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Abstract

The jitter in the digital videos lowers the visibility and degrades the efficiency of image processing and image compressing. In
this paper, we propose a video stabilizer architecture based on triplet CNN and a method of synthesizing training datasets based

on video synthesis. Compared with a conventional deep-learning video stabilization method, the proposed video stabilizer can
reduce wobbling distortion.

Keywords : video stabilization, convolutional neural network, wobbling distortion

a) A 24 (Servo Industrial Systems Co., Ltd.)
b) eyl gt e Ak g 81 (School of Electronics and Information Engineering, Korea Aerospace University)
¥ Corresponding Author : ©]8%l(Myeong-jin Lee)
E-mail: artistic@kau.ac.kr
Tel: +82-2-300-0421
ORCID: https://orcid.org/0000-0002-3136-2819
# o] E=EZ 20189E ARSI PSR d=AFA T 712 ATA(2018R1DIAIB07050603)2 7371% Ao A7e AGFHALME ALY
(GRRC352019-B01)9] ¥gto 2 a8 A+ A7Y. (This work was partly supported by the National Research Foundation of Korea(NRF) grant
funded by the Korea government(MSIT)(No. NRF-2018R1D1A1B07050603), and by the GRRC program of Gyeonggi province (No. GRRC-
KAU2019-B01)).
+ Manuscript received March 16, 2020; Revised April 13, 2020; Accepted April 13, 2020.

Copyright © 2020 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



W3S 9] 191 Triplet CNN#} 8135 dlol€l g4 71k vt ks8] A 429
(Byongho Yang et al.: Study on the Video Stabilizer based on a Triplet CNN and Training Dataset Synthesis)

. ME thall Arg e A3 A= triplet FE] 2] CNN 7]9 v

L HGsr] FZ2E At Al e A bet 3o

gA g olny 71719] FA% F7kek A ool E] tlek vT) S ke Ad AE A s, A5H A AR
#Fgots tAY 9o w3t 7iEA Frketal itk 19 S Wit

AR AR GUE Y B BN A w1

el o) BETel AAES ATAIIE 2 sde J|1E| H|C|Q obH3l AT

2 A= A weh ope] #ASF oA A 7
TE ER FOR 9T @42 BdHor E5H0 ‘?zf 1. TIXIE O|O|X] X2| 7[Et HIC|R QHY S}
‘§°}Ui olE “*2 AFAY B Gde] B8 Al &
Y Bgo] s DIS= UAY ojw]A] AE B3l 58S FA8L &
Ao BEYS A 7|e 7AA 1A, B4 9= B9tk DISE 44 +4, 4 ZHHE, o7
B A B4, tAE B4 (digital image stabilization; A He] SAR gt DISe| A 2R A9 4
DIS) 02 o] % 4 itk /A4 HAS PA 7 S AHOE AR T2 ZADE ML 24 5
gimbal 5] 7|4 AXE 0|43 E5¢ BA 7|0l 2 52 A9 4 <d(Local Motion Vectors, LMV)< 54
o] 7IAH AL AFAME ol & S5 F4 ac- o 249 LMvel = Oﬂ*hﬂ Aol BAl, 2
tuator T-52 %3] CCD (Charge-Coupled Device) =3 & g SoE s N;q] Fhil el &2 s o MEEe] &
< A9 EEES BT F9H BHAS AN E Astr] wEell, 5788 LMVEE‘HFH Low pass filtert}
B8 559 34 ¥ 55 A% A2E5 §40] £59¢  Gaussian smoothing 5= ©]&3ked FhHllhe] W +2<)
A, AA HAL FuE o] A2 BA ALY B (Global Motion Vector, GMV)E F4 &t Filtering ¥
BANE B T5Y 34 F D £Y oVIAE §4o AT GMVE 3] 915 RANSACH &e)Fel 1
TEHS HAS AT OE DISE E5¥ F44 1A A Sol ARSEnh F4€ GMVEFH 3D 5732 per-
S gAE olu)x HFyE Ed) Sy} spective motion< E%‘é‘} homography S F&3 4= it}
AUl EET 728 A8/AT} AR A9 g = Pl e ol5 A FHE GMVelE JhEl ol wWEle}
o] 947 o gAY RAL A3t 2] DISE & =59 WH7 TH JEM 1014 et A4 4 WHE
Aol Fhulgt AA FAel Zlvker WAERAE, B A S8l GMVel Fheet o] A Aol viAlE TEHT HEr
At A B A5 3 7F 2R et o)y gk & B E59 229 vkA = @Al homography H3HA] LA
AE A4 5 de W T 3h7F CNN(Convolution g ElFEe] A2 9 Al A]fold, ojuix|e] T4 Fi
Neural Network) 719ke] Hejde] mejoluh, wrje oy = A< G0l Hold < =R ddists gHsel A
st Fopell Held A& obd z7] dAolth SHrh
& =ol A= Wobbling 9=t 712 = Sl triplet
FEle] CNN 715k BE| Q. qHgsly] F25 AlQkeieh At 2. H|C|2 orMstE 2[5t HEd (Y
g CNN 7]k vt 9 Hs7] 7 2 Ae= Bel7] S8l
A= oA el si&u|olE7t L osh, S 9 M HIT 2 oHg st Fopll A Hely dA7te AT ARENE
gojat Wsh Qe GAEHA s)uk slEo)E SR by dl, 2177 o9 e WER w24 AT 4 A
S Aotsie) E HudozH JF ojuAd gk EFU ¥l ZAS
BBl 1AL T} 7k Ao B S oky Fo BRI A EY I A ofm)x) o) F7F e theF
38 A% OAY GgAe S Gy S N arge @ HES 2ed ZATl AL,



430 WEFEE=EA 258 A3E, 20204 59 (JBE Vol. 25, No. 3, May 2020)

Zagoruyk & 22 weightE 3= 7 79 WE 217 4 glo] omx] W3] 7ret MEST 128 A F SUth
8 2345 LT EZN F olnx| ] YA FE H Wang< &5t H]T] 2. 7Hd] 2 unsteady camera) QHg s}
‘%_]'3}1_ Siamese networkS A <A THS! Siamese net- 717} A2 vy Q. 7| 2l(steady camera)E 2. E H A
work<- positive sample-> true, negative sample> falseZ 3 Thekst 94 AF FYste] g5y diolH 5 EAE
e 2M] wedl o|m|A] vl ko] oy} o]m]A] 7 S 2 TH®, Resnet?} Siamese network 71¥FS 2 Stabnet
A &8 4 Uk 7129 ded B = B 8 = 47813, Stabnet®] =221 homographyE ©]8-3F Loss
&H o8 7 B 2§ =1 Siamese networks 28] 71 ) g Aoz vy st TAo 9EdS A4
olE] 7|Nto R YRR A EE 47| tloE| R 8 &FAt) Stabnet Y-S 18 13} o] B B, F Y
&o°| 7hs3attt. HIT|Q 2Z#¢) TIEo|th. B,E unsteady BT S ZH Y £

; o i 1A 0 T
LSlamese network-> feature learningl| 4 A4S A+ sh okt MYS Zald 7y By By B
Sk 4 9oy BE EAoA] 71& gdyd 2 vig) A —

T 3 F 2ACA 71E 9 Jof Hs) A<t F 5402 749 gol 99 0o Zads A
T7F =4 %t} o] positive sample¥} negative sample ] . . .
= _ ol9] E5do] ZAAHLEE UESYA FHE $I8l, Loss T
£5d AEE ATt Add F gy wWEdd, . T e a9

< Hgskd L =% d truth (GT) =&

Hoffer< triplet networkE 53f ©] —'i—ﬂ]iﬂ AHE Al ;o]g D;r’\ ol9} 54 71 ﬂg;ﬁ;n . }( ) b

a2 R =4 oS
oFal A TH®! Triplet networks &< 3 weightS 231+ e ) <%, wobbling
AFg A7) A8l A 2y 749 sha S
Al e WE A7 training sample, positive sample, T )

i . Eobehe) wgh AA AN VMR E W 27 ZHAES
negative sampleS ¥H37 1 8 Aol AEE loss & i . .
Jeo whelEhT FY3tE gk v /el gle EA7F et ol A
R Z YL AAZRE BAlste] AHgaHE WS ALgstol

CNN 5 71E9] J8d U EYAE 37 G0l ¥ -
= 3 ek oA A Al A ko] I3UTh Jaderberg =R
= o] ZAE WA s MEHAS] FZhel trans-
former layerS A3l ©] layerE $13F 443k gradient
g Alsdez B 371 29 §lo] backpropaga- . ®otsl= H|C| QHA 37|
tion®] °o]Fo]XS Kol AA HeldolA 5ol /i
S B, Jaderbergell WEH transformer layer= CNN 1 o A= Wobbling 4= Aol &231 Held v
S UESAS dFE Adstr|rt shH HrE F7F & EQ 7x8 A% FAuoHE o]&d tFe] EEH

Stability Loss
StabNet

FI Convl Conv2x Comvdx Convd x Convs_x Avgpoo! kmaw\
BI
B, 1
—
Fi 4 /

I Stability Loss

T2l 1. Stabnet 7= [18]
Fig. 1. The architecture of Stabnet [18]



3 9 191 Triplet CNN3} <5 dlo]g] 14 719k |t eHgaly] A 431
(Byongho Yang et al.: Study on the Video Stabilizer based on a Triplet CNN and Training Dataset Synthesis)

H|oksH= Wobbling 2= %HIE 25t HEYS

Wang-& wobbling 913 A1 AZ $18] A vit] L
(F)ek A7 YL ZHA(F,_)E ol E3 Az &4
e =W 2 }"E—‘f’ﬂfﬂb of7]ell 7} history

frame-S ©]-8-3] wobbling S AA = YMEYT 2

5 AT AR, AP EITE T A W2
o7 El2 2T 01§ 3 Wobbling 1 214

7} AAHolA) Rapy) Wil £, F_,, F,_,2 YHoF 3§
+ 19 29 3-branch LﬂE—"rJﬂ ?5_—3—' A eksit). 2-branch
WESS +x2& ZHAS o] =g

J
Y} FARIES Sgats 45 dFo) FAEC B

73 5P o 2 el 3-branch VI EYT 2= A
8 Z A FAMIRE ol e} o] e Aol HA9
Aol S 43 B EE 5302 I HAE £

A Fet 3-branch W E 9 A 7} branch= Resnet 7%
£ 7M™, 7} branch Y2 SE5do] %Zﬂfﬂ‘:‘ HTQ =
A £ A HgstE vid e Zdd Fy, Fo
e By F,_oE AR HIY L 2 1F Bolth
EEPo] EAsE HT L AEA 5, EEY0| §lE 1|

19 2> 949 homography A2 5,5 o]-&3t] A4
gtoh A QFSFE 3-branch W E JEL-E Z} branchg 2 H|T| S

!

te A

913+ homography #,

540l A= 97 =9

S, s SH
Unsteady Frame Buffer Frame
(Synthesized) Synthesizer
Su
Homography |
Transform |
¢ _ \ 4 v
Stabilized Sy 5| Frame Buffer Frame Buffer N Frame Buffer
Frame Buffer B, By B
| Conv1 | ‘ Conv1 ‘ | Conv1 |
| Conv2 | ‘ Conv2 ‘ | Conv2 |
| Conv3 | ‘ Conv3 ‘ | Conv3 |
| Conv4 | ‘ Conv4 ‘ | Conv4 |
| Convs | ‘ Convs ‘ | Convs |
| Avg pool | ’ Avg pool ‘ | Avg pool |
| k1n8s1 | ‘ k1n8s1 ‘ | k1n8s1 |
H, H H,
\ 4
Loss Function [

32 2. Hioksk= 3-branch HIC|R CHME| WERF F#=
Fig. 2. The proposed 3-branch network architecture



432 WEFEE=EA 2578 A3E, 20209 59 (JBE Vol. 25, No. 3, May 2020)

YE AFo] <] wobbling o}
& homography 749 JF=E ol WO
Ak

QHgstE A WYL Zade ?JEHT'& SAVSHA GA)3)
o] Wobbling 35 2JA5h7] 918 Q1 vt e ZH Y <=

4 P5E Bes 2,

Lt(’,mpl (’[{N ‘Ht—lv E7 ’F}*l)

1 =4 — = 2
=5 | B*F—o(H,_*F_,) |

optlcal flows 0]% 5| Al ke o

F9 F 9 A F 9 F L9 ARe 5EHoR
7] EH—.—Oﬂ =9 AA7E 2 739 Wobbling <f=°] 4]
2 RS F_ 9 AR F,_ 9 FL,9 ARE A

El
Al FAE] A7 AHZA Y A HwE vt 2ol

Wobbling 9 =& A Ast= Al7HeE
;L_E]]"‘ /'\/\l -alf‘g} O]Z—]_L‘“l;ﬂ [e])] {,_:/\1 H]

of thesh ol Relg

AjtslE BT 2 HASE] T2 online AHES HRE

at7] vl mlE T d2 ARE-eHA =t 1E Y, off-

line £ 2 AME-3IAY onlineS AHS3IH S E £38S A
AXNZD AS v Zyde o /\]._Q_’cﬂ— glth,

Wang> GTZE steady MU 2 Z#H & AH-7] wjito] &
;(]Z—] 7]- 7%a 7‘;(4 t@g—'{[:(L/mhuc)g} 0]-Z']§]_E] EH]O];V/],
GT ZH 4 7k 3t& oY 4L, 5 AHEREH HT L
QFgsh Aso] TEAHA itk Bdl steadydt GT 29|
o SH7F o] wiEo] ke SrlolE S SH e}
}.

=

oo

rle

—E—-Oﬂ /\:1 E‘ Lfem‘,ure le- Lp'ircel EH )‘\—]' Oﬂ homograph}’%
GTE /\]—‘Q_ —6—]—3: tr ans % X-ﬂ O]—’(S}Tﬂ- Wang% Lfeature 3’,]—
Lp?'a el O] Q‘}% x

A e Heksty

homography & ©|-&-3l unsteady H|T] 2
HEE HY e ZEd GTZ fgd v
H| 7 &l= 7H8 201 WO 2 olaf ks

_/

o
t}, B =5 A= homographyS 2% H| i3}
04 ﬁi}%;}gi’ﬁ O] 13 “ﬂ'ﬁ]g =S5 ko] & Sl
A& 913t homographyE &
& = glofof O}Ltﬂ ]% T Aellx dwgich

A| 9Fsl= homography 7]%F loss¥+ tha3} 7ot

E
e

- —i T
Ltrans(H;f’Hl;) = S:1 H ht_hlt H o (4)

o] 7] A hit 8t¢+¥ homography 38 H,¢] 24, hl
+ GT homography 3% H <] 840]t},

A oF3H= 3-branch M EY A 8452 9138 loss+= o

&3 2ok
L=2 14 QGLL (75[1;)‘*' B (5)
Lterrw(af’]?t I’H*Q’F;’F;*I’F;*2)

A7) A o FHIFO RN B =HME 108 AHRS
=3

2. THo| SHEO0JE Ay Uiy

Wange] AR Hlo]EAl &R WS AR
steady H]U) 2 Z#| Y3} unsteady ¥ Q ZH| QS e
T AL ABH O HWE F oy the FAlEC] A



FH3S 9] 191 Triplet CNN#} 835 dlo[€l g4 71k vt k48] A5 433
(Byongho Yang et al.: Study on the Video Stabilizer based on a Triplet CNN and Training Dataset Synthesis)

gtek. A, o] vlolEAl FH WL steady 7H 2He} un-
steady 7}l Alolol] Alzp7h EAJsha, o] AR} wj ol
steady 7H| 2} 99732 unsteady 7H 2} 97Fe] 114 ¢ GT
7t 8 4 gtk 4, GTZ AHE5= steady G44e] A2 =
7} steady ZHlE7F 2 Qb 87) o) Aol oE A o),
HY 2 g slr]e] g3y W EYIE unsteady G4 <t
A31H steady GO E HIBIEE FHS Wl FHF 9
]"3 gt 11 737% steady %G4S zﬂil-s}: 71414

A=l 01% GTE %f{%—% e Y ESIAR sty
o _
= FAE SHdo] AT
Real Steady Video
Sequence DB
Real Steady Video 1S N v
Sequence DB . 7 H N
omography Frame <
| ; > S
H ' Estimator u
1 | Real Unsteady Video| | - Synihesizer
' Sequence DB E s,
........................ Sh
shot on the same plattorm Sy
\ 4
Real Homography

Segeuence DB

T2l 3. HQksh= SHEO[0|E A Hi
Fig. 3. The proposed training data synthesis method

AlQtete ShgulolE AdwWH> 19 33 Ak 5, ¢
S, & Wang®] = t9] 7H2tE o]§-3te] Y unsteady
H T 2 A|F 29} steady HITI Q. AlA LT S & HITIQ <F
st AAoll AZE el A ZFHAT FL A
2y v ZHY B 5,9 F 9} 59 FE oldat]
steady H]T]. Z#H O ZHE unsteady HIT| 2 Z#H O
2o Mgy d g & %3t homography A8 S, A
/dgkek. shgdlolE Al A S flEl 99 steady H]
02 AlA2 5 9 99]¢] homography A& 5, o] &
o] unsteady BIH1 S Al S 2 FAIETL

A W Z AR fA SR 7F5 ¢ steady HIT L
A @29} 7] HE homography AlEAE o] 83lo] un-
steady HIH| 2 A EAE §4E 4 Atk Homography A ¥

2 Wang ©] AHEE T H9] Al o) gl e
2E 20, et E5YS me

A73 7Hs 3l Steady HIH 2 Al EAE 3
T2 XA ¥ homography sequenceE ©]-8-3] steady HIT] L.
A A2E unsteady MU Q. A A2E FAsch G4 un-
steady H]T] 2 A9 29} homography sequenceS ©]-8-3}o]
Aorst EYAE THAZITE A hhdE-L vt L ok st
7] stEe 919 HolE gk A&e GTE &R 5 rh

V. Al

ok

A g Hlmes

Aokst HIT] 2 eHg sl M EYAY 353 HAEE ¢
&l Redmon!'”o] F&3t Darknet Beld S EZ oA At
T%9} Stabnets T3tk

B 1. A3 AR T2i0jEf A
Table 1. The parameter-set used in this test

description
the input image size for the network
the maximum number of iterations for
network training
the number of images used for each
network training
Learning the learning rate used for network
0.001 -
rate training
the balancing factor between network

parameter value
Image size | 448x288

Max iteration | 90000

Batch size 8

¢ 10 loss functions, 2., . and L,
1. Wobbling = SHHIE /5 LIERZ S5
2 HmEY

Wobbling 9= A &35 vlwslz] 3l 170, 271, 371
] branchE Zt+= WEQAE 7H7F FRlste] Shadith
Branch®] A9 TS ® 7 9] R E vetngE $U5)
AHg-sFoATh

9 49 I8 5E n7ll9) branchE Zh= VIEYAE <5
A2l % Y2 unsteady HITI 2 2| )5 HFSIE Aol
o}k I8 4o A WA 92 AESEHH 1-branchs Z# 0]
12 AR ok 2 3], 2-branch= Z#H Y0
HZ A5 WE7EA, 3-branche oF 2 o}F X3 Wi
7t As B F Utk Za A AT S E e



434 WS =EA) A258 A3, 2020 59 (JBE Vol. 25, No. 3, May 2020)

T2l 4. N-branch HES|3 ¥ H|C|R FY3| Z3Y, (a) 1-branch UESYH, (b) 2-branch HIESYZ, (c) 3-branch HEYZ
Fig. 4. The video stabilization results for each n-branch network, (a) 1-branch, (b) 2-branch, (c) 3-branch
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