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Abstract

Visual-based 3D reconstruction techniques aim to restore the three-dimensional models of objects by
capturing their real images. However, these captured images often contain a significant amount of ir-
relevant background information, and directly using such images for 3D reconstruction results in
wastage of computational resources and storage space. To address these issues, this paper proposes a
three-dimensional reconstruction method that combines PP-Matting image matting and incremental
Structure-from-Motion (SfM). The proposed method performs image matting on the original images
of the objects before utilizing SfM and MVS algorithms for 3D reconstruction. The PP-Matting model is
fine-tuned using multiple image datasets, including Distinctions-646, to obtain images that solely
contain the objects to be reconstructed. Experimental results demonstrate that the proposed method
significantly improves reconstruction efficiency and reduces storage space requirements.
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Figure 1. 3D reconstruction results with original image as input
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N T FRRAE — Rl B, AT TN B3R SRR T AT 8 AR 2 B CRs PR 52 7 St B Alith), 1K
THER TES MR =g T RE AR, (HAREEH T KIS ().

ARSI H AR N E R BRI HE S, e e ik, ASCLL SIM TR EE, L MVS
BEAT R A, R =E ST, PR RER BT ThRE. BARY, AR RGBT Thae
LAR iR :

1) SREUR IR R

2) Xt Jas EUR SR HEAT B RER BT (G 1 90K B ASRASH R O B R 2

3) KRG EE R E R HIUEE . BREE)IMA SR E& 5%+,

4) RUBTI R S AT A g S Jm 22 A

AR HA] PP-Matting fIX IR E 9 B RERLBY i, VAR [A). HERE R SFFR AR AT X LL . 4R
THRNTTE, G =g E RN A Pt m .

2. ERSMFRIIR
2.1. UR=HEE

TR =R e kR THF, UG TERIRY), TR A G L 2R % > 75
RN T ARGF KR

FE G — 4 B A R R IR, MR VR N 5%, H AT N IEIRIR 2 9. M Farenzena %5
[ T — R T 0 2 REW MRk E i, T ALk EG G i35 i s AL 3D
AL ENZZS . N Snavely 52114 1 —FhEE T EHAL AN THRNLEE 22 HOR 19777, R AEIBERY _E 3Rk
B R, AR s Y = g A, T SO AN [ 3% S SRR 2R

BE TR B 25 2] WAL = o B SRR AL B A B T o0 By iR 3 . s FAS AL FE . Eigen
FRPETHERA, BHEMRKREGMEHE MK IREE, W25 4 Rk A v R s Al it
HH — AR5 K R EGEAT R . Choy Z5[4]3E TR R IR H I 3D-R2N2 BAY{E A Encoder-
3DLSTM-Decoder [M 45 &5 #5257 2D EJE 2 3D A FH BRI, 56 T 56 T 2% 1) Sl 1/ 2 W 1 = 4
B Yu SE[S]R LR 2 18] R4 2R 0 2 A SR I AT N G5 2 E dmfid s, R VB R 25 (80 19 7 SE
AT CAER B S50 0 A5 1) B AR, SRICRA IR IR(E B, bS50 BATEGRAIE S (R8N fRD 2% 55 2
Z YRR, Fan Z5[6)42H T H A4 E I IL 2 AE, RV T IR 5 = W 45 2% 7] 8. Chen
ST I N I R A S AT AR, RO SRR SRS R, E T S S EEREE . Wang 25(8]
F = MRk K ok RGB BIG I = 4EE 2 .

2.2. EB&IRE

G IREINE LI N =38, BeRET ORRIENIIE, RIRTEMRB TR R L M H A R,
MELRR T 5 B0 RO R EATN A T RAER9]; HUCRIETMERI Tk, XRTTEE R
THSARBLEE RE P SRR AL AN ARAR ZR 1] AR BAE IR AH R FRHS alpha B CURR DX HCRIR A0 XHR[10] [11]
[12]; f)a 2k T ORRAERARUE RO 5%, DASRAS ER M o5 58, IR B AT RIROCR[13] [14].
SR IR T il i A B AE TN &5 SR 7 T BT T R 18, (HEA TR E ) 2 BMRGT t Bl 45 )
REAE A BR A, LUKE AT S48 75 5 R B AR TS St IX TR Bedh, iRk (R 2 MR 5 2 50
PRI BN DA 1 8 SR Xt R R X 3 /N AR 3 7 UK

HETIREEE S RAK B AT Ly w2, RIS T4 B N 3 I S0 A0 1 s B R . 2 T Al B
AR EEA =FriE R — 2 BA one-stage CNN H4 41 N B GR Bl N 1) i 42 B e e dpd 3
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alpha F[15][16]; —/2&%4 one-stage CNN 15 H & X IIEHUHZE G, LA R0 23 3 4 Bl N\ BT 4 i)
FEFHERSE R E IR R[17] [18]; = &R H IF-AT AU 502 B 45 PR T 55 o o B X AT 45
[19] [20]. XtFEZRKE L, WA =FEERTVER: — & one-stage 454, T LUEFMEHIARE 44
JARHAE TR S, B RN EBUE 0 A B SE R [21]): RN PP S5, 1 S AR B R 4y B
W EL trimap, SRJ5 SHIGAH N A UL S 2811 alpha IEEE[22]; = RIFTHRU SR ZRALER, B
WEUES 3 RN U TAES . BInRT ST 5L ei4 /i SCRERD (23 )1 R EB40717 [24] [25]

23. GEERSENNE=HEE

IS R GBI BN T =4 E g, W] DU G B AR S A SEEUAR I LR R, FEsEI
T LR ) = 2 T 4

J McCormac 5[26 & H T — i FH G A 4 W 28 AT B 4R 10 = 4815 SR 715, BRI 5 2] 5
BN, ST AR S 4EE U . 1T Park Z5E[27)MIRE S 5 =M IRE RS, 8
T 5 ) SR 775 B B R BOR KRR LA MR . Shuaifeng Zhi 2528178 3% T nerf 1) =4 H 2 Il %k
o, IINAE U ISR, FFIERT T A nerf FALAIE SCorE], BT LR RS B AR 1035 X label 45 55 IE
MfER, FERTLURT B 3hibbri.

R R E T i —Fh, AR AR AR R UG R U615 B BOhR (5 Bk B R E X R, HE
HTAEMEAFE, P ARV XN Bk, BRI SR EE S B TR e . B
R BT ) DX I H O R B AR R RS A2 s MR B R R 20 il se A s, S B O R 1 i
ST AE . X T=4EEmNE, AERTREEIGRIATS, MATEREE 5, B eix B 5%
b 43 81 5302 B 38 A AR ST AT 98 P 2%

3. ZHEEREE
3.1. ERIRE

3.1.1. IEHA
PUE X B R 4R ARG SR B BT B BR A 1 5 B A, R I DB B 1 R 2y . — TR IR AT DA fR] 5
W% S PR 4L, BTSN Sto Mokl X ERUER— ke 2 BB RT R AT SIX 2 IF K.
BRI BRI S, KRR, a Fon i B Alpha I8, F, A B, 73 313758 I (4 T 55 BB AT 5= R
Mo —5k BAT RGBA JEIE I EHE AT LA i i v JLER 2 AL & -
S, =axF,+(1-a)xB, (1)

Ha NN, BGBENEREG: Hah I, BEORTREER. XTEGHHEEMEERS, BT
FRN—DRUT LRI TTEH . Hik, IKER 2 E AR R R e A R, RIS TR =t
AIEHIRL o

3.1.2. PP-Matting Bk

PP-Matting & Guowei Chen %5[29]T 2022 -4 Hi 1 —FhBE LI =i 4% B E AR BUR K B 1) trimap X 4%
ZOH, R SRR 309 S (SCB) A 40 HE 5 4145 43 SC(HRDB) AL AR, 43 i F T F0E SCE A i . fela
B8 S S0 B ARG LS IUAR B, A RHER 1Y) alpha 5

PP-Matting %% HHi5E X R 304 SC(SCB) AR 73 FF 2 4015 4) SC(HRDB) 2L %, AN IR — A At
BPUE it as, RIASLISES. 76 SCB T, FIH &7 H b B PPM)KRINEE X FF 3. 4,
8§ ¥fi(guidance flow)HT%#: SCB A1 HRDB, A BTl i IERE R S AT H0l . X 2% ZE ke i
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Figure 2. PP-Matting network architecture [29]
[& 2. PP-Matting P48 4244[29]

BANEH T =R kg 55— 2 SCB " IE X3k, KanA L, 1X2 3 KHEES 128 ik
L=-3%" g log(p!) @)
Fortt e {1,2,3) FRELEN I EAK, pl [0 RS i MREAE ¢ KOTMER, ¢ e (0,1} AN
FSUE, Q FRERTITEREER:
Q=0"uQ’'uQ’ 3)
He o/, 0" 0 nHIFRRITRG R BREERMTEGER.
/MUK HRDB 40k, RN L, -
L= 20 (L () + Ly () O

Horp L, 7% alpha TR K, L, EEEEHUK.
BRI alpha WRFIREHIR, KRN L, , H alpha TR BRI & MR

LR 2H R -
Qf i i i
Lf =Z[ (La (p)+Lgmd (p)+Lcomp) (5)
Hep L, &HESRGB Pt 5 B SR 5 T SR T 1Y) alpha 55 & K FUI RGB B 2 8] ) 26 506F 22 5

‘comp

AR R TSI
L=AL + 2L, + AL, (6)

3.2. #EEX SIM

550 SIM & — 14 = ffk(triangulation)Fl pnp (perspective-n-points), —iU 47 /5B BA (Bundle Ad-
justment, fHIPIAE) W — RGBT EET7V, HEL RIS . BA VLRGSR T AR
PSR ZE TSRS RS I 45 5, AR FoRide, BA 2 —MUAEE, HEMES/MUCERZIRE.
FEC NS RAVTE DL SR RIS EBORAT R Z S/ M, AT SRR R IR A . — R SR
ZERAZ A AT A . S RFAETCAC AU R i, =225 (8] s SRR o ARYE SR AR AL A S H e %
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4. LI
4.1. BIE&E

ASCHE 5 M EEESE EEATS288 . PPM-100 [30]. Composition-1k [31]+ Distinctions-646 [32]. AIM-500
[33]. AM-2K [24]. £ PPM-100 1, JIZREME 90 dk 4G G AN [ alpha 22, RS 10 5K
Ji 46 EUR ANXS BL ) alpha 28 7E Composition-1k H, WNZREELE 431 5K 46 EBUE XS BT alpha =,
DR T 50 FK R 4G UG FIXT B[ alpha JEE; {F Distinctions-646 H1, JIZREAE 596 5K 54k EIG K H
FHIL[ alpha JEEE, AR E 50 TR I5 UG EE S AT R alpha IS ; 7E AIM-500 H1, A% 500 7k 56
KI5 S LA L[ alpha S5 76 AM-2K 1, YIZREEEL 5 1800 7K 548 EZ AN ML) alpha HEEE, A4
200 FKIE A EUG AN alpha MEEE . ASCIRE IR 5 ANBERAESF 3417 KRG KRG L HA R alpha
ARG, 310 k4G EME S AR (1) alpha 8 SEAE 9 IR LE o

4.2. SEIRTR

4.2.1. %

AR SCAE IR B 42X PP-Matting #E4T T30 N T SN EUR MR — 2L ARG Bo s
BUG RSP IEEE N 512 x 512 (Mat(512)8E8N) AT 1024 x 1024 (Mat(1024)); FEHLEREE T BE(SGD)YI AL 28 5
B EN 0.9, BEECH 4e-5: FARYARN 0.01, Frdd 2 Tk T A%, 508 0.9,
IEARIRECH 100,000; HFEHFIREEN A =4, =4 =1. RLHIFTAELRAZE RTX 3080 4 GPU I
47T, batch_size N 2.

WEREE a3 1 . BIZRES AT 51, Mat (S12)8 8 i {4 SAD (48%) 2= 2 FE N 108.7288, HfE
MSE (7R ZE)EN 0.004, fefE iter (EARKED) N 370005 Mat (1024878 e SAD (4ax 2 B ) E N
63.5426, #¢fE MSE (7R 2)EH 5 0.003, HfE iter (EACKREN) N 58,000, Mat (1024)Hi% ] SAD 1 5
MSE {H#B/NT Mat (S12)8E8,  $68] Mat (1024) BB uERf, Tk FLTSCER I T Mat (S12)8 58!,

Table 1. Training results

= 1. NEER

SAD MSE Iter
Mat (512)
108.7288 0.0040 37000
SAD MSE Iter
Mat (1024)
63.5426 0.0035 58000
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PN

Figure 3. Test example. From top to bottom are: original picture, predicted alpha picture, Foreground image after
background removal

E 3. MR NEBTHRRR: RaER . UM alpha B EREREHRIRE

M3 ATUE 2, SRS R T R R RCR, TR e T =4 g rh i R s R
WA i 4 s, AR B0 A B ) SRR PG AT K A, A5 BRI 5 i S P51 . AT LUREL, U\ik
X PR R SR A OB BB P SR G IR B 7 ASCSAR 2R, BB SR E RN R, ASHREH

WL

db B 2
[ERNE]

Figure 4. Cuts out the original image. The top is the original image, and the bottom is the cutout image
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23 DL XA, RIS G R G AR, B EGRBER exif (5 B3NS N EGE, 53
T =4 EEERE. KIKBET SIM L MVS, @11 5 A, &S5 = 4eiinl,

(a) SIM AE R IFR T (b) MVS AE G 1) = 4R

Figure 5. Reconstruction results of SfM and MVS
& 5.8tM 5 MVS HEZER

5. it

Kl 6 R T AR I = 4E 8O . 1 eI ELEE, RINAIK AR (SIM + MV S) (1 8 i 45
MRS oA e B, B LU, AR AR, (HAR R R AR R ETEH I 58 B I Mat (512)
IR R B RS H TS S L, HESREMRT SIM + MVS 1fi 5%, fF7EH B85k
RIEGL; TN Mat (1024)3K BB ) B i 45 R RIFEA S CRHE R, HEEBEMAT Mat (512)3K EH

LENUESE ISR N B R N itk

Tl
!
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(a) SIM + MVS (b) Mat (512) + SIM + MVS (c) Mat (1024) + SEM + MVS

Figure 6. 3D reconstruction results of different processes

6. NEIRIBNZHERLER

2 R T =R TE =R @R R o S, e AR AT N, A R I [ AR AL N AE R Mat (512)
+SfM + MVS Vifi el M SIM 35t RMSE K&, SIM + MVS AR EMR( “ Mg T RMSE {517
FERAN, HEN AT RESE RN IR A8 R 10 S ik, 30 S5 B B g FRE BT ) .

SRR, N B SR S 1 = 4 g AR A T B P PR (R R FE e T i s BRI
FEPE), HAERGE SR EENE, RN SR> KERHE B, JRRBEAHSS, KRy
TARMEZS A XFERREIE R TR B AT VAT B 277 1) R 1 H AT AR S i 7 SR, eI = 4EREAY 58 7 A7 . 3
YT )ARS . =4S 6 L E S ) = g AR

Table 2. 3D reconstruction parameters of different processes

=2 TRIRENZHEEZSY

HENR AR A (1] TR Ay A7 StM ¥ 5t RMSE
@O SMM +MVS 34min 34792.26 KB 0.397886
RRIEM @ Mat(512) + SIM + MVS 8min 3107.58 KB 0.859279
® Mat(1024) + SIM + MVS 12min 5514.41 KB 0.801039
@ SfM +MVS 45 min 37345.60 KB 0.242221
NGt ® Mat(512) + SIM + MVS 30 min 23521.09 KB 0.219907
® Mat(1024) + SfM + MVS 31 min 23883.13 KB 0.213924
@O SM +MVS 90 min 74788.16 KB 0.712938
ek =4 ©@ Mat(512) + SfM + MVS 21 min 6901.43 KB 0.731410
® Mat(1024) + SIM + MVS 24 min 6906.18 KB 0.718293

6. FRERE

ASCHRH T — R4 PP-Matting K RIAIE & X SIM () =4 B 7 53k, 17 E ] SEIM Al MVS &
TRSE R Y AT, XA SR 4G B AT R ] . A SCRI A Distinctions-646 %5 % 4~ G £ %} PP-Matting
KRR AT ORI 2R, SR A S EEMAN RIS . LI RRY, AT E @Ry
THUR R E T, JF H A BRARAT i 2 1R 75 oK o

HRZIRE G EGEAE AN —R T REE B, B RIE S BT e HL
VRFAE Sk, 330 SIM THE = 4EARBR RS FE N %, B ZAATIA SIM AE IR B 2 = NSRS, MVS
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AR ZHERR R A TG AR SRR R A A BN R G AT IR, X BB T 1A%
BRBML, FEE PR EENRELEE LAY, ERA N =g AU R IS A
PR, HEGRTO =R DOXFERTT GOk T = e g, HEEHER K # Bk K B R R4
IR, ALK S TR i 250 B R A I % M) T SR EAT SR, (HE F AT S, AR EAEAR A 5 N IR B AR
FEARRCRIE LA A

BT, AR I AROR TR LR R : O MRS E g, Ry KaguE, £~
ZRINGE R @ EIREFEEPIMATE SCRB D FIHE, R RIEDRTEX R, @ A EERIKE,
BHEDEMG S s, AR RAER.
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