, o] Aol HH 2 A 2E 95l
Liuetal. [20]2] ¥H-S ARSI AA| M EEQ 2= 1" 5o
Efi} Qlot. Zef| -2 ResNet-182 & & 7]  A-5 744t
S HEHI(Nap)E AXT o] YIES = 7} T dujr} 07
B 97421 9] QIEIAE A5y, o] QI Aof S-Stz Wirwr L
< ulg] Aol B AE A Z7tA 2 B AE=AdH oz 4
AE A Whr #S SN0 2 2 ZAA 2ol L= 10702] Wiy,
#r=ol ZotE o] Slok A H Wiy, gkoll ohet 34 G7F g
Aol 7FAIRF B E A-8ote] 2FHoR B A Z ¢
Ipiur)& QA Ht.

4 4%

7t HlolHA(Bvalcrira) T 85 BlOTE AT rain e ira)2 natu-
ral TE= unnatural 2 2P E]QQTt SH5-8 7F7F oF Aol 12.5%
AR Traineope A6 Y= LA, RE O] 452 Evalerop
2 Gtk 2 T Q] 37]= 224 x 2242 2 E] Gl o,
17 LAt Bel, M8 71 AIe Bels 7t

w5 4seg gotstech

=
=]

o o |o

ol ok
ol ol

ChFE 84 ol mHE 4 Aol & vl g1, WA
; j2e AHg

[e}
2 RGB(Train,q,)2t st 55 RGB(Train fiow)
/E\' 77H9’1 /\_]i E}% —]_—’-;g Wblur

>
o)
o,
T

o= 7HeAIRE |
Bl 2 SlE BIUTHE 3 B2, o Wl olF 439 2
YEDZ} oW Wl BelE AT FHake 7120
e W, BT AURAP), Fl W52 W7 s 900, ol
HIE9I29] 2213 32004 P& e vl eto] 2 E s,

X 20]4 ¥ % 9JE0], 25 55 RGB 2]
dHot ¢ =2 APSL Fl 45 HAH o =
do] BEo] A5 ol 7ottt AS ou]etth. 14 &
2 Aol A= Wi, gkoll et ot 4 B
3), 7V -3k 452 8001 4] 100 Ato] 2]
w2, o] N Y] Wi & 2= 283
A, ¥t 55 RGB o) 483 &5 483t ol 14
EYHET S A5 Halow, 7P 2 H8HE(89.333%),
AP(0.584), F1 Z2=(0.704)= 2HA 519},

Aoy Boj= 1A B8 B} unnatural BT QS gifd o2
B2519th 19 6 2 Wy, = 9602 1145te] 8t 277
7} unnatural B]T) @ = natural 2 2% TS A 712] AU o
Hojzoh Ay @ (Aol A= AA7F A A oA B AAHA &
& Zlo] WeshA Hltt. o 52 Q1 A7t 2 (B)2] 7

il
)
i
)
oo
ol
el
2
N
N
o2l
Hir
Tlo
o
-
il
N
N
I
i
)
1o

- 103 -



Figure 6: These examples show the cases where the fixed blur classifier misjudged the results as natural while the adaptive blur classifier

correctly judged them as unnatural.

Table 2: The performance enhanced in the order of Raw RGB,
Flow RGB, and Flow RGB + Adaptive Blur. The performance of
the classifier was improved by using the proposed components.

DAVIS dataset Accuracy AP F1
Raw RGB 80% 0.2 0
Flow RGB 77.333% 0.356  0.409
Flow RGB + Adaptive blur 88.667 % 0.536  0.655

Table 3: The accuracy, Average Precision (AP), and F1 score varied
depending on the blur width. The total horizontal range of each
frame is 224 pixels, with the possibility of a blur width from 0
to 112 pixels from the center. The interval between 80 and 100
demonstrated superior performance.

Width Accuracy AP F1
42 78.667% 0.358  0.444
56 82.667% 0.343 0.33
70 83.333% 0.443 0.54
88 86.667% 0456  0.523
92 82% 0.393  0.523
96 86.667% 0473  0.583
112 78.667% 0.213 0
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Figure 7: Limitations of our method are demonstrated in failure
cases where the whole object exits the frame or the frame expe-
riences severe shaking. In such instances, the optical flow fails to
accurately detect these features, highlighting the constraints of our
classifier.
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Figure 8: Flow based extrapolation methods Dehan et al. [8] and
Gao et al. [14] share similar failure cases. The scenarios of failure
cases are the same as those mentioned in Figure 2.
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