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A Degradation Modeling

Since real-world weather degradations are usually correlated with the scene
depth, we design a depth-aware formulation to describe the intensity of rain
streaks, fog and illumination as a function of the scene depth d based on [6}/14].
Rain streak: The rainstreak layer RS in Eq. (1) is composed of two parts, i.e., a
real-world visual intensity map ¢, of rain streaks based on the scene depth d, and
an intensity map of uniformly-distributed rain streaks Ryap € [0, 1]. Therefore,
the rainstreak layer RS can be formulated as:

RS = Runap * tr. (10)

In particular, * denotes the pixel-wise multiplication, while ¢,. is modeled as:

t,=e" max(dl,d)' (11)

Herein, di = 2fr, where f signifies the focal length and r denotes the radius
of individual raindrops |4]. (1) In particular, when scene objects are located in
close proximity to the camera (d < d;), the corresponding image region will
predominantly exhibit rain streaks with minimal fog. (2) Notably, as d increases
from dy to de (d > dy), the intensity of rain streaks will decrease, since the
intensity of fog increases. (3) Furthermore, when scene objects are located at a
significant distance from the camera (d > d;), the associated region will mainly
exhibit fog with minimal rain streaks, as t,. approaches 0 with increasing d.
Fog: The fog intensity A increases continuously with depth d as:

A=1-e1 (12)
If we only consider the impact of fog, the corrupted image can be formulated as:

Ifoggy = clean(l - A) + ApA, (13)

where If,44y is the observed foggy image, I jcqn is the original clean image. Ag
is the atmospheric light which is assumed to be a global constant following [14].
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Low-light: Similar to fog, the lighting intensity L is formulated as:
L=e¢1 (14)

Snow: Empirically, snow is characterized by its relatively small volume, making
this degradation less relevant to scene depth. Thus we adopt a simple binary
positional mask Mg, and degradation matrices SN for snow degradation follow-
ing [11], as shown in Eq. (1).

Raindrop: Similar to snow, raindrops are typically formed due to the adhesion
of droplets onto the lens. However, the imaging of raindrop positions has a more
complex refractive effect on the background image. To render the raindrop effect,
we employ the meta-ball model [2]| for the interaction effect between multiple
raindrops, following the same strategy as BIDeN [5].

B Network and Implementation Details
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Fig. 9: Illustration of the search block.

Search Block: As shown in Figure [9] our search block is composed of a Mix-
Conv [16] path and a lightweight Transformer [3| path. The outputs of two
branches are added as the final output of a searching block. Formally, consider
the input X € R®*"*% with ¢ feature channels. In the MixConv pathway, the
first layer applies a point-wise convolution C7, which expands X to a 3r X ¢
dimension (i.e., an expansion ratio of 3r). The output is split into three equal
parts, each with r X ¢ channels, and then fed into three depth-wise convolutions
Cjs, C5, C7 with kernel sizes of 3 x 3, 5x 5, and 7 x 7, respectively. The outputs of
these three layers are concatenated, followed by another point-wise convolution
C that produces the feature map with the desired number of channels ¢'.



Depth-Aware Blind Image Decomposition for Real-World Weather Recovery 3

In the Transformer path, a lightweight Transformer 7" with n tokens is ap-
plied to the input feature X as a residual path. The lightweight Transformer [3|
consists of a projector, an encoder, and a decoder. First, a projection function
P(-) is used to learn self-attention in a low-dimensional space, together with the
simple 2D positional encoding.

Formally, given the input feature X, the projected and flattened embedding
output X’ € R"*$*% can be obtained by:

X" = P(Concat(X, PE)), (15)

where PE € R%*PX% is the positional encoding that compensates for the loss
of spatial information during the self-attention processing. The projector P first
uses a point-wise convolution (with a BN layer) to reduce the channel dimension
of the feature map from c+ ¢, to a smaller dimension n and then uses a bilinear
interpolation operation to resize the spatial dimension of the feature map to
s x s. The positional encoding PF is simply a normalized 2D positional map as:

PE0,i,§] =i/h, PE[l,i,j] = j/w, (16)

where i € [0,h — 1] and j € [0,w — 1] denote the normalized position. Secondly,
the projected features @, K,V € R™***s are then fed into the encoder with
a standard Multi-Head Self-Attention (MHSA) and a point-wise Feed-Forward
Network (FFN). We employ residual connections around both the Multi-Head
Self-Attention layer and the Feed-Forward Network, which are followed by layer
normalization [17]. Then, a decoder following a similar paradigm (MHSA and
FFN) uses the encoder output as keys and values and a set of n learnable di-
mensional semantic embeddings S € R™***5 as queries. Finally, the output of
the decoder is transformed back to the proper shape by an inverse projection
function P(-) consists of a point-wise convolution (with a BN layer) and a bilin-
ear interpolation operation. Overall, the output feature F,,; of the search block
can be written as:

F,u: = C1(Concat(C3(C1(X)1),C5(C1(X)2),

) (17)
C1(C1(X)s))) + P(T(X"),

where C1(X); is the i-th part of the output of C1(X), T(X’) is the output of the
Transformer path.

Resource-aware Penalty: As mentioned before, we progressively discard those
with low importance « while maintaining overall performance. As mentioned in
Sec. 3.3, we use a resource-aware £, penalty on «, which effectively pushes im-
portance factors of high computational costs to zero. Specifically, the £;, penalty
of a search unit is weighted by the amount of the reduction in computational
cost A > 0. In this paper, we measure the latency with the most widely and
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easily used metric, i.e., FLOPs:

§3x3><h><w i€ [0,rc)

. 5x5xhxw, i € [re,2re) (18)
ST X Txhxw, i € [2re,3rc)
TO7(n') = O7(n' —1), i€ [3re,3rc+n]

where Ot is the FLOPs of the Transformer, i is the index of the search unit,
n/ is the number of remaining tokens. This penalty can be easily adapted along
with other losses on the image quality, which can be formulated as:

X
Ly, = Ajfagl. (19)
1€[0,3rc+n]

Searching and Training Settings: Following the classical darts |10, we de-
ploy a series of learnable factors a in Eq. [I9] to indicate the importance of the
corresponding operations. In the MixConv path, we use the scales from the Batch
Normalization (BN) layers after the depthwise convolutions as «, while the im-
portance factors in the Transformer path are set as the scales from the BN layers
in the projector. We use Adam [7] to optimize the architecture parameters and
the network parameters with the initial learning rate of 0.002 and 0.001, respec-
tively, and we adopt a cosine scheduler for 100 epochs. The batch size is 16 and
the weight decay is 0.0005. We apply a patch-based training strategy for both
searching and training and randomly crop patches of 256 x 256 pixels from each
image. Data augmentation is used by flipping images horizontally. We also adopt
an early-stop search strategy [21] for better efficiency. We progressively remove
the search units whose importance factors are below 0.001 and re-calibrate the
running statistics of BN layers after every 5 epochs. In this paper, we achieve a
balance between BID performance and efficiency by controlling the coefficients
A in Eq. (9).

C Datasets Settings

For BID-CityScapes, we followed the settings of |6], where rain and fog are
present simultaneously, with the intensity of rain and fog corresponding to three
levels (e.g., light rain matches light fog). Additionally, we also set independent
intensities for snow and dark light through attenuation coeflicients, each with
three levels. Raindrops were generated using random distribution densities and
sizes. Then we randomly combined these degradations in accordance with at-
mospheric conditions, where rain, fog, and snow were added first, followed by
the addition of lighting elements, and finally, raindrops were added as they are
attached to the camera. Similar to BID-CityScapes, for BID-GTAV, we followed
the settings of the original GTAV mods and also set three levels of intensity
for each loss (excluding random raindrops). More visual examples under various
BID combinations are shown in Figure
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Table 4: Quantitative comparisons on raindrop removal.

Method DeRaindrop [13]
PSNR SSIM
Restormer |19] 32.65 0.941
AirNet [9] 32.27 0.932
DeBNet 32.79 0.942
DeBNet™ 33.07 0.944

Table 5: Quantitative comparisons on snow removal.

Method Snowl00K-M [11]
PSNR SSIM
DesnowNet [11] 30.87 0.940
AirNet [9] 33.25 0.942
DeBNet 33.80 0.948
DeBNet* 33.98 0.952

D More Results

Apart from real-world rainstreak (SPAdata [18]) and fog (SOTS [8]) removal
in Sec. 5.3, we also preform experiments on real-world raindrop |13|, snow [11]
and low-light 1] restoration. The quantitative comparisons are given in Table
Table [f] and Table [f] DeBNet denotes the proposed network trained with our
BID-RainCityScapes dataset, while DeBNet™t represents the improved version
trained with the proposed BID-RainCityScapes and BID-GTAV datasets in a
two-stage manner. We also show the visual results on each degradation in Fig-
ure Figure Figure Figure and Figure It can be seen that our
method stably produces well-structured results with finer details while remaining
robust against different noise combinations.

E Limitation

For the time being, we only constitute the depth-aware datasets with real-world
backgrounds in driving scenes (BID-CityScapes). In the future, we will take one
step further to develop real-world deep-aware datasets with LIDAR cameras [12]
15] in much more other real-world scenarios, such as indoors.

F Broader Impacts

Images captured in real-world scenarios are frequently subject to degradation
caused by weather conditions, rendering image restoration a crucial task for
high-level vision applications, such as object detection and image segmentation.
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Table 6: Quantitative comparisons on low-light enhancement.

Method SICE 1)
PSNR SSIM
MIRNetv2 |20] 21.37 0.720
AirNet [9] 20.65 0.699
DeBNet 21.79 0.730
DeBNet* 22.07 0.736

Our approach, which combines depth regression and NAS, can effectively re-
move various weather combinations from images. However, image restoration
may have negative social consequences such as deviation from actual image tex-
tures, resulting in security risks in critical fields such as autopilot, criminal, and
medical judgments.
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