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Abstract

Aiming at the problems of human matting algorithm, which does not use trimap as a prior know-
ledge, such as redundant interference information, rough portrait edge contour, and easy confu-
sion between objects carried by human body and the background, an unsupervised semantic mat-
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ting algorithm for human matting is proposed. The algorithm is composed of human border sens-
ing module and unsupervised semantic refinement module. The portraits border sensing module
firstly uses the pedestrian detection model to identify all the portraits, and combines the border
sensing algorithm to remove the redundant interference information. Unsupervised semantic re-
finement module uses unsupervised semantic segmentation model to extract features, and then
uses semantic refinement algorithm to repair the portrait contour. Experiments show that in the
self-made long-term portrait data set, the mainstream portrait matting algorithm is used as the
baseline, and the unsupervised semantic refinement algorithm for portrait matting is added. The
effect is significantly improved, and the objects carried by the human body can also be accurately
identified. The outline is also clearer. At the same time, in the portrait data set, the effect is also
improved to some extent, indicating that the algorithm is also generalized.
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HiE 1. MROHEA B IER

Input: B =(x,,x,, v, v,) FAR NG, mask F755 9 L 2.

Output: B'E/RME IEJ5 B NGIUAE .

1) initialize set B'=0

2)for i<« x tox,do

3) while mask, , >0

4) do y, <y +1 end

5) while mask, , >0

6) do y,<y,—-1 end

7) end for

8) for i<y, toy do

9) while mask, ;>0

10) do x, ¢ x -1 end
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Figure 1. The flow chart
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Figure 2. Portrait border sensing algorithm flow chart
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11)  while mask, ,>0
12) do x,«x,+1 end
13) end for

14) B« (xl, X35 Vo yz)
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Figure 3. Unsupervised portrait semantic segmentation network
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Table 1. The results of two pre-classification algorithms in different hyperparameters 6

= 1. MY XEEETEBSH 0 HREER

P S A7 0 B MSE (x107%)
SLIC 0.6 3.1
SLIC 0.7 5.6
SLIC 0.8 5.4

Felzenszwalb 0.6 4.2
Felzenszwalb 0.7 7.5
Felzenszwalb 0.8 6.8

ZEAR R, (A Felzenszwalb HIELE 0 24 0.7 I, SLIG AR 4F, MSE “F3F£MK 0.0075.
N Felzenszwalb HyEAHLL T SLIC Bk, X TARGIREE /NI R, REARIFHOALBRAE T X T AR AR B K 1
MR, AR AP Hh 20 — Lo 20y . [ RIS 0 HUE 0.6 I, MSE FEKR/D, FONTEXIE P, bRl =5
SR F RUBCE Y LUAE A ZE BN, SO R S ECE 1 S A P RE 19 BT IR 45 R . 124 0 BUEECRRT,
1R 7T A 2 20— SE AR B2 253 [ AT e (T 50O 8 K R

NT B NG B T M BB SRS 18 5L (SHMR) PRI 5t MR BRI PERERUR, 754 2 R T Bk
SEIOHAE, LI T KA Felzenszwalb 5%, 08 0.7 I, 168 NG LI BE SRS 185
E(SHMR) BT F SHM B2 S50 808, ol DUE HPE I b 7 SHMR 809235 2UCRAS 2 T 8 B 1487t

Table 2. Comparison of experimental results in the perspective portrait dataset
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J7i%: MSE SAD
SHM 0.0142 0.0203
SHM + SHMR 0.0067 0.0114
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Table 3. Results of two module ablation experiments
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Figure 4. Experimental renderings in the perspective portrait dataset
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Table 4. Comparison of experimental results in the data set of half-length portraits
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J7i%: MSE SAD
SHM 0.0086 0.0132
SHM + SHMR 0.0071 0.0119
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Figure 5. Experimental renderings of the bust portrait data set
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