Rain Streak Removal From Light Field Images
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Raining is a common weather condition, and may seriously
degrade the performances of outdoor computer vision systems,
such as surveillance and autonomous navigation. Rain streaks
may exhibit diverse appearances in the captured images, de-
pending on their distances from the camera. For example, sparse
rain streaks near the camera lens may appear as continuous and
translucent strips, while distant densely accumulated rain streaks
are more like fog and mist. Existing rain removal methods are
mainly based on a single input image. However, on a single image,
it is difficult to estimate a reliable depth map for rain removal. A
light field image (LFI) records abundant structural and texture
information of the target scene by capturing multi-perspective
sub-aperture views with a single exposure. With a LFIL, it is
easier to estimate the depth maps, and rain streak locations
across sub-aperture views are highly correlated. We observe that
rain streaks usually have different slops and/or chromaic values,
compared with the background scene, along the epipolar plane
images (EPIs) of an LFI. Thus, we propose to make use of 3D
EPIs to detect rain streaks and restore the background. To this
end, we propose a novel GAN architecture to remove rain streaks
from an LFL. Our method takes as input a 3D EPIL, i.e., a stacked
of sub-aperture views along the same row of a rainy LFL. It first
estimates the disparity maps for the 3D EPI by utilizing an auto-
encoder based depth estimation sub-network. The disparity maps
concatenated with the input sub-aperture views are then fed into
a non-local residual block, and two branched autoencoder sub-
networks are used to extract rain-streaks and recover rain-free
sub-aperture views. Extensive experiments conducted on both
synthetic real-world-like LFIs and real-world LFIs demonstrate
the effectiveness of our method.

Index Terms—Light field image, rain streak removal, deraining

I. INTRODUCTION

AIN removal has been a popular research topic in the

computer vision community. It has attracted a signif-
icant attention from researchers in the past decade. Rain-
drops attached to the camera len usually cause refraction
and distort the background scene. Nearby rain streaks may
appear semi-transparent, and often introduce a certain degree
of opaque/blur to the objects behind. Distant dense rain streaks
behave more like mist/veiling, and obscure the background
scene [1] [2] [3] [4]. However, removing these various types
of rain streaks from a single view or multi-view image/video
is not a trivial task.
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Fig. 1: Results of depth/disparity estimation and saliency
detection on rainy LFIs and our derained images. (a) is the
central subaperture view of the original rainy LFI, while (c)
is our de-rained image. (b) and (d) show the disparity maps
produced by method [5] on the rainy and de-rained images in
(a) and (c), respectively. Similarly, (e) and (g) are another pair
of central subaperture view of the rainy LFI and our de-rained
image, while (f) and (h) are the saliency detection results by
method [6] on (e) and (g).

Light field cameras [7] [8] are becoming an important
type of imaging device in both VR/AR and autonomous
navigation systems. In computer vision, light field denotes a
simplified four-dimensional parametric representation of the
original seven-dimension optical radiation field of a 3D space.
As raining can degrade the quality of light-field images (LFIs)
and affect vision tasks on LFIs, such as depth estimation [5]
and saliency detection [6], it is important to restore rain-
free LFIs from rainy LFIs, as shown in Fig. 1. A similar
research problem is reflection removal on LFIs [9] [10] [11],
which exploit multi-perspective subaperture views of an LFI
for accurate reflection removal. In this work, we investigate
the problem of rain streak removal from a single LFIL.

As shown in Fig. 2, the angular and spatial coordinates of an
LFI can be represented as (s,t¢) and (z,y), respectively. The



input of our method is a 3D EPI consisting of a set of sub-
aperture views in the same row/column, which can be extracted
from a 4D LFI by fixing the angular dimension (e.g., t = t*)
as follows:

Ve = L(x,y, s, t%). (1

Given that rain streak appearances on an image are highly
correlated to the content of the disparity map, an accurate
disparity map can be useful for rain steaks removal. However,
on a single image, it is difficult to estimate an accurate
disparity map for rain removal, and rain streak locations across
different frames of a video may be uncorrelated. In contrast,
on an LFI, it is easier to estimate accurate disparity maps, and
the rain streak locations across sub-aperture views are spatially
correlated. As shown in Fig. 2, the slopes of rain streaks in
a 3D epipolar plane image (EPIL, i.e., a row of sub-aperture
views of an LFI) are different from that of the background
scene. Hence, we propose to extract rain streaks and recover a
rain-free LFI from a rainy LFI by fully exploiting the spatial
and angular information of an input LFI.

In this paper, we proposed a depth/disparity map guided
GAN architecture to remove rain streaks from rainy LFIs. Our
proposed network includes a generator part and a discriminator
part, as shown in Fig. 3. The generator part first estimates the
disparity maps using an auto-encoder based Disparity Esti-
mation Network (DE-Net). It then concatenates the estimated
disparity maps with the input 3D EPI, and feed them to a
U-shaped Background Recovery Network (BR-Net) to extract
the rain-streak image and restore the rain-free image. In the
discriminator part, the restored rain-free sub-aperture views are
further fused with the estimated rain-streak image to generate a
rainy LFI. The discriminator part contains two discriminators,
Discriminator 1 and Discriminator 2. Discriminator 1 is
introduced to identify the recovered rain-free LFI and the
ground-truth rain-free LFI. It guides the generator to generate
more accurate rain-free LFIs. Discriminator 2, on the other
hand, is used to identify the reproduced rainy LFI and the
input rainy LFI, in order to guide the generator to generate
more accurate rain-free as well as rain-streak LFIs. Finally,
a rainy light-field dataset, consisting of both synthetic real-
world-like LFIs and real-world LFIs, is constructed for training
and evaluation under semi-supervised learning.

Our main contributions of this work are summarized as:

o We propose the first powerful end-to-end deep learning
model for rain-streak removal on a single rain LFI, by
decompsing it into rain-free LFI and rain-streak LFI with
mist/veiling.

« We have conducted extensive experiments to evaluate the
proposed model.

o We construct the first rainy light-field dataset, consisting
of both synthetic real-world-like LFIs and real-world LFIs
for training and evaluation.

II. RELATED WORK

Rain removal methods can be broadly divided into single-
image based methods and video (or multi-image) based meth-
ods. In this section, we mainly review rain removal methods

Fig. 2: 3D EPI of an LFI. The first row shows 3D EPIs, and
the second shows 2D EPIs, i.e., a slice cut from the 3D EPI.
Normally, rain streaks are much closer to the camera len than
the background scene. Hence, the slopes of rain streaks on an
EPI are always smaller than that of the background, as shown
by the white dotted lines and yellow dotted lines, respectively.

for singe images and frame sequences, and we also discuss
LFI-based deraining and other-related works.

A. Single-Image Rain Streak Removal Methods

Traditional methods [1] [2] [12] [13] [14] [15] usually
explored physical characteristics of rain streaks by utilizing
handcrafted image features with classical optimization or
machine learning methods. Many models have been developed
to capture the intrinsic differences between the rain signal and
normal textures based on spatial redundancy, e.g., generalized
low rank model [14], sparse coding [|5], discriminative s-
parse coding [13], Gaussian mixture model [12], and layer
decomposition [16]. Li et al. [17] modeled the input noisy
image as a superposition of coarse structure and fine details,
and proposed a new discriminative dictionary learning method
to separate coarse-scale structures and fine details. However,
classical optimization-based methods are difficult to obtain
immaculate rain-free images, especially when images contain
heavy rain streaks.

On the other hand, with the power of learning
from data, the deep-learning-based rain removal method-
s [18] [191 [3] [20] [21] [22] [23] [24] [25] [26] [4] [27]
have achieved significant progress in the last few years, and
substantially outperform traditional methods. Fu et al. [18]
proposed DerainNet to learn the relationship between rainy
and clean image detail layers. The input rainy image is first
separated into a low-passed base layer and a high-passed detail
layer. It then estimates the de-rained layer from the detail
layer and enhanced the de-rained layer and the base layer
to produce a rain-free image. However, the method may fail
in removing heavy rain. Yang et al. [22] proposed a rain
image model that comprises of a rain streak accumulation
layer (i.e., mist/veiling) and multiple rain-streaks layers. A
recurrent rain detection and removal architecture is proposed
to remove rain streaks and clean up rain accumulation progres-
sively. A multi-task contextualized dilated convolution model
was proposed to obtain binary rain streak map, rain streak
appearance, and rain-free background in each recurrence. Qian
et al. [19] proposed an attentive generative adversarial network
for raindrop removal. It adopts an attentive generative network
using adversarial training to inject visual attention into both the
generative and adversarial networks. While the visual attention
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Fig. 3: Our proposed rain streak removal network. Blocks inside red boxes represent the synthetic real-world-like rainy LFI
and its results, and blocks inside blue boxes represent the real-world LFI and its results. The red solid arrows represent the
supervised learning procedure, while the blue solid arrows represent the unsupervised learning progress. Our proposed de-
raining network contains two sub-networks. First, the Disparity Estimation Network (DE-Net) estimates the disparity maps for
the input LFI. Second, the estimated disparity maps are concatenated with the input LFI and fed into the Background Recovery
Network (BR-Net) to extract the rain-streak LFI and recover the rain-free LFI. Two discriminators are used to identify the
results of the synthetic rainy LFI. Discriminator I is used to authenticate the generated rain-free LFI. Discriminator 2 is used
to authenticate the generated rainy LFI, which is reproduced by combining the extracted rain-streak LFI and the recovered
rain-free LFI. For real-world rainy LFIs without ground-truth rain steak images, a Gaussian mixture model (GMM), GM M ¢,
is adopted to represent the real-world rain streak distribution, and the Kullback-Leibler divergence between the Gaussian Gy,
learned from the synthetic rain streaks and GM M ,..o; is minimized.

of the generator would pay more attention to the raindrop visual effects of rain subject to scene depth and established
regions and their surrounding structures, the discriminator a synthetic model composed of rain streaks and fog. A robust
could assess local consistency of the restored rain-free regions. network was proposed to learn depth-attentional features via a
Li et al. [20] proposed a non-locally enhanced encoder-decoder ~ depth-guided attention mechanism, and regress a residual map
network for rain streak removal. It is composed of a series to produce a rain-free image. However, since the depth map
of non-locally enhanced dense blocks [28] [29] to exploit estimated from a single rainy image is unreliable, affecting
hierarchical features from all convolutional layers as well the quality of the results. Li et al. [4] proposed a 2-stage
as to capture the long-distance dependency and structural CNN (i.e., a physics-based backbone followed by a depth-
information. Zhang et al. [23] proposed a density-aware multi- guided GAN refinement) to remove heavy rain steaks and
stream dense convolutional architecture for joint rain steak rain veiling effect. In the physics-based stage, a streak-aware
density estimation and removal. A residual-aware rain-density ~decomposition module helped decompose the entangled rain
classifier was proposed to determine the density-level of a streaks and rain accumulation. In the refinement stage, a
given rainy image, and a multi-stream densely connected de- depth-guided conditional GAN helped recover the background
raining network was proposed to remove rain streaks from the details. However, this method cannot remove distant rain
rainy images guided by the estimated rain-density information.  streaks, especially in heavy rain. Wei et al. [25] proposed a rain
Li et al. [24] proposed a multiple stages rain remove method streak removal method to solve the domain adaption problem
based on the squeeze-and-excitation block and the dilated of transferring from synthetic rainy images to real-world rainy
convolutional neural network. images by adopting semi-supervised learning, which utilized

both supervised synthetic samples and unsupervised samples

Recently, Ren et al. [21] proposed a simpler baseline . training.

network for rain streak removal in multiple stages, where a

shallow ResNet is deployed at each stage. Hu et al. [3] and Most recently, Jiang et al. [27] proposed a multi-scale
Li at al. [4] incorporated depth maps to improve the quality progressive fusion network (MSPFN) to exploit multi-scale
of the output rain-free images. Hu et al. [3] analyzed the rain information using a pyramid framework. Ren et al. [30]



proposed a simple yet effective single recurrent network (SRN)
for image deraining, in which the composition pattern of two
layers can be exploited and propagated in multiple stages via
LSTM. A bilateral recurrent network (BRN) is also proposed
to model the interplay between rain streak and background
image layers. Zhang et al. [26] proposed a conditional GAN-
based network for rain streak removal. Densely connected
blocks [29] are used to construct the generator sub-network
to enable steady gradient flow, and a multi-scale discrimi-
nator is proposed to leverage features from multi-scales to
authenticate the de-rained image. Luo et al. [31] proposed
a weakly supervised raindrop removal adversarial network,
which needs only a collection of images with image-level
annotations indicating the presence/absence of raindrops for
training. A raindrop detector in trained to indicate raindrop
regions. An attention-based generative network is then used
for raindrop removal. Zhu et al. [32] proposed a gated non-
local deep residual learning framework for image deraining,
which can avoid over-deraining or under-deraining caused by
global residual learning. However, the proposed method is still
trained and evaluated on synthetic rainy images, and cannot
handle real-world rainy images well.

However, all aforementioned deep-learning based rain re-
moval methods take a single 2D image as input. They cannot
be directly applied on LFIs to take advantage of the additional
information provide by LFIs. In contrast, our method is
specially designed for rain steak removal on LFIs and has
two main advantages. First, our method can restore accurate
disparity maps from input LFIs. Second, it can recover clear
and sharp rain-free LFIs by exploring abundant color, texture
and depth/disparity information from the input LFIs.

B. Video Rain Streak Removal Methods

Garg and Nayar [!] [2] proposed the seminal work
of video rain modeling. Recent video deraining method-
s [33] [34] [35] [36] exploited spatial and temporal redun-
dancies in frame sequences.

Li et al. [33] proposed a multiscale convolutional sparse
coding (MS-CSC) model for video rain streak removal. It first
utilizes multiple convolutional filters convolved on the sparse
feature maps to detect repetitive shape characteristic of rain
streaks sparsely scattered over different positions of the video,
and then utilize multiscale filters to represent different scales
of rain streaks. Liu et al. [34] proposed a recurrent neural
network to integrate rain degradation classification, spatial
texture appearance based rain removal and temporal coher-
ence based background detail reconstruction. Yang et al. [35]
proposed a two-stage recurrent network built with dual-level
flow regularizations to perform the inverse recovery process
of the rain synthesis model for video deraining. Yang et
al. [36] proposed a two-stage self-learned de-raining network
to removal rain streaks based on both temporal correlation and
consistency.

Video deraining methods always assume that the rain steak
locations across frames are uncorrelated. In contrast, rain
streak locations in different subaperture views of an LFI are
highly correlated. However, unlike video frame sequences,

there are no temporal redundancy can be exploited in LFIs.
Thus, LFI rain streak removal is different from video rain
streak removal.

C. Light Field Image Deraining and Related Tasks

There are some works on LFIs that are related to derain-
ing or other tasks. Wu et al. [37] presented a comprehen-
sive overview and discussion of various aspects of research
on LFIs, including depth estimation [38] [39] [40], super-
resolution [41] [42], and editing and inpainting [43]

Two optimization-based methods [44] [45] were proposed
for rain streak removal on LFIs. Tan et al. [44] first aligned all
subaperture views to the central subaperture view, and a robust
PCA is then adopted to decompose each image of the set of
warped subaperture views into a low-rank image and a sparse
image. Finally, a dark view image is introduced to estimate the
non-rain disparity edges from a 3D EPI, which are converted
back to the low-rank image to produce the final rain-free LFI.
Yang et al. [45] first estimated disparity maps from the input
LFI and detected raindrop regions as a binary mask using the
disparity maps. The image refocusing on the far regions is then
enhanced by a high-pass filter. Finally, existing deep learning-
based image inpainting methods [46] [47] are directly adopted
to complete the masked raindrop LFI.

The most related task to rain removal on LFIs is snow
removal and reflection removal. Tao et al. [48] proposed
a deep-learning-based network for snowflake removal from
LFIs. It takes 3D EPI of an snowy LFI as input, from which
a 3D residual network is introduced to detect snowflakes.
Then, an encoderdecoder-based LF image restoration network
is proposed to restore the clean background image. Ni et al. [9]
proposed a single-LFI reflection removal method. Through
focus manipulation and analyzing the EPI slop, it labeled
edges in the background and reflection layers, respective-
ly. The labeled edges are then used to separate the initial
background and reflection layers. Finally, by enforcing the
input EPIs to be the sum of the background and reflection
EPIs, refined separation results can be obtained through an
alternating optimization between layer update and disparity
update. Li et al. [10] [11] noted that if an LFI was formed by
the superimposition of two LFI layers of different disparities,
the EPI strong gradient points of both images would be at
different positions of the combined EPI, and the gradient
values would be preserved. They proposed a general sandwich
model to describe the depth range of the background and
reflection images, and then a traditional optimization based
method [10] and a deep-learning-based method [11] to solve
the reflection removal problem of LFIs.

All these methods are either based on classical optimization
techniques or just utilizing CNNs for de-rained LFI inpaint-
ing [45]. They are not able to accurately detect all rain streaks
on a LFI, clearly remove rain streaks and recover sharp rain-
free LFI from the input LFI. In this paper, we propose a deep-
learning based method for rain streak removal on LFIs.

III. A RAINY REAL-WORLD-LIKE LFI DATASET

Adding one-/multi-layers of rain streaks to a clean back-
ground image [12] [22] is a common way to generate real-
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Fig. 4: Our real-world-like rainy LFI generation procedure.
D is the disparity map of rain-free background LFI B, and
are normalized to [0,1]. F is the LFI of mist/veiling. R is
the input rain-streak LFI. R is the synthesized rain-streak LFI
with mist/veiling. B is the rain-free background LFI. I is the
synthesized output rainy LFI. « is a constant parameter.

world-like rainy images. A rainy image is usually considered
as a linear/non-linear combination of a rain-free background
layer and rain-streak layer(s) [14] [19] [3] [20] [22] [23] [26]:

I =B+R, 2)

where I, B and R denote the rainy image, rain-free back-
ground image and rain-streak image, respectively. The goal
of rain streak removal is to detect R and recover B from I,
which is an ill-posed problem. However, a rainy image dataset
created in this way may be different from the actual real-world
rainy images, which means that a rain removal network trained
on such a dataset may not produce the desired rain-free images
given real-world rainy images.

In our method, various synthetic rain streaks simulated with
the particle system of Blender [49] were superimposed to
real-world LFIs to generate authentic rainy LFIs, or called
real-world-like LFIs. The real-world LFI dataset [50] captured
by a Lytro Illum camera is utilized to generate real-world-
like rainy LFIs. However, for real-world rain-free/backgound
LFIs, there are no ground-truth disparity maps that could be
used directly. Hence, we adopt a state-of-the-art method [38]
to obtain acceptable disparity maps as the ground truth. The
disparity maps for each real-world LFI can then be used to
generate rain and mist/veiling effects. 3D rain streaks with
various shapes, directions and densities are generated using
the particle system of Blender [49], and the rain steak LFIs are
then rendered with Blender [49]. Finally, the above rendered
LFIs of rain-streaks and real-world LFIs [50] are combined to
generate the real-world-like rainy LFIs, as shown in Fig. 4.
In this way, we obtained more than 80 rainy LFIs for training
and evaluation.

In our rainy LFI generation model, R is a linear combi-
nation of the semi-transparent rain streaks and mist/veiling
simulated with the disparity maps. Specifically, the formula
for generating real-world-like rainy LFIs can be described as:

R = aDF+(1—0a)R, (3)
I = B+R, “4)

where D is the disparity map of the input background rain-free
LFI B, and is normalized to [0, 1]. F is the LFI of mist. R is
the input rain-streak LFI. R is the synthesized rain-streak LFI
with mist/veiling effect. B is the rain-free background LFI.
is the synthesized output rainy LFI. « is a constant parameter
(set as 0.3).

IV. LFI RAIN STREAK REMOVAL NETWORK

In this paper, we propose an adversarial network for rain-
streak removal from a single LFI, as shown in Fig. 3. The
generator part of our network contains two sub-networks,
one for disparity/depth map estimation, and another for rain
streak extraction and rain-free LFI recovery. Similarly, the
discriminator part also contains two discriminators. One is
used to discriminate the de-rained LFI and the ground truth.
Another one is used to identify the generated rainy LFI
fused from the de-rained/rain-streak images and the input LFI.
Specifically, in the generator part of our network, a 3D EPI
of the input rainy LFI is taken as the input of the first sub-
network to estimate the disparity maps. The stacked disparity
maps are then concatenated with the input 3D EPI as the input
to the second U-shaped sub-network to detect the rain streaks
and recover the desired rain-free image with two separately
decoding branches. In particular, the 3D convolution layer is
adopted as a basic layer to construct our neural network to
process the input 3D EPI, which is able to extract meaningful
information from multiple subaperture views at the same time.

A. Disparity Map Estimation Network (DE-Net)

Inspired by [3], the mathematical formulation of a rainy
image is closely related to the depth map of the back-
ground image. However, it is difficult to estimate an accurate
depth/disparity map for a single rainy image due to two
reasons. First, the available contextual information conveyed
by a single view is not enough to estimate a highly accurate
depth/disparity map. Second, the interference of rain streaks
makes it is difficult to estimate an accurate depth/disparity map
for the background image obscured by rain streaks. Due to the
abundant spatial and angular information recorded in an LFI,
more accurate depth/disparity maps can be obtained than that
from a single image/video.

Our 3D auto-encoder based DE-Net takes a 3D EPI as input.
First, a 3D convolution layer with a filter size of 3 x 3 x 3
and channel dimension 32 is used to extract high dimensional
local features from the input 3D EPI. Inspired by the non-
locally enhanced auto-encoder network [20], a 3D convolution
non-local model [28] is then introduced to extract global
responses/features from the high dimensional local features
to enlarge the perceptual region of our network for disparity
estimation.

The nonlocal block is adopted to overcome the limitation
of the small receptive field of each 3D convolutional layer in
our method. For example, if the nonlocal block is not used,
the receptive region of the first 3D convolutional layer of
the network is 3 x 3 x 3, and that of the deepest layer is
22 x 22 x 9. If we want to increase the perceptual region,
we have to increase the number of 3D convolution layers. In



contrast, the response/feature map obtained by the nonlocal
block can obtain both global contextual information and self-
attention information of the input image, both of which can
help our method detect rain streaks and recover rain-free
images accurately.

The 3D convolutional DE-Net is introduced to estimate
the disparity maps for the input 3D EPI. The number of
encoder channels increases from 64 to 1024. The decoder part
is symmetrical with the encoder part, and the corresponding
layers are concatenated by skip connections to reduce the
lack of high-frequency information. The last layer outputs
the restored disparity maps for the input subaperture views.
Each convolution layer has a convolutional kernel size of
3 X 3 x 3. We chose LeakyRelu as the activation function.
A batch normalization layer is added to each convolutional
layer to avoid the vanishing and exploding of gradients. The
architecture of the DE-Net is shown in the Supplemental. It is
worth noting that due to the limited number of real-world-like
rainy LFIs available, both the synthetic real-world-like rainy
LFIs discussed in Sec. III and some synthetic rainy LFIs with
ground-truth disparity (rendered by Blender [49] in 3D virtual
worlds) are utilized to train our DE-Net to produce accurate
disparity maps.

We choose L; to measure the difference between the
estimated disparity maps and the ground true as follows:

La= Vg = Fa(Ve)ll1, ®)

where V- is the stacked subaperture views (i.e., 3D EPI
with fixed angular coordinate ¢*). V] denotes the ground-truth
disparity maps. F, represents the function of our disparity
estimation sub-network.

B. Background Recovery Network (BR-Net)

With the disparity maps obtained by DE-Net, we concate-
nate them with the input 3D EPI as input to the subsequent
Background Recovery Network (BR-Net) to extract rain streaks
and recover a rain-free LFI, as shown in Fig. 3.

In the encoder part of BR-Net, we introduce a contextual
module after a 3D convolutional layer, as shown in Fig. 5. The
contextual module contains three parallel dilated convolutional
paths, each of which contains three dilated convolutional layers
with dilation rates of 1, 2, and 3. In this way, a larger receptive
field and the characteristics of rain streaks with different sizes
and densities could be obtained. The feature maps are then
passed to two separate decoding branches. One is used to
estimate the rain-streak images, and another one is used to
recover the rain-free subaperture views. The structure of the
generator part is shown in the Supplemental.

We adopt L; norm as the loss function of BR-Net. Since
3D convolution [51] [52] may loose high-frequency details
and introduce blurriness, we add a perceptual loss and a style
loss to the objective function to enforce the sharpness of the
resulting rain-free images. However, we find that noise may be
introduced to the generated image content. Thus, we introduce
a total variation loss to address this problem. The loss function
is defined as follows:
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Fig. 5: The proposed contextual module in our method.

where V,.,, are the recovered rain-free subaperture views with
a fixed angular coordinate ¢*, and V/, is the corresponding
ground truth.

We use pre-trained VGG-16 [53] to project a selected
feature map to a higher-level feature space for calculating the
perceptual loss. The pooly, pooly and pools layers are chosen
to calculate the loss of the feature map. The perceptual loss
is defined as:

s — VP, (7

P N
Lpere, = ) ) |10,

p=1s=1

where w"”t is the feature map selected from a layer of VGG
network. The inputs are the recovered rain-free subaperture
views with a fixed angular coordinate t*. IV is the number of
subaperture views in the input 3D EPI and set as 9. P is the
number of selected pool layers.

The definition of the style loss is similar to the perceptual
loss. We first compute the autocorrelation with the Gram
matrix [54] G on each feature map. The style loss is then:

-3 low?

p=1s=1

G, ®)

stylel

The total variation loss is used to ensure smoothness be-
tween neighboring pixels, and is defined as:
||V1 G+l V1+1 ¥ Vi’j

ZE ,,ﬁnlJrZZ 2V

1,j 8= 1,j 8=

Ltv1
)

Similarly, the energy terms Lg,, Lpercy> Lstyies> Litv, are
introduced to extract rain-streaks, which is similar to the
energy terms defined to recover rain-free subaperture views.

As discussed above, our proposed network is trained on
the synthetic rainy LFIs with both ground-truth rain streaks
and derained LFIs, which tends to make the network biased
toward learning the specific patterns of synthetic rain streaks.
Thus, our network may not be able to generalize to real-world
rain streaks of rainy LFIs, which may have more complex
rain steaks with multiple directions and layers influenced by
illuminations and wind. Inspired by the seminal work [25], we
adopt the proposed semi-supervised learning scheme to our



method to solve such a domain adaption problem [25] [55] by
utilizing both synthetic rainy LFIs and real-world rainy LFIs
for training, as shown in Fig 3.

Since the Gaussian mixture model (GMM) can be used
to approximate the stochastic distribution of rain streaks, we
represent real-world rain streaks as a Gaussian mixture model,
GM M, .cq;, as follows:

K
R ~ Zﬂ-kN<R| Pk, Zk)’

k=1

(10)

where 7, px and Zk represent the mixing coefficient, mean
and variance of the Gaussian distribution, respectively.

The negative log likelihood function imposed on real-world
rain streaks can be written as follows:

N K
Lreal(R;H7Z) = - 21 IngZ WkN(R| O7Zk) (11)
n= =1

In order to reduce the discrepancy between the synthetic
rain streak data domain and the real-world rain streak data
domain, Kullback-Leibler divergence between the Gaussian
Gsyn learned from synthetic rain streaks and the aforemen-
tioned Gaussian mixture model GM M,..,; learned from real
rain streaks is minimized as:

(12)

real

L, = min D (Gayn |GMME,,),

where GM Mfeal is the kth component of GM M, ...

Finally, the complete objective loss function of the generator
is defined as:

Liotal = wO(Lg1 + ng) + ws (Lpe'r'cl + Lpech)

+wsg (Lstylel + Lstyleg) + Ltvl + Ltv2
+w3La + walrear + w5 LKL,

(13)

where wg, wi, wa, ws, wy and ws are constant hyper-
parameters.

C. Discriminative Network

We propose two discriminative networks. While Discrimi-
nator 1 is used to authenticate rain-free image, Discriminator
2 is used to authenticate the generated rainy subaperture views
(combined from the derained subaperture views and extracted
rain-streaks images).

The generated rainy LFI combined from the derained LFI
and rain-steak images can be defined as:

‘/Tg = erv + ‘/;"57 (14)

where V., is defined in Eq. 6. V., is the estimated rain-streak
images. V;, is the generated rainy images.

Discriminator 1 authenticates the generated rain-free im-
ages. It contains 6 3D convolutional layers, each of which
has a perceptual region size of 3 x 3 x 3. In order to reduce
the memory cost of the 3D convolution layers, a max-pooling
layer after every two 3D convolutional layers is adopted to
reduce the number of parameters. A dilated convolution is
also used to increase the size of the receptive field. Finally,
a fully connected layer is added to authenticate the input
subaperture views. Parameters of the discriminator are listed

in the Supplemental. The loss function of Discriminator 1 is
defined as:

Lgis1 = —log(D(V/,)) —log(1 — D(V,.,)), (15)

where V., is the recovered rain-free subaperture views, and
V., is the ground truth defined in Eq. 6.

The network architecture of Discriminator 2 is the same as
Discriminator 1, and the loss function of Discriminator 2 is

defined as:

Laisa = —log(D(Vi.) — log(1 — D(V,,)), (16)

where Vi~ is the input 3D EPI of the ground truth rainy LFI.

When the outputs of Discriminator I on the de-rained
LFIs tend to be false, Discriminator 1 shares parameters
directly with Discriminator 2 to optimize the generator. When
Discriminator 1 cannot distinguish the de-rained LFIs from
the ground truth, Discriminator 2 will optimize the generator
via identifying the generated rainy LFIs. When the outputs
of Discriminator 2 on the generated rainy LFIs tend to be
false, the rain-streak image generator branch still needs to be
optimized. When fixing Discriminator 1 and Discriminator
2, BR-net is trained to optimize the parameters in order to
produce samples that cannot be distinguished from the ground
truth. Then, the outputs of Discriminator 1 and Discriminator
2 on the generated samples will more likely be true.

V. EXPERIMENTAL RESULTS AND DISCUSSION
A. Training Details

Our LFIs have an angular resolution of 9 x 9, and spatial
resolution of 512 x 512. Due to the memory size limitation of
the NVIDIA RTX Titan GPU, a rainy LFI is cut into small
patches of 128 x 128, and the stride size is 64. To evaluate
the effectiveness of our method, twelve synthetic real-world-
like rainy LFIs are tested, as shown in Fig. 6, 7, 11 and 12.
More results can be found in the Supplemental. In addition,
we have also captured some real-world rainy LFIs to evaluate
our method, as shown in Fig. 8. They are captured in various
outdoor raining scenes, such as plants (Fig. 6 and §), houses
(Fig. 11), cars (Fig. 8 and 12). These LFIs contain both close-
up scenes (Fig. 6, 7 and 8) and distant scenes (Fig. 11 and 12),
with diverse disparity information.

Our network is implemented using Keras 1.0.5, and Python
3.6.0, and then trained on a PC with an i7-7700K CPU, 24GB
memory size, and an NVIDIA RTX TITAN GPU with 24GB
memory. The epoch is set as 50, and the batch size is set
as 4. Adam optimization is adopted to train our network.
The initial learning rate, betal, beta2 and epsilon are set as
0.0001, 0.9, 0.999 and 1.0e—8, respectively. The parameters
of the generator network are updated on each sample, but
the parameters of tje discriminator are adjusted on each set
of 5 samples. The weight parameters of the generator and
discriminator networks are set as 10 and 1, respectively. The
constant hyperparameters in Eq. 13 are set as wy = 10,
wi = 0.5, we = 0.5, wy3 = 10, wy = 0.5 and ws = le — 9.

The parameters of our network are first updated by training
on the synthesized rainy LFI. The real-world rainy LFI is then
fed into the network to obtain the predicted rain-free image
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Fig. 6: Comparison of different methods for rain streaks removal on LFIs. The de-rained images of each method are marked
with their PSNR/SSIM values. The best values are marked in bold, and the second best are marked in cyan.
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Fig. 7: Comparison of different methods for rain streak removal on a LFI. The de-rained image of each method is marked
with its PSNR/SSIM values. The best values are marked in bold, and the second best are marked in cyan.

and rain-streak image. The Gaussian mixture model is used
to simulate the distribution of real-world rain streaks, and the
expectation maximization (EM) algorithm is used to iteratively
solve the Gaussian mixture model.

B. Quantitative Evaluation

We compare our method with the state-of-the-art classi-
cal optimization-based rain removal methods [16] and deep
learning-based methods [18] [22] [19] [24] [21] [4] [27] for
single 2D images. Two typical metrics, Peak Signal-to-Noise
Ratio (PSNR) and Structure Similarity Index (SSIM), are
adopted for evaluation of our method and the other methods
on the central subaperture view of each LFI.

Due to the learning ability of deep Ilearn-
ing, deep-learning based rain removal  method-
s [18] [22] [19]1 [24] [21] [4] [56] [27] [32] usually

perform much better than methods based on classical
optimization, e.g., [16], in almost all cases.

The PSNR and SSIM values of the de-rained central sub-
aperture views obtained by our method are higher than those
obtained by the other methods, especially in close-up scenes
with complex structures, as shown in Fig. 6 and 7, and distant
scenes with fog/mist, as shown in Fig. 11 and 12. Our method
has better PSNR performances on most of the challenging
examples. For few scenes as shown in Fig. 6 and 11, it seems
that the PSNR values obtained by our method are lower than
those obtained by [24]. In these cases, results of our method
are the second best, and the gap between our results and the
best ones is minor.

We can also see that the SSIM performances of our method
match with those of the state-of-the-art method [24]. Our
method and [24] perform much better than the other method-
s [16] [18] [19] [22] [21] [56] [27]. Although the SSIM values
obtained by [24] on some scenes, as shown in Fig. 11 and 12,
are higher than those of ours, our derained results appear to
remove rain streaks better visually, as shown in Fig. 11. To
make things worse, [24] introduces geometric distortion to
the pillar marked with a green box in Fig. 11r.

To demonstrate the effect of the non-local model in DE-
Net, we have also conducted an ablation study, as shown in
Table 1. The PSNR values of the de-rained images obtained
by our method with the non-local model are obviously higher
than those without the non-local model. Similarly, the SSIM
values of the derained images produced by our method are
higher than those generated by our method without the non-
local model in most cases. Hence, the non-local model is very
useful and necessary in our proposed network. Table II shows
the ablation study on the hyper-parameters of our proposed
network, in which each value represents the average result of
all tested 12 rainy LFIs.

Metric | Our method | Fig. 6 | Fig. 7 | Fig. 11 | Fig. 12

|
PSNR without NL | 31.48 | 30.60 | 2597 30.52
with NL 3598 | 33.21 33.15 34.87
SSTM without NL | 0.939 | 0.903 0.941 0.940
with NL 0.954 | 0907 | 0.940 0.948

TABLE I: Ablation study of our method with/without the non-
local model in DE-Net.
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Fig. 8: Comparison of different rain-streak removal methods on real-world LFIs. (e) are the results of our method without
domain adaption (DA) semi-supervised learning, and (f) are the results of our method with DA semi-supervised learning.
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PSNR | 3034 | 33.15 | 30.13 | 3221 | 34.23 | 33.75 | 29.87 | 31.65 | 32.13

SSIM | 0.898 | 0.918 | 0.901 | 0.913 | 0.936 | 0.926 | 0.885 | 0.931 | 0.921

TABLE II: Ablation study on the basic components and the hyper-parameters of our proposed network.

We also compare our proposed method with the state-of-the-
art video rain steak removal methods [33] [34] on 3D EPIs,
as shown in Fig. 13. We can see that the video rain steak
removal methods [33] [34] cannot produce acceptable results.
They have low PSNR and SSIM values, introduce blur to the
image details and fail to remove mist/veiling in the derained
results. This shows that video rain streak removal methods
cannot be used directly for rain streak removal on LFIs.

C. Qualitative Evaluation

Although method [16] can remove some tiny rain streaks
well, it can neither successfully remove large rain streaks
nor tiny rain streaks completely, and it blurs the de-rained

images. There are still some rain streaks obviously visible in
the resulting images shown in Fig. 6, 7, 11 and 12. In addition,
since it cannot remove fog/mist in the de-rained images, its
de-rained images appear brighter than the ground truth.

The deep learning-based methods [18] [19] [22] generally
perform well in most cases. However, they still have some
flaws. Method [18] does not perform well in handling rainy
images with small rain streaks or large and dense rain streaks,
as shown in Fig. 6, 7, 11 and 12. Meanwhile, it also fails to
remove fog/mist in the derained images, as shown in Fig. 11
and 12. The reason may be that as [ 18] adopts a filter to divide
the input image into high-frequency layer and low-frequency
layer and only the high-frequency layer is processed to remove
rain streaks, the low-frequency layer that contains large rain
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Fig. 9: Comparisons of disparity maps and rain streaks obtained by our method and the method [4].
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Fig. 10: Ablation study of our method.

streaks and/or fog/mist is not processed.

The performance of [19] is much better than those of
methods [16] [18]. However, it fails to effectively remove large
rain streak, as shown in Fig. 12. The reason may be that as it
is specially designed to deal with rain drop removal, it does
not work very well for rain streak removal.

Method [22] can successfully remove rain streaks in Fig. 6
and 7. However, it fails to deal with heavy and dense raining
scenes, as shown in Fig. 12. It also fails to deal with fog/mist,
causing the resulting images to be brighter than the ground
truth, and it always blurs the recovered images, as shown in

Fig. 6, 7, 11 and 12.

Method [24] performs very well on rain streak removal
and fog/mist removal. In the scenes shown in Fig. 11, its
performance is comparable to our method. However, in some
examples shown in Fig. 6 and 7, it fails to detect and remove
all tiny rain streaks. In addition, it usually darkens the whole
derained images as shown in Fig. 11 and 12. The network
structure of [21] is similar to [24]. Its performance is also
similar to [24].

Due to the introduction of depth/disparity information, the
dehazing effect of method [4] is remarkable. However, this



method causes the derained images to be sharp and oversat-
urated, as shown in Fig. 6, 7 and 12. In addition, for heavy
rain images, the rain removal effect is unacceptable, as shown
in Fig. 11 and 12.

Although method [56] can remove most of the rain streaks
well, it fails to obtain correct colors after training on our
dataset. Method [27] fails to remove large rain streaks well,
as shown in Fig. 6, 11 and 12. The colors and brightness of
their results appear to be similar to those of [24] [21] [4] and
ours. Their PSNR and SSIM values are also good, as shown
in Fig. 6 and 7. However, the colors of the zoom-in patches
for method [56] in Fig. 6 and 7 still appear a bit different
and unnatural, and the zoom-in patches for both [56] [27] still
contain a lot of blurs and unremoved rain strips.

Our proposed method takes a 3D EPI as input to detect rain
streaks and recover the disoccluded regions previously covered
by rain streaks. It is by exploiting the abundant information
embedded in LFIs. Our method can properly preserve the
geometric/textural details of the recovered LFIs than all the
other compared methods, as shown in the regions highlighted
by red/green boxes in Fig. 11. Hence, it always performs better
than the other methods.

We have also evaluated the rain removal effect on real-world
LFIs, as shown in Fig. 8. We can see that our method removes
rain streaks more cleanly than the other methods [4] [56] [27]
in these challenging examples. Our method under supervised
training without domain adaption from synthetic rain streaks
to real-world rain streaks has limited performances. However,
its performances under semi-supervised training by utilizing
both synthetic LFIs and real-world LFIs are greatly improved.

Fig. 9 shows the disparity maps and rain streaks obtained
by our method and those by method [4]. Our method pro-
duces more accurate disparity maps and rain streaks than [4].
However, since the perspective viewpoint, light and contrast
of each subaperture view may be slightly different, as shown
in regions highlighted by the red/green boxes in Fig. 14, our
network is slightly more complex in order to handle all these
issues. In addition, since the input 3D EPI is larger than a
single image, the memory cost and processing costs of our
method are higher than the other state-of-the-art methods.

Fig. 10 shows an ablation study of our method with/without
various energy terms defined in the objective energy function
in the synthetic scene and virtual scene with greater disparities.
We can see that the results of our method with all energy terms
used produce more realistic results than the other alternatives,
in which there are blur and/or chromatic aberration introduced
into the resulting images.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have proposed a novel adversarial net-
work for rain streak removal from LFIs. Our method is the
first method specifically proposed for rain streak removal on
LFIs. We have carefully created a synthetic real-world-like
rainy LFI dataset for training and evaluation of our proposed
method. Our method takes 3D EPIs of LFIs as input. It first
estimates the disparity maps for each subaperture views, and
then detects rain steaks and recovers derained subaperture

views. Our method is trained in a semi-supervised manner
to overcome the domain adaption from synthetic LFIs to real-
wrold LFIs. Fog/mist embedded in the rainy LFIs can also
be clearly removed together with rain streaks. Our method
takes full advantages of the textural and structural information
of the input 3D EPI to detect and remove rain streaks from
LFIs. Extensive experiment demonstrates that our method
outperforms state-of-the-art methods designed for rain streak
removal on 2D images/videos.
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Fig. 11: Comparison of different rain streak removal methods on LFIs. The derained images of each method are shown with
their PSNR/SSIM values. The best values are marked in bold, and the second best are marked in cyan.
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Fig. 12: Comparison of different rain streak removal methods on LFIs. The derained images of each method are shown with
their PSNR/SSIM values. The best values are marked in bold, and the second best are marked in cyan.



() [3

(d) ours, 37.64/0.95 (h) ours, 34.33/0.95 (1) ours, 33.21/0.91 (p) ours, 35.35/0.96 (t) ours, 30.96/0.91 (x) Ours, 31.96/0.92

Fig. 13: Comparing our method with state-of-the-art video rain streak removal methods [33] [34], taking 3D EPIs of rainy
LFIs as input. Derained subaperture views produced by each method are shown with PSNR/SSIM values.

(a) Rainy sub-view(0,0) (b) Rainy sub-view (0,8) (c) De-rained sub-view (0,0) (d) De-rained sub-view (0,8)
Fig. 14: Rainy/original subviews and derained subviews of one real-world rainy LFI. Note that the intensity of the same regions
in different subviews may be different.
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