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Image Stitching based Frame Interpolation Framework for Dynamic
Camera Images
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Abstract

The video frame interpolation method is a technology to increase the number of frames per second (FPS) of an image by taking
two frames that actually exist as input and creating a virtual intermediate frame that does not exist. Optical flow-based frame
interpolation, one of the video frame interpolation methods, is a technology that generates an intermediate frame by predicting the
mobility for a virtual intermediate frame by calculating the mobility of pixels between frames. Therefore, if the pixels of the
previous frame do not appear in the next frame or have high mobility between frames, inaccurate optical flow may be predicted
and an interpolation frame with artifacts may be generated. In a dynamic camera environment, not only the object pixels in the
image move, but also the background pixels are mobile, so various distortions may occur in the background area. On the other
hand, since image stitching technology that synthesizes multiple images does not take into account the mobility of objects in the
image, ghost effects caused by temporal differences may appear in the object area, but background areas with low parallax to
synthesize images through homography, which matches many of the keypoints extracted from the image, have the advantage of
less distortion. Therefore, this paper proposes a framework to reduce the distortion of the background area that appears in the
frame interpolation process for dynamic camera images. The background area is composed of stitching techniques, and the object
area is composed of optical flow-based frame interpolation.
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Fig 1. Optical flow example (a) 16™ frame (b) 18" frame (c) Inter-frame optical flow
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Fig. 2. Image distortion in background area of optical flow based frame interpolation (a) 44" frame (b) 45" frame (c) Interpolated frame
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Fig. 5. Artifacts of background area caused by camera mobility (a) 54" frame (b) 56th frame (c) Interpolated 55" frame
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Fig. 11. Interpolated and enlarged images (a) Original frame (b) Optical flow based frame interpolation (c) Proposed

method
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Table 2. PSNR, SSIM evaluation indicators for Inter4K dataset DAVIS Hlo]E] MEd] e E Es}A vebdt} % |
Name PSNR 1 SSIM 1 o ke =g e A Zol7t 71 413 mallad-fly H©]
(pivot interval) RIFE Ours RIFE Ours - ) 1o A oldo] WE = =)
244 (2) 24.39 24.75 0.8245 0.8310 B 19 129k Zor, wid el g S5 54 o
361 (2) 24.68 25.45 07828 | 0.7976 H2 o2 sl HitE o] wiAL g 2H7t o FE =
488 (2) 20.90 20.94 0.6697 0.6928 H&S B 2 o)
336 (2) 19.64 19.97 0.7621 0.7724
361 (4) 23.45 24.29 0.7541 0.7708
Average 22.61 23.08 0.7586 0.7729 ¥ 3. M HO|EAS tHASZE 5t LPIPS ZIIX|E
Table 3. LPIPS evaluation for indicators for entire dataset
¥ 25 53, A9tE 714 DAVIS HloE AE wut Name LPIPS |
- o o (pivot interval) RIFE Ours
ol z} InterdK Tlo|E] N EZS o2 AYPsAE W bmx-bumps (2) 0.1917 0.1487
%l =25 A ) glg} 729 ARES Eé_gﬁ’ drift-turn (2) 0.1880 0.1534
X . mallad-fly (2) 0.2162 0.1898
Inter4K F oJ&] Al E= DAVIS wloJE] A= H]3H 3] motocross (2) 0.1946 0.1904
O Z RIFE, Al¢t 7| BFAA 22 A5S IS ¢ tennis (2) 0.0922 0.1017
T ‘Rl%tﬂ o] 60fpsE A 2HE InterdK Ho|E MEQ & 244 () 0.1488 0.1483
L 361 (2) 0.0882 0.0941
o] LolslEZ 3 52 7)uk 2 Y 7oA DAVIS 336 (2) 0.1892 0.1922
} — - N 361 (4) 0.0929 0.1176
E =% A= Oj
dlelel A Ed] Hg) o F2= A4S B TR S, Average_DAVIS 0.1765 0.1568
Aotd 71& 2ElA 71uo 2 wj7S A s ¢ JhH e Average_InterdK 0.1368 0.1410
o oMol HLES w7 o) A% EF Zold Average 0.1566 01489
PSNR, SSIM F-i#oll4] £ A5S BEAth 54 toleet
T 9EHE Zyg 9 7 7HAS S8 B8 52 2x0] oF I3y} PSNR, SSIM©| 7o) B35k f=oll= # ofst
A ZeQ 2 AR 2 A F e BE AsAsE T S sk LPIPS WHRE 51 Zele) A
uglon, 1A 34 Zade dgow s THET SHE W OE Ashu et 2 38 e
WA LS B 361 (2) dlolE S oMA =Yt DAVIS S} InterdK H| 0B} AIEE 422 LPIPS % 7}HA]

(a) (b) (c)
02 12, 274 GAo] vl ol (a) B2 o (b) TSt 55 |8t Zalle) B2 (o) HiotE
Fig. 12. Background area of interpolated image (a) Original image (b) Optical flow-based frame Interpolation (c) Proposed method
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Fig. 13. Interpolated 23" frame of 336 data (a) Original frame (b) Optical
flow-based frame interpolation and artifact area (c) Proposed method
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Table 4. MANIQA evaluation for indicators for entire dataset

Name MANIQA 1
(pivot interval) RIFE Ours
bmx-bumps (2) 0.1725 0.1813
drift-turn (2) 0.2075 0.2258
mallad-fly (2) 0.1770 0.2007
motocross (2) 0.1494 0.1958
tennis (2) 0.2355 0.2432
244 (2) 0.2868 0.3041
361 (2) 0.3483 0.3564
488 (2) 0.3114 0.3240
336 (2) 0.1642 0.1858
361 (4) 0.3594 0.3599
Average_DAVIS 0.1883 0.2093
Average_Inter4K 0.2940 0.3060
Average 0.2412 0.2577
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