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1. Additional Results

For all the following results: the first column shows
the degraded manga image. The second column
shows the output restored by our method. The last
column shows the binarized images of our restored
results.  All of the input images below are from the
Mangal09 dataset[!]. AisazuNihalrarenai (¢)Yoshi
Masako, AkkeraKanjinchou (©)Kobayashi Yuki, Akuhamu
(©Arai Satoshi, AosugiruHaru (©Okuda Momoko,
HaruichibanNoFukukoro (¢)Yamada Uduki, HealingPlanet
(©Sakurano Minene, MiraiSan (O)Shintani Akihiro,
MoeruOnisan (©)Sato Tadashi.

2. Detail Network Architecture
2.1. Scale Estimation Network

The Scale Estimation Network (SE-Net) consists of four
Convolutional Block Attention Module (CBAM) and an
adaptive pooling layer where a global spatial pooling and a
fully-connected layer are combined. Table 1 listed the detail
network architecture of SE-Net and the CBAM is directly
borrowed from [3].

2.2. Manga Restoration Network

In the paper, we have illustrated the overall architecture
of Manga Restoration Network (MR-Net). Table 2 and
Table 3 further illustrate the detail architecture of the Resid-
ual Attention Module (RAM)[2] and Convex Interpolation
Module, respectively. The convex coefficient targets to
refine the features based on the local features.
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Table 1: Detail network architecture of SE-Net.

Layer Name Layer Operations Output Feature Map Size
Image Input Layer 512 x 512 x 1
Conv (N64,K3x3,52,P1) 512 x 512 x 64
Conv (N128,K3x3,52,P1),LN,ReLU
Conv (N128,K3x3,S1,P1),LN,ReLU
ResCBAM CBAM ChannelAttention,Spatial Attention 256 x 256 x 128
Conv(Shortcut) (N128,K3x3,S2,P1),LN,ReLU
Conv N256,K3x3,S2,P1
Conv (N128,K3x3,S1,P1),LN,ReLU
ResCBAM CBAM ChannelAttention,Spatial Attention 128 > 128 x 256
D i Conv(Shortcut) (N128,K3x3,S2,P1),LN,ReLU
Own-sampung Conv N512,K3x3,52,P1
Conv (N128,K3x3,S1,P1),LN,ReLU
ResCBAM CBAM ChannelAttention,Spatial Attention 64 > 64 > 512
Conv(Shortcut) (N128,K3x3,52,P1),LN,ReLU
Conv N512,K3x3,S2,P1
Conv (N128,K3x3,S1,P1),LN,ReLU
ResCBAM CBAM Channel Attention,Spatial Attention 32 % 32 x 512
Conv(Shortcut) (N128,K3x3,S2,P1),LN,ReLU
AVEPOOL (1,1) 1x1x512
Output Layer FC N1 1

Table 2: Detail network architecture of Residual Attention Module.

Layer Name Layer Operations Output Feature Map Size
Image Input Layer 256 x 256 x 32
Resla ResBlock(N32,K3x3,LN,LeakyReLU) 256 x 256 x 32
Reslb ResBlock(N32,K3x3,LN,LeakyReLU)
Branchl Reslc ResBlock(N32,K3x3,LN, LeakyReLU) 256 % 256 x 32
MAXPOOL (K3x3,S2,P1)
Resid ResBlock(N32,K3x3,LN, LeakyReLU) 128 > 128 x 32
MAXPOOL (K3x3,52,P1)
Resle ResBlock(N32,K3x3,LN, LeakyReLU) 64 > 64 x 32
MAXPOOL (K3x3,52,P1)
Branch? Resl1f ResBlock(N32,K3x3,LN,LeakyReLU) 32 %32 x 32
UpsampleAdd Upsample(Res1f)+Resle 64 % 64 x 32
Reslg ResBlock(N32,K3x3,LN,LeakyReLU)
UpsampleAdd Upsample(Res1g)+Res1d
Resih ResBlock(N32,K3x3,LN, LeakyReLU) 128 > 128 x 32
UpsampleAdd Upsample(Res1h)+Reslc
Resli ResBlock(N32,K3x3,LN,LeakyReL.U),Sigmoid 256 > 256 x 32
Fusion Branch1*Branch2+Branch2 256 x 256 x 32

Table 3: Detail network architecture of Convex interpolation with scale s.

Layer Name Layer Operations Output Feature Map Size
Image Input Layer 256 x 256 x 32
Upsample Upsample(s) (256 x s) x (256 x s) x 32

Conv (N32,K3x3,S1,P1),ReLU (256 x s) x (256 X s) x 32
Convexcoefficient Conv (N9,K1x1,S1,P0) (256 x 5) % (256 x 5) x 9

Softmax
Fusion Multiplication (256 x s) x (256 x s) x 32
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