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Figure 3 Structure of image similarity detection network

K (1) PR,

AU S
W= Muu»n'nﬂan|f w
A fC) WBRERZM Y I T T Z AT A
0L S 1) PR R PR
T3 — A4 3 W K AR AL A B S AL W 4%
PoseNet, fif ] Kendall %5"%' $2& H1 ) PoseNet X % A
MG HEAT 75 A B BE A7 B RS S AT, W4
LA GoogLeNet[g]ﬂ?ﬁ%ﬁH B TRA ) 3 4 softmax
I3 FE A TR i A 1] g 1Y 7 S R de ] 2
INE 4 EFRTERERTR, ¢ = (x,y,2) FRDLER
=4k, R = (w,a,b,c) FmMHLIER R DUIT
. B4 B MEUUR S TR

t R
N R A
Feature [ FCE3) FC) |
concatenation )
FC(1 024) |
[ CONV J { CONV J[ CONV H CONV 1 CONV
1x1 3x3 5%5 i _Ixl
CONV |[ CONV MMaXPool\ " AvgPool
1x1 x1 )L 3x3 ]| 3x3

Previous
layer

Bl 4 PoseNet HIHHHLALE LA E TR
Figure 4 Camera position attitude regression

module of PoseNet

A AU i Hh AR AE 181 285 P 2t Ak 2 i e R
SRS 1x 1 WS BRSO TR R A
A5 AE A BT 4% A6 81T 2% R AE [6] 5
i 1024 4Ef iR BRI G 4R 3 A 4
FR 4 T 4 22 I 0E AR S Ao R e 1 7 A )
L AT LA 53X A 23 S TN A4S B AR A7 A
A, Mt EAAN AL T, X ER R, Eid
SCHRL10] H pr e 75 ik  fe 28 i DU JC % R % 45 A
XEERILAIE R,

ENlAe RN TR DN R o S K E I E A
Z ) A R AE 1 S B FIRH X2 8% 5 RS L AR L E



58 M K ¥ R (T % B

2021 4F

BB B3 A K (2) BEAT IR S I HE Y AT
IR 21 InitdP
Score = T.,/d*(R,, < 45°), (2)
. Score Fen InitlP R ZAT47; d (1)
PR TR RRAE 1) ft 22 [R] Y R B AR A — 4
HHPRERBGNESE 2R 60% , FHHLA T
Je /N T A5 SR K 3 A b AR X A Y
BI{H BLRE y 45°,
1.2 ZTNEZEME
TERE T 24T 55 WSS HESR 5 il w5 i o 2
55 4 R AR 52 09 07 X, A SCR A Fukuda
25 L2 BT R A 28 34 42 500 HS PoseNet 55 Match-
Net #EATIEHE , SLHA [T 55 Z MV RRAE g 2 52 28
X EITIE 5 Frs .,

Bs5 ZXEEgaRER"
Figure 5 Schematic diagram of cross-
]

connection structure'"
W2 25 n 2095 A SRR x) F x5 JEAT:
5B BUZRR N £y RS R BESE U e
(345 U2 2 2] BN A M g R g, AN AT 55 42 ik
A AR xR x, i X(3) IFE
e,
X =f00) + g (f(x);
xlo=00x) g (f(x) .
T P A AT I g (fr(x))) A
g (fi(x))) FmRTB—AMES P HEHEL, W
Flt PoseNet 5 MatchNet T A & E A ST 8
S s BN R Y 2 R A E SRR E) O H
PN FE AR LS W EAAEF 2 22 5%, It LU
ANl G AP P25 AT AR AL U, Ik,
ARICR T ¥ JZ 28 O3 H: MR JZ 58 )
PR SR R A R 0 2% 43 ) AT S AR R
PERE 45 19 58 O T7 . W iE 6 s, /B
MEARVE X S g 7 2 LN E N, HRER
HWEAAL 5 25 A FFIE SR U2, A S 5 R AR 1Y
g
K 6(a) " MatchNet B 3 T ™ 2% Resnet50 [
5523 MR ERPIERZ S PoseNet ' Incep-

(3)

tion3 F I FRUZE HEAT 58 SO 2 fan A 4 Ak PR
SFA 51k 56x56 ,28%28, [€1 6(b) ' MatchNet [
%45 MR EBY PoseNet 1 AY Inceptiond | Incep-
tion5 J2 H Y 5 FRUZ 22 (DA 2 58 SO F A
FEAE B RS 230 510 14x 14 R 7T

(a) IR A S
6 BMHXNEETEE

Figure 6 Diagram of two kinds of cross connection
1.3 BREMKEH

XA 19 2 HE S A 45 Ok R BCEE AT BT
Jol E A E P T 245 B RR R B, 3T
L A 0 ) 26 >R AN R = et 2k ek 0
L(a,p,n) =[d" - min(d ,d" ') +al,., (4)
KXiia,p,n 73 5K S % EIR EFIEG, 7
BIER d" =d (f(a) . f(p)),d =d(f(a),f(n)),
d'=d(f(n) f(p)),d R (1) Frik Y Wi K%
ZIA B ES s o O — A B 30 B S Bl A
PIANHE IR R — AR, X (4) %
[o],=max(o,0), Bl 24 1F # B & i K F )
P R 2% RO B A0 2R R T R A

TR =AW PoseNet,Kendall[s] 7
1 B R38R pR AN (5) BT

(b) WRIE X 2

q

Gg-—— - (5)
g Il 1l

Kb, x 19 g Wi S SV BB (B % A 1
B, £ 5 § BRI BN B Tk
A7 160 2 22 B 0 B3 Ao 5 0 R
iES
VISR AT 5 18026 6, T 6 1 BB 8 S0 i)
SRR, R T 1 4 W A
2 R I e 160 £ 4 o 0 A 22
IR, A5 SR By 22100 R e 26 W T A T
77 ) B I A R, 5 (6) T
Lyo=W, L. tW,:- LPNO (6)
R L W (4) AR AR R R R s o
= ER REGL . RSt (5) 4 1 B U A
1 R T W, W A L

20, 20,

Lpo:e: ||x"_x||2+ﬁ

WEFE SR o, o, Bl A T RE A 4K pR R ] Y
g



%1

XVFH S5 AR T 2 AT 55 2 > BRI IR G 3 U 1k 59

2 HBEHREZRENZERE

1B GE R InitlP 126 HBOHE 28 #4238 i R 14 S0 L
FEAEFNIUART 5C Z R HEAT 0 0k o SR, 7 e 28 52 By
Yy X 8605 L e R InidP 25 B S A1
ORI B, B A TR G m gL, 80
SRR R, R, R 2 AT 55 I 4% Y
o ) tE N — A 37 S R IR TR BRI P
WAL T 3 5 % X Y InitdP
2.1 BEEHERE

T A MPTERA TR ESC, 1= {1} AR
KRG, 24T 55 W 45 1 v a) it o L8RS Ak 1]
W IR ES D MXS RS T A X g i 4
B R, & XEBGAHMEELS ] S AR EMIREIR T,
ML ARE R s, e S,s, (7)) IHHEAH .

1
s, _c?, (7)
A d, e D, (1) Pk w R Ak () & [a) /Y
iR

I, PR R AR RS ¢, e T FIAH
XWERE R, e R, HH o, (R, A3 SXERE 1.1 719 Y
TR WRIG,E L5 KO A%
£5 6= (NE), Hb NREEEE T RES,
fER n, e NI TP —IRIEMR T, E MARRIDZ M

G IR A P EIMR 2 8] AR AR BE AR X
RLFS RHXT e 14 b T B B 9 SBC(EL Y LI, D) Ay
PINT R n, 5 n, BN % e, € E, DL
AU AL EE S AR X B 1 S AR, A =X (8)
B

W, =5, bio (8)
AL N] DLZR G B P AR 0 R A AR LR B2 AL
& I G B S5 T R oR K e, = (i,
nywy) o FENT Y R B RN o8 B R ALK D TR
mr,

Step 0 WAL iEHE, ERIBRESR 1, K
BB AR LR &5 S, R AR X LSS R,
T, 0 1 —RER L A —D 8, HL
TRES N AN A EWLGES £, KEM
UL IR s, AHXTALFE B(E o, , FH XS BERS BAE R,

Step 1 Vilal N AL — KRB U5 A A 755 88 n,,
TES. T, R n, XS RIER T, S HARRR L
PIRERLEE s, FHXS LS o, S5 A XS ERe R

Step2 M, =s,,Hi, <t R, <R, H
R n, SR L TR I S n, Z )% e — 4530
ke, NG E N w, RGNS e, = (n,,n;,w,)

ERER £y

Step 3 4 N A 1 ASER B VI IR D A
Ky aeiE i ® 6 = (N,E) , 3R 1] Step 1,
2.2 ETHSEMNERAZE

Wit 2.1 WL HS TR ERRE, AT
P B T 0 0 B I ) s BRSO VR Ay vk
TR E deg, SR 58 i W IR ER E 2
I (deg, + deg,) HMr ik nitlP 157 42 ER 1Y
SRR BT T PG %o 750 T 37 5 4 X 3
E, 2605 B a0 A S 35 A i, ] g Hh BE
InitlP o — I AR Y B2 K, i o5 — i AR
AR /INB A7 B, 3K BE AT AT 1T Rl S 350 4 R AN
w R B R SR, PR AR S
A PR 5 N O (O S O
e et | s Sk AT IR T b, L i O P 1%
JEE 018 ST R R VO PRI 1) 2 R /N DS A
TN T A

TR n, 0, PEAS Y T AR SR Y R 1Y B 407
O3 A XA R R B AR m BT
b, MAT(9) . (10):

m; =deg, + deg;; (9)
_ | deg;—deg; |
bij = o | deeidej| (10)
B B R A R (1)
m,
Gscore; = w, 3° (11)
i

A, Gscore;; AR T 5 50 B W 7 ¥ T 41
w, B (8) T,

A M s 7 4 L B0 i o) B vk LA A R
W,

Step 0 wIHEfk. LA 2.1 W E SR %
ACIIEECE S ok TN A WA UREDSE S
A NTE—DT A, TEEDNT AN deg, IF
Fifitt ;

Step 1 VilA] E P AE—REVIMAIH L e, 12
Boe IR P 8 n, Mon , RAE(9) K
(10) A 5 A5 6] B9 BE A m, 5 BESFAT F b 5

Step 2 e, P w, B b, 5 m, MRIE
A (1) BT S Gscore,;

Step 3 4 E P A AL e, EHE VI, XS
Gscore, HF PP WA 70 J5 8 1919 5506 (nyymy ) BT
(RS (1,1 AWl b AR X 1, = (1,1)
(InitIP) FH-4 th , 75 WA [ Step 1,

SR A T TR ) Tk PR AR T Y s
O nitlP, B TE MR AR 5 e 5 )ik 5 21T
55 IR T IE Y InitlP 25 %) B A Ja & J A 5 2



60 M K % R (T % D

2021 4F

Y B NG RE AR A S 4 AR Rl R, R T AR G 7 1 4
TE T TR CR Y [R] B X 4 5 3 57 00 8 MR PR B 4
T ),

3 XBELERSH

3.1 XERBRHE

A SCHTAT 5250 Y 7E BE £ Intel 176700 K Ab 3
FEAFAAS NVIDIA GTX 1080 Ti KK &K 0y 52 46
ML EEAT, R AR BE 2 S HEZE 4 TensorFlow,
5 2] AN BT RS O B AR 10 000 2 H 2 ) R
PRHE N MR 2E ) R 0.9 5 H E NS, B
XS AL 5507 1 M Alicevision'®

g R R AR O AR S
TR A FFEESE GL3DT ARy I 2R B
£, HP 5T 90 630 5k ¥ & 378 AT =
(e o3 B R AR, £ L BF, SR A Cambridge
Landmarks Dataset %5 #b % #i 4 XK
R 308 T AU 4 L A0 ok B SR R A LI 2 A4
[FES7R75 =N
3.2 ZEEMENLR

TEM B 4R 19 5 > 37 5600 B 4R AT
InitlP FEHSLER: K 7 I —> 51 InitdP 78 B,
Kl 7(a) M Alicevision FTEEHUH ;& 7(b) [ 7(¢)
53 ) 1 J2 28 S 45 5 TR 22 28 SR 45 1) 3 B 4%
I -, A8 ST $22 1) TR A4~ I 4% I E 5 1) InitIP
W IEALF G FEAEAR L5 2 TR A2 A% 1 S0

“i‘jft"“ ‘h ‘‘‘‘‘‘‘‘‘ -

'z
v

() HER X AT
B 7 377 ERTE nitlP Xt b &

Figure 7 Comparison of InitIP selected by three methods
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Selecting Initial Image Pairs Based on Multi-task Learning

LIU Yuxiang, ZHANG Maojun, YAN Shen, LI Jingbei, PENG Yang

(School of Systems Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract: The selection of the initial image pair was the key to the incremental structure from motion ( SfM).
However, traditional selection methods had some problems such as low computational efficiency and poor ro-
bustness in some special scenes. In this paper, an initial image pair selection network based on multi-task
learning was proposed to improve the efficiency of selection, and a selection strategy combined with the scene
connection graphs was proposed. The strategy firstly constructed the topological structure between the images,
and then judged whether the initial image pair was in the center area of the scene based on the density of the
connections between the images, so as to avoid the incomplete reconstruction in some special scenes due to the
selected initial image pair being in the edge of the whole scene. Compared with traditional SIM ( structure from
motion) methods, the selecting speed of the proposed method in a variety of different scenes was increased by
more than 5 times. At the same time, the proposed selection strategy combined with scene graphs could in-
crease the number of reconstructed spatial points in special scenes by 10 times, and reduce the reprojection er-
ror by 0.05 px, which significantly improved the robustness of the initial image pair selection in special
scenes. This proved the effectiveness of the proposed method. While improving the efficiency, it could ensure
the completeness and stability of the reconstruction of special scenes.
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