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Outlier Removal Based on Motion Filtering and Adjustment

LAI Tao-Tao' ZHANG Yi-Fan’® LI Zuo-Yong' XIAO Guo-Bao® LIN Wei-Si* WANG Han-Zi®

Abstract The image point correspondences established by off-the-shelf feature extractors usually contain a large
number of outliers, which severely affects the effectiveness of feature matching and the performance of downstream
tasks reliant on the matching results. Several recently proposed outlier removal methods leverage the motion con-
sistency of correspondences by estimating a motion field and employ convolutional neural network (CNN) to reduce
contamination from outliers to capture context. However, CNN inherently suffers from limitations in capturing glob-
al context, as the fixed and localized nature of their receptive fields makes it difficult for models to adaptively integ-
rate long-range information, thereby constraining the performance of related methods. Departing from these meth-
ods that directly estimate motion fields using CNN, this paper explores estimating a high-quality motion field
without reliance on CNN. To this end, a motion filtering and adjustment network (MFANet) is proposed to mitig-
ate the impact of outliers during context capture. Specifically, a motion-filtering block is first designed to iterat-
ively remove outliers and capture contextual information. Then, a regularization and adjustment block is designed
to estimate an initial motion field, which is then refined for greater accuracy by incorporating additional positional
information. The performance of MFANet is evaluated on both indoor and outdoor datasets for the tasks of outlier
removal and relative pose estimation. Experimental results demonstrate that MFANet achieves superior perform-
ance compared to several existing methods.
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Fig.1 Matching pairs established by U-Match,

ConvMatch, and MFANet (Inliers and outliers are
marked with blue and red lines, respectively)
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Q= Pq(X)v K = Pk(Y)y V= PU(Y)
{ng(X, Y) =X +MLP([ X, MHA(Q, K, V)]
(6)
Hr, QK MV 7358 %2 iEE /1 MHA 125K
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HBAE.
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{Xgrid = Up(wgrid) S RhXhXD

Fyiq = {flgmjd} G (Fp, Xgia) € RVMP
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EEM.

(7)
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YFCC100M i 477 W5 4 1 ALK M E
I O T B (1) st bk RS (2N S5, e ekl
38 12 AN EUR T AL BRI OANet!™ (1)
B 4 AP AIE RIS, KR 68 NMFAIM T
RN SN S 78 P AR 3R

SUN3D #idfi £ 4055 K B 2% N 3 5t (13 A0
AT, T MR S R4 R 254 ANF AL Hodr 239
A TR gr 5 500E, KR 15 NFAIEN
MRREE. 2 N 37 5 3 il A7 (E B 4540 (L0837 o ey
BiEA1)) R0 55 S0 XK (WO SR T ) 582 ARk, H
PRl 22 = T =AM .

MegaDepth £z 4% J T B HE 7 %) 196
AR BRBEAT IS B YK 2 454 5 2 WA SLAR A
feft RGB BME. HERIREEL FHVLSE M — 4k
R 2 B e AR A 2 W i MR A 0 B AT 0 A BTk
ik P ) L S e 2, R 3 A1 IS DG e AR X
L AL TR PR ESEHE . A58 5 R MegaDepth-
15008 BRI 43 77 20, %R o3 A <0 7 F R AR
7357 S R AE 1500 X G T

Sintel #4410 F T T S 5 (Sintel) 81
B EUR (clean) R ARCA (final) PFT
TEGEhOA . S WA N T 3 ZL I KSR 123)
BRI AR AL 75 | 0 ERAT T 1R 02 B AR

AR AT, R S KPR 2 R i e iR 2
FEBIA (5°% 10°, 20°) NI B AR 22 Hh AR 7 THI AR
(area under the curve, AUC) 1E AL OV FEAR.
AN, KA RZNFIREE (mean average
precision, mAP) {E ¥R IFAL B bR, LIRS R
& RANSAC 5\ s S A B Bk xb b,
B RIS UE BT 5 7 VERT AN A 5 A B R I S

BB R ERR. 2 KA bR VP 1t RE, AL v
W% (precision, Pr). H[E1% (recall, R) M F 1377
(F-score, F), ALVTAG I t X 28 X 9 3R DL L & 43 2K
TR . L AARSR U0, AERR 2 SO T P A
FLSEN R B A B 2R 0E SO IERR PN A 8
B R F AR SR A B AR R A
I ZEPRANFE bR, FH -1 2 R 1) A o 2R ke

3.2 XfEbsCiy

P4 th i MFANet 5464t 77 %M T4
SRR R B BRI R AT R b, Horb R G 7 VR
RANSACY, GMS!', LPMI: 22 > f) J7 A,
5 OANet!"™, CLNet™, 2 M B 75 L3 & W 2%
(multiple sparse semantics dynamic graph net-
work, MS? DGNet)!"!, PGFNet®", U-Match®
ConvMatch?, Ja) & —Z 2 4% J77% (local con-

sensus transformer, LCT)® FLil 5] F 1 2k
B RCRE M4 (consensus-guided hierarchical
context aggregation network, CHCANet). f&
AR H WY, BNLEA Lk, K EA IR EE
(2> 0) FIRIARVCECN IR0 9 N 5, BRLERAE T A 39
[, R A A E BB BN 0.

PRV, PR S THESS IR EE 45
WMER 1 ~ 4 fros. xR 7R & AR SRR E DL T
TIEANEE TR 2 S AR AE DL E TP 3K. 3R 1 A
#* 2 JE78 T1E YFCC100M L, f#f] RANSAC 1
AMER] RANSAC PR oL T IS AL o LLE
B, FEAFE R Z B E T, MFANet (MEREIIILT
HAhJ73%. ML T ConvMatch 1 LCT, MFANet
FEAEH] RANSAC HEAT G AL HEI, #£ AUC @5° _F4)
A 2.90 A 3.44 170 1L FEAER] RANSAC
(T LR 43 BTG 5.95 A1 10.47 AN 4 . BIES
e T ConvMatch [ U-Match AL, MFANet
TR EAT L%, 1Ak, 5 CHCANet ML, MFA-
Net #KIH I H AR ERE.

M 3 FiZ 4 AT LAE Y, /£ SUN3D ##adi L,
— BB 775 (W1 U-Match, ConvMatch LB
& th 1) MFANet) £ A ] RANSAC I Be % HUAS
BN P EREOL S . Rl 2 MFANet, Z&1EATH
X7 ——~ AUC @5° #id 9.00% 177
. BRI, A4 RANSAC 1E BN G Ab B0 I8
B, I ReHE 1) 5 VE AR BT DA ik, MERe TR T
BOMABR. X2 H T T YFCC100M, SUN3D
AT HRBOSEL MO, EELH. &

# 1 {EYFCCI00M ##i%k BT RANSAC i)
FHPLZSAS T ELBLEE R (%)
Table 1  Comparative results of RANSAC-based
camera pose estimation on the YFCC100M dataset (%)
ik AvC
@5° @10° @20°
RANSAC 3.63 9.00 18.32
GMS 12.12 22.78 35.27
LPM 15.18 27.30 40.93
OANet 28.07 46.22 62.99
CLNet 31.26 51.50 69.11
MS? DGNet 31.01 50.80 68.38
PGFNet 30.59 49.28 66.07
U-Match 33.54 52.41 68.96
ConvMatch 31.53 51.07 68.11
LCT 30.99 50.65 68.09
CHCANet 30.36 49.94 67.48
ours 34.43 54.05 70.46
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*£ 2 1£ YFCC100M ##E4E - H AR H RANSAC HIFEHL
BT LA SR (%)

Table 2 Comparative results of camera pose estimation
without using RANSAC on the YFCC100M dataset (%)
it / e
@s° @10° @20°
OANet 15.94 35.90 57.05
CLNet 24.56 44.64 63.58
MS? DGNet 18.59 40.48 62.63
PGFNet 20.85 42.21 62.19
U-Match 30.86 52.05 69.65
ConvMatch 25.31 47.26 66.53
LCT 20.79 42.16 63.00
CHCANet 20.80 42.60 63.31
ours 31.26 53.37 71.06

%3 f£ SUN3D ##E4E 3T RANSAC MIANLAS
it aE R (%)

Table 3  Comparative results of RANSAC-based
camera pose estimation on the SUN3D dataset (%)
ik AUC
@5° @10° @20°
RANSAC 0.96 3.29 8.66
GMS 3.60 9.02 17.68
LPM 4.82 12.30 23.62
OANet 6.81 17.14 32.46
MS? DGNet 7.18 17.91 33.72
PGFNet 6.80 17.22 32.53
U-Match 7.11 17.82 33.66
ConvMatch 7.03 18.12 34.22
LCT 7.38 18.57 34.77
CHCANet 7.22 17.78 33.38
ours 7.40 18.61 34.76

* 4 {E SUN3D i fie | HAKRH RANSAC HIAHHLASS
i HLBRSE R (%)
Table 4 Comparative results of camera pose estimation
without using RANSAC on the SUN3D dataset (%)

T AC
@s5° @10° @20°
OANet 5.92 16.90 34.33
MS? DGNet 6.31 17.76 35.78
PGFNet 5.60 16.35 33.46
U-Match 8.05 20.81 38.71
ConvMatch 8.39 21.75 40.01
LCT 5.83 16.52 33.42
CHCANet 6.93 18.65 36.48
ours 9.15 22.91 41.06

PHEFPRERE A 3R, IS5 2 S g B s HHR L T

AU R R &Lk — ok, o) v B R L R U
RANSAC £ BRaEA R E P e DUAG T H 5 AE
) AR J5 A

AN, AT e MFANet A1H: A 77 92 (0 P
e, BN EE T AE AN B AR L1 mAP FR AR, &5
ik 5 MK 6 o, v LLE 2], MFANet /£ mAP
febr THARRILE 7 s vERe, I H A EReR A
N, £ YFCC100M %454 I, AT Conv-
Match, Fifz i) MFANet 7614 ] RANSAC #4T
Ja ALBRR, fE mAP @5° EA4NYs 3.07 NN, 7E

BEAh, B AT SR RAIE S R VR R A B T 2 (1)
REAIE SR SR N i R 1, Rk AR AIE DG C 1)
285 B R FEE A TR S U RVE I n S . R 7T 4
N [F (R AE R BBV (SIFT AT Root-
SIFT) #ZEYIGHILECEE & i, Bt () MFANet I
TR X VR R R b g5 SR T LR R, MEH
3T RootSIFT VLG ILECEE A I, K7
RARES T E At RE. Hodr, MFANet fKSR7E AT
A7 A R R R I

BB B, B AT S bR REXT b
FERAE YFCC100M #1 SUN3D ¥udli4E [idk4T.
% 8 ffizn, MFANet FIELA 1 — S8 0L 75 7 10 HEf
B AH R F 155 BT B

£ 5 £ YFCCL00M H4E& AT ANLE AL VIR, HH/
AMEA RANSAC BAEOL T I LLR S 3 (%)
Table 5 Comparative results of camera pose estimation
with and without using RANSAC on the YFCC100M
dataset (%)

itk mAP

@5° @10° @20°

RANSAC 9.08/— 14.28/— 22.80/—

GMS 26.30/— 34.59/— 40.43/—

LPM 28.78/— 37.55/— 47.47)—
OANet 52.35/39.23 62.10/53.76 72.08/67.63
CLNet 58.60/42.98 68.99/53.13 78.98/63.47
MS? DGNet 57.25/45.03 68.10/59.90 77.97/73.99
PGFNet 55.23/47.95 65.49/61.03 75.16/72.98
U-Match 59.70/60.33  69.43/71.09 78.41/80.28
ConvMatch 58.58/57.05 68.44/68.79 78.04/78.79
LCT 57.48/47.43 67.43/60.91 77.29/74.04
CHCANet 56.53/46.92 67.31/61.06 77.41/74.16
ours 61.65/62.03 71.26/72.98 80.06/81.87
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AMER RANSAC PIAHELL T 1 HE SR (%) LR EE R (%)
Table 6 Comparative results of camera pose estimation Table 7 Comparative results of various feature extraction

with and without using RANSAC on the
SUN3D dataset (%)

methods on the YFCC100M dataset (%)

AUC
RHE Jiid -
- : mAP @s°® @10° @20°
as°® @10° @20° OANet 28.07/15.94  46.22/35.90  62.99/57.05
RANSAC 2.86/— 5.61/— 11.22/— PGFNet  30.59/20.85 49.28/42.21  66.07/62.19
GMS 10.58/— 16.63/— 21.59/— SIFT U-Match  33.54/30.86 52.41/52.05 68.96/69.65
LPM 12.16/— 19.08/— 28.93/— ConvMatch  31.53/25.31 51.07/47.26  68.11/66.53
OANet 17.34/16.35 26.67/35.70 39.54/42.19 ours 34.43/31.26  54.05/53.37 70.46/71.06
CLNet 17.70/9.96 27.61/18.56 40.99/31.70 OANet  29.74/17.69 48.77/38.18 65.62/59.05
MS?* DGNet 17.98/17.35 27.66/28.71 40.98/43.99 PGFNet  31.25/22.78 50.72/44.76  67.47/64.21
PGFNet 17.44/15.49 26.70/26.27 39.57/41.41 RootSIFT  U-Match  33.28/27.86 52.84/49.41 69.46/67.96
U-Match 18.01/21.40 27.85/32.68 41.13/47.12 ConvMatch 33.16/27.49 52.49/49.23 68.97/68.03
ConvMatch 18.74/22.66 28.77/34.53 42.12/49.04 ours 35.25/32.31 54.54/54.33 70.93/71.71
LCT 17.31/16.04 27.08/26.62 40.05/41.26
CHCANet 17.33/17.80  27.16/28.88  40.37/43.41 RS B A . MR RTE ) MFANet fit
ours 19.31/23.68  20.12/35.34  42.31/49.69 ToOl () 2 B AR N R B R R A A EE Conv-

EAER R, & 8 ik Kt 3 T W 2% F 1
EREBR RS, KRB E T 0 ML
XTI AL AR5 0T, MFANet 53
A T7 A HEAR R I B A R RE LA . AR, AN
BB TR LE SR s, MFANet fR2AREfS
SIS AT AL Sl R — LR, K 4
J&/r 7 ConvMatch 5 MFANet Tl 3% #48 (1) %
Fg R, iz, B R 2000 ASULECK, YAy
0 2 5 (R Z AR A, SO SRR SN R, AL

Match B2 E WX 68 1. Ntk — PR %458,
WE T—2+ =1+ 1 F1 2 PUANASE] N s BB 147 5K
. RSMLEREW, UWERSE 1M 2 K,
MFANet ) F 54383 Lt bah, W5 sl T
WaSEHEZEAENSTTE TR, iEWEH
MFANet fii[a] T W s o U B 8 E (2R AE K
T 10 F 5 HEA 49.80%, 17 ConvMatch A1 K1
L EE N 0.00%), [R]85 3 0 e IR 4R 1E
(ZHEMT —7.5 10 4 ik 88.20%, ConvMatch
o R TC SR A ). IR et B —F( R B MF ANet 7F

# 8 £ YFCC100M 1 SUN3D #i#a % EI¥ B sl L REE R (%)
Table 8  Outlier removal results on the YFCC100M and SUN3D datasets (%)
Ik YFCC100M SUN3D
Pr R F Pr R F
OANet 57.54 86.64 66.94 46.91 83.69 60.12
MS* DGNet 59.91 87.30 71.06 47.69 84.29 60.92
PGFNet 58.11 87.38 69.80 47.35 84.32 57.05
U-Match 60.28 90.61 72.40 47.59 85.59 61.17
ConvMatch 60.03 89.19 71.76 47.55 84.60 60.88
LCT 59.18 87.65 70.65 48.40 83.84 61.37
CHCANet 59.88 87.07 70.96 46.63 84.66 60.14
ours 60.97 90.72 72.93 48.02 85.19 61.42
ours (—2) 43.14 97.91 59.89 27.40 96.96 42.73
ours (—1) 49.43 95.90 65.24 36.31 93.12 52.25
ours (1) 72.89 84.59 78.31 60.32 76.90 67.61
ours (2) 82.02 77.66 79.78 66.01 66.82 66.41

55 R BME R R T 20 S 2 T F 2 R ) N R RV BRIADS 0). ZADGHCX X B AR R THZ B, FIRE Z DL RER AN R R,
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Fig.4 Comparisons of logical values predicted by
ConvMatch (top) and the proposed MFANet (bottom)
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MFANet A1 AR G 40 7925 (ConvMatch
AT U-Match) 7EAN A N i 04BN 1 BE XS LE, S5
7 YFCC100M HIMAREE LT, nTLAE 2, Arig
1) MFANet £ [-2.5, 3.5] B P s BIE I [l A AR EX
BT ARG, P 2 ’ER— AN F A
4y, X5 8 4R —5. X T MFANet fg
519 258 5L IX 7 FE (R 88 AH o0 A, 76 s BB R A=
AT BA R 7 R R .

A LA R, BEAR A ConvMatch A1 MFANet
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Fig.5 Comparisons of logical values of inliers (top) and
outliers (bottom) predicted by ConvMatch and
the proposed MFANet
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ConvMatch, ATHeH 1) MFANet 7E#ERf2 . £ 7] 2,
F 154> E4y RIA5E 2.084 3.03 LA K 2.54 ST 20 55
M7E SUN3D ##i4E b, BARHE RIR T E/N, 2
EA R BRI, B F Ao hEaieE.
A B A5 99 28 LI ) AR J5 R B T AT 4 DT e 3
1T BB F BRI, MFANet BU&E T BRI RE.

DA BT s ge fE s 7 MFANet A1 H A 77 %
PERE I E B 45 . N B I S BRIk VT T 2R 1Y)
Z5, B 7R T 5 A U-Match. ConvMatch
A1 MFANet 15 2] 5 2 LR AT A0 45 1. B fEoR
TN K B A [F s BHGOR, Her i = AN GO
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Fig.6  Performance comparisons of MFANet, ConvMatch, and U-Match at different inlier thresholds
%9 {E YFCC100M HIl SUN3D #u#i i LIt BB s i BR45 R (%)
Table 9 Outlier removal results on the YFCC100M and SUN3D datasets (%)
VARV YFCC100M SUN3D
Pr R F Pr R F
OANet 68.04 68.41 68.22 57.66 63.11 60.26
MS? DGNet 71.71 73.44 72.56 58.22 63.25 60.63
PGFNet 71.00 72.26 71.62 57.84 64.00 60.76
U-Match 74.02 75.75 74.88 58.95 64.81 61.74
ConvMatch 73.12 74.35 73.73 59.48 65.43 62.31
LCT 71.61 73.33 72.46 57.95 63.69 60.68
CHCANet 72.05 72.93 72.49 58.43 63.86 61.02
ours 75.20 77.38 76.27 59.63 65.48 62.42

T+ AR AL 104 2% TN 0 A ST o U SEDC O OB R BE 1, I AR 2 B 5 2 48 5 F) P9 s B SR T 74 .
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(7.49 M), PRI AL TS BB 5 22 MR 2 500 H

TEHERRI [A) 7 1, A7V T 51.1 ms, 5 PGF-
Net (52.3 ms) fil U-Match (52.1 ms) &F[F—7K
o, R R S HEE AR . B R T [

3.3

w1 T ConvMatch (34.6 ms), {HIX— N AT a4
Wik 1 5 9RO B RFAE L RO e
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R RA BEHERE 4138 23 A 72, X e it 2
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MFANet ] FLOPs 4 9.73 G, %1 U-Match
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T, IR EETH BT BRI B A S PRIL RCAT 25 R
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(b) U-Match
(b) U-Match

(a) HON S

(a) input image pairs

(c¢) ConvMatch
(¢) ConvMatch

(d) MFANet
(d) MFANet

K 7 U-Match. ConvMatch F1f#¢ H A MFANet B9RT {445 R
Fig.7  Visualization results of U-Match, ConvMatch, and the proposed MFANet

# 10 1 YFCCL00M AN ik
BHRIHFE LA R
Table 10  Comparative results of the efficiency and

resource consumption of different methods on YFCC100M

# 11 7E MegaDepth-1500 £ 44 L HA#H RANSAC 1
AHPLE ST LS R (%)

Ty Sk (M) HEERET ] (ms) YIZEHSA] (h) FLOPs (G)

PGFNet 2.99 52.3 43 3.28
U-Match 7.76 52.1 52 7.48
ConvMatch 7.49 34.6 40 7.57
ours 5.57 51.1 65 9.73

B XHEEESE MegaDepth-1500 i hy)
bb. I E MR T B INK LS — 44 1600
B3R ] SIFT $&HCI 46 DB i, Hodid s ifr 48T
BCIRAF W UG F B 0% s Bl I R AN [R) SRR 34T B
AL, RA&E RANSAC A4S 3kS 1 7 2 Al
1. EEERAER 11 fros: 78 5°, 10°, 20° iR 2
R, AT77E AUC 2515 E] 41.89%- 58.28% Fl
72.12%, #Htt CHCANet 27+ 7 1.10. 0.67 1 0.51
MAS A 5 LCT M ConvMatch FiEAMH L, A
TERBE R, JRHA K BE (AUC @5°)
M, ARSCOHVERBUH E IR R, B R
E T HA R

FEREIREE Sintel ERINFEG. K5 4 07 15 %
A PWCNet™ HE42f5 (idy PWC + ours), £ Sintel
B L ISLIG s R (% 12) K H:

Table 11 Comparative results of camera pose estimation
with RANSAC on the MegaDepth-1500 dataset (%)

Sk AUC

@5° @10° @20°

ConvMatch 40.40 56.78 70.59

LCT 39.35 56.23 70.41

CHCANet 40.79 57.61 71.61

ours 41.89 58.28 72.12

* 12 £ Sintel gk Eouiim mURZERI LLALSE R (B R)
Table 12 Comparative results of optical flow endpoint
error on the Sintel dataset (pixel)

VikiS clean final
PWCNet 2.55 3.93
PWC + ours 2.42 3.84

1t clean T4 b, JEU A TF iR 22 I HE 7%
PWCNet 1] 2.55 (R =B E 2.42 B &, 45 IR N
0.13 4 %; £ final 74 I, iR Z M PWCNet [
3.93 18K E A 3.84 153K, 4aX £ N 0.09 MG K.

DL 25 BEEE, AT 5 VR R RO NG O
W2 PWCNet, F-7E A Bk — 2 B HAL
THRZE, NHAERNEE RSN clean T4 F3ET
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R, WAIE T TR TR B A S A 1

B TFIRE %] )RR B LIFT Ktk
BeXTHG. Wk 13 fiow, ERMFFH RANSAC J5 b #
) YECC100M #idlE4E I, MFANet 7E T4 vRAh 4
bR E AR T B X b v

* 13 {E YFCCL00M %k B AR IUAL LIFT
e R (MR RANSAC) (%)
Table 13  Comparative results of the LIFT feature
extraction method on the YFCC100M dataset (without
RANSAC) (%)

WA A AR LA 5]\ IS B i SRR LN 4 RE SR TT
ZtERe, XM 2 HREEE R &
TR, oAb, 35 A ERFACE B R
DSBS BAE R, TR S EL A s
AR IIZEN 7, EIFAREIRG E 2 ik Rede Tt
RMIGIUE 55 2.4 RN (L RAETVEA Tt
PERE).

% 14 MFANet £ YFCC100M )74 i 5 36 48 o
Table 14  Ablation experiment results of MFANet on

the YFCC100M dataset

. AUC

WARES

@5° @10° @20°

OANet 11.42 28.85 50.26

PGFNet 14.69 33.68 54.50

U-Match 18.85 38.80 59.38

ConvMatch 17.75 38.57 59.86

ours 22.48 43.79 64.07

PGB AUC @5° F, MFANet i&
22.48%, #ConvMatch (17.75%) $#2F+ 4.73 AN H 4>
A fE AUC @10° A1 AUC @20° 1l T, MFANet
3 Ik B 43.79% 1 64.07%, L ConvMatch
(38.57% F1 59.86%) th S HLAR ELH4.

ConvMatch B7EHR4Fa b5 i U-Match 5%
B2k (IR A THE T MFANet. 453K,
MFANet 7E A& #i RANSAC Ja b4 A4E T, 47
R T AG 0 S B RS FE DT IE, A3 o 5 ) 5 A 1tk
Az AL RE
3.4 HEASCIE

A R e MEANet A% U3 1 W st 5t
ALFE 1S B JEAE L DL K D) A0 RN B B e, SIS i
£ ConvMatch 1ENFELL T ikt AT XL, BT SR 56
PITE YFCC100M _EZEAT YIZRAnil ik, 45 & Jext
iz Byt AR DL R S D T 3 R 30 4 AR (1) 3
RS, AR A% OB A v, SR 2 Bk —
H S EGET BRSO, MAAFERESHE
ot R 28 P it R S

14 BRI g5 RIR A T AR A &
XM HERE 2. Horh MF KRR 18 3l il A b
FIU) £ R0 R AR Bl 33— 2D 4l 4 AL AL REG Al
PHEE ADJ BANE Sy, 1 UPS o xtiashigitiT B
KAEERAE. WRPATLUE 1, B3l JE ot 4
ReIFR A B k. WNERHRIE =47 LR R, 18
i FZ il i, RIS R 5 N oAt () b 2225
IR, WAL IS R APt RE. [ AT DR R R, B

AUC
MF REG ADJ UPS
@10° @20°
v 30.43/21.88 48.88/42.16 65.94/61.65

29.90/22.42 48.72/42.85 65.99/62.55

v 33.18/27.40 52.65/49.56 69.30/68.22
v v 34.31/30.23 53.59/51.94  69.99/69.97
v v v’ 34.22/31.03 53.31/52.29 69.68/69.83
v v v 34.43/31.26 54.05/53.37 70.46/71.06

T ARIER TR f B EVE R R ] /A RANSAC 1R )a 4
UG BRI LR A R

Frig i1 MF #1 ADJ B f1 ConvMatch [
W2 gE RS2, DRI SRk — B AR T AT H HE LR 1)
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R [ S FEEE AR T ConvMatch FRHEZE
HEATSEEG. Wl 8 fros, stk 7 ConvMatch
S HPAA R PERE. Hd— N E CNN 2
Jaism 7 AR (ConvMatch & ADJ), 55—
ARRNRAE RN b 2 FT 8 T iz shid eI (Conv-
Match & MF). SER &5 R EIR, WK T
ConvMatch # 5 H I MRS, QITpTid,
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=
.
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L

31.53

AUC @5° /%
8
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[e3]
L

26

24 -

ConvMatch ConvMatch & ADJ ConvMatch & MF

8 MF #l ADJ £ 7E ConvMatch %R

Fig.8 Performance of ConvMatch with
integrated MF and ADJ modules
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iz Bt PR 45 2 A 12 337

BEN IR, AT XHE Bl e 3 2
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[ 7€ N 0.50, FR9T VIR R 1t Z B E s m. nf
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BREEMEREOT, WA JE 55X 25 14 B 1
SEMA. [RGB S AL 2 BB R E N 1, R
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IR X RFENZ AN ERRBY K LN RS

R 15 xHEahd RSt

Table 15  Parameter analysis of the
motion filtering module
AUC
P s

@5° @10° @20°
0 — 29.90 48.72 65.99
1 0.50 32.96 52.27 69.01
2 0.50 34.43 54.05 70.46
3 0.50 33.94 53.10 69.71
1 0.25 32.82 52.18 68.92
2 0.30 32.28 51.74 68.71
2 0.70 33.06 52.07 68.39

AR T RANSAC 1R )5 AL B BRI TEAL S5 5.

S0 TEN 6020 - SR T L 27wl N =B N
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Fig.9 Filtering results: Initial motion vector set (left), one attention pooling layer (middle),

and two attention pooling layers (right)
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Fig.10  Influence of the number of grids on

network performance

R 16 AL B RLSRANF SR G 1 AR

Table 16  Comparisons of different hyperparameter com-
binations for the regularization and adjustment modules

h n' SR (x10°%) AUC

@s5° @10° @20°
16 — 4.51 34.31 53.59 69.99
16 16 5.57 33.67 53.29 70.24
16 24 5.57 34.43 54.05 70.46
24 16 5.57 33.99 53.58 70.37
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