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A lightweight image matting method based on attentive model for multi-
level appearance cues

LIU Xiang-liang, ZHANG Lin-cong', ZHU Hong-bo, ZHANG Wen-bo
(School of Information Science and Engineering, Shenyang Ligong University, Shenyang 110159, China)

Abstract: A lightweight image matting framework, which is based on multi-task structure, is designed to meet the
requirements of the mainstream computing platforms. Concretely, the overall task can be split into two sub-tasks. One
sub-task is to classify the higher-level features at the semantic level, and then it distinguishes foreground/background
features from the unknown regions. Another task is to calculate the weights of the linear combination for the foreground
and background layers. Accurate foreground features are obtained by sharing the weights of high-level feature networks
with feature classification tasks, and they are fused with low-level convolution features. The proposed model outputs
more accurate mattes. Also, the convolutional neural network is optimized to lightweight the model. On a benchmark
dataset of Composition 1K, schemes performance is compared with different architectures. The proposal can reduce the
19 % and 81 % of storage consumption in comparison with DIM (deep image matting) and AdaMatting (adaptation and
matting) on 640 x 640 images. For the identical data inputs, the running time of the proposed model is only about 1/5
of DIM’s.

Keywords: digital image matting; lightweight; trimap; multi-task framework; multi-level appearance cues
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[RGB EUZ 43 B 5t 8 SRR A X3 AN 47, 1X
Fh 77 TA] DL AR A T 1 /T SN S RRIE S5
AR, AE il /E — 5K = K B trimap PG I I R0 %
Bi. F£T- scribble (14X K 7 2 2 @ i F B bracd i 5t
A 5 H A Jy B E 1K B ) H AR X, S AR T
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X 77 =

FEMLFER b AL S8 B B 7 232 B0 Rk TR A
(R ] 77 A 81O R B A% 4k () 4K B D AU -1, Horp
FE TSR 4K B ARV 3 A e o A 5 DX SR T S [X
BEREEREAKT, N2 E RIS AN FAR TR TRk B
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SRAFAIR P | 4 S SRATAIR 12 0085 7 g R 41X 1] 181,

XF EE T SRAE (1K B 7 1%, 2 TR AR A 20 14X ]
J7E 12 A [ AR TR AR B U7V AT RE T 2 ) o
1B (matte) 3% 25 [0 @, AT A RCPRUE 6955 25 1 1 RiT
¢ X B A & I LS. BT A A G T VAR A
FH ARG 2 1] (1 AR ABLBE K o BN 2060 IX 337 396 21 R S
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BAKELE N I &M EAL AR S TR R I T R 47
PEfiE. Cho SO 4 | — AN T IR B2 5 A I 2 (deep
convolutional neural network, DCNN) ] ¥ 2] i 22 44,
T2 SRR FH P A B4 P T KININ X U3 (1) & 1ok
B 0 o /. DIM (deep image matting)!'7! 50
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K2 HTH ) s B R IO 2R &5 4, b
ok B fa N\ E15 83 (K 2% CNN (convolutional neural
networks) FFAE [ R E 2R 2. Shen 22V 2 H T —Fp Ak
T CNNs (17 4x 5 3) AR I 7 X B R 8. Lutz 2520 F)
FHXF Hi b 27 21 10 58 70 R AR B o-matte, T 7 AE A0 00
RORAR G 15 . Qiao 1244 = bl 51N 24K
KR 55 b AT T4 Nl = AR, Wang 2521 320R,
BT AL H A P AT DUIE I VR 2 o ST o 2T UK
AR RS FRALLEE .
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EAT B AE TN 2B s 2) B 0 I 250 1 S0 g Y
e IR, REATR Bis B S5 E SAMEUKL% 5 515
SRS 3) BUAL, B RIAS Bl b 0 41X B HE SR/ 8 H 2 2R
B G772, T ek 474 20 P A AL
25 IS, DR, A 2 B AR 75 SR BT HY — B W] £E 1L
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FH I B R A b ) R, A ST A BATR LA 7 TR
FTAE:

) $&H— P T 2 JE LR R IR I 2
FAR EIHEZE. B X 2 SR B LR L % 5 5
T SORIE I A, 51N 2 Sk = b, 23 0 A4 )R
R G RN T A B AR R e

2) fEAEZE T J7 1, 78 70 10 5 EAE 28 25 40 A4 11
BEA BTG AANFER BREARER I
il AR R L Al A S HE R, i JRHE S R A
THEITA, (8 T IR ARG B RN ik % LS.
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NN BRI R EE ROAEHE, A

I=aF +(1-a)B. (1)
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TR JEE AR 550 K 1Y A2 B 77 LA B i AR B BB L)
F119 3 7)1 FH 2B 1 o-matte, T DA N EUG B HE &
X P25 3, Ja H 45 SR AT H A % 4 ) AR R
I 58 AL SR AT B AL ) a-matte. 755 TR Z 2 >
A5 K0 T U, TH X [ £ 50 7030, SR 1T 74 ) o 4 2
B AR T VR ) D) 2% B A 2%k, oA % ) G5 0 VR G 2 02 ol
B W28 2 S B0 AR, Rt A T8 19X 2% )2 1) 98 P2 L 4%
SRR (X 550 VA, Pt ARG B R — J2 il E £k
SRR UEAE S48 22 [ AR A AT 52 R, A E R
LSRR,

discriminator

O—®

cues filtration (2x upsampling) \
| . | i
feature alpha generated and | e
. extraction matte - real images /1
, I . -
Il I
[] I trimap \ .
attention =4 trimap generation GT -
generator distillation > (2x upsampling) > . - real/fake
1 AR AN EAIESR
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28 1R Ak 0] L, ST C A AR VR FE A 2] SUICE B I Y
F. 3318 TR B IR, A S 23 32 22 8L [ ik 2%
IR 2% S kg et ZERE Y h 23 S AR T 48 AR A 22 X 4%
HE e ResNet 5 % 621 422 1 1 240 5k 22 M 2% DenseNet
1) 19 28 235 R E AR s ASE 2 rh R R B, 28 R B KR AEAE R
IRZ M R E G st fE b o Bk — e 5 B A
W BRI R RFE 5 R R AT R A . U-Net!®!
{8 F Concat #: /5 ¥4 IR J2 R AIE 5 3 JZ R ik B N Rt &,
Z J5 B U-Net3+20 tpr il A i i 2% = A Rk & 1ok B
i i 5 T 5 /N RTRH ) RUBE R AR AR T DL SR B it
(YA R R B RRAIE B AT AR 3R T A ROBE R I i ke
JEE 1 SCRURDRL FE V8 S HUAS T ARG IR . AR SC 2%
R TT 2, R Rl G 2 REE N BRHIE. [FIRF, BT
[ (R AR R 7 2, 23 ) 8 B T e 4 5 ) e iE 42 1
J7 3k

AR 1 2 AL AR Rl AH 177
3, 0 R BT 1 A 193 = 77 2518 (attention fistillation) 45
. BT AR BUE AR ST 2 Skid s i Bl e
Al 5 TR S B EAE B 2 2 )2 B3 (multi-
layer perceptron, MLP) DLHR 40 & 5 2% 5 R R AR 1) 42
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AN
&G

(1) TR0, 4% 1 e-matte (19 HUELYE FE AT LORE H AR 1R 7
N3 DX Bk i B R U R O 7 557 XIS B i W FEE
1T S X8 P BUE A T (0, 1) 22 18] B AN 58 X3,
FRONARFAXILU . BARE SCAT s

B, a=0;
p(x,y) =3 U, 0<a<1; (2)
F, a=1.

=X (2) BT X AT 25 7T BL 43 fid s S A 5% B AT
B IMES R IX AR X IR =, A RN
trimap-task; 55 2 /MT- 55 52 K 1 v 5 R 20 X 3 ) 3% B
J&, AR SCHR 2 N alpha-task. 7 BUA BE 7L, © A ¥
WP 2R B XU 55 5 R g oReAK 1] ) JE, AEL 2 1% A
15 FH J5 Ak 22 1 7 3% alpha-task 50RS 4046 A 2, 1X TG
BERZNR | HEZL AL BEALE.

AL TAE R Z W% R T J5 A #E nT R gh H
F R A RAE AR LS. %) T trimap-task /T 55, 1X —
B[ 32 FEAE 55 2 0018 SURFAIE 43 25, B 60 5 1 e
BR IR JE 18 X AE B4 transformer HE 1T & )1 2518,
PG 7 128 S5 115 SCRFAE 1\ 2 trimap-task ) _FRAE
PB4 HH — A trimap RIE. S trimap B8 5 &
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) a-matte 5 A B 9% R, (H 2 trimap 7] BLIX 43 H AR
BIE T S 1 SORR 0 X AR 2=, X0 o fH B T
SRR OB E S 4F H. alpha-task{E 552 A T
A R U A5 S AR R DX I PR 3 4 1 M S0 = v
SRR AIE i N1 50 D845 DL JE TS Se 40 1R ALE,
PR 8 J5 AR AR T N alpha-task I SRAEERTER K1 5
N AT ) matte 5 5 (201 B 2 ).

appearance cues filtration

»

»C
<
! M
spatial-wise mf(%nnatlon ;
attention map attég?ilon E

distillation !

B2 ANRMELFRIEERHEFLIERE

Z AT 25 B i 1 22 S 0 o-matte 5 3 B8
2 H—> s et — AT s A K o &=
FI A 45 ER (discriminator). %455 B 5 A Rl 7Y 3 [F] 44
i — A GANI) 56 ), B T A= plohs 284 58 K 1) AE Al g
N B G e R (K P e e 45 SR JE e vk SRR O B
TR SR RIS, 1B PR AR OB A 4K e 45 R
ZE i fE.

1.3 MEiREk

BT VR 5 2 (1 BRAG A B 7 VAT A ARG D K
() 773 R, X AT A5 5 T IR FE 2 2] A B O SR A
B B G & b S BRI I 2 0 TR
()Y AR ) de B R 3R, SCHR [29) 4 7 2B — P
WIAEZE (fully convolutional one-stage object detection,
FCOS) % 41t LAYl 25 1] centerness 43 3 ) K & 45 #,
o B P A AEVE A B B RS BURFIE S B RN, T3
D 7RISR T ST, T HOW IR 2 ST g5k A &
P PR EE . T — MK EAES T, AR T
AT 55 B 53 BT 55, 41X BT 55 1008t LU SBORS B PR AR AR
THEL, BT DAAR SCHE B 2 R 0 2 PR AR ] 4 T
()i A2 R AT AN R T 2 A5 4. A BE g st |,
AL AA N RERB FEEH T 5 T — M
NBKRE, el rn x TERHHEITL x n B, 5 E#E
BEAT 0 x n BRI EE R 0 1 (B R AR L T B RAE
FIEJT T B A, A A — 4R 1 UL T e 21
ZAENMR 2, 7] DB AL 0 & I8 B R &AL
BB . XS T T BR AL B A IR B2 W 25, 78

BRI W 4 T 15 i A e 2 KA Al TE K th R A
DR, o 7 b xR R ) SC_E SR 2 3 IR K 11 3
18] Fs 3, BT AR SCHR U R 2Ry e 6 A v SR AT R 2%
HITHSE, X e B AR R AL AL 5 1T RE P R R K
Hh )2 AR AE S TR R AR AR B R, 382 K P R 2
FHIE 5 ZRAE S MR & . B R RE & FE n &1 3 By
.

attention distillation
NCpyal i
normal layer MLP normal layer
[m===mmmmmmmmmmmmmsmemm—m—-eo === mmmmmmmmmmmmmmmmemeoem-oo
| »  appearancecues i 9  Aappearancecues :
: filtration :: filtration :
| attention il attention |
| distillation I distillation :
| forward ! backward :

E3 AXIENZFBREFAHNATEERES REEE

[FIRE T2 Ak 7 T )25 B8, AR SCAE AR A IR 1
1t FRH T transformer 2544, Horh 22 S35 HL i Rl
A 2 HE E B BB B, A58 H 2 R IR A L4
T m AR E AR A BB G B B RER.
14 RKREH

A SCAS FH 24T 55 4 kg 45 2 30 R A B 7 %,
H 2RSS BE- MBI ZNMES. 51
1125 1 EL, 22 4T 5% 25 K T R R R FH o 5 55, 42
BTV AR AN I 1 R, AT DU R i FAME
25 B0 2 (A 3L RS B LU SRR R 1A AR
SCOK R BT S5 o it 9 3 AN A SR AT 5%, 43 il & X alpha
1E14 2 g% L2 5 () alpha ¥ B v BAT 55« WFAEAE T
X 52 rimap 4145 35T GANZ8 (38 SCH BT
5. X EIR 3AME S, AR R R BT LS 1

L= )\I‘Ca + )\2£adv + )\3£map- (3)

Hordr: £, RIRA R a-matte AT HX B BT R =
BARK, Logy R E B G5 HIABLA D B A oot
PR, L ap 7N trimap AE 55 I 43 did 2. %) T4
RYAUR VAL, {5 375 22 MSE 0 2k (s 5 4514
AH R (structural similarity, SSIM) 451 2% gy #4) 2 45
KA

Lo = luse (@, ag) + lssa(F, Fye). (4)
Horb: G HAE LA G AR B &L 45 R, oy 23X
AL E NS % a-matte, F' 15 F,, 43 B2 ARG 00 5
2% o-matte T F| AT FARE SR, F = o X 1. Liap
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(i) B 1 9 748 70 2L B B S SRR Oy ATIE LA PP
AR Lost, TS 1

»Cmap = gbce + gesta (5)
1 .
losi, = Pl > léap) — el (©)
peP

oo P 240 b BT B 12 R B, Bk B A
B P A PEL S AR B4 AR D 8 43
25 3 G HIVE SURDERERS .

2 £ Iy
21 SSRBIESEHIET

S 56 35 43 3 H Adobe  Composition-1K %1 # 45
(https:// paperswithcode. com/ dataset/ composition-1k),
AR — AT B AR, 005 431 5K & A A
5 2 VGHC [P AT 5% a-matte. M Microsoft COCO %454
(http://cocodataset.org/#download) 7 % HX 100 5k & 5
KR 5 TS B AT 2Rk, AR 55 50 5K
il 55 & R B [ a-matte, A PASCAL VOC 2012 %%
$& £ (http://host.robots.ox.ac.uk/pascal/VOC/voc2012)
kit 1000 5K A1 81 5, Bda S 0 1) 5 AL 3
75 35 SR (2] 584 — B A 1% N B 1k B L)
I6H8Y 4640 x 640512 x 51271320 x 320 73 HH%, 5
S8 —4HT8CN 320 x 230 73 FEE. IR H ) trimap 72
15 FHBE WL 2 48 E AR TEE ce-matte A2 BRI IR AR, XT
B T EUE R FH 0.75 ~ 1.5 2 (B I BEATL R BE4A 738, I
AN —45° ~ 45 ° Z [A] K RENL IR E: . 28 78
B A ENLIT AL,
2.2 IFEERR

P 48 b5 1§ A alpha-matting #¢ N % F #3448
R, 43 5 2 46 %) 1 72 (SAD) 177 1% % (MSE). 4514
AR (SSIM)2 W6 AR ST B30 A6 B o fB 55 H AT
JL/N42 3L 1] alpha-matting 523047 X LU YPAY. - F84%
AT

1
SAD = = > ll2(p) — y@)Il (7)
peEP
1
MSE = > (x(p) = y(p))*, ®)
peEP

(B2 + p2 4+ C1) (02 + 02+ Cy)’
Horh:p BB RZES], N & RMIX IR Z 5N
My 53 02 EUR o Fy I35, o, Rl o R FRIUEZ.
23 ZWE

S50 U B A SCHR [21], [FREAE I Poly % >

RGP ARG 2 5] R R R T LRI A

Ter = T X (1 - %)p (10)
Horit < TRAFERRE, T 2 A% 5 RIEARIK
. W65 ) M p 43l B E 9 0.000 1A10.9. B6FEAR
1 2% 9 Adam, . 3l 5 IR 9805 5 % B N 0.9
0.000 1.

SE 06 AE 42 3 F Pytorch & A4 2, iF B % & K
Ubuntu 18.04 1 4 # 1E & 4¢, id A Intel 19 10980 XE,
256 G N A7, LA Je—ER NVIDIA RTX3090 24 G it 5.
CUDA i A< % £ ) /& 11.3 it 4, CUDNN A 8.3 iil 4.
oF 07 X P A ) AN TR S RE S5, 4 A CPU Y
5 Intel I5 10400F, 16 G N 1%, & 2k H — 3t Titan X
Pascal 12GitH .

TEIN GRS FE B G4 N S 5 trimap HF 82 N
43 IE K FE IR N 2N A5 43 51K Resnet!!%)
F1 Densnet®! N8 T W 25, FH N B2 T & — 2
FRAEEIE . T IREUTE S 5 K2 50 RS AR,
AT S50 A A5 T A BT 4R 1.

24 KWLER

Xof bl S 58 5 T 3% B R A AR R M 1 3 AN K
7 A RS R, 7 A 2 closed-form  matting®, KNN
matting!'3¥ F1DIMI!"!, Hrb | close-form matting A1 KNN
matting & P4 B ELARRME A3 T N AR IR I
25,53 AR T A8 AU R R R b8 2 o) Hok
(30X B R 5 0 I ) A SR LI 4 R 1.

F1 Z0RINGEIREENIREELE

WARrS SAD SSIM MSE
close-form matting!¥ 111.28 — 1.0103
KNN matting!'?! 106.27 — 0.9534
DIM!"! 10.015 09375  0.0073
MODNet™*! 10230 09371  0.0082
ours (forward-ResNet) 10.490 0.9270 0.0080
ours (backward-ResNet) 13.410 09146 0.0121
ours (forward-DenseNet) 10.280 0.9263 0.008 1

ours (backward-DenseNet) 9.317 0.9398 0.006 6

fE S AR R B TR B I R AR A
ResNet!'O {F hyf T+ 1 X 4% &5 b9 1) 45 S v, 4 F i 0%
T2 A 1 DX 288 SR A5 P 4K PR R B am oz AR T4 5 e
P25 R 1 X 45 A b, 76 48 ) DenseNet!®4
P 100 % 48 g w88 R 3 45 ) D X 4 3R A R 4K [
P AN B A FH I T 2 10 45 04 () WX 8% R (T WL 5%,
WY KE 12058, 45 R WK 2 iR,




(a) BNJEE (b) close-formmatting (c) KNNmatting

(d) DIM

»

() HEE (9) ETAKELSRS
BEALTS 5 ) IR

(e) AICI7ik:

4 AEHREFEBRITEE

®2 Z1R0INGEREARPEEENUER

Tk SAD SSIM MSE
ours (forward-ResNet) 9.78 0.931 0.0073
ours (backward-ResNet) 9.04 0.943 0.006 8
ours (forward-DenseNet) 10.26 0.929 0.007 8

ours (backward-DenseNet) 9.13 0.940

M2 A VT DL A 120 80 N RIS,
{8 H ResNet!! M Sy T N 25 (1) 25 749, 1) )5 BRI 452 07
FERAT 1B 1m A ) 2 R T 2 G A B 45 R X
B, { FH ResNet /9 T W 28 5 250 1) Ji5 32 422 1) I 8%
SN AE. [F I A] DUE ), DenseNet /F A&
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