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Abstract

When the position deviation between images is large, image Mosaic is easy to appear dislocation
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and double image problems. A large parallax image stitching algorithm combining deep learning
and APAP model is proposed. The algorithm uses learn-based SuperPoint network to simulta-
neously extract image feature points and descriptors, and uses SuperGlue network to screen and
optimize the feature points. Finally, APAP model is used to obtain local projection transform to
complete the stitching. The actual results show that on the Mikolajczyk dataset, the repetition rate
of the SuperPoint and SuperGlue networks based on learning is improved by about 20% compared
with the traditional algorithm in feature point extraction and matching, and the accuracy rate is
up to 99%, with stronger robustness and higher accuracy. Compared with the image quality eval-
uation index NIQE of the traditional algorithm, the final Mosaic image is about 6.5% lower, basi-
cally eliminating the dislocation and double image problems, and is more in line with the visual
effect.
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1. 518

BIGPHEAEM S SLAM, =4 [1] [2]. A5t PHE DL B 550 2 bt iz B [3], 2%k
TG AL AN EHUL 0 U ) B ZE R . 7ESEBR M A, LA Auto-Stitching 55 A2 I MG P45 75
FHEAAF 202 N, X SRR 22 T4 R IR 55 77923 4] [5] [6], AABALAE8 AR A B R AR R A 2
AN BB AR I, AR MESEILAERANT ST, SR UG R A B AN A

FR LR 12 1) R ) S SR AE T P R o R RRAE ARSI AT X6 5566 W 7 T, [ P b e X T AT T
WF7C. Lowe [71454H T R ARAHSHAE A 1k (scale-invariant feature transform, SIFT)43%, Bt #yid 204
FES I IR R i o R BRI AN S IR A 0, SRR A RGeS L D BRAR L R
PSS LR PRI H e FOAFAE s, (EAF (R ULHD . Bay [8]55 8 Hi 1 i A& f@ 51k (speeded up robust features,
SUFR) &%, i A7 73 BRI TR SR MRAAE 25, FESREXRER EXT SIFT BEHET T4, (BAER IIRHE £
REANAS 7 T A5 AT P44 . Rublee [9]4542 4! ORB (oriented fast and rotated brief) 5715, 1% 5 26 FFE 2S4S
N L {5f ) B3 K 1 (Features from accelerated segment test, FAST)&ik, 13 2 8 5 0oy SO AiE 5 s i 7
], FERERAE AR B AR AREE ] RS, A RO T EEM SR, AR R A R R
AN ], PR G B BRI, BRI R AE R BCR AN £E . Gao  [10] 55 Al BB R M AR H
(dual-homography warping, DHW)#) /732,

W MG 5 Dyt P TR0 M T 18T, 6 7 X303 A5, 1207 A A R R 7 VETE R 558 1 1A BT o
R KRR 22 UG HF B O RAR SR e 22 o VPR [1 1] 5508 5 4 o) B B ot PR EA T 6 55 R0 I A K1) 23, AR AR AR AIE
RO AT B AR AR [, 5 MR IR S RE /T - Julio Zaragoza [12] 5542 ¥ APAP (As-Projective-As-Possible
Image Stitching) %y, FIMAESN SIFT FIEAEHOSER s, 8 FHBENLRAE— £ 1% (Random Sample Con-
sensus, RANSAC) it i i i, HEAT Joy 0~ [0 A2 4okt R R 70 A R T X, it 78 2 2k 48 8 (moving
direct linear transformation, MDLT) X} &A™ A% AR RE R AT 3 IR, IX PP VAR KRR BE B vk 1 i 41
75 5| F i) A A DR B A R, (EDWHRRAE R IE A VT L% BER B =y Chang [13]%5 2 H 75 3 8 X SR
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BBk, TR H S X IR A R 3 0 3 52 AR ¥ 7 vk, AR AR DA B S XS I %, (ETE % KA
ZRGIS TR T B LG & APAP BERLHEATHEE . Lin [14)%7E APAP ALK LA F4R 7 R AT R4 5%
(Adaptive As-Natural-As-possible, AANAP) 5%, K528 e, ARV AN i AR A 45 &, (EHF e 18]
GAENSE FRCR . SCHER[L5]8 FH ki) ORB SVL R APAP R BUHEAT UG HE#:, $&TF T B s,
{H ORB HyEARHUARFAE i A B RO, I FLAE G R AR (b B ORI AN B 6 R B H A2 I AREAE R

DA b0 R 22 B DF B O 5T, DR 2248 B A 6 AR AIE s S 77 ¥ AT ARF AU e 0 i o B A A 7Y
APAP HEAYHEAT ik, {H APAP HLRY A AR AR B S f HE AR A B M . T SR B A VR B 2 ) B R AN
KFE, FETIREES SIMRHESRIUE Btk . AR e ME T TR T SRR SRE, R, ASCHR H — TR
5 >1 R APAP HRALEE G (1) R AN 22 BUR BFR S0  AEARRAIE s $R bR 3 T2 21 1) SuperPoint /2% [16]1E 4T
RROESREC, A FH2E 152 2J (1) SuperGLue W25 [17] 4R AR VLS SIS BRI i, Befmidid APAP f57YF
AT JR BB AR e AT BB, R IR Rl T YA [ L81REAT Al o 1275V RE WS Rl & TR P 2% ) TEARRAE R R 1
EEME. IEMILRCRMR S, RaREPHEEI I E .

2. BERARIELR

FF2A 2 APAP RIS & (B PHESFIRRAE I & 1, 2 8 BIBCRE . KEHUEE. KGRI
AE B E LR IY -

BB BRSO BB A S . RSP A S5, R NP sk R, el T AU 2, #k
/NGE— 640 x 480, LU EURHEAT AR FEAL A e B R AL B, 5 Je 49 B ML AR AR FE AL B

PG RO AE B & R AE A I . AR R VTS BB DHE =807, ZWPFCIE e R R I 2 27
>JH) SuperPoint BERHEATIREL, X BT ERMAL, FRRHE AR T . FRAESULEC(E A SuperGlue
W2, JEIAERS AR R E N R SR EIE A RIS RE R, R RILRE IR R AT A ER, RS )
REJIIR UCPHCR R AR IE AT OR B, B/ MR RUR AR R R, A3 Y B IR ILRE R & . RS /E APAP
TR FORE SR R AR BEAT RIRS R 3, Al H PR D08 N A% Ry e B0 AR AR Y, S0 oy S AR 4 A i AT v
kL, foJa i i fR AR A AR R S B R K P
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Figure 1. Overall technical flow chart of image mosaic
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3. ETREFINAMNER GFHEEE
3.1 FHERKM

CA$ A DeTone D [16]55 %11 SuperPoint W2 &5 M iE AT AE s kil SuperPoint 2 — i =40, Ui
B3y RRFAE 5 S IR T IR 2%, R % HESE 5 B ph L o ) 28 AN ARG 25 30 o 2 e, i 2 s, Horp
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Figure 2. SuperPoint Network Structure
2. SuperPoint [ 4& &4

Gnfid 2 KA VGGNet [19]2EM G RUZE, MMNEGRIRT N HXW , SR mER . bk
JE KR RS H o xW, , HFH, =H/8, W, =W/8, W K4t 5k & H, xW, 4R R R A5
TGo YRR ML | e R™Y W BB/ A (A RST AL BB IR BRI IE F R Al K & B e R P,
HH.<H, W.<W, F>1.

PBERDE AN y e R1Me® (65 /03K 8 x 8 KRB X AN N— AN BA I T4 80 451 (38 38 ) ke
BEATTHEAREE, i R R sk &, R R AR E H xW x D, D SRRl id R i 4% (1) i
IREE, SRR ES BT HOR TR = A, BT L, ruE i iR % . o TIREC N R™Y, a5
UE ARSI R 7 P A 2 HE 56 R

3.2. ¥HERIE

SuperGlue & i o 45 B2 N 25 3047 R ARRAE s UTAC, XoF 9 7k R o 32 R (9 R AAE s R A 14\ 2]
Wz, g P TR MR 2 AU IC DG R, AR AIE A 3 Sl SR AR vl ok o B A0 A i il SR JEAT TR . €]
3 4 SuperPoint F£% 45 H4

SuperGlue %% 3= 22 3 2 7 AR 2 WX 28 F R AL VE L JE 2R, i 3 e Horpyde i 7 I & i 2% 12
HH DR e D A B ) R SRR, B A m ke DG B s R R T i oy — N, i 2 2 BN
(Multilayer Perceptron, MLP)¥ I 4 [r] BB S dE . A TR RIRI T RIFRRT f, HHAEED
JERNAE SRR 12 . S A BRI T 1Rk A 5 I ANFE AT VIR RN A X, -

Xio =d; + MLP. (PI) (&)

enc

Horh B FRoR B B35 T MRS, d FORE | A T, MLP Rox 2 R IEAIML.
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Figure 3. SuperGlue network structure
3. SuperGlue P4 Z5#4)

TER I F A WS R B SEUTRE L AR, (M BRI ER B R A, ERG 1 L1
BB A AT AR N T
If @

H 5 € oy g} I FOREN | L3 | MEETE L RIS, M, 2R HIER A AR X B
IR, FEEME 1 RS 7 AT R

FERRICI A KA Y, S, Ry » GBI BAERE P, Jrb s, WITIAMSL, XHER R A
e A EIAIR A 10§ HEAT P BUE S AR EITURLALM 1 3 77  FLI Sinkhorn 57 20] R4 EAE T,
AE IR

£

(1+1)x' =Ix +MLP{[Ix [m

Sy =(f 1) v (i) e 11 3)
3.3. APAP & EIHHE

SEFRRFAE A AR BURIIRE /5, S APAP (LRI R 41711 o B AR, SR e e e
fro MRER AT B AT PHERIER, TR TR AR 20 p =[x,y Ma=[x,y.1], 4
i AR 2 TR R A

Xr: hlx+h2y+h3
h7
hx+h8y+h9 4
. hx+hyy+h
B h,x+hy+h
FEURAARR p AT q X B AR R RFB AR N
q~Hp )

7E EaUAERE H e R*S, H =[h,h, hyh, b heshy by b | BT p A1 g ZE[R —ANJ5 L T2 0, =qx HY
DRI, HARRAE AL p A1 g 5 N AT SRAFAE FE H:

L,p—h,p
qxH-p=| hp-xhp |=0,, (6)
xh,p-yhp

B BT RN A-h=0, I
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hy
o T 1AT

{ 3:1 P d F,) T} h, | =054 (7

p Ol><3 —X p h

3

R h AT PLR IR
. 2

h = argmin ZL”Ah" (8)

SR ERERE H 5, 33d Moving DLT S532003 AN /N T %m0 Ja3 38 S8 P B EAT i S, )
PO A% PAY FR) JR 1S 5P P e T AR IR A

h, =argmin ZJ.“:IUWJ. Ah||2 9)

Hodr, j A ERRIS A nxn R EGERECR, W, AR R T R R R, SRR R
PN RE R i, I AR e S i B D

34. ElfgRE

BT SRR, BGECHE S AR, B, RAMBCT S & k1815 B #H TRl & . 18
o BB R 1 7 A0 B S X b A kA AU T Sk, (PR S O T AR TR L, TR R
IR ER A Rk A st 10 Frw.

1 (xY) (x,y)eS
L% y)=aw (1 (% y))+w, (1, (% y)) (xy)eS (10)
1, (xy) (x,y)eSs,

Hor 1 (x,y) ARG G BRI A BEE, 1 (X, y) NAMBERM AR, SN (xy) fFERIE Bk ES
DRSS XA, 1, (%, y) HA BRI, S, 97E 1, (x,y) BE ERRZEEXEEHIXIER, PHEEE
BXHENS, w M w, HES X —MUE, HFHw+w, =1, w, e(0,1). ASCRAHNHTHE TR
B, BUEITEARWNL 11 fros:

w, = —%d +1 (11)

He, D AWIERGTESXISEKKE, dNESXIEFAEE RS20 R SIS,
3.5. ESRMREITM

o 4 UG I A f DG e R, SR B R 56 RN DE A DG e S 06 SV E Ik BE R AT VA, B SR AN UL i i 2
bR AL E, RN K DL R R e R AT 2 R B K TR U G 45 SRR AIE s R i i o S R PR A
IR 1 B IR AT A2 56T Mikolajezyk b Ed #2003, X+ TSR ILEL5i%, (% SIFR. ORB. SUFR
SRR EURFAE 2, AR5 P e AR Bk AT VLS, &% J I BE WLIAE — E (random sample consensus,
RANSAC) STk [ 217k 4T #E4k .

HERMTH[22]58 L.
Repeatability% - #corr_espondences (12)
min(n,,n,)
Herpr,  #correspondences AR UL T K& ot B AFAE £S5, g A, 23 3 D BB RN AR5 DL TG P4 o
R H B R AE A2

DOI: 10.12677/jisp.2023.122011 109 & 555 Ak #


https://doi.org/10.12677/jisp.2023.122011

TERZR[22] 58 LT
&, = dish(a,-H.b,) =[S0 [(a.-H), ~(b) ] <&

&
MatchScore = $
#correspondences

Forr, MatchScore 9 IEFIULACE, & A IERAULAC 4, #correspondences Xt RiRFAE £ N4
a, b, NIREIE A FIFE P EUG B At RAFAE ST 1AL bR, H VMR A st 21EE B 132 R i,
a,-H FZRER A B BIEIE B xt RAFAE s AR, XTBSS G a, - H A, SREUERAFE &, PR/ T
(e =0.2) M SO IERILIEC 1 AL

N7 VF PHEEIM R E, A SCRHIBHETLS % EGREWM E %, NIQE (natural image quality
evaluator, NIQE)& V% [23] X HH I BT HEAT VP4, NIQE febrill/)N, R E#im . NIQE HikiFh &
8 5 3 B R R AT R RHE SR G, @ SR B ARRE S 2 e s (MG R Y, TR S v
My, wWEAXIT:

(13)

f (a0, = xp[—%(x—v)TZ'l(x—v)) (14)

_r .
(2n)|2f

Horr £y (ay,8,,-+, 8, ) HIREUH I EMERAE, v MY 8 MGV BAIIMEM T 2. FEAT R iPAG R
FHERIREG WA Zum i (MGVIBR, HEEMSH v MY, @it ErEEE& S Z B (MGY)
1R S RS BB R EAT PR [23] -

D(v,v’,Z,Z')z\/(v—v’)T(ZZZ,j (v-v') (15)

Hrv, v, 22 R R BUE R PP B MGV BRRLE A7 22, NIQE FBAnEk/N, KM ks .
4. LWHER R
4.1. PR BHE R I

N IGUE A SC R 8, A N AT SRR IGIE, A NARHEVC PR RE I BE VR R, SRR
LI AT EU A o FERFAEILAC AR A Mikolajezyk F ik Z0HE S8 3047 DT FC M RE DU, 40 48 0 75 RG4S
Bi(bikes), YA L (leuven), EUEEZE(ubc), AR tk(wall), 7EEUEHEEMEREH R F 2 KA 2 G B
B S BOBAR SR EAT I, AEEAT SCIORT, R B R BRI 23 A R B0 640 x 480,

SEIG R R FR S A Intel(R)Core(TM)i7-11800H 2.30GHz, N 174 16.0GB, 4#f%-F &5 & PyCharm2020,
FETE S A python 1G5 . R OpenCV 675 . SIFR. SUFR fll ORB #i% 21 H OpenCV HiAH R
4.2. FHEITELMERE ST T

XA AE UG IE A VR e, SR B ST IE W UL JC R 0 SR M e b ATV, IR 54&40 SIFT. SUFR
1 ORB H AT %t b 4T, b ] Repeatability% % n B H R BUAAE S EE R, ZElfaE, &£
INPRIURFAE 55 & # MR . MatchScore YA B 18] R IE A UCAC % , MatchScore 8RR, 1E A TTRC 268 5 .

4 FOE 5 RAR SR AL G FE S B RRAE s o] AL ] DA R AE ST VC G T AL I, R
Mikolajeczyk ¥4 M40 BUE,  ETHON R EUG EARHRRHE s, TR EG B3R ECIRHE 2,
AT DAE AR SC AT PR SRR I IR AIE p e — Lo g B R 20 AR A S5 R B B (0 A, A eI 5. 7RI
e 75 TGS AS [F) 2500 S 40 R i 213 e (1 DL L R
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bikes

ubc

Figure 4. Visualization of feature points
4. FHERTTALILE

Figure 5. Visualization of feature point matching
5. $FE SR AT AL E

wnlEl 6 ME 7 NASCESEAMEGIL R EVE L R AR UL R KA, K@), (b). (c)f(d)
5398 Mikolajezyk AL 5 MG ARI AR 4L (bikes) . FGOLIEARfL (leuven)  BEE E 45 (ube) TS AR
AR (wall). 12 % 1_6 43R5 — ok B S T 65 7k EHR UL .

M 6(a). 14 6(b)LL K 6(c)AT LA Hi, SuperPoint + SuperGlue i 1H %} bikes. leuven A K ubc %1
PREERT, PRI ARRAE S R R A L B AR T, R HE S R, MifE4in) ORB HIAHE & R T E LK
B3R, SIFT. SUFR HyL7E bikes Fl leuven ¥ 45 [ 8 2 R BARGEW 4 Rif2 e, (HE B RM LA HILE
ik 20% /7. £E ubc BIEEE b, RGEVENEE R TRAEFIHE, A CEIEKARGERGE . £ wall #dE
£ b, RS E S R BIRNA PR, (EAREAE A A U ARG TAe e, AR m AR5 30%
FeA o VAR SO AR LU AR GURe IRV 0 SVE R AN [R13% 5 T IR B PG AR e B8 B H A IRRFAE 50, AR AIE A
& B ERGR, 7ERHT B ILECH Re8 /2 — e A2 EVHBRILEC IR %, SR UCHCH IER VTR % .
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Figure 6. Comparison of repetition rates

6. EERHE
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Figure 7. Comparison of correct matching rates
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FEIEMRULRC AR T I, & 7 SO AR S I SAAE DU A S £ b L-F- R85 2] 99% M IERRILEE %, [t
FCRYERFAGE, AR, REMAEAFI R FEAT IEFILAC, SEORIEA SRR EAL e S 0E IR
VLECHRARZANR, (HEAR LTSk, AT AR FERI A Re /78, VLHCR T

4.3. EgPHEtet

ISR AL E G PHEEEE4E, 18I ORB. SIFT. SUFR S RIA TR 5 ) S0 Rt 1 W
i PG AT R SR DO UL E 285 HY APAP AR 550 H R TR =) B R A Y, S il 42

Carpark RailTracks

Figure 8. Splicing effect
[l 8. HHEMRE

0P 8 AT SE A i DU AP R 4R R F R O RCR I, BoRHF e I OR B A5 AR 2%
R, AR BT BT ALZEA R E R

Table 1. NIQE values of different algorithms
= 1. FRIEER NIQE &

\ ENEEIE e
AFSE
Project Temple Carpark RailTracks
ORB + RANSAC + APAP 6.900 7.215 8.077 7.357
SIFT + RANSAC + APAP 6.997 7.123 7.544 7.392
SUFR + RANSAC + APAP 7.946 7.230 7.821 7.142
A 6.625 6.854 7.252 6.822

F 1 ONA SR AL G ST PHE R G R NIQE 455, WTLLEH, fE#HT KA 2 EUE Pf et
A (SuperPoint + SuperGlue)7E G Bt i v iy 28 A0 5 5 1 05 T #RIS AL TAE S s, (R T KA 22 K1
PHEERT , A SCHF(SuperPoint + SuperGlue + APAP) I i Hif 42 H 11 UG 5 & 3P4 F54% NIQE AH Lk A% 45 (ORB,
SIFT, SUFR + RANSAC + APAP)SLEHf 4 t i) & 5T & PR Fi R NIQE F#AIK 6.5% /2 44 -
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5. &

AR SR PR R 2% 21 R0 APAP R AH 45 4 1 KM 2 UG Bf 427778, SR A SuperPoint X148 EATHEAF 12
AR T, H SuperGlue #EATHFIE s 0 16 A ALUT L, 1 FH 07 326 H (1 4R AE s SR IR LORN 75 DL T P45
IRV Ry B N VR B, ST APAP BRLKE EURHEAT AR I 53, ¥4 = BN 1@ Moving DLT SRt
BEASINTTAGIAT = IR, SRt MR ] ) J 3 4% R AR A 2, e s e i

IS £, ASCATREIENME S K ORB. SIFT F1 SUFR B, 88 R E LS H% 20%
et FEAFEUESE BRI S T AT, AR E L. BRI ME TR e s, &
SCRFIA F) 99% M IEFITEL A . TN A KA Z R, §f8: 0 0BG R B ROR By, TR
1532 (SuperPoint + SuperGlue) 71 /G e ) #Eff 2 A0 B 52 14 07 T BB AR T A% R %

EL£mAB
] PE E S TH R H (2021AB01021) .
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