Ny Conecic Alpha Matte Generation from Single Input for Portrait Mattin
A\‘(IT ITU )l Mellon P g P g

University Dogucan Yaman', Hazim Kemal Ekenel?, Alexander Waibel'
'Karlsruhe Institute of Technology, 4Istanbul Technical University, *Carnegie Mellon University
{dogucan.yaman, alexander.waibel}@kit.edu, ekenel@itu.edu.tr

Karlsruhe Institute of Technology

Ablation Studies

Motivation

Experimental Results

o DlStlﬂgUlSh baCkgrOund and Method Extra Input | Dataset | MSE | SAD | Grad | Conn Datasets: AIM, PM85, D646, ® Using combination of Segmentation and Cases MSE
foreground SUbJeCt by predICtlng BGM-V2 [1] Background AIM 212 | 9.04 | 8.32 | 9.21 PPM1 OO foreground as an Input to the Segmentatlon Segmentati()n map 1.86
alpha matte FBA [2] Trimap AIM 0.40 3.98 1.19 3.1 ® Training: encodlng bIOCk Improves the result Segmentatl()n + Foreground 141
e Applications: |mage/video MODNet [3] i AM | 2165 | 33.93 | 44.24 | 35.45 c o AIM 0646 Us Hinat oh y 4 Alpha matte + Foreground 1.06
.. . e Using combination alpha matte an
editing, background modification, MGM [4] - AM_ | 148 | 621 | 474 | 655 © CLombine and J ! a1p . c NSE
. . . 5 _ o | 106 1502 | 222 | 539 datasets. foreground as an input to the discriminator doct
video/movie post-production urs 06 | 50442 | S . B Tol 550
s sov2 i | Back oves | 037 | 145 | 128 | 238 : makes the training more stable and 45€ MOodc :
e Task definition: Generate a|pha [1] ackground o : 45 | 1. : o In tOtaI, 564 SUbjeCtS. accurate Base model + SE block 1.57
matte for the subject. el frmap | PMSS | TOT | 255 | S50 | 278 o Use 100 background images ' Base model + SE block + refinement network | 1.06
MODNet [3] - PM85 232 | 7.23 | 1217 | 9.48 I I
| =aF +(1-a)B. e from MSCOCO dataset for e SE block and refinement networ_k prowde
e e MGM 4] ' PM8> | 098 | 291 | 192 | 204 : more accurate alpha matte prediction. Loss MSE
_ 5 e Ours - PM85 | 0.19 [ 1.19 | 0.65 | 1.16 each SUbJeCt' Each | : _ I _ Locan + Lo 794
§ A S o o PR . . : cGAN alpha .
BGM-V2 [1] Background | D646 | 0.98 | 4.83 | 3.78 | 5.30 o 56400 tralnlng IMmages In total e Each loss tunction a OW_S us to Obta_m better Looan + L i .y 3.78
oA o T ooas | oaz 228 [ 170 | 238 performance by enhancing the predicted il |
im : : : : @ TeSt: Legan + Lpe'r + Lalpha + Lporder 1.76
PrOposed MOdel MODNet [3] - D646 | 3.51 |10.27 | 13.54 | 18.98 alpha matte. Legan + Lper + Laipha + Lborder + Lac | 1.06
MGM [4] - D646 | 0.88 | 542 | 3.40 | 4.76 o AlIM test set, PM85, D646 o 3.14
e Content Encoding Block: Encode the content of the image. Ours . D646 | 071 | 3.99 | 2.74 | 3.84 test set, PPM100 a, F 1.06
e Segmentation Encoding Block: Encode the extracted subject and FBA [2] Background | PPM100 | 0.96 | 241 | 420 | 2.70 o Combine each subject with
segmentation map. Provides better feature representation. MODNet [3] Trimap | PPM100 | 4.60 | 1159 | 12.48 | 22.16 20 different background Conclusions
e Refinement Block: Enhance the details of the alpha matte. MGM [4] : PPM100 | 1.15 | 531 | 504 | 529 images from PASCAL VOC
e Segmentation map: Obtain with a pretrained person segmentation model. | |[ours | PPM00 | 084 | 470 | 367 | 446 dataset. e Proposed conditional GAN-based additional input-free two-stage approach.
e Extracted subject: Obtain with the predicted segmentation map. o First stage: person segmentation with DeepLabV3+
e Split standard alpha loss into two different losses to penalize separately ad

o Second stage: alpha matte prediction using the input image and predicted

adjust their effects.. .
segmentation map

o Alpha loss: Calculate for only pixels that have one or zero values.
o Alpha coefficient loss: Only use pixels that have neither zero nor one
values.
e Border loss: Penalize only the area around the border of the subject.
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e Proposed refinement network enhanced the quality of the predicted alpha matte.

e Proposed alpha coefficient loss and border loss improved the performance of alpha
matte prediction.

e Segmentation encoding block improved the performance by providing more useful
feature representation to the decoder network.

percep border

e Using combination of segmentation map and extracted subject with it as an input to the
segmentation encoding block increased the performance.
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