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Causal RGB Video Frame Rate Up-Conversion Method Using
Inter-Event Frame Optical Flow Estimation
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Abstract

This paper proposes an RGB video frame rate up-conversion method that combines RGB cameras and event cameras. The
proposed method generates event frames by accumulating events acquired from the event camera through various filters, generates
frames with similar structural features to event frames from RGB frames and performs registration between transformed RGB
frames and event frames using Homography estimation. Motion estimation is performed on the registered event frames based on
optical flow estimation algorithms, and motion compensation is applied to RGB video to achieve frame rate up-conversion. The
experiments used the DSEC dataset, which contains RGB frames and events acquired in driving environments. The proposed
method showed 0.72dB higher PSNR performance compared to extrapolation methods that use only past RGB frames, and 0.28dB
lower PSNR performance compared to interpolation methods that use both past and future RGB frames. However, it has
advantages of ensuring causality.

Keyword : Event-based Vision, Frame Rate Up-Conversion, Homography Estimation, Optical Flow Estimation,
RGB-Event Image Processing
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Table 1. Frame rate up-conversion performance comparison results
by event frame generation method

FRUC Result
Method (PSR (dB))
Accumulation 28.06
weight=1 Low Pass Filtering 27.84
High Pass Filtering 27.62
Accumulation 28.07
weight=2 Low Pass Filtering 27.29
High Pass Filtering 27.82
Accumulation 28.22
weight=4 Low Pass Filtering 27.99
High Pass Filtering 27.91
Accumulation 28.44
weight=8 Low Pass Filtering 28.20
High Pass Filtering 28.13
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weight=16 Low Pass Filtering 28.36
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Accumulation 28.08
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High Pass Filtering 27.84
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weight=128 Low Pass Filtering 28.08
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Overall Accumulation 28.14/0.293
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Deviation) High Pass Filtering 27.89/0.375
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Table 2. Frame rate up-conversion and registration performance comparison results by registration method

FRUC Result Registration Result
Method PSNR (dB) PSNR (dB) NCC
Homography estimation period=2 26.75 19.04 0.9155
. _ Homography estimation period=4 26.81 18.36 0.9010
RANSAC outiier threshold=low Homography estimation period=8 26.69 18.68 0.9101
Homography estimation period=0 26.42 19.44 0.9276
Homography estimation period=2 26.56 19.00 0.9124
. . Homography estimation period=4 26.80 19.42 0.9228
RANSAC outlier threshold=high
L B Homography estimation period=8 26.66 18.55 0.9077
Homography estimation period=0 26.42 19.44 0.9276
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Table 3. Frame rate up-conversion and optical flow estimation performance comparison results by optical flow estimation method for a single sequence

FRUC Result Optical Flow Estimation Result
Method PSNR (dB) Vo VEE | Runfing Time | Gausality
TV-L1 on Event Frame 28.61 2.04 0.17 0.1883 O
Modified TV-L1 on Event Frame (Proposal) 28.60 2.05 0.18 0.1782 O
TV-L1 on RGB Frame (Interpolation) 28.45 2.39 0.26 0.1644 X
Modified TV-L1 on RGB Frame (Interpolation) 28.27 2.36 0.27 0.1696 X
MotionPriorCM on Event Frame N/A 1.33 0.03 1.4656 O
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Table 4. Frame rate up-conversion performance comparison results by optical flow estimation method for all sequence

FRUC Result (PSNR (dB))
Modified TV-L1 VLT TV-L1 TV-L1
Sequence on Event Frame on Event Frame on RGB Frame on RGB Frame
(Proposal) (Extrapolation) (Interpolation)
thun_00_a 28.60 28.61 27.70 28.45
zurich_city 01_a 29.20 29.23 28.12 29.36
zurich_city 02_a 27.96 27.98 27.25 28.72
zurich_city 02_c 25.92 25.93 2542 26.35
zurich_city 02_d 26.28 26.33 25.33 26.27
zurich_city 02_e 26.94 26.99 26.09 26.97
zurich_city 03_a 29.89 29.92 29.43 30.48
zurich_city_05_a 2563 25.66 24.68 25.83
zurich_city_05_b 2547 2547 24.33 25.23
zurich_city_06_a 22,64 22.68 22.94 23.82
zurich_city_08_a 26.39 26.40 26.31 27.24
zurich_city_09_a 31.52 31.62 30.82 31.93
zurich_city_10_a 30.27 30.31 29.74 30.52
zurich_city_10_b 30.41 30.46 30.27 3117
zurich_city_11_a 30.11 30.13 28.68 29.72
zurich_city_11_b 28.22 28.24 27.25 28.23
zurich_city_11_c 27.78 27.81 26.57 27.61
Overall
(Mean/Standard Deviation) 27.83/2.23 27.86/2.23 27.11/2.15 28.11/2.17
¥ 4= DSECO|M AY B/} 2l BE ANAAZ  E5 DS AJEA0 i B8 3 AS ulm 23}
- _ - = Table 5. Optical flow estimation performance comparison results for all
HOR RGB 9% Zel dolE 4F wee g P P P
AAA oWl E ] 7+ F7F F4ol ] 4 TV-L1 S SR R D)
- _ - plical OW ESlimation Resu
71 TV-L1 €859 A%, RGB 29 o WAt 37 Modified L] o
S lotion
=3l oA} BB = M= uyg Ans TV-L1 TV-L1 i
TR @l FR F0 wsl A v s e Sequence on Event | on Event R%?B oPr:IoEr\?ehrlllt
Folt}. oMlE =g AA WEL 7157} 169 T prame | ™| Frame | Frame
2 WA o7 E9om, 98 RGB ZH Y2 A3 RGB thun_00_a 2.05 2.05 2.39 1.33
= 01O A _g__é_ a7 FE =z or7 5__19: TV-L1 o)y zurich_city_01_a 2.64 2.64 2.84 1.18
Al S ARSI e 2L TV-LI &3 zurich_city 02 a 188 184 261 1.22
259 7t v o] 4o £ o RG-S S zurich_city_02_c 2.80 2.80 3.06 1.88
ol oA e 012 ALLFITH zurich_city_02_d 3.03 3.03 3.20 124
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Ao B FAS el slojA oW E Zy Y 7+ aurich_city_05_a 3.32 332 3.35 1.38
o = o — o1 — zurich_city_05_b 2.99 2.99 3.12 1.52
F7 F40 diell =4 % TV-L12 7I< TV-L1 ¢+ zurich_city 06.a | 297 289 2.82 177
o] %3 RGB Z# 9] 7+ F/ F4 disl 7= TV-LI Zuffc:_cfzy_gg_a ;E 21; ;-2(2) fgi
o zurich_city_09_a . . . .
o} =0 A H 3] = A
dre]Fe] A oMERRYH B4 2= AT & zurich_city_10_a 3.25 325 3.25 1.74
U-Net 9849 2dS Apeste] 37 248 5= upo) zurich_city_10_b 2.40 2.39 2.60 1.80
ich_city_11_a 1.79 179 2.06 2.20
: : 9lg10] M= nlw ADE o ZEIIC IRV,
MotionPriorCM 348} Ad5 mlxl 23 Wehd otk zurich_city_11_b 2.01 2.01 2.40 2.19
o714 RGB Zd|Y 7+ 337 34 s Wik w243 et zurich city 11.¢c | 223 223 253 218
- - - Overall
HrAlo] = slt) o]ME Zae] AA MRS 7127} 169 (Mean/Standard 247/ 2.46/ 2.71/ 1.73/
B i - Deviation) 0.54 0.54 0.39 0.35
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Table 6. Image quality comparison analysis by frame rate up-conversion method

Sequence

Ground Truth Frame

zurich_city_02_d

zurich_city_02_e

zurich_city_03_a

zurich_city_09_a

zurich_city_10_b
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F UNet el 9IS AEstel 35 29€ sk
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Modified T\(l-:l‘.r:)p%r;allf)vent Frame TV-L1 on Event Frame
Generated Frame P(‘E’EI)R Generated Frame P(Eg;q
19.93 19.31
21.27 17.98
25.90 23.72
24.47 22.94
22.18 20.61
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