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Real-time high-resolution video portrait matting network
combined with background image
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Abstract: Objective Video matting is one of the most commonly used operations in visual image processing. It aims to
separate a certain part of an image from the original image into a separate layer and further apply it to specific scenes for
later video synthesis. In recent years, real-time portrait matting that uses neural networks has become a research hotspot in
the field of computer vision. Existing related networks cannot meet real-time requirements when processing high-resolution
video. Moreover, the matting results at the edges of high-resolution image targets still have blurry issues. To solve these
problems, several recently proposed methods that use various auxiliary information to guide high-resolution image for mask
estimation have demonsirated good performance. However, many methods cannot perfectly learn information about the

edges and details of portraits. Therefore, this study proposes a high-resolution video real-time portrait matting network com-
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bined with background images. Method A double-layer network composed of a base network and a refinement network is
presented. To achieve a lightweight network , high-resolution feature maps are first downsampled at sampling rate D. In the
base network, the multi-scale features of video frames are extracted by the encoder module, and these features are fused by
the pyramid pooling module, because the input of the cyclic decoder network is beneficial for the cyclic decoder to learn the
multi-scale features of video frames. In the cyclic decoder, a residual gated recurrent unit (GRU) is used to aggregate the
time information between consecutive video frames. The masked map, foreground residual map, and hidden feature map
are generated. A residual structure is used to reduce model parameters and improve the real-time performance of the net-
work. In the residual GRU, the time information of the video is fully utilized to promote the construction of the masked map
of the video frame sequence based on time information. To improve the real-time matting performance of high-resolution
images, the high-resolution information guidance module designed in the refinement network, and the initial high-
resolution video frames and low-resolution predicted features (masked map, foreground residual map, and hidden feature
map) are used as input to pass the high-resolution information guidance module, generating high-quality portrait matting
results by guiding low-resolution images with high-resolution image information. In the high-resolution information guid-
ance module, the combination of covariance means filtering, variance means filtering, and pointwise convolution process-
ing can effectively extract the matting quality of the detailed areas of character contours in a high-resolution video frame.
Under the synergistic effects of the benchmark and refinement networks, the designed network cannot only fully extract
multi-scale information from low-resolution video frames, but can also more fully learn the edge information of portraits in
high-resolution video frames. This condition is conducive to more accurate prediction of masked maps and foreground
images in the network structure and can also improve the generalization ability of the matting network at multiple resolu-
tions. In addition, the high-resolution image downsampling scheme, lightweight pyramid pooling module, and residual
link structure designed in the network further reduce the number of network parameters, improving the real-time perfor-
mance of the network. Result We use PyTorch to implement our network on NVIDIA GTX 1080Ti GPU with 11 GB RAM.
Batch size is 1, and the optimizer used is Adam. This study trains the benchmark network on three datasets in sequence:
the Video240K SD dataset, with an input frame sequence of 15. After 8 epochs of training, the fine network is trained on
the Video240K HD dataset for 1 epoch. To improve the robustness of the model in processing high-resolution videos, the
refinement network was further trained on the Human2K dataset, with a downsampling rate D of 0. 25 and an input frame
sequence of 2 for 50 epochs of training. Compared with related network models in recent years, the experimental results
show that the proposed method is superior to other methods on the Video240K SD dataset and the Human2K dataset. On
the Video240K SD dataset, 26. 1%, 50. 6%, 56. 9%, and 39. 5% of the evaluation indicators (sum of absolute difference
(SAD), mean squared error(MSE) , gradient error(Grad) , and connectivity error(Coon) ) were optimized, respectively.
In particular, on the high-resolution Human2K dataset, the proposed method is significantly superior to other state-of-the-
art methods, optimizing the evaluation indicators (SAD, MSE, Grad, and Coon) by 18.8%, 39.2%, 40.7%, and
20. 9%, respectively. Simultaneously achieving the lowest network complexity at 4 K resolution (28. 78 GMac). The run-
ning speed of processing low-resolution video (512 x 288 pixels) can reach 49 frame/s, and the running speed of process-
ing medium-resolution video (1 024 X 576 pixels) can reach 42. 4 frame/s. In particular, the running speed of processing
4 K resolution video can reach 26 frame/s, while the running speed of processing HD-resolution video can reach 43 frame/s
on NVIDIA GTX 1080Ti GPU. This value is significantly improved compared with other state-of-the-art methods. Conclu-
sion The network model proposed in this study can better complete the real-time matting task of high-resolution portraits.
The pyramid pooling module in the benchmark network effectively extracts and integrates multi-scale information of video
frames, while the residual GRU module significantly aggregates continuous inter-frame time information. The high-
resolution information guidance module captures high-resolution information in images and guides low-resolution images to
learn high-resolution information. The improved network effectively enhances the matting information of high-resolution
human-oriented edges. The experiments on the high-resolution dataset Human2K show that the proposed network is more
effective in predicting high-resolution montage maps. It has high real-time processing speed and can provide better support
for advanced applications, such as film and television, short video social networking, and online conference.
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SRFEWE LB K i A | 4 73 AR AT S A A i
TSR IR2E > 5 B oM 10. 000 1,0. 000 1,0. 000 51,
HEEE RN 1o YIRS AL 28 B, A Gt 25 L 427
P b AL A R I R R RN R o HER A S AR AR
[ 49 B 2% 2] R & A 10. 000 05, 0. 000 05, 0. 000 1,
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0. 000 2, #tt i K/NH 1, 2K H] DeepLabV3 FiiJll 25 1)
B O ACE Y R AL R AR SR HUER o R PR 5K NVIDIA
GTX 1080Ti GPU 1 3 Fh &3 45 F AR IS5 . 78
Video240K SD U4 b I 2k v W 2%, iy A iy 571
H15, 0125 8 5 )5 , 1E Video240K HD % # 4E I Il 45
VA RS AAL I 45 o LA, Ry 3 o 50 R0 7 Ab 34 43 %
R BB, 76 Human2K B8 4E b 4k 221)1 24
FEALM L, ARG AL (1) T REEZR D R 0. 25, Fii
AWFF R 2 5347 5056250 T AIM &6 Sk
JERAR, 25 S EE ALYk B2 TR, DRI ATM s
AT
1.5 HIE&E

VideoMatte240K 4l 48 (Lin 55 ,2021) 45 it — &
HNARATHR B8 o AR AR B AL T 484 AWM
B, Horb 384 NP 4 K43 HER, 1004 51543
SRAAT, 8 1 AE (adobe after effects ) 84 A= 1% 9 21
AN 3 B2 By ] — ER B 4 o 0 £ 4
Video240K HD Fl#5 & £ 4 5 Video240K SD) , £ 7%
240 709 1 5 i L FTET SEMi . 53501 5% FH 479 280 L0
Mt 115, T4y S LA I FH T 5630F .

Human2K 2384 (Liu %5 ,2021) $2 4L 7 2 100 0%
A BE R EME,EX 0 HE3 0 2 560 x 1 44014 %K .
>R 2 000 i R AE A I 2R 4 100 05 EHRAE by il
R

AIM B8 4 (Xu %5, 2017) B9 VI R8540 &5 431 1R
FUE MR AR AL 7 SO MRS . I bk i 269 iF A 2%

EIGAE R INZRER , 11 R AN EIRAE AR | B4
SER8 43R A 1000 X1 00015 % .

B B R Lin 58 A (2021) 25 i 3L =295
S IR A R EPNHCS 859 iR 15 5 KM%, 4 R 3
TE1 920 x 1 08018 % L) I, ¥ H 43l #2 8 832,200,
20 B Eb A I R4 IR AR AR o R s AR
i, 51 Z RS S A v JF X LA RO b 2
Xof A PR AT R FH B ATL AR 5 48 T30 R e 2 A 45 A
FTAbFE X H S TR T 05 56 A8 e 52 X LB
RS G ERAE , AT i A A5 4 Bl
HILTBRAS Rk I ESURE S5 380 | DA IS ds () 2R 1

2 KT

W TER
5 Xu5E A (2017) VAL 7 AR IR, 7R 52 RRIA] TR
FH 28 %5 1% 22 (sum of absolute difference, SAD) 3 J7
1% 2% (mean squared error, MSE) B4 J& (gradient error,
Grad) } % i P (connectivity error, Coon) #1725 WP
fiti o BRGS0 R I 5 DR 22 HEA T VA, A MSE |
Grad I Coon 43 51| 48 i & 10°, 107 1 107 fi% , LAfE T
U R SR SR BEAT R LU AL
2.2 THEER
TE 3 Bl 3 B4 4R (Video240K SD . AIM Al
Human2K) _FHEFTSE50, 2 145 H T 280 G SERTHIK
KER . R 1] W, RSO E IR T 2 /a4 =0

2.1
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Table1 Comparison of different methods on multiple datasets

Video240K SD AIM Human2K
Tk SRA i e T SRA i
SAD MSE Grad Coon MSE SAD  MSE  Grad  Coon MSE SAD  MSE  Grad  Coon MSE

DIM*(Xu%#,2017)  0.409 13.123 708 322 - 21.481 14.559 11098 19966 - 13.443 19.51 15723 11337 -
MGM'(Yu%§,2021) 0.424 17.574 947 332 - 26.704 38.99 13686 25555 - 14.907 40.409 19291 14060 -
MF'(Park %,2022) 0.519 20.584 1170 440 50.6 17.504 15.499 15630 16470 34.766 10.458 14.143 12350 9691 7.237
OTVM®
(Seong,2022) 0.368 11.112 508 288 8.03 17.894 22.667 32167 15783 37.974 20.578 36.091 32695 19936 21.224
AEM'(Liu%%,2023) 0314 828 418 225 - 10.603 5.569 4898 8595 - 6.557 6.617 4965 5421 -
]?;ihrilgupla% 12020) 0.511 19.038 1000 445 9.312 27.721 38.76 44425 27275 48999 25.095 5531 46187 24635 24.65
BGMv2(Lin%§,2021) 0.526 23.223 1226 445 122.524 15.408 12.828 12944 13640 27.61 8.89 10.736 9690 7879 8.616
EN'S 0.232 4.083 180 136 7.683 11.612 6.918 6783 10582 30.192 532 4.023 2940 4285 5.14
IR FOR S I m L 25 2R, =" Fom iz ik LA T s R AR T ZE T30 HiIE =40 K /5% . DIM: deep image mat-

ting; MGM : mask guided matting; MF: matteformer; OTVM: one-trimap video matting; BGM: background matting; BGMv2: real-time

high-resolution background matting,

485



486

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 2,Feb. 2024

& 515 5 1977 B DIM (Xu %5 ,2017) \MGM (Yu %5,
2021) \MF (Park %5 ,2022) ,OTVM (Seong % ,2022)
AEM (Liu %, 2023) . BGM (Sengupta % , 2020) F/l
BGMv2(Lin %5 ,2021) , 75 AIM 3 45 (930328 [- 4% Fil
FEARBEAIC T AEM J7 i, SR 1 AEM J5 ik 75 i i T
B E =AW B E B A SO s R i —
R SRR

T8 45t AR SC T 1 S AR DG T v W AT AR AL S5 5
SR B VSR h A Ty ik F ) B T (AL
0875 HE ) 52 WL P15 A R 8 Ry 3 IR T AR S %

AR T M R AT . S 2 AR
5 HABRITTEM A SOTEAE S AL GAL (L0 T7
HE ) AIX BT 25 SR AR A e o 26 3 e rp, Ho )y
TEAE NG e 2235803 (LT HE ) R 45 H TR I 4K 14
SRR ARSI L2 MR B T NI K2 207 15
Bo i —dHZ AR g, AT A N T
T A8 A (208 05 HE ) R 25 HY IE BRI PRI 25 2R AR S5
V5 AT DL hr M B0 N 45 A BT . Ak e] W,
ARSI 1 AT LA G s B R R A0 9 5 R, AT T
MNGAR P i

BEC N B 4F °F ¢ °C °F AP

(a) NG (b) HAH (¢c) DIM (dy MGM (e) MF

(Xu%E, 2017) (YuZ, 2021) (Park%g, 2022) (Seong:,

(HOTVM  (2)AEM  (h)BGM () BGMyv2  (j) &
(Liu%&:, 2023) (SenguptaZf, (LinZE, 2021)
2022) 2020)

K8 AL SR A RN L
Fig. 8 Comparison of visual experimental results( (a)input images ; (b)ground truth; (¢) DIM (Xu et al. , 2017);
(d)MGM (Yu et al. , 2021); (e)MF(Park et al. ,2022); (f)OTVM (Seong et al. , 2022); (g) AEM(Liu et al. , 2023);
(h)BGM(Sengupta et al. ,2020) ; (i)BGMv2 (Lin et al. , 2021);(j)ours)

2.3 HEEIEM

¥ H Vladislav Sovrasov Il £ 55 &Y ) 2 0 &
(parameters ) 5 3¢ fill iz 55 4t (GMac ) WAl 9 2% £ i
gk 2 LFR3FR. ATLUE W, 5 DIM.MGM
MF.OTVM ,AEM .BGM & BGMv2 J5 %A Fb , A SC )7
B A AR SRR N AN PR (reso-
Lution ) I 45 Bs) | A SC 7 v ] Dak 31 92 i 75 ok (L 5%
3). M NVIDIA GTX 1080Ti GPU #4752% , 4 3¢
J5 ¥ TE AR 4 P 3 (512 x 28848 ) Ml vh 4y ¥ R
(1024 x 576 15 2 ) FA5_I 119 &b B 5 43 531) kg 49 i/
F142. 4Mi/s, 7E HD(1 920 X 1 080 14 & ) Sz 4K (3 840 x
2 160 1% 2 ) LA - 4 b BE B BE 43 531 A 43 il/s
26 Mi/s , 5 [R5 A b, AR SO vk 3RS T AR 5K
IR AN, 25 5R FH MobileNetV2 75 b 4 i #% 1,
PUATHCRNG BT, HS BRI,

WEAN , AR ERLE P 2k sREL Ly RS ) AH T
A BB (L L) (AL M N, N, %F 9 45 25 4 (1) 52

®2 BESHEMKNITLL

Table 2 Comparison of model parameter quantity and size

WIRFS Backbone  Z4&#/M J5}/MB
DIM(Xu%,2017) - 25.58 307.1
MGM(Yu%§,2021) - 29.6 356.1
MF (Park % ,2022) - 44.9 513
OTVM(Seong %% ,2022) - 58.6 282
AEM(Liu%§,2023) - 52 208

BGM(Sengupta%@,ZOZO) 72.23 275.53

BGMv2(Lin%%,2021) ResNet50 4025  161.36
AR ResNet50*  27.92  112.06
A3 ResNetl01 4692  188.35
A3 MobileNetV2  3.30 13.48

TE L TR RR 2 S e R 45 3R, AMRA SCRY AL, " FoR
BAT I

Wi o AR SCHEAT 1 d oA, MOUR B AU R/ ¢
FEXTHEAR SAD (2 %5 1% 22 ) 52 MR . A& 9 o, 24
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Table 3 Performance comparison between different methods

itk SRR R TR Backbone A FR % (/s ) GMac
DIM(Xu%,2017) HD - - 3.66 1012.19
MGM (Yu%,2021) HD - - 5.74 39.35
MF (Park %5,2022) HD - - 8.23 233.3
OTVM(Seong%:,2022) HD - - 1.04 245.8
AEM(Liu % ,2023) HD - - 7.25 295.4
BGM(Sengupta %#,2020) 512 x 288 - - 10.75 403.58
BGMv2(Lin%%,2021) HD 0.25 ResNet50 38.46 31.95
A3 512 x 288 1 ResNet50° 49 324
AL 512 x 288 1 ResNet101 38.2 433
AL 512 x 288 1 MobileNetV2 70.9 11.5
AR 1024 x 576 0.5 ResNet50° 42.4 32.4
A 1024 x 576 0.5 ResNet101 35.8 433
A 1024 x 576 0.5 MobileNetV2 62.4 11.6
AR HD 0.25 ResNet50” 43.4 28.67
A HD 0.25 ResNet101 35.7 38.37
AR HD 0.25 MobileNetV2 58.8 10.25
AL 4K 0.125 ResNet50° 26.3 28.78
A 4K 0.125 ResNet101 227 38.48
AL 4K 0.125 MobileNetV2 28.5 10.36

VE IHL ARS8 % 9 B L2 2 , MR e 213 HII ) backbone F L, “~" 7R B A7 L 1L

6.4

6.2+

5.919

532

0.10203040506070809 1 2 3 4 5 6 7 8 910
MIN,N,

K9 4512 pRAA S R

Fig.9 Loss function weight influence

M 0.2, N, N, SHFRAHA9 SAD Feflt
2.4 HEREIE

FEI RS0 T, B0 B () R AE R B 2 (G i
) R e T A DRI RS T R 2]
PRI TR, DL RORS 410 I 26 r 1 1 23 A B
F6 FAHIA T B S, LUSAIEAR SOy s A R

2.4.1 HufiSgsifEm
445 T 530 R FHMCHE B ResNet50 (48 3C) |
ResNet101 F1 MobileNetV2 W 4% 1 N % i 2% 1E
Human2K M 45 A9 as 5, SR A M 1L, 2
i 1) ResNet50 AT LR BT AE 48 (19 52 hig (8], B3 H T
AR SRR BT 55 .
2.4.2 G ALY S PR 20 £
3 38 7 S T D) 2 i B I AH R ASE B 56 F B v )

R4 REI[HOERME

Table 4 Effectiveness of encoder

‘ e
Ik
SAD MSE Grad Coon
MobileNetV2 8.95 9.481 7389 8 361
ResNet101 6.735 6.299 4798 5766
AL 5.320 4.023 2940 4285

T L PR 5 8 R A4 2R
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2 rh & P ES M AL AR e (PPM) 5 70 2R fif i 5 B bk (R-
ConvGRU) X} g X g5 = gy e, £ 5 M FE
Video240K SD 4 F Al 28 5 . Horp X F 5L
HER 2545578 (baseline ) , 45 H K& PPM #5325 R-
ConvGRU FLHL ; “+PPM” 5 11}y /£ “baseline” 15 Al th
AL H 1 PPM B 5 “+R-ConvGRU™ A5 B (AR 30 ) My 7E
“+PPM” A LAl [ 34 i1 R-ConvGRU R8RSR HAH
[Fi] Py 27 > & Fin A5 50 B0 i B PR 78, G v g
I B0 245 45 2% FH ek (14 ResNetS0 454, 58 5 7]
U, PPM AR T DA i 58 W ] b 1) i A3 DAk e A , i
R-ConvGRU MEHR7E F8 bR I A48 w3 50 5k 3%, 4331 7
SAD. MSE. Grad. Coon #§ #% I F& X T 17.2%.
27.3%.32. 8% F123. 7%, £ L, SLIREE REE T 78
PPM £l R-ConvGRU #k () H [/ /E R, 7] LAFRAS o
HER 15 IR A

£5 PPM 5 R-ConvGRU #ERINB I
Table 5 Effectiveness module of PPM and R-ConvGRU

Tk
SAD MSE Grad Coon
baseline 0.373 9.112 372 295
+PPM 0.353 8.616 359 274
AL 0.292 6.262 241 209

T L PRS2 B R AL 4

2.4.3  KignAb 2 e

Shy 56 TIE A 41T I 286 X6k v o B SR AN K 1] B A
A, 7 Human2K M35 Ef 752586 . — F R FHA B
NG A4k X 25 1) JE VE Y 2% (base ) , 5 — PP 2240 &K
204k 0 288 1) S AR R 2% (overall) o SR JH 5 2. 4. 2 1 4
) () 7 R AT S0 6 B R 6 i . &6 ml L,
S £ 43 BIHE SAD  MSE . Grad & Coon 87 I K¢
8T 10. 1%, 19% ., 12. 4% F1 13. 2%, K 5 0E T 16
ANk R 25 B VE R, A A4 I 45 T LB 4 b 000 552

R6 HAUMBHAERME

Table 6 Effectiveness of refined network

e
SAD MSE Grad Coon
SEMEM L (AL ERTALI%%) 5919 4972 3358 4937
SR 028 (L E R AL I 4
T L P SRR S 8 R AL 45

5.320 4.023 2940 4285

Hﬁlz\glo
3 & it

ARG Y — Tl S 1 0 B A K (&1 D70
SR PR 190 265 v 48 7 B T A A A BB -5 AL AR o
M2 RIEAR R i 5% 22 TR R T R 45 %
SeMila) iy (a5 B o Gl 2 HERAE B ST 3R
FUG b Y e 2 BERAE B 48 IR B R s
BT i 52 AR K5 AT S L TR m o PR R R AR
Human2K b #1755, 45 R R BT, A SCHY N 2% B
DT R HE R R 275 %, ASAURT LR BEORS 40 9 A AR
RELE M B AR AL PR HLA 3 i Sk, R
%y )5 2 e N PSR BE S0 1 S0Fp o I Ah AR SO
BATAEAE — € 1Y BRAE K35 SR S B A5 2 PR
T MR AE ST SR RN ] Rk i — PR R B
AT IR B0 R 2 PR AR SR 151 7 1
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