000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044

Supplementary Material of Blind Image Decomposition

Junlin Han'2 Weihao Li' Pengfei Fang!:? Chunyi Sun? Jie Hong!?
Mohammad Ali Armin! Lars Petersson! Hongdong Li?

Data61-CSIRO'  Australian National University>

1 Implementation Details

1.1 Training details, running time, and model size

BIDeN. We train BIDeN using a Tesla P100-PCIE-16GB GPU. The GPU driver version
is 440.64.00 and the CUDA version is 10.2. We initialize weights using Xavier initial-
ization [6]. For Task I (Mixed image decomposition across multiple domains), BIDeN
(2) to BIDeN (8) takes approximately 37 hours, 50 hours, 61 hours, 71 hours, 82 hours,
91 hours, and 101 hours training time. For Task II.A (Real-scenario deraining in driv-
ing), the runtime of BIDeN is approximately 96 hours. However, BIDeN is required
to perform additional mask reconstruction and source prediction tasks. By removing
additional tasks from the training of BIDeN, the GPU hours can drop to 45 hours.
Double-DIP. We follow the default training setting of Double-DIP [3]]. We use the
official PyTorch implementation (link). We train a single image for 8000 iterations on a
Tesla P100-PCIE-16GB GPU, the GPU driver version is 415.27 and the CUDA version
is 10.0. The runtime for a single input image is approximately 20 minutes.

DAD. We follow the default training setting (Epoch 200, batch size 2, image crop size
256) of DAD [[19]]. Experiments are based on the official PyTorch implementation (link).
We train DAD on a Tesla P100-PCIE-16GB GPU. The GPU driver version is 440.64.00
and the CUDA version is 10.2. DAD takes 13 hours of runtime.

MPRNet. We follow the default training setting (Epoch 250, batch size 16, image crop
size 256) of MPRNet [16]. For a fair comparison, we apply the same data augmentation
operations of BIDeN to MPRNet. We use the official PyTorch implementation (link)
of MPRNet. We train MPRNet using 4 Tesla P100-PCIE-16GB GPU, the GPU driver
version is 415.27 and the CUDA version is 10.0. The runtime of MPRNet is 20 hours
and the model size of MPRNet is 41.8 MB.

Restormer. We follow the training setting used in link. Similar to MPRNet, we apply
the same data augmentation operations used in BIDeN to Restormer. We reproduce our
results based on a PyTorch implementation (link) of Restormer [15]. We train Restormer
using a GeForce RTX 3900 GPU, the GPU driver version is 510.47 and the CUDA
version is 11.6. The runtime of Restormer is approximately 8 hours and the model size
is 25.3 MB.

1.2 Architecture of BIDeN

Following the naming convention used in CycleGAN [18]] and perceptual loss [8], let
¢3s1-k denote a 3x3 Convolution-InstanceNorm-ReLU layer with stride 1 and  filters.
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2 J. Han et al.

Rk denotes a residual block that contains two 3x3 convolutional layers with the same
number of filters on both layer and Rk9 denotes nine continuous residual blocks. uk
denotes a 3x3 fractional-strided-Convolution-InstanceNorm-ReLU layer with k filters
and stride % Let Ck denotes a 4x4 Convolution-InstanceNorm-LeakyReLU (slope 0.2)
layer with k filters and stride 2. Both reflection padding and zero padding are employed.
Encoder. Our multi-scale encoder E contains three branches, we name them FEg1, Fgo
and Eps.

FE g1 consists of ¢3s2-256, Rk9, c1s1-128. E'go consists of ¢7s1-64, ¢3s2-128, c3s2-
256, Rk9. E'g3 contains c15s1-64, ¢3s2-128, ¢3s2-256, c3s1-256, c3s1-256, Rk9, c1s1-
128. The number of parameters is 33.908 million for the encoder.

Heads. The architecture of each head H is: c1s1-256, c1s1-256, ul28, u64, c7s1-3.
Each head has 0.575 million parameters.

Discriminator. The discriminator D contains two branches, Dg (Separation) and Dp
(Prediction). Most weights are shared, the shared part includes C64, C128, C256.

The last layer of Dg is C512. Dp contains cls1-512 (LeakyReLu with slope 0.2),
global max pooling, cls1-N, where NV is the maximum number of source components.
The Discriminator has approximately 3.028 million parameters in total. The confidence
threshold of Dp is 0.

1.3 Tasks

Task I: Mixed image decomposition across multiple domains. We use linear mix as
the mixing mechanism. We do not introduce additional non-balanced mixing factors or
non-linear mixing as Task I is challenging enough. The mixed image z is expressed as
z = % Z§:1 xy,. The possibilities of every component to be selected vary with the
maximum number of source components /N. We set the possibilities to be 0.9, 0.8, 0.7,
0.6, 0.5, 0.5, 0.5 for N = 2,3,4,5,6,7,8, respectively. As the mixing is linear, the
order of mixing does not matter.

Task II: Real-scenario deraining. For both Task II.A and Task II.B, the mixing mech-
anism is based on the physical imaging models [14J10L72/11]] and Koschmieder’s law.
The model for rain streak and snow is:

I(z) = J(2)(1 - m(x)) + A m(a),

and the model for haze is:

I(z) = J(x)t(z) + A(1 — t(x)),

where z is the pixel of images, [ is the observed intensity, .J is the scene radiance,
A is the global atmospheric light, and m is the mask of rain streak and snow. ¢ denotes
the transmission map. We set A between [0.8, 1.0] during training, and fix A = 0.9 at
test time.

To render the raindrop effect, we define a statistical model to estimate the location
and motion of the raindrops. We employ the meta-ball model [[1] for the interaction
effect between multiple raindrops.

For raindrop positions, we randomly sample it over the entire scene. The raindrop
radius is also randomly sampled. A single raindrop is combined with another 1 to 3
smaller raindrops to form a realistic raindrop shape. Each composite raindrop could
further merge with other raindrops on the scene. The velocity along the y-axis of the
raindrop is proportional to the raindrop radius. Raindrop masks are randomly selected
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Blind Image Decomposition 3

on the time dimension for diversity. A simple refractive model [2] is employed. We
create a look-up table 7" with three dimensions. The red and green channels together
encode the texture of the raindrop, and the blue channel represents the thickness of the
raindrops. Then, the texture table 7" is masked by the alpha mask created by the meta-
ball model. The masked table is dubbed M. The location (x,y) of the world point that
is rendered at image location (u, v) on the surface of a raindrop is modeled as:

T=u+ (R(uv) * B(u,v))’ y=v+ (G(u,v) * B(u,v))

where R, ), B(u,v) denote the pixel at location (u, v) in the red and blue channels
of M.

We acquire the destination pixel coordinate for location (u,v) based on the above
equations and generate the distorted image. We also apply random light reduction and
blur to the distorted image. For the reduction, we set the rate r between [0.8,0.98]
during training, and fix rate » = 0.9 at test time. The reduction can be expressed as
D = rD, where D is the distorted image and r is the rate. We use a kernel size of 3 for
Gaussian blur.

At last, we merge the distorted image with the original image:

I(z) = a(x)O(z) + (1 — a(z)) * D(x),

where z denotes the pixel of images, I is the observed intensity, O is the original
image, D is the distorted image, « is the value of the raindrop mask generated by the
metaball model.

The probabilities of every component to be selected are 1.0, 0.5, 0.5, 0.5 for rain

streak, snow, haze, and raindrop for Task II.A. The mixing order is rain streak, snow,
haze, and raindrop. We design this since 1: streak and snow do not change the atmo-
sphere a lot, so they should come first and 2: raindrops usually occur on the top of glass
lens and are observed at first, thus they should come last. In Task II.B, the probabilities
of every component to be selected are 0.6, 0.5, 0.5 for rain streak, snow, and raindrop.
The mixing order is rain streak — snow — raindrop.
Task I1II: Joint shadow/reflection/watermark removal. We use paired shadow masks,
shadow images, and shadow-free images provided in ISTD [13]] and SRD [123]. The
original SRD does not offer shadow masks, we use the shadow masks generated by Cun
et al. [3].

The algorithm of adding reflection to images [17] is expressed as:

I(z) =T(x) + R(x) x V(z),

where z is the pixel of images, I is the observed intensity, 7' is the transmission
layer, R is the reflection layer, and V' denotes the vignette mask. The reflection image
R is processed by a Gaussian smoothing kernel with a random kernel size, where the
size is in the range of 3 to 17 pixels during training, and fixed to 11 pixels during testing.

For watermarks, we follow the watermark composition model [9]. We use the RGB
watermark images to add the watermark effect. We require the BID method to recon-
struct the watermark mask. The watermark composition model is:

I(z) = J(x)(1 —w(x)) + A*xw(x),

where x denotes the pixel of images, I is the observed intensity, J is the scene
radiance, A is the global atmospheric light, and w is the watermark image. We set A
between [0.8, 1.0] during training, and fix A = 0.9 for testing.
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4 J. Han et al.

The probabilities of every component to be selected are 0.6, 0.5, 0.5 for shadow,
reflection, and watermark, respectively. The order of mixing is shadow — reflection —
watermark, as watermarks are usually added during post-processing

2 Additional Results

2.1 Additional results of Task I

Detailed case results of BIDeN. When the maximum number of components N in-
creases, the number of possible z increases rapidly. There are 2V — 1 possible com-
binations between source components, that is, 2V — 1 cases. We present the detailed
case results of BIDeN on Task I. We show the results of N = 2,3,4,5,6 (BIDeN (2),
BIDeN (3), BIDeN (4), BIDeN (5), BIDeN (6)) in Table [T} Table [2 Table [3] Table [4]
and Table[5] These results are the extensions of Table 1 in the main paper. Note that due
to the difference in precision, the PSNR results reported here are slightly different (less
than 0.5% difference) from the PSNR results reported in the main paper.

Qualitative results of BIDeN. Here we present more qualitative results of BIDeN.
We show the results of N = 2,3,4,5,6 (BIDeN (2), BIDeN (3), BIDeN (4), BIDeN
(5), BIDeN (6)) in Figure [T} Figure [2] Figure [3] Figure ] and Figure [5] The number
of selected source components L and the index set I are randomly chosen. The eight
source components in Task I are Fruit (A), Animal (B), Flower (C), Furniture (D),
Yosemite (E), Vehicle (F), Vegetable (G), and CityScape (H).

Table 1. Detailed case results of BIDeN (2) on Task I (Mixed image decomposition across mul-
tiple domains)

Input A | B | Acc

a 25.26‘ - 10.940
b - 125.11]0.933

ab 20.09119.9311.000

Table 2. Detailed case results of BIDeN (3) on Task I (Mixed image decomposition across mul-
tiple domains)

Input A | B | C \Acc

a 24.04| -

b - [23.48 0953
c = 1227410756
ab 19.07(18.78] - 10.833
ac 18.96 18 2710.573
be 18.31|18.25(0.763
Avg 19.01|18: 54 18.26]0.723

abc  16.66]15.89]16.27|0.983
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s

Input Head (A) Head (B)

Fig. 1. Qualitative results of BIDeN (2). Fruit (A), Animal (B). Row 1-2: a. Row 3-4: b. Row 5:
ab
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Input Head (A) Head (B) Head (C)

Fig. 2. Qualitative results of BIDeN (3). Fruit (A), Animal (B), Flower (C). Row 1-2: ab. Row
3-4: bc. Row 5: abc

Input Head (A) Head (B) Head (C) Head (D)

Fig. 3. Qualitative results of BIDeN (4). Fruit (A), Animal (B), Flower (C), Furniture (D). Row
1-2: d. Row 3-4: cd. Row 5: abd
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Input Head (A) Head(B) Head(C) Head(D) Head (E)

Fig. 4. Qualitative results of BIDeN (5). Fruit (A), Animal (B), Flower (C), Furniture (D),
Yosemite (E). Row 1-2: ce. Row 3-4: de. Row 5: bcde

Input Head (A) Head (B) Head(C) Head (D) Head (E) Head (F)

Fig. 5. Qualitative results of BIDeN (6). Fruit (A), Animal (B), Flower (C), Furniture (D),
Yosemite (E), Vehicle (F). Row 1-2: cf. Row 3-4: def. Row 5: abcdef
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2.2 Additional results of Task II

For Task II.A (Real-scenario deraining in driving), more qualitative results are pro-
vided. Visual examples of CityScapes/masks/transmission maps generated by BIDeN
are shown in Figure [6] We present more qualitative comparisons between BIDeN and
MPRNet [16]] in Figure[7)and Figure [§] The comparison presents the results of 6 cases
from the same scene.

For the default training setting on Task II.A, the probabilities of every component to
be selected are 1.0, 0.5, 0.5, 0.5 for rain streak, snow, raindrop, and haze. Moreover, we
train both BIDeN and MPRNet again setting the possibility of the rain streak component
to be selected as 0.8. The quantitative results of BIDeN and the comparison between
MPRNet are provided in Table [6] and Table [7] Compared to BIDeN trained under the
default training setting of Task II.A, BIDeN performs better when the possibility of the
rain streak component to be selected is set to 0.8.

“u-- -BIDeN ®

M-- i
GT

-

Input CityScape Rain Streak Snow Haze Raindrop

Fig. 6. CityScape, masks (Rain Streak, Snow, Raindrop), and transmission map (Haze) generated
by BIDeN for case (1), case (2), case (5), and case (6). Case (1): rain streak, case (2): rain streak
+ snow, case (5): rain streak + moderate haze + raindrop, case (6): rain streak + snow + moderate
haze + raindrop
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MPRNet

Fig. 7. Additional results of Task II.A (Real-scenario deraining in driving). Row 1-6 presents 6
cases of a same scene. The 6 cases are (1): rain streak, (2): rain streak + snow, (3): rain streak
+ light haze, (4): rain streak + heavy haze, (5): rain streak + moderate haze + raindrop, (6) rain
streak + snow + moderate haze + raindrop. BIDeN remove all components of rain efficiently
while MPRNet leaves some components that are not completely removed

Table 6. Results of BIDeN on Task II.A (Real-scenario deraining in driving). The possibility
of the rain streak component to be selected is 0.8. We employ PSNR and SSIM metrics for
both CityScape images, masks, and transmission maps. We report the results for 6 test cases as
presented in Figure 1 of the main paper, the 6 cases are (1): rain streak, (2): rain streak + snow,
(3): rain streak + light haze, (4): rain streak + heavy haze, (5): rain streak + moderate haze +
raindrop, (6) rain streak + snow + moderate haze + raindrop. Note that only haze is divided into
light/moderate/heavy intensities. Both training set and test set of Rain Streak, Snow, and Raindrop
already consist of different intensities

CityScape Rain Streak Raindro
Method R | SSIMT|PSNRT|SSIMT PSNRT\SSIMT PSNRMSSIMT PSNRT|SSIM|AC T
BIDeN (1) 3330 | 0.930 [ 31.55 [ 0917 | - - - - } - 10
BIDeN (2) 2955 | 0.896 | 28:80 | 0.836 | 25.74 | 0.689 | - - : o 0992
BIDeN (3) 2938 | 0.919 | 30.98 | 0:007 | - 27 311 [ o9se | - - 999

BIDeN (5) 27.89 | 0.900 | 30.17 73 | 0.945 | 22.32 | 0.904 0.996

. . 0.9
BIDeN (4) 27.56 | 0.899 | 30.39 8.395 - - ’3‘(1).83 0.944
BIDeN (6) 27.05 | 0.869 | 28.05 | 0.815 | 24.81 | 0.653 | 30.02 | 0.940 | 21.55 | 0.888 |0.990
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Fig. 8. Additional results of Task II.A (Real-scenario deraining in driving). Row 1-6 presents 6
cases of a same scene. The 6 cases are (1): rain streak, (2): rain streak + snow, (3): rain streak
+ light haze, (4): rain streak + heavy haze, (5): rain streak + moderate haze + raindrop, (6) rain
streak + snow + moderate haze + raindrop. BIDeN remove all components of rain efficiently
while MPRNet leaves some components that are not completely removed

Table 7. Comparison on Task II.A (Real-scenario deraining in driving) between BIDeN and
MPRNet [16]]. The possibility of the rain streak component to be selected is 0.8. MPRNet shows
superior results for case (1) and case (2). In contrast, BIDeN is better at other cases. For the de-
tails of 6 test cases, please refer to Table[6]and Figure 1 of the main paper

Case Input MPRNet BIDeN
PSNRT|SSIM?|PSNRT |SSIMT |PSNR 1| SSIM T

NP LI —
—_
—_
—_
LS}
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2.3 Additional results of Task III

For Task IIT (Joint shadow/reflection/watermark removal), Figure [J| presents the qual-
itative comparison between BIDeN and two state-of-the-art baselines [3/4]]. Though
suffering from a color shift, BIDeN still shows visually pleasing, ghost-free shadow
removal results. We also provide additional results of BIDeN for all cases. Results of
Version one (V1) and Version two (V2) are shown in Figure[T0and Figure [T T}

Input DHAN Auto-Exp GT

Fig. 9. Results of Task IIT (Joint shadow/reflection/watermark removal). Row 1-2 show the results
of Version one (V1) and Row 3-4 present the results of Version two (V2). We compare BIDeN to
DHAN [3]] and Auto-Exposure [4] on shadow removal task. Though the performance of BIDeN is
constrained by the generality of BIDeN and BID training setting, BIDeN still efficiently removes
the shadow and shows competitive results. However, BIDeN suffers from a color shift whereas
DHAN and Auto-Exposure better keep the fidelity of the original colors
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Input ISTD Shadow(a) Reflection(b) Watermark(c)

Fig. 10. All case results of Task III (Joint shadow/reflection/watermark removal), Version one
(V1). ISTD images, shadow masks, and watermark masks generated by BIDeN for all cases. The
order of all cases is identical to Table 4 of the main paper. The generated ISTD images suffer
color shift, but all shadow/reflection/watermark are efficiently removed for all cases
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Fig. 11. All case results of Task III (Joint shadow/reflection/watermark removal), Version two
(V2). ISTD images, shadow masks, and watermark masks generated by BIDeN for all cases. The
order of all cases is identical to Table 4 of the main paper. All shadow/reflection/watermark are
efficiently removed for all cases
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