% | \ GRS SO T S N 547 % 14 B
—=] | iy il ™
sl oy ELECTRONIC MEASUREMENT TECHNOLOGY 2024 45 7 A

= g

DOI:10. 19651/j. cnki. emt. 2416330

ETEXHFIERSHWEINAGEE"

AT | AT F A4 BAm
Q.M EAERFHREAFEZETARFR KM 5500255 2. %M ERXRASERLAATLELHEFTMEAEKRSF ST 550025)

OE: H KBTS T AR K X 2 A R 0 DX e 0 3R 4K I, AR R X8R R A R S B
ARAG ZE A 25 W S0 . (] 05 003000 AS o A 1 0, it — oy 1) 0 1) )23 R AT 2R A 3K TR T 6 AR 10 A B o — AN S =
T 228 R0 VR 0 ST S T 2 R D 30 3 R A0 B 3 R T ML LA WA AE B A 7 IR AR 2 IR BB 2R R R = J2 s R &L
N 7E WA B i A B B0 A BAAS AR 0K Al 3 FER 36 R 5 SR R T S T R B L 3R T b, &5 A 32 UM I
IR A T IR I ) o5 B R I AT 2 AN S A PR B AR L D51 R R YRR AR A K I ) 4 A A 5 S S R IR S A L KR B R
SO . I IE TR B A A R L A A Y MCP-1k FIAJF 1 P3M-500-NP 504 T 3EFT B0 40 BT » 5256 25
U T A A AE MSE Il SAD #5475 b (915 2% 43 51K 0. 007 6,25. 59 5 0. 007 2,25. 52, 5 F by s 750 9% 5 4 12 465 78 A L1
TEWR S NAR AN R K 58 3% AR B X250 07 T A 8RR T, i e AR 2 IX B 1R 41K 1] 8

R PRI PR 5 3 A B S B RAE Bl A 5 )2 OARAE R A s A B AR IR R

FESFES: TP391. 41 XEEARIRAD . A EXRirgEFER SRR 510.4050

Hierarchical feature aggregation for automatic portrait matting

Wang Xiaomei'” Tan Mian"* Luo Taiwei'® Feng Fujian'”
(1. School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China;

2. Key Laboratory of Pattern Recognition and Intelligent System, Guizhou Minzu University,Guiyang 550025, China)

Abstract: Addressing the issue of erroneous extraction of fine structures such as human hair in image matting tasks,
the problem essentially stemmed from inaccurate prediction of pixel alpha mattes due to mixed information within these
regions. To address this problem, a novel end-to-end hierarchical feature aggregation matting network model is
proposed. This model incorporates a shared encoder and two independent decoders, leveraging channel and positional
attention mechanisms to aggregate low-level texture clues and high-level semantic information in a hierarchical manner.
It enables perceiving foreground transparency masks from fine boundaries of individual portraits and adaptive semantics
without additional inputs. To guide the hierarchical feature aggregation matting network model in refining the overall
foreground structure and restoring hair texture details, cross-entropy loss, alpha matte prediction loss for unknown
regions, and structural losses are integrated. To validate the effectiveness of the proposed model. experiments were
conducted on the self-constructed MCP-1k dataset and the publicly available P3M-500-NP dataset. Experimental results
demonstrated that the proposed model achieved errors of 0. 0076 MSE and 25. 59 SAD on MCP-1k dataset, and 0. 0072
MSE and 25.52 SAD on P3M-500-NP dataset, respectively. Compared with other typical deep matting models, it
showed significant improvements in restoring fine human hair and enhancing semantic structure in portraits, effectively
addressing the issue of erroneous extraction in human hair regions.

Keywords: image matting;alpha matte;feature fusion;hierarchical feature aggregation;automatic portrait matting
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Fig. 3 Visual comparison results of different matting methods on the MCP-1k dataset
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