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Abstract

The efficiency of several real-time vision tasks, such as outdoor surveil-

lance, satellite optical image analysis, and autonomous vehicle navi-

gation systems, significantly relies on the visual quality of the images

and videos. It severely degrades when presented with noisy or corrupt

data, e.g., images taken in adverse rainy or hazy weather conditions.

Therefore, it is of utmost importance to propose robust and effec-

tive methods that remove the noise and restore the visual quality of

the degraded images and videos. Most of the existing best-published

works are built upon various prior-based frameworks that suffer from

blocky visual artifacts.

Recently, efforts have been afoot towards data-driven approaches due

to their improved performance over prior-based schemes. It has been

evident from the existing literature that learning-based methods for

low-level vision tasks are not only superior in terms of performance but

also deployment-friendly for executing real-time applications. With

this motivation, this thesis presents efficient data-driven methods for

the following low-level vision tasks: (a) single image de-raining, (b)

single image de-hazing, and (c) video de-raining. In what follows are

the four significant contributions of this dissertation.

In the first contributory chapter, a deep learning-based scheme has

been proposed for the task of single image de-raining. The designed

methodology exploits the spatial domain aspects of the rain-streaks

due to their pseudo-periodic nature. It has been experimentally shown

that processing over the luminance channel of the rainy image alone

may lead to a remarkable performance gain over correlated color-

space. Further, the presented method utilizes efficient pixel upscaling
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over conventional schemes to evade blocky artifacts in the de-rained

images.

In the second contributory chapter, transformed domain characteris-

tics of the rain streaks in the image are exploited for de-noising. There

are two contributions in this chapter. In the first work, it has been

experimentally shown that rain-streaks, due to their additive pseudo-

periodic nature, leaves some traces in the uncorrelated discrete Fourier

domain, which can be utilized by the deep models. Towards this, a

learning-based approach has been presented that takes Fourier domain

coefficients of the rainy images as input and estimates the Fourier do-

main coefficients of the de-rained images. In the second work, we have

proposed a novel learning-based scheme that utilizes a combination

of spatial and correlated transformed domain characteristics of the

rain-streaks in an image. In particular, the discrete Haar wavelets

have been exploited to retain the various aspects of the rain-streaks

along with different directions. The proposed dual-domain learning

has shown remarkable performance gain over exclusive domain learn-

ing.

In the third contributory chapter, a scale-space invariant Convolutional

Neural Network (CNN) has been presented for the task of single image

de-hazing. Unlike rain-streaks, the haze in an image exponentially

varies with the depth of the pixels. It has been observed that the

Laplacians of Gaussian (LoG) exhibits a variety of edgy structures

at different scales in the hazy image. The invariance above has been

achieved by exploiting the LoG cues as a supervised cost function to

optimize the proposed deep model. The proposed scheme has been

tested against 14 best-published works using 15 image quality metrics

to demonstrate its efficacy.

In the final contributory chapter, the task of video de-raining has been

addressed. Unlike the image, video de-raining has an additional com-

plexity of retaining the temporal smoothness in the de-rained videos.

Existing approaches tend to separate the spatial and temporal en-
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hancement modules. However, in this work, a unified deep CNN has

been presented that simultaneously optimizes the spatial and tem-

poral characteristics of the de-rained videos. For this, the proposed

method has been engineered with a multi-contextual design to cap-

ture a wide variety of spatial features and a 3D convolution-based

sub-module to optimize temporal consistency. The presented work

has been verified against 10 existing methods using multiple image

quality metrics.

Finally, the thesis is concluded by summarizing the significant contri-

butions and proposing some relevant future research directions.
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Chapter 1
Introduction

Images and videos are graphical representations of our everyday life. The camera

simulates the human eye across various domains spanning from everyday photog-

raphy to remote sensing and astronomy, medical imaging, to cellular microscopy.

In each case, there exists an object or scene that we wish to observe, analyze

and remember throughout our lives. However, an image or video may not always

consist of desired objects and scenes in their most refined form. They may be

severely affected by unpredictable impairments due to the natural noise present

in the real-world scene. Further, the efficiency of most real-time applications,

such as surveillance, satellite optical image analysis, and autonomous vehicles

navigation, etc., heavily relies on the visual quality of images and videos. Their

performance severely degrades when presented with a noisy or corrupt image and

video.

For e.g., in adverse weather conditions, such as rainy, hazy, or snowy, it may be

profoundly challenging for an autonomous vehicle to figure out what lies ahead

and lead to a crashed navigation system1 [2], ultimately life-threatening. To

explain, Machiraju et al. [2] demonstrated that the AutoPilot [1] model predicted

different steering angle for the same scene with different noise scenarios, as shown

in Figure 1.1. Therefore, it becomes necessary to propose robust and efficient

1Korean Competition Shows Weather Still a Challenge for Autonomous Car (https://
news.ycombinator.com/item?id=8699438)
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without fog with fog

Figure 1.1: Steering angle prediction in the absence/presence of fog by an autonomous
vehicle navigation system [1] for the same scene [2].

methods that remove the noise and restore the visual quality of the degraded

images and videos to avoid the aforementioned fatal flaws.

These low-level vision tasks are challenging to solve due to their inherent

ill-posed nature. Many existing methods have proposed prior-based schemes to

convert such ill-posed problems into well-posed. However, such methods lack

efficiency and generalization by neglecting the other auxiliary information present

in the real-world data, eventually resulting in blocky visual artifacts. Over the last

decade, data-driven approaches have been successfully implemented in many ill-

posed computer vision tasks [3,14,18] with superior efficiency and generalization

capability.

This thesis proposes novel learning-based methods for the restoration of im-

ages and videos. In particular, we present the data-driven approaches for (1)

single image de-raining, (2) single image de-hazing, and (3) video de-raining. In

what follows, we briefly describe the overview of these problems.

1.1 Image Restoration

Given a noisy image xn ∈ R
C×M×N , image restoration aims to estimate the de-

noised image yc ∈ R
C×M×N using a mapping function f as yc = f(xn).

For e.g., in the case of single image rain-streak removal (alias de-raining), one

may model the above relationship as

yc = xn − rs, (1.1)
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Rainy Rain-map De-rained

Figure 1.2: Graphical demonstration of single image rain-streak removal problem.

where, rs ∈ R
C×M×N is corresponding rain-streak map, and C,M,N denote the

channel and spatial dimension of the image. Given xn, the goal of the single

image de-raining problem is to estimate the de-rained image yc. Figure 1.2 shows

the qualitative demonstration of the above defined task.

Another example of image restoration problem is single image haze removal

(alias de-hazing), where the hazy image xn can be expressed as

xn = yc.tm + la.(1− tm), (1.2)

where, tm ∈ R
C×M×N , la ∈ R

C×M×N denote the transmission map and global

atmospheric light, respectively. The transmission map tm exponentially varies

with the depth of the pixel p, and can be written as

tm(p) = e−β.d(p), (1.3)

where, d denotes the depth map and β is a scattering coefficient. Given the hazy

image xn, the task of single image de-hazing aims to recover the clean image yc

based on the following inverse relation

yc =
xn − la.(1− tm)

tm
. (1.4)

Figure 1.3 depicts the graphical demonstration of the single image de-hazing

task.
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Hazy De-hazed

Figure 1.3: Graphical demonstration of single image haze removal problem.

1.2 Video Restoration

The task of video restoration has an additional complexity of preserving the

temporal consistency in the de-noised video. To formally address the task of

video de-raining, let Vr, Vc denote the rainy and its corresponding clean video,

respectively. The mathematical formulation of the rain-streaks in the video can

be expressed as

f i
r = f i

m + f i
c , (1.5)

where, f i
r ∈ R

C×M×N , f i
m ∈ R

C×M×N , and f i
c ∈ R

C×M×N denote the ith rainy,

rain-streak map and clean frames, respectively in Vr, Vc. Figure 1.4 depicts the

f i−1
r f i

r f i+1
r

f i−1
c f i

c f i+1
c

Figure 1.4: A qualitative demonstration of the task of video de-raining.

graphical demonstration of the video de-raining task, where the top row denotes

rainy frames, and bottom row shows the de-rained frames.
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Before Restoration After Restoration

Figure 1.5: Object detection results on real-world examples of single image de-hazing.
It can be observed that the de-hazed images have more detected object categories com-
pared to their hazy counterparts.

1.3 Applications

It has been widely established that the low-level vision tasks (e.g., de-noising)

may substantially improve the performance of high-level vision tasks, such as

classification, object detection and semantic segmentation [19–21], as shown in

Figure 1.5. With this motivation, the image and video restoration may have the

following promising application domains:

• Autonomous Vehicles: Unmanned navigation may require images and

videos to be rain or haze-free to achieve the desired efficiency during au-

tonomous pilotages, such as traffic sign detection [22], vehicle tracking [23],

and scene understanding [24].

• Satellite Imaging: Considered low-level vision tasks in this thesis, can

be used to improve the visibility of hazy and cloudy satellite optical images

for efficient spatial feature extraction, e.g., roads, land, and forests [25,26].

• Underwater Navigation: Quite a few works have established that the

visibility enhancement and de-hazing of the degraded underwater images
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may result in improved high-level vision tasks, such as object detection

[27,28] and diver’s 2D pose estimation [21].

• Outdoor Surveillance and Tracking: Improved visibility can also be

beneficial for outdoor surveillance and tracking [29].

1.4 Literature Survey

This section briefly introduces the recent developments on the considered low-

level vision tasks in this thesis.

1.4.1 Image De-Raining

1.4.1.1 Layer Separation Methods

These methods are built upon the image decomposition framework, where a rainy

image is split into a rain-free background image and rain-streak map. The split,

in general, considers a variety of image characteristics and priors, such as (a)

sparsity, (b) low-rank representation, and (c) Gaussian Mixture Model (GMM).

Sparsity-based methods

Gu et al. [30] decomposes the rainy image into two layers, one which portrays

large-scale structures is approximated by sparse analysis representation and the

other by synthesis sparse representation, which exhibits the finer textures in the

image for the rain streaks removal. In [31], the authors divided the rain streaks

into sparse and dense categories using a matrix decomposition framework. Later,

Zhang et al. [32] learns the sparsity and low-rank representation-based convolu-

tional kernels to determine the clear image and rain streaks.

Low-rank representation-based methods

Existing methods in this class assume that the rain-streaks follow a similar

pattern and orientation within an image. Therefore, it may be beneficial to model

the rain-streak map using a low-rank decomposition framework.

Based on this, earlier works in [33–38] proposed the methods that are built

upon the bilateral filtering, which has been used to split the frequency parts
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(low and high) of the rainy image. The high-frequency part is further split into

rainy textures and non-rain geometric details. It is achieved by using structured

dictionary learning, the Histogram of Oriented Gradients (HOG), eigen colors,

and Depth of Field (DoF). In [39], the authors proposed a method that extracts

the periodic noise which follows the line pattern, such as rain streaks, stripes,

fences etc., in an image. Yeh et al. [40] proposed a method of decomposition that

retrieves the high and low-frequency components of a rainy image by using the

Gaussian filter. To remove the rain streaks from the high-frequency part, the

Canny edge detection [41] algorithm has been used. The rain streaks present in

the low-frequency part are removed by using a non-negative matrix factorization

technique. Whereas Wang et al. [42] observed that the high-frequency component

of the rainy image consists of most of the rain streak part. Therefore, the rain-

free details from the high-frequency component are obtained using the dictionary-

based learning method.

However, it has been observed that low-rank decomposition may result in

removing the important texture of the image as well, in addition to the rain-

streaks. Further, it may be difficult for a low-rank representation-based model to

extract rain-streaks with multiple orientations and scales.

Gaussian mixture models-based methods

With the above motivation, [43, 44] considered the apriori image processing

domain knowledge, such as (a) centralized sparse representation, (b) predicted

rain direction, (c) rain streak layer, and (d) GMMs, to incorporate multiple orien-

tation and scales of the rain-streaks and estimate the rain-free background image

from the corresponding rainy image.

1.4.1.2 Deep Learning-based Methods

In recent literature, many deep learning-based methods have handled the image

de-raining task with outstanding efficiency. For e.g., Fu et al. [16, 45] devised a

model using a Deep Residual Network (ResNet) [6] that estimates the negative

residual map, given a rainy image. It can be added to rainy images to get their
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Light Medium Heavy

Figure 1.6: A qualitative demonstration of the synthetic images proposed in [3] to
show the different rain-streak densities in the images.

de-rained versions, based on the following relation,

xn = rs + yc,

yc = xn + (−rs),
(1.6)

where, −rs denotes the learned negative residual map.

Shen et al. [46] devised a deep CNN that takes Haar [47] wavelets coefficients

(DWT) along with the Dark Channel Prior (DCP) [48] as input to the proposed

model for image de-raining. In [49], the authors introduced a model based on the

conditional Generative Adversarial Network (GAN) [50] to estimate the high-

quality rain-free images. Yang et al. [51] proposed a joint rain-streak detection

and removal method which uses a binary map. If a value referencing a pixel in

an image in the binary map is ’1’, it means that the corresponding pixel has

been affected by the rain-streaks. They simulate heavy rain by modeling the

appearance of rain streak accumulation, various shapes, and directions. Zhang

et al. [9] proposed a model, namely IDCGAN, that utilizes a conditional GAN

framework [50] with baseline model built upon an encoder-decoder [7] framework

and perceptual loss function [8]. Later, in [3], the authors proposed a method,

namely DID-MDN, that first classify the rain-streak map into light, medium and

heavy rain-streaks and then used a Dense Convolutional Network (DenseNet) [52]

based model to estimate the rain-streak map. A graphical demonstration of

different rain densities has been shown in Figure 1.6.
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1.4.2 Image De-Hazing

Over the past few years, many researchers have delved into the domain of single

image de-hazing and proposed various prior and learning-based methods for the

same with outstanding results.

1.4.2.1 Handcrafted Features-based Arts

One of the early yet significant contributions towards single image de-hazing

was proposed by He et al. [48] that uses the DCP to estimate the statistical

distribution in clean images taken outdoors. It works based on the assumption

that at least one of the three color channels (red, green, and blue) has a low-

intensity value (known as dark pixels) that belongs to the haze-free image. The

DCP algorithm works very efficiently in non-sky regions that have dense haze

but fails to recover haze-free components in case of areas similar to atmospheric

light-map or with edgy structures. Yu et al. [53] assumed the scattering model

(similar to Eq. (1.2)) as

xh = la.yc.tm + la.(1− tm), (1.7)

and proposed a fast bilateral filter to smoothen the fine texture of the image for

single image de-fogging. The term la.yc.tm is also known as Direct Attenuation.

To remove the halo artifacts generated by the DCP [48], He et al. [54] proposed

the guided image filtering method which preserves the edges. However, it fails to

enhance the contrast in the haze-free images. Meng et al. [55] (EIDBR) modelled

the de-hazing problem as an optimization task based on a weighted ℓ1-norm

based contextual regularization. Zhu et al. [56] devised a Color Attenuation Prior

(CAP) to recover the depth of the hazy image. The transmission map is further

estimated using the recovered depth scene to restore the de-hazed image. Choi et

al. [57] utilized the measurable deviations (DEFADE) from statistical regularities

in the hazy and haze-free images. Berman et al. [58] introduced a deterministic

approach, called Non-Local Image Dehazing (NLD) based on the haze-lines, that

directly estimates the haze-free images.
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1.4.2.2 Deep Learning-based Methods

With the evolution of deep CNNs [59], many learning-based schemes [10, 60–65]

have been introduced for single image de-hazing task.

Ren et al. [60] proposed a multi-scale deep CNN (MSCNN) for single image

de-hazing. The proposed method in [60] directly maps the input hazy image to

the transmission map using a coarse deep CNN. The haze-free image is later

recovered using the inverse of Eq. (1.4). Li et al. [61] proposed a method, namely

AOD-Net, which does not predict the transmission and airlight maps separately.

Instead, it generates the haze-free image using a lightweight CNN, unifying trans-

mission map, and airlight estimation steps within a single unit known as the

K-Estimation block. Zhang et al. [10] proposed a method, called DCPDN, that

estimates the transmission and atmospheric light-maps by using a pyramid [66]

densely connected CNN and a U-Net [7] respectively. The haze-free image is then

recovered by using Eq. (1.4). The estimated haze-free image is further enhanced

using a joint discriminator. Santra et al. [62] proposed a CNN based Patch Qual-

ity Comparator (PQC) to estimate the de-hazed images. The method proposed

in [67] uses unpaired training based on the Cycle-GAN framework [68] for the im-

age de-hazing task. Yang et al. [63] leveraged the benefits of deep learning-based

and prior-based methods in a single framework for haze removal problem.

1.4.3 Video De-Raining

The challenge of preserving the temporal consistency after rain-removal in the

videos gives an edge over the single image rain removal methods.

1.4.3.1 Layer Separation Methods

Garg and Nayar [69] did the pioneering work on video de-raining using the dy-

namics and photometric properties of the rain. They have also experimented on

camera parameters to determine its impact on rain detection [70]. The study of

camera calibration parameters to assess its impact on rain detection was ground-
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breaking. Still, it was ineffective against moving objects, often mixing them with

rain-streaks, leading to false positives. Also, the proposed work could not gen-

eralize on the scale and direction of rain streaks. Zhang et al. [71] exploited the

chromatic and temporal information of the rain-streaks. They applied K-means

clustering on the intensity histogram, helping to differentiate between moving

objects and rain streaks. Nevertheless, this method often leads to background

smoothing. Barnum et al. [72] proposed a statistical model in the Fourier domain

to detect and suppress the rain frequencies. However, these adjustments in the

frequency domain often lead to poor results in the spatial domain, especially for

dense rain streaks. For dynamic videos with dense rain streaks, Chen et al. [73]

used the optical flow of moving objects and suggested a de-raining model. How-

ever, they could not supervise the moving camera scenes. A few of the existing

schemes utilized temporal correlations and matrix decomposition framework for

video de-raining, such as Kim et al. [4] (TCL) and Ren et al. [74]. However, such

methods fail when the displacement of the objects in the frame is large.

Wei et al. [12] proposed the rain encoding (SE) using patches of Gaussian,

allowing it to adapt to various rain configurations. Jiang et al. [75] considered the

intrinsic characteristics of rain-streaks and used the alternation direction method

of multipliers algorithm to solve it efficiently. Jiang et al. [11] proposed another

method, FastDerain, to solve the problem using the directional gradient prior and

applied the SALSA algorithm for solving the minimization criteria of the model.

1.4.3.2 Deep Learning-based Methods

Liu et al. [76] proposed a recurrent rain model (J4RNet) to remove rain-streaks

as well as reduce occlusion. They further proposed another method DualFlow

in [77] where they do single image de-raining, which then guides the video de-

raining model, assisted by optical flow, to account for dynamic scenes. Chen

et al. [14] devised a super-pixel segmentation-based deep CNN that estimates

the rain streak location and occluded background contents using a robust frame

alignment technique. In [13], authors utilized the multi-scale convolution filters
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Over-coloring White-dots Artifacts

Figure 1.7: A graphical demonstration of the over-coloring and white-dots artifacts
in the de-rained results of existing works.

(MSCSC) to capture the rain-streaks at different scales in a frame. Liu et al. [78]

proposed the D3R-Net that depicts both rain-streaks and occlusion by integrating

the hybrid model and useful motion segmentation context information.

1.5 Motivation and Objectives

Over the last few years, various methods have been proposed for the considered

image and video restoration tasks from the aforementioned related developments.

It should be mentioned that each method presented a novel approach towards

the respective restoration based on the distribution of the noise and various char-

acteristics of input images. However, the current literature has the following

limitations:

• With respect to single image de-raining, the current literature has the fol-

lowing limitations:

1. A majority of the existing works ( [3, 9] to name a few) suffer from

the problem of over-coloring and white-dot artifacts in the de-rained

images (see Figure 1.7).

2. Secondly, considering the pseudo-periodic nature of the rain-streaks,

the transformed domain, particularly uncorrelated, has not been thor-

oughly explored in the case of deep learning.
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Color-degradation Halo Checkerboards

Figure 1.8: A graphical demonstration of the color degradation, halo and checkerboard
artifacts in the de-hazed results of existing works.

• With respect to single image de-hazing, the existing literature has the fol-

lowing limitations:

1. Most of the existing methods, to name a few [48,55], suffer from color

degradation, halo and checkerboard artifacts that prevail around the

high-intensity regions, and edgy structures in the de-hazed images (see

Figure 1.8).

2. A majority of the existing learning-based schemes, to name a few [10,

18], separately estimates the transmission and atmospheric light maps,

which incurs the computational cost.

3. And most importantly, considering the exponentially varying haziness,

the scale-space property of the hazy images has not been exploited in

the case of deep model engineering.

• With respect to video de-raining, the current literature has the following

issues:

1. It is observed that existing works suffer from following shortcomings

in the de-rained videos (see Figure 6.1 for a sample demonstration)-

(a) out-of-shape transformation of the objects and motion blur (ob-

served in [4]),

(b) incomplete rain-removal (observed in [11]),
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Figure 1.9: Sample results that show the existing method TCL [4] suffer from out-
of-shape reconstruction and heavy motion blur. R, and O denote the rainy, and our
results. T denote TCL [4] result.

(c) the unwanted imprints of previous frames (observed in [13]),

(d) inability to retain the objects that align with the rain-streaks (ob-

served in [14]).

2. The existing approaches, due to the separate modules for spatial and

temporal enhancement, may require more computational resources.

Motivated by the shortcomings mentioned above of the existing literature and

inspired by the success of deep learning techniques in many low-level computer

vision applications, the primary objectives of this dissertation are defined as fol-

lows:

• Develop a deep learning-based method that enhances the de-rained image

without introducing any over-coloring and white-dot artifacts.

• Devise the deep learning-based end-to-end models that can leverage both

correlated and uncorrelated transformed domain coefficients of rain-streaks

in an image.

• Propose a deep learning-based end-to-end model that utilizes the scale-space

information of the hazy image for single image de-hazing.

• Devise a deep learning-based approach that incorporates the exponentially

increasing cost functions and multi-contextual 3D convolutions to remove

the spatial and temporal inconsistencies in the de-rained videos.
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1.6 Contribution of the Thesis

The major contributions of this dissertation are as follows.

1.6.1 Exploiting Efficient Spatial Upscaling for Single Im-
age De-Raining

In the first contributory chapter, spatial domain characteristics of the rain-streaks

in an image have been explored. Towards this, an adversarial learning-based

framework has been presented to ensure that de-rained images are indistinguish-

able from their corresponding clean images. Unlike the conventional upsampling

schemes that may induce blocky or popularly known as checkerboard artifacts,

the proposed method utilizes the efficient sub-pixel upscaling for the better spatial

reconstruction of the de-rained image without any visual artifacts. The proposed

approach has been tested against best-published existing methods on benchmark

datasets to demonstrate its efficacy.

1.6.2 Exploiting Transformed Domain Features for Single
Image De-Raining

In the second contributory chapter of the thesis, the transformed domain charac-

teristics of the rainy image have been investigated. To address this, we have first

presented an end-to-end learning-based scheme for single image de-raining where

the Discrete Fourier Transform (DFT) of the rainy image has been explored. It

has been observed that the rain-streaks, which are pseudo-periodic and additive

in nature, leave some traces in the Fourier domain. Despite the loss of spatial

correlation in the Fourier domain, we have shown that if carefully crafted, such

traces of noise can be learned using a deep CNN.

In the second work, we propose to combine the transform domain with the

spatial for the image de-raining task. For this, we have exploited the Discrete

Wavelet Transform (DWT) coefficients of the rainy images to expose the rain-

streaks in the frequency domain. It has been observed that the Haar-wavelet
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sub-bands of the rainy image preserve a variety of rain-streaks information. In

addition to the spatial domain features of the rainy image, these sub-bands have

been utilized by the proposed method for generating the artifacts-free clean im-

ages.

1.6.3 A Probe Towards Scale-Space Invariant Conditional
GAN for Single Image De-Hazing

In the third contributory chapter of this work, the problem of single image

haze removal has been addressed. Unlike the rain-streaks, the haze depicts an

exponentially-varying noise along the depth in an image. It has been observed

that the LoG retains a variety of edgy information in a hazy image. The proposed

work has utilized these edgy structures retained by the LoG as a cost function

and presented a novel deep CNN for single image de-hazing. Besides this, the

proposed scheme also relies on adversarial training and perceptual loss function.

The proposed approach has been tested against 14 best-published works using 15

image quality metrics to show its robustness.

1.6.4 Frame-Recurrent Multi-Contextual Adversarial Net-
work for Video De-Raining

In the final contributory chapter, the problem of video de-raining has been ad-

dressed. Unlike images, there is an additional complexity of temporal smoothness

in video de-noising that requires much attention while crafting a deep CNN. Most

of the existing works separately consider the restoration of the spatial and tem-

poral quality of the noisy video. Whereas, we propose a novel unified adversarial

learning-based model that exploits the multi-contextual approach for generating

the de-rained videos. It has been shown that the proposed scheme is quantization-

friendly and can be deployed onto real-time devices.
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1.7 Organization of the Thesis:

This PhD dissertation consists of seven chapters. The first chapter includes an

introduction to considered image and video restoration tasks, followed by a liter-

ature survey, research motivations and objectives of the thesis, and contributions

of the thesis. The rest of the thesis is organized as follows:

• Chpater 2 presents the elemental background of the research, including

preparatory concepts of convolutional neural networks, image quality eval-

uation metrics, and datasets, utilized for the extensive experimentation.

• In Chapter 3, a deep learning-based method has been presented that uti-

lizes the efficient sub-pixel upscaling instead of traditional deconvolution

for spatial enhancement of the de-rained images.

• Chapter 4 describes the incorporation of both correlated (DWT) and un-

correlated (DFT) transformed domain coefficients of rain-streaks in deep

CNN for single image de-raining.

• Chapter 5 presents a scale-space invariant conditional GAN that incorpo-

rates the LoG for single image de-hazing.

• In Chapter 6, a frame-recurrent unified deep CNN has been presented for

an efficient video de-raining. The proposed approach unifies the spatial

and temporal enhancement of the de-rained videos and incorporates multi-

contextual 3D convolution for the same.

• In Chapter 7, this Ph.D. dissertation has been concluded along with the

possible future works.

1.8 Summary

In this chapter, a brief overview of considered image and video restoration tasks is

presented to formulate the scope of research works. Then, the respective existing
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developments are briefly described. Based on the shortcomings of the existing

literature, the objectives of the research are defined. Finally, a brief description

of the contributions and the organization of the thesis have been presented. In

chapter 2, the elemental background for this dissertation is presented for better

understanding.
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Chapter 2

Research Background

In this chapter, a brief overview of some preliminary concepts related to the top-

ics of interest are presented. In particular, firstly, it includes a brief introduction

to some of the image transformations like Discrete Fourier Transform (DFT),

Discrete Wavelet Transform (DWT), and a filter named Laplacians of Gaus-

sian (LoG). In what follows the fundamental concepts of deep Convolutional

Neural Network (CNN), such as VGGNet [5], ResNet [6], U-Net [7]. The con-

cepts of these CNNs are used to construct the proposed deep learning-based

methods for image and video restoration. In addition, various image quality met-

rics for evaluating the proposed methods and corresponding datasets used for

experiments are also discussed in this chapter.

2.1 Discrete Fourier Transformation

This section briefly addresses the theory of image transformation into the discrete

Fourier domain (DFT). To formally describe, let i be an image, k be a kernel

and fmap be the cross-correlation map [79, p. 329] generated by using convolution

operation as

fmap = i ∗ k, (2.1)
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Image Magnitude Phase

Figure 2.1: Sample demonstration of the magnitude and phase spectrums in discrete
Fourier domain of in image.

where ∗ is a convolution operator. Now, Eq. (2.1), based on the convolution

theorem [80], can be expressed in the DFT domain (F) as [81]

F[fmap] = F[i ∗ k] = F[i]⊙ F[k], (2.2)

where ⊙ is Hadamard point-wise multiplication operator [82]. The DFT [83] of

an image i can be calculated as

F[u, v] =
M−1
∑

m=0

N−1
∑

n=0

i[m,n] exp
{

− j2π.
Nmu+Mnv

MN

}

(2.3)

where j = 2
√
−1, [u, v ] are horizontal and vertical frequency locations in trans-

formed domain, exp(jx) = cosx + j sinx based on Euler’s identity [84], for each

pixel location (x, y) in spatial domain. The result of F on an image has com-

plex numbers of the form au,v + j.bu,v where au,v, bu,v are real and imaginary

coefficients respectively. For processing, we can either use the pair of real and

imaginary parts or the pair of magnitude and phase parts, of F. The magnitude

(M) and phase (P) spectrums can be calculated as

Mu,v = 2
√

a2u,v + b2u,v
Pu,v = tan−1

[ bu,v
au,v

] (2.4)

The Inverse Discrete Fourier Transform (IDFT) of F in Eq. 2.3 to recover the

original image, can be calculated as

I[m,n] =
1

H

M−1
∑

u=0

N−1
∑

v=0

F[u, v] exp
{

j2π.
Num+Mvn

MN

}

(2.5)
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(a) Two levels of 2D-DWT (b) Three levels of 2D-DWT (c) Four levels of 2D-DWT

Figure 2.2: Sample demonstration of a multi-resolution scheme after several levels of
wavelet transform.

where H = M × N . The original image can also be reconstructed from the

magnitude M and phase P spectrums by first calculating the value of F to be

used in Eq. 2.5 as

F = M× exp(j ×P) (2.6)

An example of magnitude M and phase P spectrums for a given input image has

been shown in Figure 2.1.

2.2 Discrete Haar-Wavelet Transformation

The first DWT was invented by the renowned Hungarian mathematician Alfred

Haar. The DWT of an image generates the refined features at a different reso-

lution. When an input image is processed using low-pass and high-pass filters,

it generates four sub-bands, namely LL, LH, HL, and HH. Further at different

resolutions, it is achieved by repeated processing of input image at different scales

using low-pass and high-pass filters, as shown in Figure 2.2.

• LL: The upper left quadrant comprises all coefficients generated by using the

low-pass filter along the height and then along the corresponding columns

by using the low pass filter again. This sub-band is denoted by LL and

represents the approximated version of the original 2D input at half the

resolution.
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• HL/LH: The lower left and upper right sub-bands are estimated along the

height and width using low-pass and high-pass filters, alternatively. The LH

sub-band retains the vertical edges. Whereas, in contrast, the HL sub-band

depicts the horizontal edges very clearly.

• HH: The lower right sub-band can be estimated analogously to the upper

left quadrant but by using the high pass filter, which belongs to the given

wavelet. It retains the edges of the original image in the diagonal direction.

2.3 Laplacians of Gaussian

(a) (b) (c) (d) (e)

Figure 2.3: Sample demonstration of the LoG maps of an input image. (a) Im-
age, (b) G(m,n, kσ)− G(m,n, σ), (c) G(m,n, k2σ)− G(m,n, kσ), (d) G(m,n, k3σ)−
G(m,n, k2σ), (e) G(m,n, k4σ)− G(m,n, k3σ).

Laplacians are isotropic measure of second-order spatial derivative filters used

to find the regions of rapid intensity variations (edgy structures) in an image.

These filters are sensitive to the noise present in the image, and hence, it is

common first to smooth the given image using the Gaussian filter with standard

deviation σ - the combined filter, in general, known as Laplacians of Gaussian

(LoG). In general, it is written as

L(m,n) = ∇2F(m,n) =
∂2F

∂m2
+
∂2F

∂n2

= − 1

πσ4

[

1− m2 + n2

2σ2

]

exp
(

− m2 + n2

2σ2

)

(2.7)

where, F is a 2D signal (an image in this case) with pixel location (m,n). The-

oretically, the Difference of Gaussian (DoG) can be used to closely approximate
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the LoG [85,86] with various σ values as

G(m,n, kσ)− G(m,n, σ) ≈ (k − 1)σ2∆2
G (2.8)

where, σ2∆2G denotes scale-normalized LoG and k, σ are typically set to
√
2, 1.6

respectively [85]. The 2D Gaussian kernel is defined as

G(m,n, σ) =
1√
2πσ2

exp
(

− m2 + n2

2σ2

)

(2.9)

Figure 2.3 depicts the sample LoG output at different scales for an input image.

2.4 Convolutional Neural Networks

Recent efforts have been afoot towards deep CNNs that have shown tremendous

improvement for various tasks that span across different domains such as Com-

puter Vision [87–89], Speech Processing [90, 91], Medical Imaging [92–94] and

Natural Language Processing (NLP) [95–98], etc. The ability to automatically

learn task-specific features allowed CNNs to achieve the best performance on a

variety of benchmarks effectively. The real-time feasibility of CNNs has been

possible by recent developments in computer hardware and the availability of

large-scale data. In general, a deep CNN comprises of the following modules: (a)

Convolutional layers, (b) Activation functions, (c) Pooling layers, and (d) Fully

connected layers. The detailed information of each of these components are as

follows:

1. Convolution layer: The traditional convolutional layer consists of a group

of neurons that are learnable given the optimization function. In literature,

they are widely known as filters or kernels. Compared to the input size,

each kernel is spatially small and extends its reach either channel-wise or the

full depth of the input volume. It moves across the spatial dimension of the

input image and generates a dot product between the filter and the input at

any position. The generated two-dimensional activation map represents the
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correlation between the kernel and the input image. If a convolution layer

has N set of kernels, then N number of activation maps can be generated.

These activation maps may or may not have redundancy among each other.

These activation maps are further given as input to an activation function.

2. Activation function: The goal of the activation functions is to induce

non-linearity during the computation of the feature maps. Further, they

clamp the input feature space within some desired range in order to reduce

the output range and improve learning. Some of the widely used activation

functions are as follows:

• Rectified Linear Unit (ReLU): f(x) = max(0, x)

• Hyperbolic Tangent (TanH): f(x) = ex−e−x

ex+e−x

• Sigmoid: f(x) = 1
1+e−x

• Leaky ReLU: f(x) =

{

x, if x ≥ 0

α.x, otherwise

where α is a constant. Usually, α = 0.001.

• Parametric Rectified Linear Unit (PReLU): f(x) =

{

x, if x ≥ 0

α.x, otherwise

where α is a hyperparameter learned together with the model param-

eters.

3. Pooling Layer: The pooling layer reduces the spatial dimension of the

feature representation to avoid overfitting during training. Across each

channel of the input feature map, the pooling layer works exclusively and

resizes it spatially, using a variety of pooling operations such as max pooling,

average pooling, etc. Pooling layers are generally applied to the feature

representation produced by the activation functions of the previous layer.

For example, a pooling layer with M × M size filters with the stride of

2 downsample each slice of the channel in the input feature by two along

spatial dimensions. If max-pooling has been used, then theM ×M window
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Figure 2.4: An overview of the architecture of a generic deep CNN

of the feature map will be represented by a single value which is maximum

in that window. Whereas the average pooling considers the arithmetic mean

of the window.

4. Fully Connected Layers: Similar to traditional neural networks, the

neurons in a fully connected layer have full connections to all activations of

the previous layer. Therefore, the activations of fully connected layers can

be computed using a matrix multiplication followed by a bias offset.

An overview of the architecture of a traditional deep CNN has been shown

in Figure 2.4. The first few convolutional layers of a deep CNN learn to extract

the high-level features such as edges, lines, etc. Whereas the final convolutional

layers extract the fine-grained features. These features are further refined using

the fully connected layers to accomplish the desired task. In this dissertation,

some of the existing popular deep CNNs - a) VGG-16, b) ResNet, and c) U-Net

are utilized to design the efficient image and video restoration methods.

2.4.1 VGG-16

VGG-16 [5] is one of the earliest and most popular deep CNN developed by

Simonyan and Zisserman for the task of Imagenet Large Scale Visual Recogni-

tion Challenge (ILSVRC) 2014 [99]. Being the runner-up of the ILSVRC 2014

challenge, the architecture of VGG-16 is shown in Figure 2.5.
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Figure 2.5: An overview of the architecture of the VGG-16 [5] model.

Re
LU +

Ba
tc

hN
or

m

In
pu

t

O
ut

pu
t

Co
nv

 la
ye

r

Re
LU

Ba
tc

hN
or

m

Re
LU

Co
nv

 la
ye

r

Figure 2.6: An overview of the architecture of the Deep Residual Network block [6].

It takes an RGB image of shape 224 × 224 × 3 as input. Each convolution

layer has a filter of size 3× 3. All the layers in the network except the last fully-

connected use ReLU as the activation function. The stride is fixed to 1 pixel,

and padding is kept as 1 to retain the same spatial dimension of the input. Max

pooling has been used after a set of convolutional layers with a 2 × 2 window

and stride of 2. VGG-16 has outperformed the performance of AlexNet [19] on

large-scale image recognition task [99] by achieving 7.3% Top-5 error.

2.4.2 ResNet

The depth of deep CNNs has been growing and given considerable importance

in terms of the number of layers. For example, VGG-16 [5] was deeper com-

pared to the AlexNet [19]. However, only increasing the depth of the model

may not improve the performance always; instead, it may get degraded [6]. This

degradation has been studied in detail by He et al. through Deep Residual Net-

work (ResNet) [6]. The main novelty of ResNet is the incorporation of “skip

connection,” as shown in Figure 2.6. The proposed connections skip a set of lay-

ers, which does not increase the number of trainable parameters. It simply add-up
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the output activations from the previous layer to the layer ahead. The authors

demonstrated that it is comparatively easier to optimize the residual mapping

than the original mapping. It further solved the vanishing gradient problem.

ResNet was the winner of ILSVRC 2015 by showing the best performance com-

pared to the state-of-the-art models for large-scale image classification tasks in

terms of 3.57% Top-5 error.

2.4.3 U-Net

Latent Space Feature
RepresentationC C/2 C/4 C/8

C/16

C/8 C/4 C/2 C

Input

Figure 2.7: An overview of the architecture of the U-Net [7] model.

U-Net [7] was originally invented for segmentation of neuronal structures in

electron microscopic stacks and won the International Symposium on Biomedical

Imaging (ISBI) challenge in 2015. The authors demonstrated that the proposed

model is end-to-end trainable and capable of outperforming then state-of-the-art

methods. Later, a majority of the works adopted U-Net-like architectures for

a variety of tasks [100–106]. The schematic network architecture is shown in

Figure 2.7. It mainly comprises of a contracting path (left side) widely known as

encoder and an expansive path (right side) also known as decoder. The encoder

sub-module consists of series of convolutional layers where after each pair of layers,

a max-pool operation has been used. Whereas, in the decoder sub-network, max-

unpooling has been used for upsampling. The main idea behind downsampling

the spatial dimension of the feature maps is to generate a latent space of feature

representations that retains the most important aspects of the input image. The

latent space representation further has been used in many other tasks for an

effective computation.
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2.4.4 Generative Adversarial Networks

Generative Adversarial Network (GAN) [50] is a deep learning-based framework

proposed by Goodfellow et al. for designing generative models using adversarial

training. In adversarial training, two sub-models, a generative (G) and a discrim-

inative (D) are trained simultaneously. G learns to capture data distribution, and

D predicts the probability that the given sample came from original training data

or generated by G. To understand the formulation mathematically, let pg denote

the generator’s distribution over data x, pz(z) denotes the input noise variables.

G(z; θg) describes a mapping to data space, where G is a differentiable function

with parameters θg. Let D(x; θd) be another differentiable function with param-

eters θd, which produces a single value. D(x) denotes the probability that x has

been drawn from original data rather than pg. D is trained to maximize the prob-

ability of correctly classify both original training samples and generated samples

by G. At the same time, G is trained to fool the discriminator D to minimize

log(1−D(G(z))). G and D play a two-player mini-max game using Eq. (2.10).

min
G

max
D

L(D,G) = Ex∼pdata(x)

[

logD(x)
]

+ Ez∼pz(z)[log(1−D(G(z)))] (2.10)

This formulation enables the generative model to learn original data distribution

so that the discriminator fails to classify between the original and generated data.

2.4.5 Perceptual Loss
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Figure 2.8: An overview of the schematic diagram depicting the computation of the
perceptual [8] loss.
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In general, the noise present in an image exhibits high-frequency nature. Dur-

ing image de-noising by using a traditional CNN, the use of ℓ2 distance as a cost

function may incur the loss of high-frequency details of the image along with the

noise removal [107]. As a result, the de-noised images appear to be blurry and de-

graded. The perceptual loss function proposed by Johnson et al. [8] has been used

in the majority of the image de-noising, and restoration problems [3,108–113] in

recent times to overcome this drawback by retaining the high-frequency details of

an image. The perceptual cost function is defined as a difference between high-

level features of predicted and target images extracted by using a pre-trained

CNN. In general, the initial l layers of a pre-trained VGG-16 [5] model (V ) have

been used to extract the features. The perceptual loss function (LP ) between

clean ground truth x and de-noised image y can be expressed as

LP =
∑

l

∑

ci,wi,hi

∥

∥

∥
Vl(x)

ci,wi,hi − Vl(y)
ci,wi,hi

∥

∥

∥

2

2
(2.11)

A qualitative demonstration has been given in Figure 2.8.

2.5 Image Quality Metrics

Processing a degraded image using restoration methods may result in improving

the visual quality of the input image. One may evaluate the visual quality quanti-

tatively in two ways- Subjective and Objective. Subjective schemes are based on

human judgement and processes without specific reference parameters. Whereas

the objective approaches are based on computations using explicit numerical cri-

teria. The objective metrics can further be categorized into (a) Full-reference

metrics that requires ground truth, and (b) Reference-less metrics that do not

require ground truth. A few examples of objective approaches used in this work

to evaluate the quality of restored images and videos are as follows:

29TH-2563_176101005



2.5.1 Full-reference Metrics

These metrics are calculated between the original ground truth clean images and

the corresponding generated de-noised images.

• PSNR: Given a clean image x and restored version of that image y with

size m × n. The Peak Signal to Noise Ratio (PSNR) between x and y is

calculated as:

PSNR(x, y) = 10log10

(

peak2

MSE(x, y)

)

(2.12)

where peak denotes the maximum possible intensity (for b-bit image, peak =

2b − 1) and MSE(x, y) = 1
mn

∑m
i=1

∑n
j=1(xij − yij)

2

• SSIM: The Structural Similarity Index (SSIM) [15] is another metric

for image quality assessment, which considers the structural information.

The SSIM models the image distortion as combination of three modules -

distortion in luminance (l), contrast distortion (c), and loss of correlation

(s). The SSIM between image x and y is defined as:

SSIM(x, y) = l(x, y).c(x, y).s(x, y), (2.13)

where

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1

c(x, y) =
2σxσy + C2

σ2
x + σ2

y + C2

s(x, y) =
σxy + C3

σxσy + C3

l(x, y) measures the similarity of mean luminance of two images. l(x, y)

is maximum (= 1) when µx = µy. c(x, y) compares the contrast of two

images. It is maximum (= 1) when σx = σy. s(x, y) compares the structure

using correlation coefficient between two images x and y. The SSIM∈ [0, 1],

where 0 implies no correlation between images, and 1 implies x = y. C1,

C2, and C3 are positive constants used to avoid zero denominator.
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Figure 2.9: MS-SSIM evaluation system. L: low pass filtering and 2 ↓: downsample
by factor of 2.

• MS-SSIM: The Multi-scale Structural Similarity Index (MS-SSIM) [114]

takes the clean image and the restored image as input, and iteratively ap-

plies low-pass filtering and downsamples the image by a factor of 2. The

original image is indexed at scale 1, and the maximum scale M. At ith scale,

the contrast comparison and structure comparison are denoted as ci(x, y)

and si(x, y), respectively. The luminance is compared only at scale M and is

denoted by lM(x, y). The MS-SSIM is computed by combining these terms

as:

SSIM(x, y) = [lM(x, y)]αM .
M
∏

i=1

[ci(x, y)]
βi [si(x, y)]

γj (2.14)

The relative importance of different components is tuned by αM , βi, and γj.

A graphical demonstration of its evaluation system is presented in Figure

2.9.

• UQI: The Universal-Image-Quality Index (UQI) [115] can be written as

Q =
4σxyx̄ȳ

(σ2
x + σ2

y)[(x̄)
2 + (ȳ)2]

(2.15)

where x = xj|j = 1, 2, ..., N y = yj|j = 1, 2, ..., N are original and test im-

ages, respectively. x̄ = 1
N

∑N
j=1 xj, ȳ = 1

N

∑N
j=1 yj, σ

2
x = 1

N−1

∑N
j=1(xj− x̄)2,

σ2
y = 1

N−1

∑N
j=1(yj − ȳ)2, and σxy = 1

N−1

∑N
j=1(xj − x̄)(yj − ȳ). The range of

Q belongs to [1, 1] . The best value of Q = 1 is achieved when yj = xj, ∀i.

The UQI can also be considered as the product of three different factors:

decay in correlation, distortion in luminance, and distortion in contrast as
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follows:

Q =
σxy
σxσy

.
2x̄ȳ

(x̄)2 + (ȳ)2
.
2σxσy
σ2
x + σ2

y

(2.16)

• VIF: The Visual Information Fidelity (VIF) [116] measures the informa-

tion fidelity for the input image in a statistical model of the Human Visual

System (HVS) [116]. For this, the VIF utilizes two variables. The first

computes the statistics between the initial and the final stage of the vi-

sual channel without distortion. Whereas the second considers the mutual

information between the input of the distortion block and the output of

the visual block. The VIF is estimated for a collection of N ×M wavelet

coefficients from each sub-band as follows.

V IF =

∑

i∈subbands

I(CN,i;FN,i|sN,i)

∑

i∈subbands

I(CN,i;EN,i|sN,i)
(2.17)

where I(CN,i;FN,i|sN,i) and I(CN,i;EN,i|sN,i) are the information that can

ideally be computed by the brain from a specific wavelet sub-band in the

reference and the test images, respectively.

• LPIPS: The Learned Perceptual Image Patch Similarity (LPIPS) [117]

demonstrated that the deep neural network activations can be used as a

perceptual similarity metric. For this, the authors utilized SqueezeNet [118],

AlexNet [19] and VGG [5]. It can be used to measure the difference between

two image patches, with the output value higher means more difference and

lower means more similar.

• FSIM: The The Feature Similarity Index (FSIM) [119] measures the qual-

ity score based on the fact that the HVS understands an image mainly by

processing its low-level features. With this motivation, FSIM considers the

phase congruency (PC) as a significance of a local structure, and gradient

magnitude (GM) to incorporate the contrast change. The input RGB image

is initially converted into YCbCr color space to separate out the luminance
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channel of the image. To formally address, let two images are x and y and

their phase congruency can be denoted by PC1 and PC2, respectively. The

PC and GM (G1, G2) maps extracted from two images x and y. FSIM can

be defined and calculated based on PC1, PC2, G1 and G2. Firstly, the

similarity between PC maps can be computed as

SPC =
2.PC1.PC2 + T1
PC2

1 + PC2
2 + T1

, (2.18)

where T1 is a positive constant. Similarly, the same between the GM maps

can be computed as

SG =
2.G1.G2 + T2
G2

1 +G2
2 + T2

, (2.19)

where T2 is a positive constant.

Now, SPC and SG are combined together to compute the FSIM as

SL = [SPC ]
α.[SG]

β, (2.20)

where, α and β are used to adjust the relative importance of PC and GM

features. Originally, in the paper, α = β = 1.

• CIEDE 2000: The CIEDE 2000 [120] measure the difference between the

color channels of the original clean and restored images. It considers the five

corrections, namely: (a) a hue rotation term, to deal with the problematic

blue region,(b) compensation for neutral colors (the primed values in the

L*C*h differences), (c) compensation for lightness, (d) compensation for

chroma, and (e) compensation for hue.

• Haar PSI: Haar Wavelet-based Perceptual Similarity Index (Haar PSI)

[121] estimates the perceptual similarity between two images using features

obtained by first performing Haar-wavelet decomposition. It later applies an

additional non-linear mapping to the local similarities obtained from high-

frequency Haar wavelet filter responses using logistic function owing to the

explanation that it greatly models the thresholding in biological neurons.
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The Haar PSI value of two similar images will be exactly one and the same

of two completely different images will be close to zero.

• GMSD: Let d, r be the distorted and reference images, respectively.

Gradient Magnitude Similarity Deviation (GMSD) [122] first calculates the

horizontal and vertical directional gradients by convolving Prewitt filter

along the two directions, denoted as Gx, Gy. Then the image gradient

maps for r and d at pixel i can be calculated as

Gr(i) =
√

Gx,r(i)2 +Gy,r(i)2

Gd(i) =
√

Gx,d(i)2 +Gy,d(i)2
(2.21)

It then computes the gradient magnitude similarity (GMS) as

GMS(i) =
2.Gr(i).Gd(i) + c

Gr(i)2 +Gd(i)2 + c
, (2.22)

where c is a numerical stability constant. The GMSD map then can be

computed as

GMSD =

√

√

√

√

1

N

N
∑

i=1

(GMS(i)−GMSµ)2, (2.23)

where GMSµ is the mean of GMS map.

• SpEED-QA: Spatial Efficient Entropic Differencing for Image and Video

Quality (SpEED-QA) relies on local spatial operations on given noisy and

noise-free image frames and frame differences to estimate the perceptually

relevant image/video quality features in an efficient manner.

2.5.2 Reference-less Metrics

This class of objective metrics do not require original ground truth clean images.

• TV Error: The Total Variation (TV) error denotes the total amount of

noise present in an image. Given a restored image y, the TV error can be
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written as

V (y) =
∑

i,j

√

|yi+1,j − yi,j|2 + |yi,j+1 − yi,j|2. (2.24)

The above defined version is popularly known as isotropic version of TV

error. However, the one which is easier to minimize and widely used in

practice is called as anisotropic version and can be described as

Vaniso(y) =
∑

i,j

√

|yi+1,j − yi,j|2 +
√

|yi,j+1 − yi,j|2. (2.25)

• NIQE: The Naturalness Image Quality Evaluator (NIQE) [123] compares

the restored image to a default model computed from statistics of the images

of natural scenes. A smaller score indicates better perceptual quality. The

quality of the de-noised image is expressed as the distance between the

quality aware natural scene statistics feature model and the multi-variate

Gaussian fit to the features extracted from the restored image and can be

written as:

D(v1, v2,Σ1,Σ2) =

√

(v1 − v2)T
(Σ1 + Σ2)−1

2
(v1 − v2), (2.26)

where v1, v2,Σ1,Σ2 are the mean vectors and covariance matrices of the

natural multivariate Gaussian model and the restored image’s multivariate

Gaussian model.

• PIQE: The Perception based Image Quality Evaluator (PIQE) [124] es-

timates the perception-based quality of the image using block-wise distor-

tion analysis. It first computes the Mean Subtracted Contrast Normal-

ized (MSCN) coefficient for each pixel in the image using method proposed

in [125]. For each block, it then evaluates the distortion due to blocking

artifacts and noise using the estimated MSCN coefficients. According to

the analysis presented in [124], image quality based on the PIQE scores can

be divided into five categories as mentioned in Table 2.1.
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Quality scale Score range

Excellent 0-20
Good 21-35
Fair 36-50
Poor 51-80
Bad 81-100

Table 2.1: Image quality based on the PIQE scores.

• BRISQUE: Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE)

[126] estimates the score by utilizing a support vector regression (SVR)

model trained on an image database with corresponding differential mean

opinion score (DMOS) values. The presented database comprises images

with known distortion such as compression artifacts, blurring, and noise,

and it has the pristine versions of the distorted images.

• BLIINDS: BLind Image Integrity Notator using DCT-Statistics (BLIINDS)

[127] uses the natural scene statistics models of discrete cosine transform

(DCT) coefficients to perform distortion-agnostic non-reference image qual-

ity assessment of the noisy/noise-free images.

2.6 Datasets

In this dissertation, following benchmarks have been used to conduct the extensive

experiments against the best-published works:

• Image De-raining: For single image rain-streak removal, one of the pop-

ular synthetic and real-world benchmark datasets proposed by Zhang et

al. [3] has been used. The dataset is publicly available at 1. The training

images are augmented into the disjoint patches of size 128×128, generating

192K images. The test set consists of 1201 images of size 512× 512.

• Image De-hazing: For training of single image haze removal method, a

1https://github.com/hezhangsprinter/DID-MDN
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synthetic benchmark provided by Zhang et al. [10] has been used, which

consists of 4000 indoor images. In addition, 45 pairs outdoor images pro-

vided by Ancuti et al. [128] have also been used. The proposed model has

been tested on synthetic dataset (SOTS) provided by Li et al. [129] which

consists of 500 outdoor and indoor images in addition to the benchmark

test-set1 provided by Fattal et al. [17] and real-world hazy images.

• Video de-raining: For training of the proposed model for video de-raining

task, a set of synthetic videos utilized in J4RNet [76] have been used. The

incorporated training set consists of 349 rainy, clean video pairs, where each

video comprises of 9 frames. A conjugated test sets from DualFlow [77],

SPAC [14], and [4] have been utilized. Thus, a comprehensive comparison on

over 11 test sets, namely Test Set 1, Test Set Heavy, Test Set Light,

a1, a2, a3, a4, b1, b2, b3, and b4, has been conducted. The details of the

each test set is given as follows In SPAC [14] test sets, group a consists

Test Set 1 Heavy Light a1 a2 a3 a4 b1 b2 b3 b4
No. of Videos 25 25 9 1 1 1 1 1 1 1 1

Avg. frames per video 31 31 96 168 116 125 298 256 250 219 250

of scenes shot from a panning and unstable camera, whereas the group b

from a fast-moving camera (with speed range between 20 to 30km/h). The

qualitative comparison on the real-world test set provided by the SPAC [14]

has also been given.

2.7 Summary

In this chapter, background concepts on the convolutional neural network (CNN)

have been presented. These concepts are used to design learning-based image

and video restoration frameworks, which are presented in the later chapters of

1http://www.cs.huji.ac.il/~raananf/projects/dehaze_cl/results/
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this thesis. In addition, evaluation metrics used to evaluate the methods and the

datasets are presented in this chapter.

With this background, this thesis’s first contribution will be discussed in the

next chapter, where the task of single image de-raining will be addressed in the

spatial domain.
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Chapter 3
Exploiting Efficient Spatial Upscaling for

Single Image De-Raining

It has been observed in Section 1.3 that low-level vision tasks, e.g. image, and

video de-noising, can be beneficial for high-level tasks, especially in bad weather

conditions. There can be several possible reasons for bad weather conditions,

including heavy rainfall, haze or fog, and snowfall, etc. The efficiency of the

outdoor vision tasks, such as autonomous vehicle navigation system, depend on

the visual quality of the image and videos, which can be severely degraded by

the rainfall or haze in bad weather conditions. Therefore, it becomes necessary

to propose efficient and real-time friendly learning-based methods for improving

the visual quality of degraded images and videos in bad weather scenarios. In

this dissertation, firstly, the task of rain-streak removal in the images has been

studied.

Rain-streaks exhibit pseudo-periodic additive nature in an image (Eq. (1.1)).

It has been observed from the limitations of existing works mentioned in Chapter

1 that a majority of existing methods suffer from the problem of over-coloring

and white-dots artifacts in the de-rained images (see Figure 1.7). In other words,

most best-published works fail to reconstruct the original perceptual quality of

the clean image. It may be due to the improper usage of the deconvolution layers

during the reconstruction of the de-rained images in network engineering. The
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deconvolution layer with stride > 1 may induce blocky visual artifacts. Further-

more, the processing of rainy images using deep CNNs in highly correlated color

space, such as RGB, may not be much beneficial. It may be one of the rea-

sons why the de-rained images of existing works that operate in RGB color-space

suffer from the over-coloring problem. Also, the high-level features from deep

CNN inherently capture the white round particles, so the perceptual loss [8] may

enhance the white-dot artifacts in the de-rained images.

These limitations motivate us to enhance the perceptual quality of the rain-

free image and, therefore the contributions made in this chapter can be sum-

marised as follows:

• U-Net [7] based architecture has been very successful in the case of image de-

noising, and reconstruction tasks [9], due to its ability to preserve important

features for the reconstruction of images and discard the irrelevant and noisy

components. Therefore, an image de-raining model, namely HRID-GAN,

has been proposed based on the U-Net framework.

• It has also been proposed to use the efficient sub-pixel convolution [130]

instead of conventional deconvolution layers to avoid the blocky visual ar-

tifacts in the generated de-rained images.

• To further improve the quality of the de-rained image generated by the

encoder-decoder network, a deep residual network [6] has been used.

• The cGAN based adversarial training has been incorporated in order to

achieve better de-rained images.

• An ablation study has been given at the end of this chapter to demonstrate

the effects of certain modules in the network with detailed comparisons.

3.1 Sub-pixel Convolution

During the downsampling of a noisy image, the most prominent features remain

in the compressed form, whereas the high-frequency details such as noise are
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Figure 3.1: Schematic diagram of sub-pixel upscaling.

discarded. To reconstruct the de-noised image, the most common method used

is transposed convolution, which is also popularly known as deconvolution [9].

Even though bicubic interpolation is a special case of deconvolution [130], it has

been observed that transpose convolution (stride > 1) often induces blocky visual

artifacts in the generated images [131].

The other way to upscale an image is to perform convolution operation with

a fractional stride of 1
r
and then perform the pixel-shuffle operation PS based on

the following equation [130].

PS(T)x,y,c = T⌊x/r⌋,⌊y/r⌋,c.r.mod(y,r)+c.mod(x,r) (3.1)

It can be explained in detail using a schematic diagram presented in Figure 3.1,

where the input Low Resolution (LR) features are upscaled to a High Resolution

(HR) feature map without utilizing stride > 1. The LR features of shape H ×
W × C are upscaled to HR features of shape H.r ×W.r × C, where r denotes

the upscaling factor. For this, first, r2 number of different convolution filters are

used to generate the r2 feature maps. Later, these generated r2 feature maps are

periodically shuffled using PS operation to get the desired HR features. In this

way, the drawback associated with deconvolution can be avoided when stride > 1.

In this work, instead of deconvolution, we have utilized the sub-pixel upscaling

to generate artifacts-free de-rained images.
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3.2 Proposed Approach

(m× n)× c
(m/2× n/2)× 2c (m/2× n/2)× 2c

[p, q] [p, q]

E − Unit

[ReLU − Conv − BN ]

(m/2× n/2)× 2c

Figure 3.2: An overview of single encoder unit (E-Unit) which cinsists of two convo-
lution layers. An E-Unit outputs a tensor of spatial dimension downsampled (/2) with
upsampled (×2) channel dimensions compared to the input given.

3.2.1 Baseline Generator Model

The proposed baseline generator model consists of an encoder-decoder network

where the decoder network comprises of conventional transpose convolution layers

for up-sampling, followed by a deep residual network of 10 layers. The encoder

consists of four encoding units (E-Units) as shown in Figure 3.2, whereas the

decoder consists of four conventional deconvolution1 layers with symmetric skip

connection to avoid the loss of image details when the network goes deeper [132]

and helps deconvolution to recover a better clean image [133]. The encoder

network can be summarised as follows:

• E-Unit A comprises of 2 convolution layers with kernel size 5× 5, number

of kernels 64 each layer, spatial stride of 1 × 1 with activation function as

ReLU at each layer. Batch Normalization (BN) [134] is applied only in

second convolution layer.

• E-Unit B comprises of 2 convolution layers with kernel size 4× 4, number

of filters 128 each layer, spatial stride of 2× 2 in the first layer and 1× 1 in

second.
1Transpose convolution is also referred as Deconvolution
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(m× n)× c (m× n)× C (m× n)× 4

[p, q], C [p, q]

D − Unit

[ReLU − Conv − BN ]

Skip [optional]

S.P.C⊕

(2m× 2n)× 1

Figure 3.3: An overview of single decoder unit (D-Unit) which cinsists of two convo-
lution layers followed by an efficient sub-pixel re-arrangement(S.P.C) block. A D-Unit
outputs a tensor of spatial dimension upsampled (×2) compared to the input given.

• E-Unit C comprises of 2 convolution layers with kernel size 3× 3, number

of filters 256 each layer, spatial stride of 2× 2 in the first layer and 1× 1 in

second.

• E-Unit D comprises of 2 convolution layers with kernel size 2× 2, number

of filters 512 each layer, spatial stride of 2× 2 in the first layer and 1× 1 in

second.

Each convolution layer of E-Units (B:D) consists of ReLU as activation function

followed by BN for faster convergence [134].

3.2.2 Generator with Efficient Sub-Pixel Convolution

The baseline generator model consists of conventional deconvolution operation

which is quite computationally expensive. Several upsampling methods are avail-

able that have shown remarkable success in the recent times [135] [136]. Lu et

al. [135] proposed Non-Convex JBU (NCJBU) by extending the well-known Joint

Bilateral Upsampling (JBU) [137] with a novel non-convex optimization frame-

work for guided depth-map upsampling. In the proposed model, the conventional

transpose convolution operations are replaced with the efficient sub-pixel convo-

lution blocks (D-Units) for upsampling, as shown in Figure 3.3. The overall

architecture of the generator model remains the same as the baseline generator
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Figure 3.4: An overview of the architecture of the proposed framework for rain streak
removal from the single image.

as discussed in the previous Subsection 3.2.1.

3.2.3 Discriminator

Following Zhang et al. [9], we have employed the adversarial training for single

image de-raining problem. While the objective of the proposed generator model is

to estimate the de-rained image from the rainy image, the proposed discriminator

model is trained to differentiate whether the estimated de-rained image is real

or fake. In other words, the feedback from the proposed discriminator is used to

train the proposed generator more efficiently. An overview of the architecture of

the proposed discriminator model, which consists of 5 convolution layers, is shown

in Figure 3.4. Each layer comprises of k/2,k,k2,k3 and k/2 convolution filters

respectively where k = 2. ReLU activation function has been used to induce

the non-linearity in the model. A fully-connected neural network layer with 128

44TH-2563_176101005



Input CNN [45] JCA [30] DDN [16] ID-CGAN [9] DID-MDN [3] HRID−GAN
TV/0.922× 107 TV/0.661× 107 TV/0.636× 107 TV/0.696× 107 TV/0.813× 107 TV/0.636× 107 TV/0.609× 107

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9] DID-MDN [3] HRID−GAN

Figure 3.5: Sample results on real-world rainy images in terms of Total Variation
(TV).

Methods SSIM PSNR

Input 0.7781 21.15
CNN [45] 0.8422 22.07
DDN [16] 0.8978 27.33
JCA [30] 0.8374 23.63

ID-CGAN [9] 0.8325 22.85
DID-MDN [3] 0.9087 27.95
SPANet [138] 0.9342 30.05

Baseline 0.9269 30.07
Generator(G) 0.9297 30.62
Proposed 0.9308 30.78

Table 3.1: Quantitative comparison with existing methods on test dataset in terms of
SSIM and PSNR. Best and second best results are highlighted in bold and underlined
fonts, respectively.

neurons, followed by a Sigmoid layer has been used to predict the logits.

3.2.4 Cost Function

With the evolution of deep learning-based single image restoration methods, sev-

eral regression, image reconstruction and object detection cost functions have

been introduced, such as [139] [140]. To formally define the cost fuction used for

the optimization of the proposed model, let ψG be the proposed non-linear gener-

ator model which outputs the de-rained image when a rainy image x ∈ [0, 1]h×w×c

is given as input with w, h, c as width, height and channels of rainy image respec-

tively. To retain the structural information, the Mean Squared Error (MSE) is
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Methods SSIM PSNR VIF MS-SSIM TV-Error UQI MSE

Input 0.7781 21.15 0.3734 0.7334 1.55 0.8636 0.766
CNN [45] 0.8422 22.07 0.4082 0.8384 1.25 0.8650 0.708
DDN [16] 0.8978 27.33 0.4246 0.8650 1.14 0.9526 0.124
JCA [30] 0.8374 23.63 0.3867 0.8145 1.05 0.8865 0.520

ID-CGAN [9] 0.8325 22.85 0.5177 0.9007 1.19 0.8922 0.513
DID-MDN [3] 0.9087 27.95 0.4552 0.8904 1.13 0.9497 0.124

Baseline 0.9269 30.07 0.4741 0.9058 0.94 0.9677 0.080
Generator(G) 0.9297 30.62 0.4833 0.9075 1.01 0.9674 0.072
Proposed 0.9308 30.78 0.4851 0.9090 1.01 0.9682 0.070

† TV-E is ×107. ‡ MSE is ×10−3

Table 3.2: Quantitative comparison with existing methods on test dataset. Best and
second best results are highlighted in Bold and Underlined fonts, respectively.

mostly used error function in denoising algorithms and can be defined as

LMSE =
1

w.h.c

w,h,c
∑

i=1,j=1,k=1

||ψG(x )
i,j,k − y i ,j ,k ||22 (3.2)

The adversarial loss to train the proposed generator model is defined as

LAdv = − 1

N

N
∑

i=1

log D(xi) (3.3)

where N is the number of generated de-rained images from generator. There-

fore, the total generator loss is the linear combination of mean-squared error and

entropy losses and can be written as

LG = λM .Lmse + λA.LAdv (3.4)

where λM and λAare pre-defined weights for the cost functions defined above. The

objective of the proposed method is to generate the de-rained image given a rainy

image as an input. The proposed generator tries to generate the de-rained image

such that it is difficult for the discriminator to decide whether generated de-rained

image is real clean image or fake. The proposed network tries to minimize the

generator cost function LG.

3.3 Experiments and Results

The synthetic datasets of rainy and clean images given by the authors of [3] have

been used for training and testing. Zhang et al.. [3] have included the medium
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Input Method [9] Proposed Ground Truth

0.9847/34.00 0.8375/16.72 0.9871/34.86 1/inf

0.9819/29.23 0.8555/21.27 0.9894/33.95 1/inf

0.9327/32.00 0.7546/18.87 0.9809/37.83 1/inf

Figure 3.6: Qualitative comparison with ID-CGAN [9] on synthesized test images in
terms of SSIM/PSNR.

rain density images in addition to images with light and heavy rain densities. We

have augmented the rainy and clean images from our selected training dataset

into the disjoint patches of size 128×128, thus creating a total of 1,92,000 patches.

Our selected test dataset consists of 1201 rainy images with ground truth. The

proposed method, along with baseline configurations, have also been tested on

real-world rainy images, as shown in Figure 3.5. However, the ground truth of

such images does not exist in order to compare with. To give a quantitative

comparison of such images, we have used the following evaluation metrics.

3.3.1 Quality Measures

The proposed scheme along with the existing state-of-the-art methods have been

evaluated on the following image quality evaluation metrics: UQI [115], SSIM [15]

for measuring the similarity between de-rained and ground truth images, PSNR,
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Input CNN [45] JCA [30] DDN [16] ID-CGAN [9] DID-MDN [3] HRID−GAN

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9] DID-MDN [3] HRID−GAN

Figure 3.7: Sample results on real-world rainy images

VIF [116], MS-SSIM [114], MSE and TV to calculate amount of noise present in

the image after de-noising. The description of incorporated evaluation metrics

can be found in Section 2.5. Color images are given as input to measure all

quality metrics for every compared paper to be fair instead of luminance only as

done in [9] [30].

3.3.2 Model Parameters

In this sub-section, the dataset and parameters used during the training and

testing of the proposed framework are discussed briefly. The publicly available

synthetic dataset 1 [3] is used for training and testing where training set consists

of 12000 images of size 512×512. For augmentation, we have cropped the training

images into the disjoint patches of shape 128×128, resulting in a total of 192, 000

patches in the training set. For evaluation, the synthetic test set comprises 1.2K

images of shape 512×512. To test the generality of the proposed scheme, we have

also evaluated the proposed model on the real-world rainy images that do not have

the ground truth clean images. The proposed model is built upon Tensorflow [141]

framework and is trained on Nvidia-GTX 1080 GPU for 50 epochs. The learning

rate (lr) is initially set to 0.01 and reduced by ×0.1 after every 15 − 20 epochs.

The batch size of 20 and Adam [142] optimization algorithm have been used when

training. The weights are set as follows: λE = 1 and λadv = 0.01.

1https://github.com/hezhangsprinter/DIDMDN
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3.3.3 Comparison configurations

The proposed method has been compared with the following baseline configura-

tions :

1. Baseline : We propose a baseline model described in Section 3.2.1.

2. Generator : The proposed generator with efficient sub-pixel convolution

model as described in Section 3.2.2 with λadv set to zero.

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.1753/13.13 0.2497/13.65 0.2699/14.89 0.6417/25.03 0.2984/11.19

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.7241/26.55 0.8249/28.63 0.8312/29.67 0.8394/29.99 1/inf

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.7368/16.12 0.8324/16.54 0.8398/17.95 0.8982/25.40 0.7698/20.37

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.9368/22.31 0.9192/28.14 0.9263/28.18 0.9269/28.30 1/inf

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.6100/14.98 0.7142/15.49 0.7355/16.92 0.8881/25.36 0.5568/16.05

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.9135/27.40 0.9254/28.09 0.9292/27.83 0.9301/27.99 1/inf

Figure 3.8: Sample results on synthetic rainy images compared with the exising
schemes in terms of SSIM/PSNR.

The proposed method is compared with the following existing methods :
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Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.8417/21.20 0.9272/21.68 0.9163/23.27 0.9304/28.96 0.7204/13.50

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.9479/29.22 0.9421/31.99 0.9415/32.12 0.9417/32.18 1/inf

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.9191/27.22 0.9396/27.36 0.9409/29.77 0.9581/34.44 0.3893/15.75

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.9468/29.40 0.9598/32.27 0.9684/33.44 0.9686/33.51 1/inf

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]
0.7992/20.74 0.8929/21.28 0.8860/22.91 0.9242/28.97 0.9302/24.67

DID-MDN [3] Baseline Generator HRID−GANGround Truth
0.9148/23.90 0.9536/31.77 0.9526/32.10 0.9530/32.06 1/inf

Figure 3.9: Sample results on synthetic rainy images compared with the exising
schemes in terms of SSIM/PSNR.

1. DDN : A deep residual networks based architecture that requires prior

image processing domain knowledge [16].

2. DID-MDN : A rain streak density-aware method based on densely con-

nected CNN and a classifier [3] is the existing state-of-the-art method for

single image de-raining problem.

3. ID-CGAN : A conditional GAN based framework which has an underly-

ing model of encoder-decoder network [7] with perceptual loss function for

training.
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Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]

DID-MDN [3] Baseline Generator HRID−GAN

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]

DID-MDN [3] Baseline Generator HRID−GAN

Input CNN [45] JCA [30] DDN [16] ID-CGAN [9]

DID-MDN [3] Baseline Generator HRID−GAN

Figure 3.10: Sample results on real-world rainy images

4. JCA : A layer separation method based on convolution analysis jointly

with synthesis sparse representation [30] used for rain streak removal from

single images.

5. CNN : Clearing the skies : A deep network architecture for single image

rain removal [45] is based on the ResNet similar to [16].
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3.3.4 Quantitative Results

Quantitative comparison results with state-of-the-art methods [3, 9, 16, 30, 45]

and baseline configurations are given in Tables 3.1 3.2. The proposed baseline

generator model with conventional transpose convolution for the up-scaling oper-

ation has shown a significant improvement over recent state-of-the-art methods.

The generator model (G), where transpose convolution operations have been re-

placed with efficient sub-pixel convolution operations, further improves the base-

line model. The generator model with efficient sub-pixel convolutions (G), as

shown in Table 3.2 is only trained on the mean-squared error as a loss func-

tion. The inclusion of discriminator and adversarial loss, denoted as (G+D), and

mean-squared error on the proposed model (G) has further improved over recent

methods and baseline configurations. The visual comparison of synthetic as well

as real-world rainy images are given in the subsequent sub-sections.

3.3.5 Qualitative Results

It can be observed from Figures. 4.13, 3.5, 4.14 and 3.9 that the visual quality

of the de-rained images estimated by using the proposed model is far better

than the existing state-of-the-art methods. It is observed that the de-rained

images generated by the existing methods [16], [30] and [45] still contains the rain-

streaks. The methods [3] and [9] estimates the rain-streak free images in RGB

domain. It can be seen that such methods due to high correlation among color

channels suffer from over-coloring (color saturation) and white round artifacts

(maybe due to the use of perceptual loss in [9]) respectively. However, the de-

rained images generated by the proposed scheme do not suffer from these artifacts

and degradations. The visual quality of the de-rained images may have been

improved by incorporating the adversarial training in the proposed model, unlike

in [45] and [16]. Following [9], learning the difference between real and fake de-

rained images via adversarial training has been beneficial for single image rain-

streak removal. However, the proposed model does not include the perceptual
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loss function [8] due to the possibility of white round artifacts. The proposed

model has made a relaxation on highly correlated color spaces, i.e., unlike [3]

and [9], instead of estimating the de-rained images in colors, such as RGB or

YCbCr, it estimates only the Y channel of the de-rained images. The relaxation

of chrominance components Cb, Cr has been beneficial, and an improvement of

∼ 2% in SSIM and ∼ 10% in PSNR has been recorded over existing scheme [3].

The proposed method has also been evaluated on real-world rainy images as

shown in Figures 3.5, 3.7, 3.10 and based on the TV error, it can be observed

that the visual quality of the de-rained images generated by the proposed model

is better than the existing methods.

3.4 Discussion

In this work, a conditional GAN based image de-raining scheme has been pro-

posed, and it has been experimentally justified that the proposed scheme outper-

formed the state-of-the-art schemes. Although the proposed work has employed

cGAN architecture, it is significantly different from cGAN based scheme [9], which

has been proposed in the recent literature. The major differences are pointed out

as follows:

1. The model used in [9] is trained in RGB color space, whereas the proposed

model in this work has utilized the decorrelated YCbCr color space.

2. The model used in [9] has incorporated the perceptual loss [8] unlike the

proposed model in this chapter.

3. The proposed model in this work has incorporated a 10 layer ResNet [6]

unlike in [9].

However, the improvement reported by the proposed baseline model in this work

compared to [9] is substantially huge in terms of both SSIM and PSNR, as shown

in Table 3.2. This is mainly due to the fact that the inclusion of perceptual loss

in [9] have added the white round artifacts in the generated de-rained images
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when operating in RGB color space (as reported in [9]) whereas this work has

retained the color information in terms of chrominance channels and has not

utilized the benefits of perceptual loss on generated de-rained (grayscale) images.

In addition to this, estimating the RGB values of the pixels in the predicted

de-rained images as done in [3, 9] may be difficult for a network when compared

to only predicting the grayscale values of the de-rained images. The proposed

model has shown substantial improvement over the work reported in [16] which

has utilized the ResNet [6] architecture and estimates the negative residual of the

rain-streaks using the result of high-pass filter over the given input as a prior to the

network. However, in this work, no such prior knowledge is required. Moreover, in

addition to the residual network, this work also incorporates the encoder-decoder

framework along with cGAN, which makes it more effective over [16].

While other methods have been successful in removing the rain-streaks up

to some extent, most of the existing methods failed to consider the spatial res-

olution of the image. It is observed that after removing the rain-streaks, the

obtained results suffer from the problems of over-smoothness and blurriness. To

avoid these issues, unlike existing methods, this work has incorporated a sub-pixel

convolution [130] to enhance the spatial resolution of the image. The use of effi-

cient sub-pixel convolution instead of traditional deconvolution for up-sampling

of the features in the proposed generator model (G) compared to the proposed

baseline model initially has found to be beneficial, and an improvement of ≈
0.5 dB in PSNR has been observed as shown in Table 3.2. This can be because

efficient sub-pixel convolution might have improved the spatial resolution of the

de-rained images by the proposed architecture, which in turn resulted in better

PSNR values and a slight improvement in SSIM and other evaluation metrics.

The adversarial loss, in addition to the MSE on the proposed generator, has been

useful in further improving the results.
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3.5 Summary

In this chapter, a conditional GAN based framework is proposed for a single im-

age rain-streak removal task. The proposed scheme employed the computational

and visual efficiency of efficient sub-pixel convolution over conventional transpose

convolution for up-scaling and produced better results than existing state-of-the-

art methods. It is shown how sub-pixel convolution for image de-noising tasks can

replace conventional deconvolution, and noticeable improvement can be achieved

if adversarial training is used in addition to traditional loss functions. The spatial

resolution of the de-rained image has been achieved by the efficient sub-pixel con-

volution for upscaling as generated results have better resolution than the results

obtained by the existing methods. Unlike existing state-of-the-art methods, the

de-rained images generated by the proposed scheme do not contain white rounds

artifacts and blurriness, which ensures the applicability of the proposed method

on single image de-raining tasks.

This contributory chapter explored the spatial domain aspects of the rain-

streaks in an image using a learning-based scheme. However, it has been men-

tioned that rain-streaks exhibit pseudo-periodic additive nature in an image,

which may have some extra benefits in the transformed domain. In the next

chapter, the transformed domain coefficients of the rain-streaks have been ex-

plored using deep CNNs.
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Chapter 4

Exploiting Transformed Domain

Features for Single Image De-Raining

The last contributory chapter addressed the visual artifacts in the de-rained im-

ages generated by using the existing best-published works. However, it has also

been shown in chapter 1 that none of the existing methods utilized the trans-

formed domain coefficients of the rain-streaks using deep CNN. In this chapter,

we address the single image de-raining in the transformed domain using deep

learning-based frameworks. There are two works that have been presented in

this chapter, namely, (a) exploiting rain-streaks in uncorrelated transformed do-

main, and (b) utilizing rain-streaks in correlated transformed domain.

For investigating the behavior in the uncorrelated transformed domain, the

DFT domain has been explored. Whereas, in the case of the correlated trans-

formed domain, the DWT domain has been exploited. The main goal of this

chapter is two-fold: (a) exploit the capability of deep CNN when presented with

the purely uncorrelated input, and (b) leverage the added advantages of corre-

lated transformed domain cues in addition to the spatial domain input to deep

CNNs. In what follows are the respective studies in the uncorrelated and corre-

lated transformed domain.
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4.1 Image De-Raining in Uncorrelated Trans-

formed Domain

Following the analysis presented in Section 2.1, the magnitude spectrum of the

rainy image has been used to prove that rain streak information is preserved in

the transformed domain and real, imaginary coefficients can be given as input

to the deep network. Note that the DFT of an image consists of redundant

frequencies because (a) DFT is Periodic, i.e. F[u, v] = F[u+Nk, v +Ml] for all

k, l ∈ Z, (b) DFT holds conjugate symmetry, i.e. F[u, v] = F⋆[−u+pN,−v+qM ]

for any integer p,q, for an image of size M × N [143]. These redundancies have

not been removed before processing because their presence may not incur any

misinterpretation.

4.1.1 Rain Streaks in DFT

When an image is transformed from the spatial to the DFT domain, the trans-

formed signal is difficult to understand. However, the pseudo-periodic rain streaks

among the pair of rainy and clean images can be visualized by using some trans-

formation on Fourier data. The magnitude spectrums of a rainy and clean image

have been calculated using Eq. 2.4 as shown in Figure 4.1. Both the images are

first converted to grayscale, and their transformed DFT coefficients have been

obtained using Eq. 2.3. For a better visual representation, magnitude spectrums

are scaled down by a logarithmic transformation as

Mscaled
I∗

= η × loge(M
original
I∗

) (4.1)

where Moriginal
I∗

is unscaled, Mscaled
I∗

is the scaled magnitude spectrums respectively

and η is a scaling parameter which is set as 12 in our experimentation. It is

observed in Figure 4.1 that the transformed domain rain information can be more

distinguishable if DC of the image signal is shifted to the center. Therefore, a

DC shift to the center has been done by swapping all quadrants row and column-

wise before calculating the magnitude spectrums. Let the transformed space of
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(a) (b) (c) (d) (e)

(f) (g)

(h) (i) (j) (k) (l)

(m) (n)

Figure 4.1: A flow of visualizations. (a) Clean image, (b) Unscaled magnitude image
of (a) with unshifted DC component, (c) Unscaled magnitude image of (a) with DC

component shifted to center, (d) Scaled magnitude image of (a) with unshifted DC com-
ponent, (e) Contour plot of (d), (f) Scaled magnitude image of (a) with DC component
shifted to center, (g) Contour plot of (f). Similar series of figures goes for rainy image
(h) to (n) in the bottom row.

scaled magnitude image with shifted DC component be S∗. In Figure 4.1, the

difference(here rain streaks) between rainy and clean images are noticeable in S∗

space as indicated in black colored boxes. The difference between the unscaled

magnitude spectrums of rainy, clean images with unshifted DC components is

not visible to the human eye as shown in Figures 4.1i, 4.1b respectively. When we

shift theDC component to the center as shown in Figures 4.1j, 4.1c, the difference

is slightly better visible. When we scale down the magnitude spectrums using

Eq. 4.1 and do not shift the DC components, as shown in Figures 4.1k, 4.1d,

the difference is much more visible compared to previous images. We then shift
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Figure 4.2: Sinusoids depicting the rain-streaks in spatial and transformed domain.

their DC components to center and scale down the magnitude images for better

understanding and visualization as shown in Figures 4.1m, 4.1f. It is now easy

to differentiate between a rainy and clean image in the Fourier domain, which

are further transformed to S∗ space, to show the preservation of rain streaks. It

can be observed from Figure 4.1 that there exist several high-intensity spots in

the magnitude spectrum of the rainy image in S∗ space, bounded in the black

colored box which is absent in the magnitude spectrum of the clean image. Each

high-intensity spot in S∗ space denotes a two-dimensional sinusoidal wave which

corresponds to one periodic noise based on the assumption that pseudo-periodic

noise in a rainy image consists of some combination of multiple periodic noises.

The high-intensity spot is nearer to the center if the frequency of its corresponding

sinusoid is low and farther otherwise. Therefore we may conclude that these

high-intensity spots may represent rain streaks in the transformed domain and

removing these high-intensity spots from the magnitude spectrum of the rainy

image may remove most of the rain streaks in the spatial domain. However,

there may exist some high-intensity spots in the magnitude spectrum which may

contain some rain information, but they are not very sensitive to the human eye.

One of the primary goals of this work is to train a deep network by exploiting

this information to predict the rain map. To formally define the rain-streak

information such as relationship between the direction of rain-streaks in spatial
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and transformed domains, consider a two dimensional sinusoid with variables

(x, y) in eucledian space and (u, v) in frequency space as

fcp = expj2π(x.u+y.v)

= cos2π(x.u+ y.v) + j.sin2π(x.u+ y.v)
(4.2)

Considering the projection of sinunoid fcp on real axis, cos2π(x.u+y.v) will have

maxima and minima denoting the rain streaks patterns when 2π(x.u+y.v) = nπ.

This can be written using vector notations as 2π(x⃗.u⃗) = nπ which denotes the

set of equally spaced parallel lines L = {l1, l2, ...lp} along the direction of u⃗ where

u⃗ = (u, v)T and x⃗ = (x, y)T. To formally define the relationship between rain

directions in spatial and S∗ space, consider the complex exponential fcp as

fcp = expj2π(x.u+y.v)

= expj2πw(x. u
w
+y. v

w
)

= expj2πw(E⃗l
c.F⃗c)

(4.3)

where w =
√
u2 + v2, F⃗c is unit vector along the direction of (u, v) and E⃗l

c =

(x, y)T is a spatial vector on the line l. The dot product E⃗l
c.F⃗c represents the pro-

jection AB of spatial point E⃗l
c onto the direction of F⃗c as shown in Figure 4.2(P).

All points on a straight line l perpendicular to the direction of F⃗c have same pro-

jection. Hence expj2π(x.u+y.v) represents a two dimensional planar sinusoid with

frequency w and whose direction is along the vector F⃗c, i.e, θRf
= tan−1( v

u
). As

shown in Figure 4.2(Q), let θRc
denote the rain streak direction in spatial domain

and θRf
in S∗ space. ∠J = 180◦− θRc

. Using the summation property of triangles

on △OAB, θRf
can be written as θRc

− 90◦.

4.1.2 Fourier Domain Input to Deep CNNs

The input to the deep network is one of the major concerns in this work. In-

tuitively, both magnitude and phase spectrums are required to model the rain

streak map in the Fourier domain. It is clear from Figure 4.5 that the phase

spectrum also contributes to reconstructing the rain map. In Figure 4.5, 4.5b
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Figure 4.3: The CNN framework of the proposed single-image rain streak removal.
The details of D-Net and N-Net are given in Figure 4.6.

is reconstructed using magnitude spectrum of clean image and phase of rainy

image by using inverse discrete Fourier transformation based on the Eqs. 2.6,

2.5. Figure 4.5c is reconstructed using magnitude spectrum of rainy image 4.5a

and phase of clean image 4.5e. Figures 4.5b, 4.5c still contains rain streaks when

compared to original clean image 4.5d. But it can be observed that most of

the rain information is captured in the magnitude spectrum, compared to phase,

since 4.5b has fewer rain streaks than 4.5c. Therefore for rain streak removal,

both magnitude and phase spectrums have to be given into the network1. To

reduce the computational cost, instead of magnitude and phase information, real

and imaginary coefficients are given as input to the deep network. Let Irainy be

the rainy image, Iclean be the clean image and Irain map be the rain streak map

associated with Irainy. Irainy can be written as

Irainy = Iclean + Irain map (4.4)

When we convert the RGB rainy image to YCbCr colorspace, it is observed that

most of the rain streak information exists in Y channel only. Therefore input to

the network is discrete Fourier transformation of Y channel based on Eq. 2.3 as

Ψ(Irainy) = F[Yrainy] = FR[Yrainy] ◦ FI[Yrainy] (4.5)

1Note: Figures 4.5e,4.5a are first converted into YCbCr color space. Magnitude and phase
are then calculated by performing DFT [83] on the Y channel for each image. Chrominance
values of Figure 4.5a has been used to construct Figures 4.5b,4.5c. Chrominance values of
Figure 4.5e has been used to construct Figure 4.5d
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 4.4: Different rain directions and thier corresponding orientations in the con-
tour plots of magnitude spectrums which are in S∗ space. The mentioned angles are
approximations. (a) Rain direction ≈ 45◦, (b) Magnitude image of 4.4a, m.a ≈ 135◦ ,
(c) Clean image of 4.4a, (d) Magnitude image of 4.4c, (e) Rain direction ≈ 135◦, (f)
Magnitude image of 4.4e, m.a ≈ 45◦, (g) Clean image of 4.4e, (h) Magnitude image of
4.4g, (i) Rain direction ≈ 90◦, (j) Magnitude image of 4.4i, m.a ≈ 0◦, (k) Clean image
of 4.4i, (l) Magnitude image of 4.4k.

where ◦ is concatenation operation depthwise, F is a two dimensional discrete

Fourier transformation defined in Eq. 2.3 and FR, FI are real and imaginary

parts respectively. In later part of the chapter, F[Yrainy] is also refered as F[Irainy].

4.1.3 Noise residual in Fourier domain

The noise residual based on the Eq. 4.4 can be defined as

Irain map = abs(Irainy − Iclean) (4.6)

where Irain map is called as noise/rain map residual and abs is absolute difference.

Once the model predicts rain map residual, it is pixel-wise subtracted from the

rainy image to get the de-rained image. We train our model to learn the rain

map residual from rainy image in Fourier domain. The concept of noise residual
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SSIM : 0.6982 SSIM : 0.7877 SSIM : 0.7453 SSIM : 1.0000SSIM : 1.0000

PSNR : 18.43 dBPSNR : 22.40 dBPSNR : 17.59 dB PSNR : ∞ PSNR : ∞

(a) (b) (c) (d) (e)

Figure 4.5: Reconstruction of images using different phase and magnitude spectums
in terms of SSIM and PSNR. (a) Rainy image, (b) Magnitude of 4.5e and phase of
4.5a, (c) Magnitude of 4.5a and phase of 4.5e, (d) Magnitude of 4.5e and phase of
4.5e, (e) Ground truth.

described in Eq. 4.6 can also be used in frequency domain since DFT holds the

linearity property which states that,

F[p+ q] = F[p] + F[q]

F[c.p] = c.F[p]

where p, q are two dimensional discrete signals and F is discrete Fourier trans-

formation with some constant c. Considering above, Eq. 4.4 in frequency domain

can be expressed as,

F[Irainy] = F[Iclean + Irain map]

= F[Iclean] + F[Irain map]
(4.7)

The rain map residual as defined in spatial domain using Eq. 4.6, can be formu-

lated in frequency domain as

F[Irain map] =abs(F[Irainy]− F[Iclean])

=abs(FR[Irainy]− FR[Iclean])◦

abs(FI[Irainy]− FI[Iclean])

(4.8)

where ◦ is depthwise concatenation operation. The real, imaginary coefficients

are pixel-wise subtracted from the real, imaginary coefficients of rainy image to

get the real, imaginary coefficients of de-rained image. The rain streaks free image

in spatial domain can be reconstructed using inverse DFT on calculated real and

imaginary parts.
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Figure 4.6: The detailed architectures of D-Net and N-Net.

4.2 Proposed Networks

We fix the size of input patch based on the Eq. 4.5, i.e., X ∈ R
128×128×2. Given

X, the networks are trained to learn the parameter Θ of a function h(·|Θ), which

maps X to the output Y ∈ R
128×128×2 such that

Y = h(X|Θ) = fL(fL−1|ΘL) (4.9)

where f0=X each operation fi(·|Θi) is referred as an ith convolution layer of

the network for i > 0. The proposed network denoted as RRSIFT4.3 shown in

Figure 4.3 is comprised two major modules D-Net and N-Net. The D-Net

takes input as described in Eq. 4.5 and predict the real, imaginary coefficients of

rain streak less image denoted by F[Ipred] in Figure 4.3. The initial estimate of

rain streak map can be calculated using below equation as

F[INoise Removed] = abs(F[Irainy]− F[Ipred]) (4.10)

The range of DFT coefficients is (−∞,∞) hence it may be difficult for a deep

network to estimate the coefficients of rain streak map from a rainy image. There-

fore an initial estimate of rain streak is calculated using D-Net and given as an
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input to N-Net to predict the complete rain streak map. The final predicted

rain streak map by N-Net in Fourier domain is subtracted from the input of

D-Net to get the final DFT coefficients of rain free image. The de-rained image

in spatial domain can be recovered using IDFT. The detailed architectures of

D-Net and N-Net are described in following subsections.

4.2.1 D-Net

D-Net as shown in Figure 4.6 is comprised of 16 convolution layers l1,2,··· ,16 and

predicts the real and imaginary parts of Y channel of de-rained image based on

the Eq. 4.9 with L = 16. The denoiser D-Net is parameterized as follows. l1 has

input of the shape m × n × 2 with 16 convolution filters of shape 3 × 3. l2:15

comprise of 16 convolution filters at each layer with shape 3× 3. l16 outputs the

real and imaginary parts of Y channel of initially predicted de-rained image of

shape m×n× 2 with 2 convolution filters of shape 3× 3. Each filter has a stride

of 1 and padding = same.

4.2.2 N-Net

N-Net as shown in Figure 4.6 is comprised of 8 convolution layers l1,2,··· ,8 and

predicts the real and imaginary parts of rain streak map based on the Eq. 4.9

with L = 8. The noise estimator N-Net is parameterized as follows. l1 has input

of the shape m × n × 2 with 16 convolution filters of shape 3 × 3. l2:7 comprise

of 16 convolution filters at each layer with shape 3 × 3. l8 outputs the real and

imaginary parts of final predicted rain streak map of shape m × n × 2 with 2

convolution filters of shape 3 × 3. Each filter has a stride of 1 and padding =

same. We have not used the pooling layers as it might cause in losing minor rain

streak information due to down-sampling. We have not used any non-linearity in

the network and have not normalized the input. The detailed discussion is given

in the Section 4.4.
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4.2.3 Loss functions

We calculate the loss and optimize the networks D-Net & N-Net in frequency

domain. Let Irainy be the rainy image whose ground truth image and associated

rain map can be written as Iclean, Irain map respectively. Outputs of networks can

be defined as

f l
D-Net(F[Irainy]) = Wl

D-Net ∗ f l−1
D-Net(F[Irainy])

+ bl
D-Net

f l
N-Net(F[INoise Removed]) = Wl

N-Net ∗ f l−1
N-Net(F[INoise Removed])

+ bl
N-Net

(4.11)

where l is the layer index, ∗ be the convolution operator with WD-Net, bD-Net,

WN-Net, bN-Net as weights, biases of D-Net and N-Net with f 0
D-Net(F[Irainy]) =

F[Irainy] and f
0
N-Net(F[INoise Removed]) = F[INoise Removed].

Let the actual target output of D-Net and N-Net be denoted as F[Iclean],

F[Irainy] − F[Iclean] = F[Irain map] respectively. The loss functions of D-Net and

N-Net can be defined as

LD-Net =
N
∑

i=1

∣

∣

∣

∣

∣

∣
F[Iipred]− F[Iiclean]

∣

∣

∣

∣

∣

∣

2

2

LN-Net =
N
∑

i=1

∣

∣

∣

∣

∣

∣
F[IiNoise Estimated]− F[Iirain map]

∣

∣

∣

∣

∣

∣

2

2

(4.12)

where N is the number of image samples in the training set. The D-Net is first

trained followed by the N-Net.

4.3 Results

We have implemented both the modules in Tensorflow [141] framework. We have

used the SSIM [15], PSNR as evaluation metrics implemented in MATLAB 2018a.

The synthetic datasets of rainy and clean images given by the authors of [16], [3]

and [51] have been used for training and testing. Fu et al. [16] have selected clean

images from various sources such as UCID [144], BSD [145] and Google images
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Dataset Models PSNR SSIM [15] FoM†

TD-Zhang et al. [3]

Input 21.15 77.81 49.48
Luo et al. [38] 21.44 78.96 50.20
Li et al. [44] 22.75 83.52 53.135
Fu et al. [45] 22.07 84.22 53.145

Yang et al. [51] 24.32 86.22 55.27
Fu et al. [16] 27.33 89.78 58.55
Zhu et al. [43] 23.05 85.22 54.135
Zhang et al. [3] 27.95 90.87 59.41

D-Net 21.80 78.97 50.38
D-Net + N-Net 22.22 78.46 50.34

TD-Fu et al. [16]

Input 21.63 81.57 51.60
Fu et al. [16] 27.56 91.57 59.56

D-Net 22.21 82.71 52.46
D-Net + N-Net 22.59 82.31 52.45

TD-Yang et al. [51] - H

Input 12.13 50.44 31.28
Yang et al. [51] 23.45 74.90 49.17

D-Net 14.44 53.80 34.12
D-Net + N-Net 13.87 52.50 33.18

TD-Yang et al. [51] - L

Input 25.52 90.54 58.03
Yang et al. [51] 36.11 97.00 66.55

D-Net 23.05 89.75 56.40
D-Net + N-Net 23.92 89.51 56.71

Table 4.1: Quantitative results evaluated in terms of average SSIM [15] and PSNR
(dB) on the test datasets. FoM† = SSIM+PSNR

2 . SSIM [15] values shown here have been
multiplied by 100.

in order to generate rainy images with different orientations and density of rain

streaks. Yang et al. [51] have divided the dataset into two categories, one with

light and another with heavy rain density. Zhang et al. [3] have included the

medium rain density images in addition to light and heavy. We have randomly

selected our training data only from the dataset available by Fu et al. [16] for

both the modules. We have augmented the rainy and clean images from our

selected training dataset into the disjoint patches of size 128×128, thus creat-

ing a total of 1,20,000 patches. We have trained our both modules on randomly

selected 1,00,000 patches and validated on 20,000. We have selected three test

datasets(TD). TD-Fu et al. [16] is taken randomly which has 2800 rainy images.

TD-Yang et al. [51] (Heavy1 and Light) and TD-Zhang et al. [3] are given by

the authors of [51] and [3] respectively. For real-world case comparison, we have

1Rain-streaks in this test-set may contradict with the real-rain.
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adopted images provided by the authors of [138]. The quantitative comparison

has been shown in the Table 4.1 on all test datasets. We have compared our

models with the quantitative comparison given by Zhang et al. [3]. It can be

observed that the proposed DFT based approach for rain streak removal achieves

a comparable result with state-of-the-art approaches on the test datasets. It is

important to note that while the existing architectures incorporate and learn

spatial domain features in their architecture, this is the first work achieving com-

parable performance using frequency domain input in deep convolutional neural

networks. We have shown the qualitative results on real-world rainy images in

Figure 4.7. Figure 4.8 and 4.9 shows the qualitative results achieved by our

proposed methods on the test dataset TD-Zhang et al. [3]. It is observed that

complete rain streaks have not been removed from the images when compared

with the results obtained by spatial domain state-of-the-art methods. However,

a visual improvement along with the reduction in rain streaks can be observed in

the de-rained image compared to the original rainy image.

4.4 Discussion

4.4.1 Normalization of input data

It is observed that when input data is de-correlated, a linear model is enough

to fit. The nonlinearity in the model may reduce the model capability and may

get underfit. In general, input values to deep networks are normalized between

a certain range to reduce the range of values to be predicted by the model.

In this case, the input and values to be predicted by the proposed model lie

between −∞ to ∞ which makes normalization of the data difficult. We tried to

normalize the input data based on the individual minimum and maximum values

of input images and fed into the experimental networks A, B whose quantitative

results are described in Table 4.4. Model A is topologically similar to D-Net

with each convolutional layer has hyperbolic tangent as a nonlinear activation

function. The input and target are normalized between [-1,1]. While testing,
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TVE: 3.7419 TVE: 4.4752 TVE: 7.8673 TVE: 5.8622

TVE: 3.4281 TVE: 4.0562 TVE: 7.1597 TVE: 5.3125

TVE: 6.2219 TVE: 7.7068 TVE: 3.1296 TVE: 7.8620

TVE: 5.7331 TVE: 7.2105 TVE: 2.9727 TVE:7.0202

Figure 4.7: Qualitative results on real-world rainy images. Top row shows rainy im-
ages, whereas Bottom row shows our results. TVE (×106) denotes the total variation
error that describes the amount of noise present in an image.

the result is upscaled by using the minimum and maximum DFT values of the

input image which incurs in the loss. Model B is similar to A except the last

convolution layer which does not have any activation function and predicts the

un-normalized output. Both the models suffer from the underfitting problem as

can be observed from Table 4.4. The loss in the reconstructed image is due to

normalization techniques and also because of nonlinearity which is described in

Subsection 4.4.3. Qualitative results of Table 4.4 are given in Figure 4.10.
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SSIM : 0.6784 SSIM : 1.0000 SSIM : 0.7288
PSNR : 20.39 PSNR : inf PSNR : 23.57

(a) (b) (c)
SSIM : 0.5017 SSIM : 0.5476 SSIM : 1.0000
PSNR : 20.52 PSNR : 23.72 PSNR : inf

(d) (e) (f) (g) (h)

Figure 4.8: Qualitative results on TD-Zhang et al. [3] dataset using D-Net. (a) Rainy
image, (b) Clean image of (a), (c) Predicted de-rained image of (a), (d) Grayscale
channel of (a) , (e) Rain present in (d), (f) Grayscale channel of (c), (g) Rain present
in (f), (h) Grayscale channel of (b). Rain present map here has been calculated by taking
absolute difference of rainy and clean images i.e., |Irainy or predicted − Iclean|. PSNR is
measured in dB.

4.4.2 Single layer Vs. Multilayer

We carried out experiments with the different number of layers in theD-Net with

detailed configurations given in Table 4.3. It can be observed that there is no

significant improvement when the number of convolution layers is increased from

1 to 16. Therefore it may be inferred that the series of convolution layers without

any nonlinearity and downsampling in between acts as a single convolutional

layer.

4.4.3 Non-linearity

The nonlinearity in model is used to make the network complex so that it can

learn more complex functions which is incapable for a linear model. It also

hepls in filtering out the unwanted information to be sent into the subsequent
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SSIM : 0.9105 SSIM : 1.0000 SSIM : 0.9267 SSIM : 0.7194
PSNR : 22.77 PSNR : inf PSNR : 27.32 PSNR : 23.07

SSIM : 0.7343 SSIM : 1.0000
PSNR : 27.74 PSNR : inf

SSIM : 0.9316 SSIM : 1.0000 SSIM : 0.9438 SSIM : 0.7879
PSNR : 22.80 PSNR : inf PSNR : 27.12 PSNR : 23.25

SSIM : 0.7952 SSIM : 1.0000
PSNR : 27.96 PSNR : inf

Figure 4.9: Qualitative results on TD-Zhang et al. [3] dataset using the model D-Net

+ N-Net. Top Row : (a) Rainy image, (b) Clean image of (a), (c) Predicted de-
rained image of (a), (d) Grayscale channel of (a) , (e) Rain present in (d), (f) Grayscale
channel of (c), (g) Rain present in (f), (h) Grayscale channel of (b). Bottom Row

: goes the same as top. Rain streak map here has been calculated by taking absolute
difference of rainy and clean images i.e., |Irainy or predicted − Iclean|. PSNR is measured
in dB.

layers in a sequential model. To note the affect of nonlinearity, we used three

different activation functions namely hyperbolic tangent, sigmoidal and ReLU

in an experimental models and quantitative results are given in Table 4.2. It

can be seen from the Subsection 4.4.2 that single layer network behaves almost

similar to multilayer in special cases, we trained three networks each with single

convolutional layer and different activation functions mentioned in Table 4.2 and

can be summarised as follows

1. Hyperbolic tangent transforms the DFT values from (−∞,∞) to (−1, 1)
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Activation Mode PSNR SSIM [15]

tanh
Train 7.81 7.09
Test 6.87 7.37

Sigmoid
Train 7.81 7.09
Test 6.87 7.37

ReLU
Train 18.18 68.63
Test 16.24 71.51

Table 4.2: Quantitative results on the testset TD-Fu et al. [16] of experimental models
with different nonlinear activation functions.

Layer Configuration PSNR SSIM [15]

1 Conv k3-n2-s1-l1 22.39 82.13

4
Conv k3-n16-s1-l1:3 22.44 82.19
Conv k3-n2-s1-l4

8
Conv k3-n16-s1-l1:7 22.54 82.29
Conv k3-n2-s1-l8

16
Conv k3-n16-s1-l1:15 22.21 82.71
Conv k3-n2-s1-l16

Table 4.3: Quantitative results on the testset TD-Fu et al. [16] of experimental models
with different number of layers.

which is too much random in nature. Therefore the transformed data might

not preserve any information for the model to learn and the model may un-

derfit which has happened when we use hyperbolic tangent as an activation

function as mentioned in Table 4.2.

2. Sigmoidal function transforms the DFT values from (−∞,∞) to (0, 1)

which is again too much random similar to hyperbolic tangent and may

result in losing the negative frequencies due to its range. Therefore it also

results in underfit as mentioned in Table 4.2.

3. ReLU transforms the DFT values from (−∞,∞) to maximum(0, x) where

x is the DFT value to be transformed. It can be observed that using ReLU

will only result in losing negative DFT coefficients. Therefore there might

be some information left after transformation which a model can attempt to

learn. In this case, there is no underfitting as mentioned in Table 4.2. It is

comparatively less random than hyperbolic tangent and sigmoid functions,

therefore, perform better.
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(a) Rainy im-
age

(b) Ground
truth

(c) De-rained
image after
1st epoch

(d) De-rained
image after
18th epoch

(e) De-rained
image after
37th epoch all
layer tanh

(f) Rainy im-
age

(g) Ground
truth

(h) De-rained
image after
1st epoch

(i) De-rained
image after
4th epoch

(j) De-rained
image after
6th epoch

Figure 4.10: Reconstruction of de-rained images in RGB colorspace after specified
epoch using normalized input and activation function at, top row: each convolution
layer, bottom row: except at last convolution layer.

Epoch Mode PSNR SSIM [15]

1
Train 5.64 2.19
Test 5.75 4.25

18
Train 7.76 6.90
Test 6.86 7.27

37
Train 7.70 6.74
Test 6.84 7.21

Epoch Mode PSNR SSIM [15]

1
Train 7.74 6.98
Test 6.87 7.36

4
Train 7.71 6.91
Test 6.87 7.36

6
Train 7.75 7.00
Test 6.87 7.37

Table 4.4: Quantitative results on the test set TD-Fu et al. [16] of experimental models
which takes normalized input and have Left : nonlinearities at each layer, Right :

nonlinearities at each layer except the last.

Therefore it can be concluded that the use of activation function in convolutional

neural networks may remove some frequencies which are useful in reconstructing

the image back in the spatial domain.

So far, the analysis of uncorrelated input domain to deep CNN has been pre-

sented. To summarize, it can be concluded that although, a minor improvement

has been achieved using DFT domain, one may need a different transformed do-

main which can preserve comparatively more information than DFT domain. In

this line of thought, we now shift our attention towards DWT domain which
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retains the spatial correlation upto some extent.

4.5 Image De-Raining in Correlated Transformed

Domain

Despite, Shen et al [146] used the concepts of Haar wavelets [147] and DCP [48]

for image de-raining to predict the wavelet coefficients of the de-rained image from

the same of the rainy image using deep CNN. However, in this part, it has been

shown that wavelet sub-bands could be more suitable for predicting the rain streak

map, and significant improvement can be achieved if these frequency domain cues

are provided to the network in addition to the spatial domain features of the rainy

image. In this line of thought, this part makes the following contributions:

• A cGAN based framework is proposed, which utilizes both spatial as well

as frequency domain cues for image de-raining.

• The perceptual loss function is used to ensure the visual quality of the

de-rained image.

4.6 Proposed Scheme

One may conclude that the success of an image de-noising algorithm relies on

the choice of color space [148], input to the algorithm and cost function. This

section presents the details of color space preferred, proposed architecture and

cost function for image de-raining problem. Given a rainy image RI with associ-

ated rain streak map MR and clean background image BI such that RI,MR,BI ∈
[0, 255]h×w×3 with height h and width w. Following [16], image BI can be restored

from RI by using a conventional linear model as

BI = RI −MR (4.13)

The more desirable color space for image denoising is YCbCr which is decor-

related, unlike RGB color space. Due to the pseudo-periodic additive property
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Input image HL sub-band

LH sub-band HH sub-band

Figure 4.11: DWT sub-bands of an image.

and high-frequency nature of rain streaks noise, the obtained color differences

Cb ∝ Y-B and Cr ∝ Y-R are smoothened, and noise remains only in luminance

channel [148]. Therefore, the proposed method removes the rain streaks from the

Y channel only. The frequency-domain cues are given to the proposed model in

addition to the spatial domain features as input. Although image transformation

from spatial to a frequency domain, in general, destroys the pixel correlation,

which makes it challenging to use CNN’s, it can be observed from Figure 4.11

that Discrete Wavelet Transformation (see Section 2.2), more specifically Haar

wavelet, preserves the spatial correlation of the image to some extent.

The Haar wavelet transform decomposes a 2D discrete signal, such as an

image, into four sub-bands that emphasize the finest resolution of the image.

The approximation sub-band LL represents the background details of the image,

whereas sub-band LH demonstrates the variation along the y axis, HL along the

x axis and HH represents the diagonal details of the image. In general, the dyadic
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Figure 4.12: Architecture of the proposed method for rain streak removal from single
images.

partitioning of the LL sub-band is used for detailed analysis. However, with most

of the background inference eliminated, the sub-bands LH, HL and HH preserve

a variety of information about rain streaks as shown in Figure 4.11. Therefore,

these sub-bands are more suitable for predicting the rain streak map instead of

directly mapping the luminance channel of the rainy image to the rain streak

map. The other useful background details for image reconstruction are retained

in the luminance channel of the rainy image, which is also given as an input along

with chosen wavelet sub-bands.

To define the input given to the proposed network, let I ∈ [0, 255]h×w×c be

the rainy image with height h, width w and channel c. The rainy image is

first converted into YCbCr color space whose luminance channel is denoted by

IY ∈ [0, 255]h×w×1. The Haar wavelet sub-bands of IY are then obtained such that
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Wa
IY

represents approximation sub-band LL, Wh
IY

represents horizontal sub-band

LH, Wv
IY

represents vertical sub-band HL and Wd
IY

represents diagonal sub-band

HH where each sub-band ∈ R
h/2×w/2×1. The sub-bands Wh

IY
, Wv

IY
, Wd

IY
are

spatially up-scaled by the factor of 2 such that WH
IY

= UP(Wh
IY
) ∈ R

h×w×1, WV
IY

= UP(Wv
IY
) ∈ R

h×w×1 and WD
IY

= UP(Wd
IY
) ∈ R

h×w×1 where UP is Bicubic

interpolation for up-scaling. The normalized IY , denoted by INY ∈ [0, 1]h×w×1 is

given as input to the proposed method along with WH
IY
, WV

IY
and WD

IY
which

may act as the frequency domain cues to predict the luminance channel of the

de-rained image.

Inspired by the GAN [50], the proposed architecture as shown in Figure 3.4 in-

herits the cGAN framework which consists of two following networks: Generator(G)

and Discriminator(D). Given a rainy image RI and clean image BI, networks G

and D play a 2-player minimax game based on the below equation

min
G

max
D

ERI∼prain [log(1−D(G(RI)))] +

EBI∼pclean [log(D(BI))]
(4.14)

where D is trained to maximize the probability of correctly classifying the input

samples whereas G is trained to generate more realistic de-rained images. The

regimes of operation of G and D are described as follows.

4.6.1 Generator Network (G)

The proposed generator as shown in Figure 3.4, aims to learn multiple de-rained

image candidates by exploiting spatial as well as frequency domain of the rainy

image. It consists of four independent processing units P1,P2,P3 and P4. Unit P1

takes INY as an input and process the spatial domain cues. Units P2,P3 and P4 take

WH
IY
, WV

IY
and WD

IY
as input respectively and process the frequency domain cues.

Unit P1 consists of a proposed sub-network called S-Net which comprises of six

convolution layers with filter size 3×3, spatial stride of 1×1 with number of filters

per layer 4, 8, 16, 32, 64 and 1 respectively. Each layer in S-Net consists of BN [134]

for faster convergence and ReLU activation function. The purpose of unit P1 is
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to utilize spatial features of the rainy image and outputs a clean image candidate

C1. Each of P2,P3 and P4 units consist of a proposed sub-network called F-Net

which comprises of four convolution layers where each layer has filters of size

3× 3, spatial stride of 1× 1 with number of filters at each layer are 4, 8, 6 and 1

respectively. Each layer in F-Net consists of BN followed by ReLU. The purpose

of units P2, P3 and P4 is to utilize the cues in wavelet sub-bands LH, HL and HH

which are more suitable for generating the rain maps and output the intermediate

rain maps denoted by Rh, Rv and Rd respectively. ResNet can be more effective in

improving the input signal quality [16]. Therefore, these intermediate rain maps

are concatenated and feed into a 10 layers ResNet to refine further and output a

merged rain map denoted as Rmerged. Clean image candidate C2 is obtained by

pixel-wise subtracting Rmerged from INY and the intermediate rain maps Rh, Rv and

Rd are pixel-wise subtracted from INY to get the clean image candidates C3, C4

and C5 respectively. Finally, the obtained clean candidates C1:5 are concatenated

and feed into a 34 layers ResNet to predict a final de-rained image.

4.6.2 Discriminator Network (D)

The objective of the discriminator network is to maximize the probability of pre-

cisely classifying the input samples into real or fake, thereby inspire the generator

model to predict more realistic de-rained images. The proposed discriminator

model, as shown in Figure 3.4 consists of 5 convolution layers. Each layer com-

prises of 1, 2, 4, 8 and 1 filters of shape 3 × 3 respectively with spatial stride of

1× 1 and ReLU activation. A fully connected layer with 128 neurons and ReLU

activation function are used after that followed by a Sigmoid layer.

4.6.3 Cost Function

The cost function for the generator model can be defined as follows. Let ψG(S⋆) be

the de-rained image estimated by the generator where S⋆ = {INY ,WH
IY
,WV

IY
,WD

IY
}

is input to the proposed model. Let y ∈ [0, 1]h×w×c be the ground truth image.
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Methods SSIM PSNR VIF MS-SSIM TV † UQI MSE ‡
Input 0.7781 21.15 0.3734 0.7334 1.55 0.8636 0.766

State-of-the-Art Methods
CNN [45] 0.8422 22.07 0.4082 0.8384 1.25 0.8650 0.708
DDN [16] 0.8978 27.33 0.4246 0.8650 1.14 0.9526 0.124
JCA [30] 0.8374 23.63 0.3867 0.8145 1.05 0.8865 0.520
ID-CGAN [9] 0.8325 22.85 0.5177 0.9007 1.19 0.8922 0.513
DID-MDN [3] 0.9110 27.98 0.4552 0.8904 1.13 0.9497 0.124
Proposed 0.9209 30.05 0.4638 0.8943 1.01 0.9627 0.082

Proposed baseline configurations
SF-GEN 0.9022 27.70 0.4561 0.8893 1.14 0.9234 0.126
SF-cGAN 0.9192 29.07 0.4604 0.8911 1.05 0.9326 0.107
S-cGAN-P 0.8849 25.48 0.4456 0.8678 1.04 0.9406 0.201
Proposed 0.9209 30.05 0.4638 0.8943 1.01 0.9627 0.082

Table 4.5: Quantitative results compared with recent methods on synthesized test im-
ages. Best results are highlighted in blue color. † TV is ×107. ‡ MSE is ×10−3.

The MSE is used in majority of the de-noising algorithms and can be defined as

LE =
1

h.w.c

h
∑

i=1

w
∑

j=1

c
∑

k=1

||ψG(S⋆)
i,j,k − y i ,j ,k ||22 (4.15)

However, MSE does not correlate well with the HVS of image quality and may

induce splotchy or blurred artifacts in the de-rained image [107]. Therefore, the

perceptual loss function [8] is used to avoid these artifacts by preserving the

contextual and high-level features of the image. For this, a pre-trained VGG-

16 [5] model (V) is used for features extraction at convolution layer conv2 2.

The perceptual loss can be defined as

Lfeat =
1

h.w.c

h
∑

i=1

w
∑

j=1

c
∑

k=1

||V(ψG(S⋆))
i,j,k − V(y)i,j,k||22 (4.16)

Given the set of N de-rained images, the entropy loss from the discriminator to

govern the generator can be defined as

Ladv = − 1

N

N
∑

i=1

log D(ψG(S⋆)i) (4.17)

Therefore the total loss for the generator can be defined as

LG = λE.LE + λadv.Ladv + λfeat.Lfeat (4.18)
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ID-CGAN [9] Proposed Ground Truth

0.8375/16.72 0.9871/34.86 1/inf

0.8555/21.27 0.9894/33.95 1/inf

0.7546/18.87 0.9809/37.83 1/inf

Figure 4.13: Qualitative comparison with Method [9] on synthesized test images in
terms of SSIM/PSNR.

where λE, λadv and λfeat pre-defined weights for each loss. Objective of our pro-

posed method is to minimize LG.

4.7 Experiments and Results

This section presents the details of synthetic, real-world rainy image dataset

publicly available at 1 [3] and parameters used for training and evaluation of the

proposed method followed by a qualitative comparison with most recent methods.

The training images are augmented into the disjoint patches of size 128 × 128

thereby generating 192K images. The synthetic test set consists of 1201 images

of size 512× 512. The proposed framework is also evaluated on real-world rainy

images.

1https://github.com/hezhangsprinter/DID-MDN

81TH-2563_176101005



Input CNN [45] DDN [16] JCA [30] ID− CGAN [9] DID−MDN [3] Proposed Ground Truth

0.9251/29.84 0.9369/28.39 0.9599/32.41 0.9470/31.02 0.9273/27.59 0.9568/31.11 0.9698/34.31 1/inf

0.9560/29.14 0.9502/28.03 0.9650/30.55 0.9493/29.64 0.8976/19.06 0.9617/30.12 0.9690/32.03 1/inf

0.7992/20.74 0.8929/21.28 0.9242/28.97 0.8860/22.91 0.9302/24.67 0.9148/23.90 0.9476/31.12 1/inf
(a)

Not

Available

TV : 0.922× 107 TV : 0.661× 107 TV : 0.696× 107 TV : 0.636× 107 TV : 0.813× 107 TV : 0.636× 107 TV : 0.611× 107 Not Available
(b)

Figure 4.14: Three results on (a) ”synthetic” and one on (b) ”real-world” rainy
images in terms of SSIM/PSNR and TV.

The entire model is trained on Nvidia-GTX 1080 GPU using the Tensorflow

framework for 42 epochs with learning rate set to 0.01, batch size of 20 and

Adam [142] optimization algorithm. The cost weights are experimentally set as

follows: λE = 0.9889, λadv = 0.01 and λfeat = 0.001. The proposed method

is compared with 5 state-of-the-art methods using 7 evaluation metrics namely

SSIM [15], PSNR in dB, VIF [116], MS-SSIM [114], TV, UQI [115] and MSE.

The description of incorporated evaluation metrics can be found in Section 2.5.

4.7.1 Performance Evaluation

Quantitative results compared with state-of-the-art methods [3, 9, 16, 30, 45] and

baseline configurations are given in Table 4.5. The baseline configuration SF-

GEN refers to the framework consists of only proposed generator model and

is trained on LG loss by setting λadv and λfeat to zero. SF-cGAN consists of

the proposed cGAN framework and is trained by setting λfeat to zero. S-cGAN-P

process spatial domain features only and consists of unit P1 followed by a 34 layers

ResNet which outputs the de-rained image. It is trained on LG with similar cost

weights as in the case of the proposed method. The proposed method has shown

an impressive improvement over recent methods and baseline configurations in
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terms of all evaluation metrics. A visual improvement over existing methods

can be observed from Figures 4.13, 4.14. While the methods [16], [45] and [30]

still contain rain streaks in the de-rained images, methods [3] and [9] suffer from

the problem of over-coloring and white round artifacts in the de-rained images

respectively. The proposed method does not suffer from such artifacts. Unlike

in methods [16, 45], the use of perceptual loss and adversarial training may have

improved the visual quality of the de-rained images by preserving the high-level

features. Methods [3,9] predicted the de-rained images in RGB color space which

is highly correlated. In such color spaces, the misinterpretation of a pixel value

in one channel may lead to the same in others. The relaxation of Cb, Cr and the

use of frequency domain cues in addition to spatial domain input have found to

be beneficial, and the proposed method has shown a significant improvement of

∼ 4% in SSIM and ∼ 18% in PSNR over S-cGAN-P. The proposed method has

performed better than existing methods on the real-world rainy image as shown

in Figure 4.14 where TV represents the amount of noise present in an image and

found to be least in the case of proposed method. Methods [3, 9] might have

suffered from over-coloring similar to synthetic results obtained by the same.

However, unlike synthetic, real-world images do not have ground truth to verify

this assumption. On average, the proposed method takes about 0.168 secs on

8GB GPU to de-rain an image of size 512× 512.

4.8 Summary

In the first part of this contributory chapter, a deep learning architecture has

been presented for single image de-raining that takes DFT coefficients of the

rainy image as input. While our proposed network D-Net predicts the initial

estimate of the rain streak map, D-Net+N-Net learns the final estimate of the

rain map, which can be subtracted pixel-wise from rainy image DFT coefficients

to get de-rained image DFT coefficients. It has been shown that when the input

is in the Fourier domain, the presence of non-linearity in the network may result
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in underfitting. We have used the synthetic datasets of rainy and clean images

provided by the authors of [16], [3], and [51] for single image de-raining. It has

been proved that rain streaks information is preserved in the DFT domain, and

deep CNN can be trained to utilize such features for image de-raining problem.

In the second part, a dual-domain conditional GAN based framework is pro-

posed for a single image de-raining task. The proposed method utilized both

spatial, frequency domain features and produced results are both quantitatively

and qualitatively better than existing state-of-the-art methods. It is shown how

frequency domain cues can be used along with the spatial domain features for

the image de-raining task, and significant improvement can be achieved over the

spatial domain baseline method. The visual quality of the de-rained image has

been ensured by using the perceptual loss function. Unlike existing methods, the

proposed method does not suffer from the problem of over-coloring and white

rounds artifacts.

So far in this dissertation, a pseudo-periodic additive noise in terms of single

image rain-streak removal has been addressed using a variety of deep CNNs. Both

spatial and transformed domain aspects of the rain-streaks have been exploited.

However, in the real world, noise in an image may not be as simplistic as rain-

streaks. In that case, one may require to approach in a different direction by

considering the underlying distribution of the noise. With this motivation, the

next chapter addresses an exponential noise in terms of single image de-hazing

using deep learning techniques.
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Chapter 5
A Probe Towards Scale-Space Invariant

Conditional GAN for Image De-Hazing

Haze in an image follows exponential distribution based on the depth of the pixel

(see Eq. 1.2). Most of the methods discussed in Chapter 1 have been successful

in the single image dehazing task. However, a few of such haze-free images suffer

from color degradation and halo artifacts that prevail around the high-intensity

regions and edgy structures.

In particular, existing methods such as [48, 55] suffer from color degradation,

halo and checkerboard artifacts that prevail around the high-intensity regions,

and edgy structures in the de-hazed images (see Figure 5.1). Also, A majority of

the existing learning-based schemes, to name a few [10, 18], separately estimates

the transmission and atmospheric light maps, which incurs the computational

cost. And most importantly, considering the exponentially varying haziness, the

scale-space property of the hazy images has not been exploited in the case of deep

model engineering. It has also been shown Section 2.3 that the LoG retains a

variety of edgy structures at different scales in an image.

In the case of image de-noising, deep learning models may consider every

object in an image at the same scale-space. As a result, the de-noised images

may suffer from blurriness and halo artifacts. It is based on the fact that a

traditional CNN model does not aware of scale-space of an object. Therefore,
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Color-degradation Halo Checkerboards

Figure 5.1: A graphical demonstration of the color degradation, halo and checkerboard
artifacts in the de-hazed results of existing works.

this chapter makes the first attempt to study the behavior of a scale-space aware

deep learning-based model. For this, we define a new loss function, which is based

on the LoG of an image. It has been observed during our experimentation that

the difference of LoG’s between clean and de-hazed images can be used as a cost

function to optimize the proposed model (see Figure 5.2). Such incorporations

may help the model to learn the scale-space [85] of every object in an image.

An analogy, based on the use of perceptual loss function [8] in a deep network

to recover the high-frequency details of an image, may support this argument.

Therefore, the contributions of this chapter can be summarised as follows:

1. A novel scale-space aware conditional GAN based method has been pro-

posed for single image de-hazing. In addition to the adversarial training,

the perceptual loss function has been used to enhance the visual quality of

the de-hazed images.

2. We introduce the LoG difference between clean and de-hazed images as a

cost function to optimize the proposed conditional GAN-based model and

wipe out the halo artifacts in the de-hazed images by retaining the edgy

structures more precisely.

3. A random data augmentation has been done when training to improve the

efficiency of the proposed model further. A brief study of the same has been

given in this chapter followed by an ablation study, which is presented at
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SSIM = 0.7818 SSIM = 0.8790 SSIM = 0.9260 SSIM = 1
PSNR = 13.80 dB PSNR = 15.83 dB PSNR = 22.03 dB PSNR = inf

Hazy Image DCPDN [10] Proposed Ground Truth

(i) (ii) (i) (ii) (i) (ii) (i) (ii)

(iii) (iv) (iii) (iv) (iii) (iv) (iii) (iv)
(I) (II) (III) (IV)

Figure 5.2: Sample Laplacians of Gaussian (LoG) filters of (I) Hazy, (II) Dehazed
by using [10], (III) Proposed and (IV) Clean images. For each in I,II,III and IV,
(i) G(m,n, kσ) − G(m,n, σ), (ii) G(m,n, k2σ) − G(m,n, kσ), (iii) G(m,n, k3σ) −
G(m,n, k2σ), and (iv) G(m,n, k4σ)− G(m,n, k3σ).

the end of this chapter, along with extensive experiments.

5.1 Proposed approach

In this section, we first present the architecture of the proposed model as shown

in Figure 5.3, which is based on a conditional GAN framework followed by the

cost functions incorporated for the single image dehazing task. The proposed

model comprises of two main sub-networks, Generator (ϕG) and Discriminator

(ϕD). The regimes of operations of ϕG and ϕD are as follows.

Generator (ϕG) model takes input as hazy image H in RGB color space and

predicts the corresponding dehazed image C̄. It consists of an encoder-decoder [7]

architecture which has been useful in various image restoration tasks. The en-

coder part consists of 6 convolutional layers, each with 64 kernels followed by

BN [134] and ReLU activation function. Each kernel has a spatial dimension of

3×3 with stride and padding of 1. On the other hand, the decoder part com-

prises of 6 transpose convolutional layers which are also known as Deconvolution.
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Figure 5.3: An overview of the proposed model for the single image dehazing problem.

Each deconvolution layer consists of 64 kernels except the last, with the spatial

dimension of 3×3 and stride, padding of 1 followed by BN and ReLU. Orhan

et al. [149] have shown that skip connections may reduce the singularities, such

as elimination, overlap and those caused by the linear dependence of the nodes,

that slow down the training process of deep CNN. Therefore, the skip connec-

tions have been assigned between layers 4, 5 of the encoder to layers 3, 2 of the

decoder. The proposed ϕG directly estimates the dehazed image C̄ = ϕG(H) from

the input hazy image H. Unlike Zhang et al. [10], the proposed scheme preserves

the spatial dimension of the input (H) and output (C̄) images, thereby achieving

the shape invariant nature.

Discriminator (ϕD) learns to maximize the probability of precisely classi-

fying the input samples into real or fake de-hazed images. This, in turn, helps

the ϕG to generate natural de-hazed images. The proposed ϕD consists of 4 con-

volution layers with 8, 16, 32, and 3 kernels respectively, followed by BN and

PReLU [150] activation function. Each kernel in ϕD has a spatial dimension of

3×3 with stride and padding of 1. The output of the ϕD is the mean sigmoid

over the feature maps from the last convolution layer.
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5.1.1 Loss function

Let ϕG(H) ∈ [0, 1]c×w×h be the dehazed image estimated by the proposed model

with c, w, h as channels, width and height respectively. The conventional per-

pixel loss (LE) between dehazed and ground truth (C) images can be written as

LE =
∑

ci,wi,hi

∥

∥

∥
ϕG(H)ci,wi,hi −Cci,wi,hi

∥

∥

∥

2

2
(5.1)

In general, the noise present in an image exhibits high-frequency nature. Dur-

ing image de-noising by using a traditional CNN, the use of Euclidean distance as

a cost function may incur the loss of high-frequency details of the image along with

the noise removal [107]. As a result, the de-noised images appear to be blurry and

degraded. The perceptual loss function proposed by Johnson et al. [8] has been

used in the majority of the image de-noising and restoration problems [3,108–113]

in recent times to overcome this drawback by retaining the high-frequency de-

tails of an image. The perceptual cost function is defined as a difference between

high-level features of predicted and target images extracted by using a pre-trained

CNN. In this case, initial five layers (l) of a pre-trained VGG16 [5] model (V )

have been used to extract the features 1. The perceptual loss function (LP ) can

be expressed as

LP =
∑

l

∑

ci,wi,hi

∥

∥

∥
Vl(ϕG(H))ci,wi,hi − Vl(C)ci,wi,hi

∥

∥

∥

2

2
(5.2)

Adversarial training has been beneficial in many of the de-noising tasks [151–154].

In this case, the proposed generator ϕG can learn from its adversary ϕD based on

the adversarial loss for a set of N training samples defined as

LA = − 1

N

N
∑

i=1

log ϕD(ϕG(H)i) (5.3)

Intuitively, the use of Euclidean, Perceptual and Adversarial losses to train the

proposed model may have given the visually appealing results. However, it is ob-

1https://github.com/pytorch/examples/tree/master/fast_neural_style
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served that a few of the estimated dehazed images suffer from halo and checker-

board artifacts. The LoG filters (f) capture these finer details and can be used

as a cost function based on the following equation 1.

LLoG =
∑

f,ci,wi,hi

∥

∥

∥
Lf (ϕG(H))ci,wi,hi − Lf (C)ci,wi,hi

∥

∥

∥

2

2
(5.4)

Therefore, the aggregated loss to train the proposed generator model ϕG can be

written as

LϕG
= λE.LE + λA.LA + λP .LP + λG.LLoG (5.5)

where, λE, λA, λP and λG are the cost weights. Moreover, the final objective

function of the proposed model for single image de-hazing task can be defined as

min
ϕG

max
ϕD

{LGAN + λE.LE + λP .LP + λG.LLoG} (5.6)

5.2 Experiments and results

This section illustrates the details of the experimental setup and dataset used for

the training and testing of the proposed model. A concise description of image

assessment metrics chosen, followed by an ablation study and comparison with

the existing methods on both synthetic and real-world hazy images are given.

5.2.1 Datasets and training details

We have chosen the training dataset provided by Zhang et al. [10], which con-

sists of 4000 indoor images. In addition, we have also included 45 hazy outdoor

images provided by Ancuti et al. [128]. During training, following [155], we have

augmented the input pairs by using (1) Random rotation, (2) Vertical flip, (3)

Horizontal flip and, (4) Random cropping. Each data augmentation technique

has a probability of 0.5 to be applied to the input pair. Whereas, the input

pair will be augmented with the expectation (pdat) of 0.5. Input pair is rotated

1Parameters of the laplacian model are not updated when training.
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with the degree randomly chosen between [1◦, 359◦]. Cropping is done with the

size u × u; u ∈ [8, 256] randomly chosen at a random location in the input pair.

For each input pair when training, a randomly selected transformation between

{Horizontal flip, Vertical flip}, in addition to Rotation and Cropping, is applied

in random order. For testing, we have used synthetic dataset (SOTS) provided

by Li et al. [129] which consists of 500 outdoor and indoor images. We have also

evaluated our proposed work on the benchmark test set1 provided by Fattal et

al. [17] and real-world hazy images.

The proposed network is trained on a Nvidia Tesla GPU using the Torch

framework [156] for 104 epochs. For training, we have experimentally chosen

λE = λA = λP = λG = 1 for the losses in estimating the dehazed image. With the

batch size of 5 images, Adam [142] optimization algorithm with a fixed learning

rate of 2 × 10−4 has been used when training. The training samples are resized

to 496 × 496.

5.2.2 Evaluation metrics

The proposed scheme has been compared with existing approaches using following

16 full-reference and no-reference image quality metrics: Full-reference - Struc-

tural Similarity Index (SSIM) [15], Peak Signal to Noise Ratio (PSNR), Visual

Information Fidelity (VIF) [116], Universal-Image-Quality Index (UQI) [115],

Learned Perceptual Image Patch Similarity (LPIPS) [117], Mean Squared Er-

ror (MSE), Multi-scale Structural Similarity Index (MS-SSIM) [114], The Fea-

ture Similarity Index (FSIM) index [119], CIEDE 2000 [120], Haar Wavelet-based

Perceptual Similarity Index (Haar PSI) [121], Gradient Magnitude Similarity De-

viation (GMSD) [122] and Spatial Efficient Entropic Differencing for Image and

Video Quality (SpEED-QA) [157]. No-reference - Total Variation (TV) [158],

Naturalness Image Quality Evaluator (NIQE) [123], BLind Image Integrity No-

tator using DCT-Statistics (BLIINDS)2 [127], and Blind/Referenceless Image

1http://www.cs.huji.ac.il/~raananf/projects/dehaze_cl/results/
2Images are resized to 512× 512 to reduce the computation time.
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Spatial Quality Evaluator (BRISQUE) [126]. In this chapter, the behaviour of

these evaluation norms are described by using following symbols: ❛ (denotes

higher is better) and, ❝ (denotes lower is better). The description of incorpo-

rated evaluation metrics can be found in Section 2.5.

Measure Behaviour Input
DCP EIDBR CAP DEFADE MSCNN NLD AOD-Net DCPDN PQC PLD DSIE

Proposed[48] [55] [56] [57] [60] [58] [61] [10] [62] [63] [64]
TPAMI ‘11 ICCV ‘13 TIP ‘15 TIP ‘15 ECCV ‘16 CVPR ‘16 ICCV ‘17 CVPR ‘18 TIP ‘18 ECCV ‘18 CVPRW ‘19

SSIM ❛ 0.8148 0.8254 0.7665 0.7584 0.8072 0.8389 0.8210 0.9062 0.8722 0.8791 0.8889 0.7580 0.8941

PSNR ❛ 15.95 17.33 15.47 18.12 18.89 19.48 17.97 20.43 18.04 19.28 19.45 15.57 20.57

VIF ❛ 0.7348 0.5529 0.5766 0.5047 0.5380 0.5492 0.6003 0.6638 0.7502 0.7892 0.8150 0.4969 0.6890

MSE ❝ 2.084 1.566 2.850 1.216 1.238 0.822 1.413 0.695 1.279 1.021 0.938 2.062 0.642

UQI ❛ 0.7765 0.8581 0.8210 0.7565 0.8314 0.8649 0.8511 0.8962 0.8434 0.8552 0.8653 0.8015 0.8754

LPIPS ❝ 0.1038 0.1604 0.1855 0.1348 0.1425 0.1155 0.1465 0.0795 0.0885 0.0751 0.0792 0.2320 0.0728

MS-SSIM ❛ 0.9263 0.8859 0.8399 0.8796 0.8948 0.9101 0.8920 0.9435 0.9435 0.9524 0.9521 0.8296 0.9456

TV-Error ❝ 0.7802 1.1151 1.7031 0.9753 1.3706 1.0559 1.4894 1.1302 0.8623 1.2920 1.1211 1.3097 1.1720

NIQE ❝ 2.9053 2.8033 3.2193 1.5827 2.5663 2.4603 3.1550 2.4240 2.2705 2.7443 2.7819 4.0628 2.1452

FSIM ❛ 0.9448 0.9445 0.8769 0.9405 0.9441 0.9598 0.9361 0.9579 0.9635 0.9665 0.9701 0.8830 0.9687

CIEDE 2000 ❝ 23.80 15.50 18.82 17.88 16.30 14.83 16.04 12.11 17.66 14.61 14.22 21.08 11.96

Haar PSI ❛ 0.8616 0.7866 0.6382 0.8219 0.8180 0.8582 0.7633 0.8768 0.8418 0.8804 0.9037 0.6552 0.8752

GMSD ❝ 0.0522 0.0643 0.1162 0.0643 0.0561 0.0438 0.0677 0.0462 0.0572 0.0425 0.0333 0.1137 0.0325

BRISQUE ❝ 15.79 23.43 27.21 24.18 22.13 22.63 22.32 12.95 23.40 16.06 15.19 17.25 14.67

SpEED-QA ❝ 8.66 13.88 28.61 17.84 16.53 15.21 17.33 12.99 11.96 12.00 11.15 25.23 10.17

fom ❛ - 0 0 1 0 0 0 3 0.6 1.8 3 0 5.6

Table 5.1: Quantitative comparison on the SOTS (Outdoor) dataset. Best and second
best results are shown in blue and red colors respectively. A figure of merit (fom)
decides the final score as number of (0.6×Best+0.4×Second Best)/Total Metrics. TV-
Error is 107.

5.2.3 Ablation study

This sub-section presents an ablation study of the proposed method. We have

compared the proposed model with the baseline configurations (M-X, where X

denotes the proposed model is trained using only loss X) and M-NDA refers to

the proposed model trained without using adopted data augmentation based on

the Eq. 5.6. It can be observed from the Table 5.3 that the inclusion of LP in

addition to LE and LA has shown a significant improvement. Further, the use of

LLoG has contributed an average improvement of ∼ 1.72%, ∼ 3.76% in SSIM and

PSNR, respectively, over the model M-LE +LA +LP . A noticeable increment of

∼ 2.18%, ∼ 6.69% in SSIM and PSNR, respectively, is further observed when the

data augmentation techniques, summarised in Sub-section 5.2.1, are used during

the training.

92TH-2563_176101005



Measure Behaviour Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61] DCPDN [10] Cycle-Dehaze [67] MAMF [65] MS-PPD [159] PQC [62] PLD [63] DSIE [64] Proposed

NIQE ❙ 4.5196 3.6763 5.6602 3.3444 3.6283 4.4219 4.7583 4.1259 5.9101 4.5506 8.6962 5.5536 4.4316 4.5568 8.1091 4.3041

BRISQUE ❙ 18.49 21.80 22.55 19.11 22.98 20.29 20.19 18.73 20.57 13.23 21.62 19.73 19.78 22.42 21.03 18.65

BLINDS II ◗ 5.87 7.20 11.34 6.44 10.08 10.27 10.65 9.70 14.00 10.48 12.18 12.18 10.48 6.50 12.27 13.44

Table 5.2: Quantitative results on the Benchmark images provided by [17].

Baseline Input M-LE M-LP M-LE + LP M-LE + LA M-LE + LA + LP M-NDA Proposed
SSIM 0.8148 0.7780 0.8220 0.8321 0.7937 0.8602 0.8750 0.8941
PSNR 15.95 17.78 16.80 17.83 17.49 18.58 19.28 20.57

Table 5.3: Quantitative comparison of the proposed method with the baseline configu-
rations on the SOTS (Outdoor) test set.

5.2.4 Comparison with State-of-the-Art Methods

Evaluation on synthetic dataset. Tables 5.1, 5.4, and 5.5 present the quanti-

tative comparison of the proposed scheme with 14 state-of-the-art methods using

15 image quality metrics as mentioned in earlier Sub-section 5.2.2. Based on

the proposed figure of merit (fom) in Tables 5.1 and 5.4, it can be observed

that the proposed scheme has shown a significant improvement over the existing

methods [10,61–63]. Despite the fact that SSIM value achieved by [61] on SOTS

(outdoor) test set is ∼ 1.35% higher, the proposed scheme outperforms [61] by

a noticeable margin of ∼ 86% in overall ranking (fom). One of the important

aspect of the single image haze removal problem is color restoration. To evaluate

this, we have employed CIEDE which essentially measures the color difference

between two images. As reported in Table 5.1, the proposed scheme has outper-

formed the existing methods [10, 48, 56, 58, 60–63] with the lowest CIEDE value

of 11.96. Qualitative analysis on outdoor and indoor test sets, as shown in Fig-

ures 5.5, 5.7 respectively, proves the supremacy of the proposed scheme over other

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61] DCPDN [10] PQC [62] PLD [63] Proposed

Figure 5.4: Subjective comparison of the proposed method with the existing state-of-
the-art schemes on the SOTS (Indoor) test images.
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Measure Behaviour Input
DCP EIDBR CAP DEFADE MSCNN NLD AOD-Net DCPDN PQC PLD DSIE

Proposed[48] [55] [56] [57] [60] [58] [61] [10] [62] [63] [64]
TPAMI ‘11 ICCV ‘13 TIP ‘15 TIP ‘15 ECCV ‘16 CVPR ‘16 ICCV ‘17 CVPR ‘18 TIP ‘18 ECCV ‘18 CVPRW ‘19

SSIM ❛ 0.6942 0.8595 0.7682 0.8171 0.7565 0.7955 0.7775 0.8260 0.7283 0.8513 0.8445 0.6791 0.8598

PSNR ❛ 11.97 20.04 16.13 18.97 17.20 17.12 17.29 19.07 13.19 20.25 20.28 13.78 19.68

VIF ❛ 0.6858 0.7179 0.6782 0.6468 0.6656 0.7305 0.7808 0.6698 0.7148 0.7785 0.7765 0.4563 0.6945

MSE ❝ 4.856 0.776 2.024 0.983 1.531 1.592 1.427 1.144 3.723 0.722 0.728 3.114 0.914

UQI ❛ 0.6435 0.8492 0.7681 0.7879 0.7326 0.7577 0.7698 0.8019 0.6774 0.8228 0.8144 0.7029 0.8406

LPIPS ❝ 0.1999 0.1033 0.1584 0.1108 0.1449 0.1116 0.1432 0.1014 0.1531 0.0771 0.0779 0.2690 0.1128

MS-SSIM ❛ 0.8771 0.9266 0.8767 0.9095 0.8924 0.9269 0.8968 0.9199 0.8915 0.9432 0.9409 0.7858 0.9267

TV-Error ❝ 0.4808 0.7683 0.9635 0.6685 0.8218 0.6657 0.9738 0.6626 0.6302 0.8343 0.7430 1.0559 0.8786

NIQE ❝ 1.8977 1.2869 1.7616 1.3165 1.6364 1.7327 1.7397 1.6264 2.3240 1.6780 1.7007 3.7639 0.9852

FSIM ❛ 0.9112 0.9418 0.8978 0.9309 0.9289 0.9473 0.9203 0.9410 0.9253 0.9569 0.9573 0.8637 0.9613

CIEDE 2000 ❝ 34.73 11.85 18.76 15.24 18.91 21.39 18.34 16.14 29.00 12.41 13.48 23.36 12.14

Haar PSI ❛ 0.7599 0.8313 0.6751 0.8138 0.7764 0.8514 0.7275 0.8336 0.7180 0.8663 0.8797 0.6332 0.8155

GMSD ❝ 0.0879 0.0668 0.1129 0.0793 0.0805 0.0656 0.0935 0.0652 0.1134 0.0582 0.0547 0.1398 0.0517

BRISQUE ❝ 38.92 34.86 33.48 36.33 33.71 35.44 33.42 34.74 41.74 33.78 34.10 29.87 32.95

SpEED-QA ❝ 15.26 15.83 24.14 18.61 17.49 15.16 20.00 14.00 18.46 14.16 12.92 29.54 10.77

fom ❛ - 2 0 0 0 0 0.6 0.4 0.6 3 3.6 0.6 4.2

Table 5.4: Quantitative comparison on the SOTS (Indoor) dataset. Best and second
best results are shown in blue and red colors respectively. A figure of merit (fom)
decides the final score as number of (0.6×Best+0.4×Second Best)/Total Metrics. TV-
Error is 107.

Outdoor
Measure Behaviour Cycle-Dehaze [67] MAMF [65] MS-PPD [159] Proposed

SSIM ❛ 0.7850 0.7502 0.8119 0.8941

PSNR ❛ 12.93 17.81 17.23 20.57

SpEED-QA ❝ 10.64 21.50 14.84 10.17
Indoor

Measure Behaviour Cycle-Dehaze [67] MAMF [65] MS-PPD [159] Proposed

SSIM ❛ 0.7748 0.7269 0.7687 0.8598

PSNR ❛ 17.18 17.16 16.67 19.68

SpEED-QA ❝ 16.86 24.36 18.97 10.77

Table 5.5: Comparison with other existing methods on SOTS.

methods. Unlike [10, 64, 67, 159], the proposed scheme does not suffer from color

degradation. As shown in Figure 5.5(c), results obtained by using [60–62] still

contain the hazy part and obscured edgy structures. Whereas, the result obtained

by using the proposed scheme is free from such artifacts.

The primary reason behind such improvement may be the use of perceptual

loss [8] and the introduced LoG difference as the cost functions. Especially, the

LoG loss, which may have improved the efficiency of the proposed model by

considering the scale-space of the objects from the initial epoch. The proposed

method has also been tested on the benchmark images provided by the Fattal et

al. [17] and results are tabulated in the Table 5.2.

Evaluation on real-world dataset. The proposed model has been evalu-

ated on several real-world hazy images, as shown in Figure 5.6. It can be observed
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SSIM = 0.7229 SSIM = 0.6822 SSIM = 0.7587 SSIM = 0.8274 SSIM = 0.8763 SSIM = 0.8054 SSIM = 0.7650 SSIM = 0.9344

PSNR = 12.59 dB PSNR = 21.95 dB PSNR = 14.05 dB PSNR = 20.54 dB PSNR = 22.19 dB PSNR = 18.48 dB PSNR = 20.60 dB PSNR = 22.68 dB

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61]

SSIM = 0.7590 SSIM = 0.9211 SSIM = 0.9071 SSIM = 0.7039 SSIM = 0.5298 SSIM = 0.6612 SSIM = 0.9633 SSIM = 1.0000

PSNR = 12.23 dB PSNR = 21.96 dB PSNR = 23.07 dB PSNR = 14.42 dB PSNR = 14.92 dB PSNR = 17.41 dB PSNR = 26.56 dB PSNR = inf

DCPDN [10] PQC [62] PLD [63] DSIE [64] Cycle-Dehaze [67] MS-PPD [159] Proposed Clean

(a)
SSIM = 0.7097 SSIM = 0.9024 SSIM = 0.8343 SSIM = 0.8950 SSIM = 0.8787 SSIM = 0.8087 SSIM = 0.8696 SSIM = 0.8791

PSNR = 12.11 dB PSNR = 19.08 dB PSNR = 15.76 dB PSNR = 20.46 dB PSNR = 18.69 dB PSNR = 17.06 dB PSNR = 20.25 dB PSNR = 19.56 dB

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61]

SSIM = 0.9065 SSIM = 0.9228 SSIM = 0.9506 SSIM = 0.6358 SSIM = 0.6595 SSIM = 0.7152 SSIM = 0.9522 SSIM = 1.0000

PSNR = 21.71 dB PSNR = 21.65 dB PSNR = 23.02 dB PSNR = 12.96 dB PSNR = 11.29 dB PSNR = 17.68 dB PSNR = 23.29 dB PSNR = inf

DCPDN [10] PQC [62] PLD [63] DSIE [64] Cycle-Dehaze [67] MS-PPD [159] Proposed Clean

(b)
SSIM = 0.6215 SSIM = 0.8134 SSIM = 0.6426 SSIM = 0.8416 SSIM = 0.7774 SSIM = 0.7496 SSIM = 0.8770 SSIM = 0.8454

PSNR = 11.43 dB PSNR = 20.19 dB PSNR = 11.88 dB PSNR = 22.03 dB PSNR = 17.48 dB PSNR = 16.81 dB PSNR = 21.65 dB PSNR = 18.87 dB

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61]

SSIM = 0.7042 SSIM = 0.8607 SSIM = 0.8856 SSIM = 0.6705 SSIM = 0.5681 SSIM = 0.6992 SSIM = 0.9029 SSIM = 1.0000

PSNR = 13.40 dB PSNR = 20.09 dB PSNR = 22.16 dB PSNR = 13.64 dB PSNR = 13.17 dB PSNR = 15.73 dB PSNR = 19.95 dB PSNR =inf

DCPDN [10] PQC [62] PLD [63] DSIE [64] Cycle-Dehaze [67] MS-PPD [159] Proposed Clean

(c)

Figure 5.5: Subjective evaluation of the proposed method with existing schemes in
terms of SSIM and PSNR(dB) on SOTS (Outdoor) images.

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61] DCPDN [10] PQC [62] PLD [63] Proposed

Figure 5.6: Subjective comparison of the proposed model with the existing methods on
the real-world hazy images.
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DCP [48] EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58] AOD-Net [61] DCPDN [10] PQC [62] PLD [63] DSIE [64] Proposed
Platform MATLAB [160] MATLAB [160] MATLAB [160] MATLAB [160] MATLAB [160] MATLAB [160] Pycaffe [161] Torch [156] Keras [162] MATLAB [160] Torch [156] Torch [156]
Time 16.37 2.64 0.78 34.84 1.71 5.05 0.48 0.13† 29 1.68 6.10‡ 0.05

Table 5.6: Average running time (in seconds) on the test set SOTS (Indoor). † Tested
with images of size 512× 512. ‡ On CPU.

Input DCP [48]

EIDBR [55] CAP [56] DEFADE [57] MSCNN [60] NLD [58]

AOD-Net [61] DCPDN [10] PQC [62] PLD [63] DSIE [64]

Cycle-Dehaze [67] MS-PPD [159] Proposed Clean

Figure 5.7: Comparison with the existing schemes on a synthetic hazy image (Indoor).

that the earlier existing approaches such as [48], zhu tend to under dehaze the

given images whereas schemes such as [55,57,58] have produced the dehazed im-

ages with oversaturated tones. It may be because these methods have used a

hand-crafted feature such as dark channel prior, to estimate the haze distribu-

tion in the images. As a result, the models may not have generalized well on a

variety of hazy images. Recent deep learning based approaches such as [60–63]

have been successful compared to the previous models. However, such methods

have failed to address the perceptual quality of the dehazed images. The pro-

posed scheme has produced visually appealing results compared to other existing

methods. More results are shown in Figures 5.9 5.10, 5.11.

Run-time comparison and failure case. The runtime comparison of the

proposed scheme with existing methods has been shown in Table 5.6. It can be

observed that the proposed model takes about ∼ 0.05 seconds to test an image
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Input NLD [58] AOD-Net [61]

PQC [62] PLD [63] Proposed

Figure 5.8: Failure case. The proposed model does not perform well on the images
with dense haze.

with an average size of 620 × 460. The proposed method fails to address the

images with dense haze, as shown in Figure 5.8. However, the perceptual quality

of the dehazed image recovered by using the proposed scheme is better than the

same by using the existing methods [58, 61–63].

5.3 Summary

This chapter presents an end-to-end deep learning-based approach for the single

image haze removal problem. The proposed scheme is built upon the conditional

GAN framework and directly estimates the de-hazed image. We have shown the

better preservation of the edgy structures in the LoGs of the hazy images, which

inspired us to consider the LoG difference as a cost function. The generalization

of the proposed model has been verified by using three benchmark test sets,

namely: SOTS (Indoor and Outdoor), Fattal et al. [17] and, real-world hazy

images. Despite the fact that the proposed model fails to address the images with

dense haze, it has been evaluated using 15 image quality assessment metrics, and

extensive comparison with existing methods proves its primacy.

As of now, in the three contributory chapters, we have shown the deep

learning-based methods for different image restoration tasks. In the next and

final contributory chapter, we will show how a GAN-based model can be used for

a video restoration task.
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Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(a)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(b)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(c)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(d)

Figure 5.9: Qualitative comparison of the proposed model with existing schemes on
real-world hazy images.
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Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(a)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(b)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(c)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(d)

Figure 5.10: Qualitative comparison of the proposed model with existing schemes on
real-world hazy images.
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Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(a)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(b)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(c)

Input DCP [48] EIDBR [55] CAP [56] DEFADE [57] MS-CNN [60]

NLD [58] AOD-Net [61] PQC [62] PLD [63] DCPDN [10] Proposed

(d)

Figure 5.11: Qualitative comparison of the proposed model with existing schemes on
real-world hazy images.
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Chapter 6
Frame-Recurrent Multi-Contextual

Adversarial Network for Video

De-Raining

In the last three contributory chapters, we have proposed deep learning-based

image restoration models. In this chapter, we proposed a deep video de-raining

model. Video restoration has an additional complexity of preserving the temporal

consistency across the frames in addition to spatial enhancement. Following are

the points extending the limitations of existing approaches from Chapter 1, in

detail:

• It is observed that a recent method proposed by TCL [4] suffers from the

out-of-shape unrealistic transformation of the objects and severe motion

blur in the de-rained videos as shown in Figure 6.1. Such methods fail

when the displacement of the objects in the frame is large.

• It has also been observed that a few of the existing schemes such as Fast-

DerainNet [11] suffer from high visual distortion, such as the visibility of

rain-streaks, in de-rained frames with heavy rain-streaks as shown in Fig-

ure 6.1.

• It is also evident from the visual inspection that existing methods suffer

from the color-saturation problem in the de-rained frames. It may be due

to the estimation of de-rained images in the highly correlated RGB color

space as shown in Figure 6.2.
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Ri−1 Ri Ri+1 Ri−1 Ri Ri+1

Ti−1 Ti Ti+1 Fi−1 Fi Fi+1

TIP’15 TIP’19

Oi−1 Oi Oi+1 Oi−1 Oi Oi+1

Ci−1 Ci Ci+1 Ci−1 Ci Ci+1

Case 1 Case 2
Figure 6.1: Case 1 shows the existing method TCL [4] suffer from out-of-shape re-
construction and heavy motion blur. Case 2 shows the existing method FastDerain [11]
suffer from incomplete rain-removal. R, O and C denote the rainy, our result and pre-
dicted clean results. T , and F denote TCL [4] and FastDerain [11] results. i − 1, i
and i + 1 denote three consecutive frames in a video. Please zoom the figure for

better comparative view.

• It has been generally observed that the utilization of previously predicted

frame to estimate the current frame, boosts the performance of the network

in case of the videos in deep CNN’s. However, if not carefully crafted, the

imprints of previous frames can be seen in the current frame, as shown in

Figure 6.2.

• It has also been a major concern to retain the objects that align with the

rain-streaks in the frame. A recent method SPAC-CNN [14] suffer from

such degradation as shown in Figure 6.3, where the poles bounded in the

white-boxes, disappeared in the SPAC-CNN results but retained by the

proposed model. It has been observed in various other images which are

portrayed in the later sections of this chapter.

• High-frequency loss and heavy distortions are among other observations in

the existing methods, as shown in Figure 6.3.
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Ri−1 Ri Ri+1 Ri−1 Ri Ri+1

Si−1 Si Si+1 Mi−1 Mi Mi+1

ICCV’17 CVPR’18

Oi−1 Oi Oi+1 Oi−1 Oi Oi+1

Ci−1 Ci Ci+1 Ci−1 Ci Ci+1

Case 3 Case 4
Figure 6.2: Case 3 shows the existing method SE [12] suffer from color distortion and
motion blur. Case 4 shows the existing method MSCSC [13] suffer from the artifacts
of previous frame. R, O and C denote the rainy, our result and predicted clean results.
S, and M denote SE [12] and MSCSC [13] results. i − 1, i and i + 1 denote three
consecutive frames in a video. Please zoom the figure for better view.

• The existing approaches, due to the separate modules for spatial and tem-

poral enhancement, may require more computational resources.

To summarize, the heavy motion blur, color distortion, object disappearance,

imprints from previous frames, and visible rain-streaks are major shortcomings

of the existing works. Based on the above observations, the main goal of this

work is to propose a unified deep model for handling spatial as well as temporal

consistencies inherently and overcome the shortcomings mentioned above. To

achieve these goals, following contributions have been made in this chapter:

1. A frame-recurrent conditional GAN [50] based framework has been pro-

posed for the problem of video rain-streak removal, where the generator

model directly estimates the de-rained frame by utilizing the previous de-

rained frame and its rain-map. The proposed generator model consists of an

Encoder-Decoder [7] based frame recurrent model which may help in pre-
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Ri−1 Ri Ri+1 Ri−1 Ri Ri+1

Si−1 Si Si+1 Si−1 Si Si+1

CVPR’18 CVPR’18

Oi−1 Oi Oi+1 Oi−1 Oi Oi+1

Ci−1 Ci Ci+1 Ci−1 Ci Ci+1

Case 5 Case 6
Figure 6.3: Case 5 shows the existing method SPAC [14] suffer from removal of
objects that align with rain streaks. Case 6 shows the existing method SPAC [14]
suffer from the blurriness. R, O and C denote the rainy, our result and predicted clean
results. S denote SPAC [14] results. i− 1, i and i+ 1 denote three consecutive frames
in a video. Please zoom the figure for better comparative view.

serving the temporal consistency of the de-noised videos [163]. The detailed

demonstration has been given in Section 6.1.

2. We also propose a 3D Convolution-based Multi-Contextual adversary for

the generator model that learns the multi-contextual features from the pre-

viously estimated consecutive de-rained frames and helps the generator to

estimate the high-resolution de-rained frames.

3. To avoid the loss of high-frequency details in the de-rained frames, we have

incorporated the Perceptual loss [8] function in addition to traditional Eu-

clidean distance for the optimization the proposed model. Also, instead of

the conventional entropy loss function, we propose to use the Euclidean dis-

tance between multi-contextual features of the de-rained and clean frames

as the adversarial loss from the proposed discriminator model for the video

de-raining task.
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4. Following [164], we slowly introduce the perceptual and adversarial loss to

the proposed generator that increases exponentially based on the current

iteration. It may help the proposed model to avoid the sudden deviations

in the learned weights whenever a new loss is introduced. The experimental

details re given in Section 6.2

5. A comprehensive comparison of the proposed method with 10 state-of-the-

art methods on 11 test-sets using 14 image quality metrics are presented to

justify the efficacy of the proposed work. We conclude the performance of

the methods based on a proposed figure of merit (fom). Section 6.3 presents

the quantitative and qualitative results.

6.1 Proposed Methodology

This section first presents the brief extension of GAN in video de-raining followed

by the architecture of the proposed model, as shown in Figures 6.4, 6.5, and the

cost functions incorporated for the video de-raining task.

6.1.1 Extending GAN for Video De-Raining

The proposed method is built upon the conditional GAN framework [165], which

consists of two main sub-modules, namely (a) Generator, and (b) Discriminator,

as ϕG, ϕD respectively in our case. While ϕG aims to de-rain the given rainy

video, ϕD learns to distinguish between the real (actual clean) and fake (de-

rained) videos. The proposed ϕG is trained from its adversary ϕD until a Nash

Equilibrium [166] is achieved by playing a 2-player mini-max game based on the

following equation

min
ϕG

max
ϕD

LGAN (6.1)

,where ϕG, and ϕD learn by stochastically descending, and ascending their pa-

rameters, respectively. LGAN can be written as

LGAN = EVrainy∼Pdata(Vrainy)
log(1− ϕD(Vrainy, ϕG(Vrainy)))

+ EVrainy∼Pdata(Vrainy,Vclean)
log(ϕD(Vrainy,Vclean))

(6.2)

,where Vrainy, Vclean are rainy and clean videos, respectively.
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As described above, the proposed model comprises of two main sub-modules,

Generator (ϕG) and Discriminator (ϕD). The regimes of operations of ϕG and ϕD

are described as follows:

6.1.2 Network Architecture

It can be observed from Chapter 4 and Lian et al. [167] that the pseudo-periodic

nature of the rain-streaks can be well described in YCbCr color space. By con-

verting the RGB rainy image into YCbCr color space, the chrominance channels

are smoothened, and the majority of the rain-streaks are present in the Y channel

only. Therefore, we have processed only on the Y channel of the rainy frames

and estimates the Y channel of de-rained frames. The chrominance channels can

be re-used to convert the produced result into RGB color-space.

To formally define the problem, let VTrain be the training set consists of n

rainy and clean video pairs (P), where mth pair is denoted as P(Vm
rainy,V

m
clean).

The mth rainy video from VTrain is denoted as Vm
rainy = {fmr,1, fmr,2, fmr,3,...,fmr,k },

where fmr,i denotes i
th rainy frame. Similarly, Vm

clean = {fmc,1, fmc,2, fmc,3,...,fmc,k}, where
fmc,i denotes i

th clean frame. Let f̂mc,i denotes the i
th frame of mth predicted clean

video V̂m
clean. The estimated rain map r̂mmap,i from the ith frame of mth predicted

clean video can be formulated as

r̂mmap,i = fmr,i − f̂mc,i (6.3)

Let S∗
i , O∗

i denotes the input and output to/from the proposed generator ϕG

corresponding to ith frame of the mth video, such that

S∗
i = f̂mc,i−1 ⊙ r̂mmap,i−1 ⊙ fmr,i−1 ⊙ fmr,i ⊙ fmr,i+1 (6.4)

,where ⊙ denotes channel-wise concatenation, and

O∗
i = f̂mc,i ⊙ r̂mmap,i (6.5)

The main objective of incorporating the previously estimated de-rained frames

and the rain-streak map is to provide an estimated prior for rain-removal of

current and subsequent frames. Whereas, the addition of the next frame as

input for current frame de-raining may provide the temporal details and help
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Figure 6.4: An overview of the architecture of the proposed generator model φG for
video rain-streak removal.

the proposed model to inherently learn the optical flow between the frames and

generate the de-rained video artifacts-free.

Generator (ϕG) : The proposed generator model ϕG, as shown in Figure 6.4,

takes S∗
i as input the estimates O∗

i as output for the i
th current frame of the rainy

video. The proposed ϕG consists of an encoder-decoder framework [7], where

the encoder part comprises of six two-dimensional convolutional layers with 32

kernels each. While the first two layers have kernel size of 5× 5, remaining layers

have kernels of size 3 × 3, each with the stride of 1. The purpose of having

different window-sized kernels is to make the proposed model learn the multi-

contextual features. Each convolution layer is followed by the BN [134] and the

ReLU activation function. The decoder part of the proposed ϕG consists of six

deconvolutional layers1. Each deconvolution layer has 32 kernels except the last,

which has 1 filter. While the first-four layers of the decoder part have kernels

of size 3 × 3, the remaining last-two have a window of size 5 × 5, each of stride

1. It has been observed that U-Net [7] like architecture, has been beneficial in

many of the image de-noising and reconstruction tasks [9]. However, to adopt

such a model in the video-domain, we have incorporated the frame-recurrent

methodology where previously estimated de-rained frames can be used to predict

the current de-rained frame.

Discriminator (ϕD) : The proposed discriminator model ϕD consists of 4

Multi-Contextual Blocks (MCB), as shown in Figure 6.5. The proposed ϕD takes

either three estimated consecutive de-rained frames (f̂mc,i−2 ⊙ f̂mc,i−1 ⊙ f̂mc,i) or three

1Transpose Convolution is also known as Deconvolution.
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Figure 6.5: An overview of the architecture of the proposed multi-contextual discrim-
inator φD.

clean frames (fmc,i−2⊙fmc,i−1⊙fmc,i) as an input and classify them into real or fake de-

rained frames, where ⊙ denotes channel-wise concatenation. To formally define

the proposed MCB block, let X be either {f̂mc,i−2⊙f̂mc,i−1⊙f̂mc,i} or {fmc,i−2⊙fmc,i−1⊙fmc,i}.
Then the output (Y) of the first MCB block in the proposed ϕD can be written,

with ⊕ as addition, as

Y = R(BN(R(BN(C3D,3(X)⊕ C3D,5(X)))⊕ C3D,7(X))) (6.6)

,where R, BN denote ReLU activation function and BN [134], respectively and

C3D,w denote 3D convolution layer with 4 kernels of size w × w. Iteratively, C.F

can be written as

C.F(X) = MCBL(MCBL−1...(X)) (6.7)

,for L = 4. The purpose of having 3D convolution in the proposed ϕD is to learn

the temporal consistency among the consecutive three frames i− 2, i− 1, i. The

computed multi-contextual feature space C.F is then given as input to the Global

Average Pooling (GAP) layer, followed by the sigmoid layer. While the proposed

ϕD is optimized using real (Pr) and fake (Pf ) probabilities, the proposed ϕG

is trained by using the Euclidean distance between C.F(f̂mc,i−2 ⊙ f̂mc,i−1 ⊙ f̂mc,i) and

C.F(fmc,i−2 ⊙ fmc,i−1 ⊙ fmc,i).

6.1.3 Cost Function

By following the conventions made in the Section 6.1.2, the per-pixel loss (LMSE)

between the ith frames of mth de-rained and clean videos, denoted by f̂mc,i, f
m
c,i
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respectively, can be written as

LMSE = ||fmc,i − f̂mc,i||22 (6.8)

However, it becomes necessary to consider the high-frequency nature of the rain-

streaks in the frames. The use of only LMSE loss to optimize the proposed model

may incur the loss of high-frequency details of the frames while removing the rain-

streaks. Therefore, to ensure the preservation of such details, we have adopted the

Perceptual loss function proposed by Johnson et al. [168] based on the following

equation

LPercep =
2
∑

i=1

||VGGi(f
m
c,i)− VGGi(f̂

m
c,i)||22 (6.9)

, where VGG denotes the pre-trained VGG-16 [5] model. The first few layers

of the pre-trained VGG-16 network are known to preserve the high-frequency

details [9], therefore, we have used the features extracted from the first two layers

of the pre-trained VGG-16 model to calculate the LPercep
1.

The adversarial training proposed by Goodfellow et al. [165] has been proved

to be significantly effective in various image de-noising tasks (see Chapter 4, work

2). However, instead of using entropy loss, we have utilized the L2 distance be-

tween the features of set of clean and de-rained frames, estimated by the proposed

ϕD as a cost function to optimize ϕG. The advantage lies in two-fold : (a) In case

of de-noising, the Euclidean distance may be more useful in distinguishing real

and fake de-noised images compare to the traditional probabilities, and (b) it may

help the proposed ϕG in learning the essential features that should be retained to

make the de-rained frame look realistic. Therefore, the adversarial loss LAdv can

be written as

LAdv = ||C.F(fmc,i−2 ⊙ fmc,i−1 ⊙ fmc,i)− C.F(f̂mc,i−2 ⊙ f̂mc,i−1 ⊙ f̂mc,i)||22 (6.10)

Therefore, the combined loss function used to train the proposed ϕG can be

written as

LG = LMSE + α.LPercep + β.LAdv (6.11)

1We have used the chrominance channels while calculating LPercep and make sure the proper
flow of gradients.
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,where α and β are weight constants that non-linearly increases based on the

current epoch(e) and total epochs(E) based on the following equation as

α/β = κ.
ω + d ∗ e2

E
(6.12)

,where κ, ω and d are fixed constants. Finally, the objective function (OF) of the

proposed ϕG can be written as

OFϕG
= arg min

ϕG

max
ϕD

β.Ladv(ϕG;ϕD) + LMSE + α.LPercep (6.13)

6.2 Experiments & Training Details

This section first presents the details of training and testing datasets followed by

the training parameters. Later, we also describe the evaluation metrics used for

fair comparison of proposed model with existing schemes.

6.2.1 Dataset

The dataset used for this work has been described in Section 2.6.

6.2.2 Training Parameters

The proposed network is trained on a Nvidia Tesla P100 16 GB GPU using

the PyTorch [169] framework for about 500 epochs with batch size of 1. We

have experimentally set the values of κ, ω, d and E as 1e − 4, 1, 0.99 and 105,

respectively. We have used Adam optimization [142] with standard values of

parameters β1, β2, and weight decays of ϕG and ϕD as 0.5, 0.999, 5×105, and 0,

respectively. The learning rates of both ϕG and ϕD are initialized with 1e-4 and

experimentally varied with epochs.

6.2.3 Evaluation Metrics

We have compared the proposed model with existing approaches using follow-

ing 14 image quality metrics, namely: Structural Similarity Index (SSIM) [15],

Peak Signal to Noise Ratio (PSNR), Visual Information Fidelity (VIF) [116],

Mean Squared Error (MSE), Learned Perceptual Image Patch Similarity (LPIPS)
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Behaviour SSIM PSNR VIF MSE LPIPS UQI MS-SSIM NIQE PIQE FSIM Haar PSI GMSD BRISQUE TV-Error
LB ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✓

HB ✓ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗

Table 6.1: Image quality metrics behavior.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.8272 0.9622 0.9051 0.9054 0.7093 0.8635 0.8482 0.8828 0.8702 0.8010 0.9124 0.9239 0.9260
PSNR 24.89 35.80 30.53 31.13 23.95 26.74 27.58 29.37 28.62 26.50 30.91 31.92 31.81
VIF 0.6650 NA 0.5959 0.5462 0.2986 0.5573 0.5652 0.5644 0.5582 0.5536 0.6568 0.6607 0.6616
MSE 245.8 NA 67.30 61.91 284.7 156.8 123.8 94.98 99.52 104.8 62.75 62.86 61.29
LPIPS 0.2658 NA 0.1050 0.1014 0.3184 0.2032 0.2095 0.1394 0.2103 0.2684 0.1100 0.0982 0.0943
UQI 0.9877 NA 0.9970 0.9981 0.9834 0.9936 0.9946 0.9962 0.9936 0.9867 0.9967 0.9928 0.9956

MS-SSIM 0.8171 NA 0.9407 0.9434 0.7735 0.8888 0.8846 0.9238 0.8943 0.8173 0.9411 0.9455 0.9466
NIQE 5.209 NA 3.352 3.172 4.393 3.813 4.311 3.672 3.528 4.012 3.342 3.761 3.652
PIQE 35.80 NA 30.22 33.32 39.37 34.55 32.87 32.87 31.32 36.99 31.74 27.84 27.56
FSIM 0.8675 NA 0.9413 0.9437 0.8173 0.9060 0.9055 0.9284 0.9001 0.8636 0.9449 0.9500 0.9509

Haar PSI 0.5271 NA 0.7460 0.7783 0.4809 0.6381 0.6550 0.7299 0.6527 0.5358 0.7555 0.7861 0.7840
GMSD 0.1990 NA 0.0832 0.0760 0.1889 0.1333 0.1391 0.0956 0.1279 0.1672 0.0877 0.0757 0.0729

BRISQUE 31.40 NA 25.91 28.82 28.33 25.91 28.97 26.11 25.06 30.03 25.17 22.75 25.66
TV-Error 1.499 NA 1.162 1.051 1.194 1.354 1.293 1.139 1.182 1.197 1.232 1.160 1.157

Table 6.2: Quantitative comparison of the proposed model with existing schemes us-
ing the incorporated evaluation metrics on the Test Set Light. Best and second best
results are shown in red, blue colors, respectively.

[117], Universal-Image-Quality Index (UQI) [115], Multi-scale Structural Simi-

larity Index (MS-SSIM) [114], Naturalness Image Quality Evaluator (NIQE)

[123], Perception based Image Quality Evaluator (PIQE) [124], The Feature

Similarity Index (FSIM) Index [119], Haar Wavelet-based Perceptual Similar-

ity Index (Haar PSI), Gradient Magnitude Similarity Deviation (GMSD) [122],

Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE) [126], and To-

tal Variation (TV) error. The description of incorporated evaluation metrics can

be found in Section 2.5. For fair comparison, we have decided a figure of merit

(fom) based on the performances on all adopted test sets as, fom = {0.6 * No.

of Best + 0.4 * No. of Second Best}/{Total Metrics}, where ”No. of

Best” and ”No. of Second Best” denote the count of best and second best

entries among all metrics for a particular test set. A slight high priority has been

given to the best entry over the second best.

The behaviour of each adopted evaluation metric is described in Table 6.1 by

using ”HB” & ”LB” ,where LB denotes ”Lower value is better”, and HB denotes

”Higher value is better”.
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Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.4983 0.8239 0.7463 0.5929 0.4766 0.5638 0.5316 0.7007 0.4955 0.5300 0.6331 0.8185 0.7983
PSNR 15.89 27.72 23.60 20.98 16.28 18.26 18.19 23.06 17.28 16.80 20.15 24.35 23.96
VIF 0.4027 NA 0.3959 0.2946 0.2428 0.3603 0.3657 0.3740 0.3243 0.3482 0.4000 0.3969 0.3769
MSE 3131 NA 804.5 1315 3009 2382 2185 626.2 2355 2964 2146 370.9 440.3
LPIPS 0.5008 NA 0.2692 0.3679 0.4989 0.4373 0.4502 0.3102 0.4284 0.4374 0.3240 0.2163 0.2320
UQI 0.8693 NA 0.9645 0.9321 0.8720 0.9065 0.8954 0.9507 0.8996 0.8993 0.9028 0.9660 0.9576

MS-SSIM 0.5177 NA 0.7698 0.6454 0.5310 0.5765 0.5879 0.7532 0.5690 0.5724 0.6781 0.8394 0.8159
NIQE 10.79 NA 3.698 4.631 9.100 8.119 8.469 4.328 6.720 5.982 5.487 3.756 3.806
PIQE 57.89 NA 31.92 35.39 51.53 48.11 47.13 34.47 37.98 38.16 42.85 26.45 27.47
FSIM 0.6785 NA 0.8326 0.7695 0.6765 0.7179 0.7226 0.8250 0.7375 0.7381 0.7452 0.8754 0.8614

Haar PSI 0.2874 NA 0.5076 0.4416 0.3012 0.3520 0.3585 0.5099 0.4376 0.4581 0.4022 0.5843 0.5548
GMSD 0.2865 NA 0.1626 0.2029 0.2685 0.2535 0.2523 0.1682 0.2282 0.2339 0.2310 0.1223 0.1329

BRISQUE 40.58 NA 30.64 34.51 36.53 36.47 39.14 32.27 35.01 38.91 35.53 25.47 27.40
TV-Error 2.498 NA 1.429 1.976 2.369 3.164 2.264 1.428 2.078 2.103 1.956 0.9569 0.9358

Table 6.3: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the Test Set Heavy. Best and second best
results are shown in red, blue colors, respectively.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.9361 NA 0.9208 0.9542 0.8865 0.9031 0.9483 0.9427 0.9356 0.8971 0.9384 0.9589 0.9564
PSNR 32.98 NA 30.42 34.74 31.56 30.57 30.16 33.27 33.96 29.56 33.28 34.49 34.54
VIF 0.7482 NA 0.5944 0.6792 0.5579 0.6335 0.6951 0.6718 0.7501 0.6891 0.7482 0.7141 0.7253
MSE 40.21 NA 76.17 26.90 61.42 38.92 69.56 36.71 29.50 100.5 40.21 33.35 32.54
LPIPS 0.0832 NA 0.778 0.0362 0.0861 0.2059 0.1018 0.0434 0.0458 0.1622 0.0564 0.0356 0.0396
UQI 0.9982 NA 0.9960 0.9995 0.9976 0.9884 0.9956 0.9993 0.9980 0.9663 0.9982 0.9971 0.9984

MS-SSIM 0.9663 NA 0.9495 0.9821 0.9386 0.9290 0.9711 0.9787 0.9724 0.9358 0.9619 0.9831 0.9807
NIQE 5.071 NA 4.090 4.354 4.250 4.834 4.562 4.267 4.891 4.981 5.071 4.463 4.700
PIQE 46.04 NA 37.46 41.87 46.53 45.79 43.71 40.33 42.66 45.44 46.04 41.04 42.38
FSIM 0.9566 NA 0.9352 0.9651 0.9268 0.9163 0.9629 0.9571 0.9662 0.9356 0.9566 0.9670 0.9671

Haar PSI 0.8305 NA 0.7756 0.8872 0.7776 0.6790 0.8472 0.8658 0.8792 0.7940 0.8305 0.8674 0.8684
GMSD 0.0704 NA 0.0763 0.0355 0.0785 0.1048 0.0501 0.0471 0.0372 0.0772 0.0704 0.0436 0.0419

BRISQUE 27.37 NA 26.66 30.09 30.25 25.65 26.59 27.57 28.02 26.71 27.37 24.62 25.52
TV-Error 0.6826 NA 0.6153 0.6124 0.5929 0.7748 0.6323 0.6190 0.5387 0.5628 0.6337 0.6332 0.6409

Table 6.4: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the Test Set 1. Best and second best results
are shown in red, blue colors, respectively.

6.3 Results

6.3.1 Baseline Configurations

We have also compared our proposed method with its following baseline config-

urations.

• Proposed : The proposed model is trained with LMSE + α.LPercep loss.

• Temporal : The proposed model is trained with LMSE+α.LPercep+β.LAdv

loss.
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6.3.2 Quantitative Results

In this sub-section, we first compare the proposed model with existing methods,

followed by the baseline configurations, quantitatively. The quantitative com-

parison of the proposed model with state-of-the-art video de-raining methods on

Test Set Light is shown in Table 6.2. Test Set Light consists of videos with

light-density synthetic rain streaks. It can be observed that the proposed model

(Temporal) optimized using LG loss has achieved a significant improvement of

∼ 9.17%, ∼ 15.33% in terms of SSIM and PSNR, respectively, over the recent

FastDerain [11] method. Also, a significant reduction of ∼ 55.04% in the LPIPS

metric over FastDerain [11] method has been observed. It favours our case in

terms of the perceptual quality of the de-rained frame. It can also be observed

that the proposed model has surpassed the existing single image rain-streak re-

moval methods in terms of almost all adopted evaluation metrics. The proposed

model has also surpassed the SPAC-CNN [14] framework by ∼ 2.27% in SSIM, ∼
21.12% in VIF, and ∼ 2.18% in PSNR. Similarly, over J4RNet [76], a significant

improvement of ∼ 2.30% in SSIM, and ∼ 4.19% in PSNR can be observed. How-

ever, the results obtained by the DualFlow [77] method on both Test Set Light

and Test Set Heavy are significantly better than the proposed model.

The Test Set Heavy consists of the rainy videos with heavy density rain-

streaks. The detailed comparison of the proposed model with existing schemes

on Test Set Heavy dataset is shown in Table 6.3. It can be observed that the

proposed model Temporal has shown a remarkable improvement of ∼ 50.16% in

SSIM, ∼ 31.72% in PSNR, and ∼ 55% in NIQE over the existing video de-raining

method FastDerain [11]. It can also be observed that the proposed model has

outperformed the SPAC-CNN [14] method with a significant rise of ∼ 34.64%

in SSIM, ∼ 14.20% in PSNR, and ∼ 52.64% in TV-Error. The TV-Error value

describes the amount of noise present in an image, which is the de-rained im-

age in this case. Following the trend on light-density rain-streaks, in this case

too, the proposed model has outperformed the single image de-raining methods.

The single image-based methods do not take temporal data such as previous

or next frames into considerations, thus may suffer from overall video consis-

tency artifacts. The proposed model has also outperformed the multi-scale CNN
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based video de-raining method [13] by ∼ 67.49% in SSIM, ∼ 47.17% in PSNR, ∼
53.49% in LPIPS, and ∼ 60.49% in TV-Error. However, on Test Set 1, a com-

parable performance has been observed between the proposed model Proposed

and SPAC-CNN [14], as shown in Table 6.4. In case of Test Set Light, the

proposed method Temporal has outperformed its baselines.

As described in Section 6.2.1, test-sets provided in SPAC-CNN [14], the group

a’s consist of videos shot with a panning and unstable camera, and group b’s are

shot using a fast-moving camera (with speed ranging between 20 to 30 kmph).

The quantitative comparison of the proposed scheme with existing methods on

test-set a1 is shown in Table. 6.5. Note that the proposed model has shown

a noticeable improvement of ∼ 0.99% in terms of SSIM over J4RNet [76] and

JORDER [51]. Whereas, a remarkable improvement of ∼ 41.84% in SSIM and ∼
27.13% in PSNR can be observed over the recent method MS-CSC [13]. In the

case of videos, especially, the amount of information that can be extracted by

the HVS directly shows the performance of the de-noising models. A significant

rise of ∼ 97.69% in VIF value can be observed by the proposed model over the

existing method MS-CSC [13]. Similar to a1, a minor improvement of ∼ 2.72%

in SSIM and ∼ 0.28% in PSNR has been observed over SPAC-CNN [14] in the

case of a2, as shown in Table. 6.6. In the rest of the evaluation metric cases,

SPAC-CNN [14] has shown the best performances, whereas the proposed model

has shown the second-best. We have also observed the remarkable performance

by the proposed model over J4RNet [76] by ∼ 5.02% in SSIM and ∼ 14.36% in

PSNR.

A few more similar statistics can also be seen over MS-CSC [13] by ∼ 30.69%,

and ∼ 25.17%, and over FastDerain [11] by ∼ 4.60%, ∼ 5.20% in SSIM, and

PSNR, respectively.

With such results on panning and unstable rainy videos in a1 and a2, it still cannot

be concluded that the proposed model may not perform well on such inputs. In

support, a clear dominance of the proposed model over all existing methods on

almost every adopted evaluation metric can be observed in Tables. 6.7, and 6.8.
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Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.9086 NA 0.9319 0.9224 0.6564 0.8850 0.9188 0.9153 0.9110 0.8582 0.9319 0.9412 0.9311
PSNR 29.58 NA 30.04 30.04 23.51 26.07 29.44 29.25 28.82 26.23 30.63 30.05 29.89
VIF 0.7221 NA 0.6224 0.6319 0.3076 0.5382 0.6951 0.6258 0.5811 0.4711 0.6652 0.6300 0.6081
MSE 70.04 NA 64.52 63.12 293.1 160.9 69.56 70.20 79.29 203.7 55.01 71.51 78.31
LPIPS 0.0868 NA 0.0403 0.0423 0.2381 0.1537 0.0550 0.0547 0.0453 0.2154 0.413 0.0420 0.502
UQI 0.9969 NA 0.9963 0.9992 0.9832 0.9910 0.9956 0.9978 0.9971 0.9899 0.9980 0.9982 0.9976

MS-SSIM 0.9636 NA 0.9771 0.9805 0.7974 0.9598 0.9696 0.9574 0.9781 0.8496 0.9760 0.9817 0.9768
NIQE 2.483 NA 2.077 1.833 2.242 2.361 4.562 2.250 2.569 2.212 1.9816 2.250 2.360
PIQE 27.73 NA 23.40 23.05 31.25 26.31 43.71 24.77 25.77 33.30 25.66 19.97 20.37
FSIM 0.9733 NA 0.9711 0.9850 0.8644 0.9609 0.9629 0.9666 9612 0.9054 0.9727 0.9729 0.9675

Haar PSI 0.8183 NA 0.8331 0.8846 0.5303 0.7755 0.8472 0.8243 8331 0.6349 0.8485 0.8440 0.8260
GMSD 0.0984 NA 0.0582 0.0363 0.1864 0.0877 0.0501 0.0725 0592 0.1323 0.0670 0.0542 0.0603

BRISQUE 13.96 NA 16.61 20.24 26.15 16.74 26.59 16.85 20.95 18.48 21.62 18.84 17.52
TV-Error 2.421 NA 2.251 2.074 1.747 2.529 2.251 2.151 2.186 1.640 2.346 2.065 2.025

Table 6.5: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the a1 test set. Best and second best results are
shown in red, blue colors, respectively.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.9246 NA 0.9081 0.9284 0.7297 0.9050 0.9117 0.9031 0.9016 0.8902 0.9262 0.9537 0.9339
PSNR 29.20 NA 27.22 31.04 24.87 26.60 29.59 28.98 27.11 26.68 29.85 31.13 30.61
VIF 0.6275 NA 0.5256 0.5924 0.2766 0.5594 0.5766 0.5360 0.5581 0.4612 0.5880 0.5872 0.5781
MSE 76.82 NA 123.3 50.30 204.6 142.34 62.97 92.26 72.99 202.2 67.46 59.99 61.23
LPIPS 0.0838 NA 0.0764 0.0424 0.1901 0.0982 0.0639 0.0654 0.0540 0.3587 0.0579 0.0458 0.0458
UQI 0.9984 NA 0.9952 0.9994 0.9962 0.9931 0.9991 0.9988 0.9989 0.9963 0.9989 0.9996 0.9991

MS-SSIM 0.9700 NA 0.9567 0.9823 0.8535 0.9593 0.9735 0.9627 0.9733 0.7401 0.9717 0.9802 0.9790
NIQE 3.456 NA 2.572 2.325 3.113 2.750 3.424 2.758 3.267 2.899 2.989 2.659 3.093
PIQE 41.10 NA 34.53 38.56 37.80 38.12 38.98 36.10 39.70 39.39 38.81 35.31 36.77
FSIM 0.9616 NA 0.9504 0.9740 0.8655 0.9513 0.9647 0.9540 0.9613 0.9281 0.9645 0.9746 0.9683

Haar PSI 0.8048 NA 0.7526 0.8710 0.5472 0.7671 0.8219 0.7760 0.8059 0.7028 0.8068 0.8230 0.8050
GMSD 0.0849 NA 0.0864 0.0421 0.1668 0.0952 0.0704 0.0841 0.0739 0.1201 0.0746 0.0642 0.0602

BRISQUE 34.92 NA 26.89 32.39 24.46 29.52 28.61 25.89 30.70 29.91 30.74 28.63 28.06
TV-Error 1.722 NA 1.520 1.438 1.313 1.655 1.618 1.460 1.707 0.980 1.653 1.428 1.479

Table 6.6: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the a2 test set. Best and second best results are
shown in red, blue colors, respectively.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.8926 NA 0.9111 0.9118 0.6078 0.8546 0.9054 0.8972 0.8991 0.8781 0.9130 0.9349 0.9218
PSNR 28.64 NA 28.58 30.02 24.52 25.65 30.34 29.60 28.27 27.03 29.98 31.31 30.54
VIF 0.6651 NA 0.5744 0.6115 0.2402 0.4888 0.5943 0.5703 0.6161 0.5022 0.6125 0.6195 0.5927
MSE 80.84 NA 90.24 62.06 223.9 169.2 59.79 87.47 78.18 200.3 66.97 53.28 61.71
LPIPS 0.1189 NA 0.0652 0.0559 0.2871 0.1903 0.0657 0.0671 0.0748 0.3415 0.0673 0.0493 0.0603
UQI 0.9963 NA 0.9936 0.9988 0.9899 0.9887 0.9982 0.9984 0.9974 0.9899 0.9975 0.9989 0.9979

MS-SSIM 0.9464 NA 0.9562 0.9776 0.7844 0.9326 0.9648 0.9617 0.9594 0.7472 0.9594 0.9783 0.9677
NIQE 2.721 NA 2.196 1.955 2.314 2.392 2.183 2.125 2.213 2.147 1.982 1.894 2.281
PIQE 26.77 NA 22.95 21.09 34.24 25.66 24.88 23.03 26.10 30.61 25.44 19.59 20.59
FSIM 0.9617 NA 0.9613 0.9836 0.8378 0.9458 0.9688 0.9635 0.9629 0.9134 0.9673 0.9756 0.9701

Haar PSI 0.7721 NA 0.7748 0.8755 0.4953 0.7238 0.8191 0.8063 0.7982 0.7005 0.8002 0.8498 0.8280
GMSD 0.1029 NA 0.0753 0.0348 0.1824 0.0972 0.0688 0.0659 0.0831 0.1298 0.0799 0.0513 0.0592

BRISQUE 24.46 NA 13.72 21.05 27.16 15.45 13.58 15.66 18.10 25.22 6.870 5.037 2.723
TV-Error 2.373 NA 2.157 1.942 1.495 2.419 2.153 2.088 2.423 1.627 2.287 2.020 2.019

Table 6.7: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the a3 test set. Best and second best results are
shown in red, blue colors, respectively.
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Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.9352 NA 0.9600 0.9607 0.8488 0.9514 0.9657 0.9686 0.9580 0.9026 0.9608 0.9776 0.9732
PSNR 32.29 NA 33.88 34.75 28.87 31.37 35.04 35.23 32.71 30.57 34.61 38.25 37.04
VIF 0.7931 NA 0.7136 0.6934 0.4290 0.7048 0.7658 0.7607 0.7163 0.6620 0.7755 0.8001 0.7831
MSE 35.85 NA 26.64 20.98 79.87 47.56 18.51 18.34 30.32 69.92 22.24 11.41 13.53
LPIPS 0.0993 NA 0.0270 0.0249 0.1049 0.0648 0.0279 0.0206 0.0311 0.1821 0.0344 0.0146 0.0168
UQI 0.9985 NA 0.9987 0.9995 0.9975 0.9970 0.9994 0.9975 0.9992 0.9970 0.9992 0.9997 0.9995

MS-SSIM 0.9741 NA 0.9863 0.9905 0.9450 0.9823 0.9909 0.9913 0.9887 0.8853 0.9867 0.9933 0.9922
NIQE 3.136 NA 2.951 2.941 3.113 3.194 2.898 2.963 3.102 2.280 2.875 2.905 2.918
PIQE 48.50 NA 47.84 51.51 54.73 50.23 49.25 50.38 50.14 55.49 48.73 45.60 44.58
FSIM 0.9745 NA 0.9799 0.9863 0.9314 0.9775 0.9861 0.9875 0.9711 0.9247 0.9833 0.9913 0.9902

Haar PSI 0.8396 NA 0.8757 0.9070 0.7076 0.8718 0.9123 0.9133 0.8888 0.7813 0.8907 0.9418 0.9328
GMSD 0.0848 NA 0.0461 0.0339 0.1094 0.0567 0.0415 0.0348 0.0501 0.0927 0.0543 0.0348 0.0276

BRISQUE 30.55 NA 21.31 21.50 28.23 14.80 15.06 18.19 12.96 28.33 25.34 19.89 29.96
TV-Error 1.366 NA 1.244 1.186 1.102 1.318 1.260 1.221 1.273 1.056 1.299 1.221 1.219

Table 6.8: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the a4 test set. Best and second best results are
shown in red, blue colors, respectively.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.8966 NA 0.9438 0.9368 0.7361 0.9275 0.9093 0.9169 0.9056 0.8823 0.9322 0.9460 0.9353
PSNR 29.98 NA 31.92 30.98 24.13 28.71 30.10 28.88 29.18 27.97 31.01 31.48 30.78
VIF 0.6693 NA 0.6219 0.5790 0.2855 0.5906 0.5569 0.5492 0.5065 0.4922 0.6667 0.6221 0.5842
MSE 65.44 NA 43.18 47.11 247.5 88.14 64.31 96.86 80.90 78.12 37.34 47.91 56.83
LPIPS 0.1741 NA 0.0526 0.0474 0.2467 0.0880 0.1170 0.0845 0.0873 0.3050 0.0699 0.0591 0.0790
UQI 0.9975 NA 0.9982 0.9991 0.9832 0.9939 0.9979 0.9973 0.9984 0.9953 0.9989 0.9989 0.9985

MS-SSIM 0.9466 NA 0.9719 0.9781 0.7577 0.9648 0.9532 0.9501 0.9589 0.7467 0.9741 0.9784 0.9695
NIQE 3.145 NA 2.178 2.391 2.568 2.495 2.666 2.317 2.250 2.399 2.230 2.545 2.896
PIQE 36.31 NA 30.71 35.11 40.40 34.45 31.39 31.77 27.95 35.23 33.66 29.47 28.77
FSIM 0.9619 NA 0.9730 0.9769 0.8302 0.9654 0.9589 0.9511 0.9568 0.9332 0.9767 0.9745 0.9669

Haar PSI 0.7696 NA 0.8305 0.8510 0.4753 0.8069 0.7873 0.7536 0.7521 0.7349 0.8440 0.8311 0.8063
GMSD 0.1013 NA 0.0611 0.0510 0.2023 0.0713 0.0769 0.0812 0.0818 0.0918 0.0617 0.0560 0.0612

BRISQUE 34.74 NA 24.26 33.24 25.15 28.87 29.02 28.54 31.91 32.51 33.93 27.74 25.46
TV-Error 1.498 NA 1.303 1.190 1.048 1.404 1.336 1.260 1.341 0.945 1.290 1.227 1.223

Table 6.9: Quantitative comparison of the proposed model with existing schemes using
the incorporated evaluation metrics on the b1 test set. Best and second best results are
shown in red, blue colors, respectively.

Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.8875 NA 0.9528 0.9591 0.8441 0.9223 0.9399 0.9466 0.9391 0.9026 0.9501 0.9671 0.9578
PSNR 30.25 NA 32.88 34.17 27.01 29.05 32.19 31.57 31.56 30.57 33.31 35.67 34.67
VIF 0.7057 NA 0.6622 0.6435 0.4185 0.5910 0.5569 0.6321 0.5935 0.5571 0.7051 0.7075 0.6823
MSE 56.01 NA 33.71 22.87 125.4 82.11 37.57 51.71 40.91 66.36 30.85 19.67 22.93
LPIPS 0.2011 NA 0.0355 0.0294 0.1412 0.1271 0.0765 0.0475 0.0560 0.1786 0.0752 0.0293 0.0458
UQI 0.9980 NA 0.9987 0.9993 0.9928 0.9957 0.9989 0.9988 0.9992 0.9976 0.9991 0.9995 0.9992

MS-SSIM 0.9357 NA 0.9836 0.9878 0.8980 0.9629 0.9757 0.9769 0.9766 0.9253 0.9763 0.9883 0.9846
NIQE 3.739 NA 2.608 2.611 3.060 2.794 2.959 2.571 2.566 3.128 2.626 2.614 3.012
PIQE 51.78 NA 40.88 42.49 42.76 42.25 42.88 41.11 35.99 46.20 45.93 41.70 41.17
FSIM 0.9587 NA 0.9772 0.9841 0.8966 0.9642 0.9695 0.9642 0.9672 0.9365 0.9770 0.9863 0.9815

Haar PSI 0.7459 NA 0.8583 0.8977 0.6177 0.7628 0.8333 0.8266 0.8222 0.7225 0.8505 0.9089 0.8898
GMSD 0.1296 NA 0.0462 0.0335 0.1459 0.0955 0.0672 0.0585 0.0601 0.1205 0.0658 0.0321 0.0382

BRISQUE 35.39 NA 28.49 30.46 30.62 25.92 25.28 27.55 30.62 25.06 25.82 29.08 29.32
TV-Error 1.254 NA 1.061 0.988 0.991 1.225 1.080 1.025 1.059 1.065 1.069 1.030 1.040

Table 6.10: Quantitative comparison of the proposed model with existing schemes
using the incorporated evaluation metrics on the b2 test set. Best and second best
results are shown in red, blue colors, respectively.
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Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.9289 NA 0.9508 0.9467 0.7601 0.9398 0.9290 0.9282 0.9267 0.8926 0.9436 0.9628 0.9544
PSNR 31.56 NA 32.37 33.24 25.16 30.37 30.51 29.03 30.87 28.97 32.58 33.86 33.16
VIF 0.7877 NA 0.6959 0.6474 0.3222 0.6935 0.6391 0.6348 0.7583 0.6956 0.7511 0.7310 0.6917
MSE 38.93 NA 44.91 27.98 186.5 63.42 58.73 101.9 42.89 60.67 20.99 28.56 33.91
LPIPS 0.1492 NA 0.0511 0.0344 0.2420 0.1005 0.0975 0.0754 0.0840 0.3054 0.0533 0.0445 0.0535
UQI 0.9980 NA 0.9971 0.9989 0.9860 0.9950 0.9970 0.9959 0.9970 0.9867 0.9990 0.9990 0.9985

MS-SSIM 0.9679 NA 0.9718 0.9835 0.8241 0.9730 0.9604 0.9501 0.9630 0.7910 0.9861 0.9837 0.9788
NIQE 3.251 NA 3.226 3.250 3.140 3.364 3.225 3.231 3.234 3.481 3.180 3.208 3.290
PIQE 52.19 NA 50.66 54.91 59.02 52.81 50.66 52.05 52.29 58.73 53.52 48.34 46.94
FSIM 0.9749 NA 0.9697 0.9789 0.8647 0.9638 0.9623 0.9487 0.9598 0.9582 0.9799 0.9803 0.9734

Haar PSI 0.8356 NA 0.8376 0.8770 0.5333 0.8197 0.8207 0.7561 0.8166 0.8117 0.9039 0.8778 0.8613
GMSD 0.0861 NA 0.0653 0.0447 0.1809 0.0839 0.0749 0.0871 0.0831 0.0798 0.0523 0.0518 0.0570

BRISQUE 26.11 NA 24.27 29.98 34.96 27.20 27.68 27.48 36.26 28.99 25.34 22.89 22.83
TV-Error 1.198 NA 1.040 0.971 0.858 1.145 1.063 1.013 0.858 0.664 1.080 1.004 1.007

Table 6.11: Quantitative comparison of the proposed model with existing schemes
using the incorporated evaluation metrics on the b3 test set. Best and second best
results are shown in red, blue colors, respectively.

The quantitative results obtained on the test-sets a3 and a4 are shown in Ta-

bles. 6.7, and 6.8, respectively. From Table. 6.7, it can be observed that the

proposed model Temporal has shown a significant improvement of ∼ 1.18 in

SSIM over FastDerain [11]. Whereas, the baseline Proposed has shown a re-

markable rise of ∼ 3.25% in SSIM and ∼ 3.19% in PSNR, respectively, over the

recent FastDerain [11] method. There is also a vast improvement of ∼ 51.55%

in SSIM and ∼ 24.55% in PSNR over the recent method MS-CSC [13]. The

existing method SPAC-CNN [14] which was better on a1 and a2, has been out-

performed by the proposed model with a significant rise of ∼ 1.09% in SSIM and

∼ 1.7% in PSNR. It can also be observed that the proposed model has a clear

supremacy over J4RNet [76] . Similarly, from Table. 6.8, it can be observed that

the proposed method and its baseline configuration have outperformed almost

all existing state-of-the-art methods on all evaluation metrics. So far it has been

observed from tabular results on a1, a2 test-sets that the single image de-raining

methods suffer with poor visual quality when the input frames are from unstable

videos. To support this statement, a similar trend has been noticed in the case of

a3 and a4 too. The quantitative comparison of the proposed model with existing

schemes on the test-sets b1, b2, b3, and b4 are shown in the Tables. 6.9, 6.10, 6.11,

and 6.12, respectively. To conclude a fair comparison, we have proposed a figure

of merit (fom), and the results are shown in Table. 6.13.

Based on the proposed fom, it can be observed that the proposed model has

outperformed the existing state-of-the-art methods for video rain-streak removal.
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Metric Rainy DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- - CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
SSIM 0.8914 NA 0.9426 0.9451 0.7581 0.9285 0.9000 0.9210 0.9129 0.8827 0.9380 0.9533 0.9475
PSNR 29.01 NA 32.11 33.36 25.32 29.77 29.91 30.96 30.51 28.99 31.91 34.67 34.02
VIF 0.7308 NA 0.6739 0.6264 0.3705 0.6512 0.5935 0.6144 0.5634 0.5636 0.7258 0.7075 0.6877
MSE 75.50 NA 42.70 25.29 189.4 70.33 62.61 57.84 59.98 123.9 43.21 23.80 26.63
LPIPS 0.2469 NA 0.0765 0.0378 0.2676 0.1390 0.1909 0.1165 0.0870 0.2278 0.1175 0.0675 0.0771
UQI 0.9970 NA 0.9981 0.9993 0.9879 0.9963 0.9977 0.9981 0.9985 0.9960 0.9984 0.9993 0.9990

MS-SSIM 0.9385 NA 0.9733 0.9823 0.8151 0.9674 0.9487 0.9593 0.9616 0.8741 0.9702 0.9825 0.9795
NIQE 4.249 NA 3.608 3.388 3.469 3.631 3.765 3.468 3.109 3.330 3.108 3.662 3.857
PIQE 45.07 NA 44.76 50.48 48.23 46.22 42.96 45.28 43.69 45.18 43.69 41.85 40.66
FSIM 0.9577 NA 0.9709 0.9770 0.8675 0.9618 0.9565 0.9578 0.9622 0.9376 0.9711 0.9804 0.9779

Haar PSI 0.7464 NA 0.8786 0.8739 0.5436 0.7965 0.7795 0.7947 0.7957 0.7459 0.8290 0.8865 0.8786
GMSD 0.1160 NA 0.0613 0.0441 0.1786 0.0805 0.0868 0.0765 0.0756 0.0899 0.0733 0.0458 0.0474

BRISQUE 31.78 NA 20.18 27.48 30.94 21.33 21.89 21.20 33.44 33.16 19.64 21.07 21.60
TV-Error 1.298 NA 1.111 1.023 1.029 1.217 1.157 1.093 1.151 1.167 1.190 1.084 1.076

Table 6.12: Quantitative comparison of the proposed model with existing schemes
using the incorporated evaluation metrics on the b4 test set. Best and second best
results are shown in red, blue colors, respectively.

Test Set DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
Light - 0.0285 0.1571 0 0 0 0.0285 0.0285 0 0.0285 0.2857 0.3571
Heavy - 0.0714 0 0 0 0 0 0 0 0.0428 0.5285 0.2714

1 NA 0.0857 0.2714 0.0285 0 0 0.0571 0.1285 0.0285 0.0428 0.2 0.1571
a1 NA 0.0857 0.2714 0.0285 0.0285 0.0714 0 0 0.0428 0.1428 0.2428 0.0571
a2 NA 0.0428 0.3571 0.0714 0 0 0.0285 0 0.0428 0.0285 0.4 0.0857
a3 NA 0 0.2142 0.0428 0 0.0285 0 0.0285 0.0285 0.0285 0.5 0.1285
a4 NA 0 0.0571 0.0285 0.0285 0 0 0.0428 0.0857 0.0285 0.4142 0.4428
b1 NA 0.1857 0.2428 0.0571 0 0 0 0.0428 0.0428 0.2 0.2285 0.0285
b2 NA 0.0285 0.2714 0.0285 0 0.0285 0.0285 0.0857 0.0428 0.0285 0.7142 0.0285
b3 NA 0 0.2 0.0714 0 0 0 0.0714 0.0428 0.2142 0.3571 0.1142
b4 NA 0.0571 0.2285 0.0285 0 0 0 0.0285 0 0.1285 0.4142 0.1857

Table 6.13: Quantitative comparison of the proposed model with exist-
ing methods in terms of a figure of merit (fom) = 0.6 * No. of Best +
0.4 * No. of Second Best/Total Metrics. Best and second best values are in red
& blue colors.

We have also compared the proposed scheme based on the run-time (in seconds)

parameter with existing approaches, as shown in Table. 6.14. It can be observed

that the proposed model takes a minimal amount of time, which is ∼1.5 seconds

per frame, for estimating the rain-free videos when compared to other existing

methods. For a fair run-time evaluation, the results mentioned in the Table. 6.14

are from the experiments that have been conducted on a 12 GB GPU system on

the Test Set Light.

6.3.3 Qualitative Results

Before presenting the subjective evaluation, we recall the major limitations of the

existing schemes, such as color distortions, removal of objects that align with the
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Methods DualFlow J4RNet SPAC-CNN MS-CSC DetailNet FastDerain DIP TCL SE JORDER Proposed Temporal

- CVPR’19 CVPR’18 CVPR’18 CVPR’18 CVPR’17 TIP’19 CVPR’17 TIP’15 ICCV’17 CVPR’17 - -
Framework - Caffe Matlab Matlab Matlab Matlab Matlab Matlab Matlab Caffe Pytorch Pytorch

For 9 videos in (s) - 3821 7804 9226 811.4 252.1 523.6 1.72×105 1.9×105 203.6 147.8 153.2
Avg. SSIM - 0.9051 0.9054 0.7093 0.8635 0.8482 0.8828 0.8702 0.8010 0.9124 0.9239 0.9260

Per frame in (s) - 39.80 81.29 96.10 8.45 2.62 5.45 1791.66 1979.16 2.12 1.53 1.59

Table 6.14: Run-time comparison of the proposed model with existing schemes over
the Test Set Light.

rain-streaks, massive motion blur, etc. Qualitative results of the proposed model

are shown in Figures 6.6, 6.7, 6.8, and 6.9. The subjective results showcased in

Figure 6.6 are based on the three consecutive frames from a real-world rainy video.

It can be observed from Figure 6.6 that the proposed model does not suffer from

any such artifacts. While the results obtained by using MS-CSC [13] suffer from

heavy reconstruction artifacts such as high-frequency imprints from the previous

frame, J4RNet [76] consists of blurry artifacts due to the rapid motion change

between the frames, as shown in yellow bounding boxes. SPAC-CNN [14] has

been one of the most competitive methods, as shown in previous subsections.

However, the known method suffers from the blocky artifacts in certain regions,

which are most affected by the sudden change in camera trajectory. The detailed

justification is given in Section. 6.5. Even though the results obtained by using a

single image de-raining method DDN [16] look promising, it can be observed from

other figures, namely Figures 6.7, 6.8 and 6.9 that it still consists of rain-streaks

in the de-rained frames with color distortions at certain regions. FastDerain [11],

which is best among the existing video de-raining methods in terms of run-time

computation as shown in Table. 6.14, still consists of rain-streaks and poor visual

quality in the de-rained frames when compared to the proposed method, as shown

in Figure 6.6. DIP [75] method also suffers from the poor visual quality of the

de-rained frames, as shown in yellow bounding boxes.
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fmr,i−1

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

fmr,i

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

fmr,i+1

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

Figure 6.6: Qualitative comparison of the proposed model with existing schemes on a
real-world rainy video frames. fmr,i−1, f

m
r,i, and fmr,i+1 are three consecutive rainy-frames.

Please magnify the figure for better details shown in yellow boxes.
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fmr,i−1 fmc,i−1

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

fmr,i fmc,i

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

fmr,i+1 fmc,i+1

J4Rnet [76] SPAC-CNN [14] MS-CSC [13] DDN [16] FastDerain [11]

DIP [75] TCL [4] SE [12] JORDER [51] Proposed

Figure 6.7: Qualitative comparison of the proposed model with existing schemes on
a synthetic rainy video frames. fmr,i−1, fmr,i, fmr,i+1 depicts the three consecutive rainy
frames. Please magnify the figure for better details shown in black boxes.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)
fmr,i−3 fmr,i fmr,i+3

Figure 6.8: Qualitative comparison of the proposed method with existing schemes on
real-world rainy video. (a) Rainy frames, (b) J4RNet, (c) SPAC-CNN, (d) MSCSC,
(e) DDN, (f) FastDerain, (g) DIP, (h) TCL, (i) SE, (j) JORDER, (k) Proposed.
fmr,i−3, f

m
r,i, f

m
r,i+3 denote frame sequences. Please magnify the figure for better details.
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Rainy Clean J4RNet [76] MS-CSC [13] DetailNet [16] DIP [75]

TCL [4] SPAC-CNN [14] SE [12] JORDER [51] FastDerain [11] Proposed

Rainy Clean J4RNet [76] MS-CSC [13] DetailNet [16] DIP [75]

TCL [4] SPAC-CNN [14] SE [12] JORDER [51] FastDerain [11] Proposed

Figure 6.9: Qualitative comparison of the proposed model with existing schemes on a
synthetic rainy video frames. Please magnify the figure for better details

While the artifacts gradually increase in the subsequent de-rained frames es-

timated by the existing scheme TCL [4], the method SE [12] still consists of

rain-streaks in the generated de-rained frames. Single image de-raining method

JORDER [51] does not suffer much from visual artifacts such as color distortion,

whereas it can be observed from subsequent Figures 6.7, 6.8, and 6.9 that it

has been unsuccessful in removing rain-streaks with dense rain-drops. Figure 6.7

depicts the visual comparison of the proposed model with existing schemes on

a synthetic rainy video. It can be observed that the existing methods SPAC-

CNN [14], FastDerain [11], DIP [75], TCL [4], SE [12], and JORDER [51] still

consists of rain-streaks in the de-rained frames when compared to the proposed

model and ground truth. It can also be observed that the existing image de-

raining method DDN [16] suffers from visible rain-streaks and color distorted

patches. Interestingly, while the results obtained by using J4RNet [76] suffer

from color-saturation, the de-rained frames generated by using MS-CSC [13] con-

sists of (a) thick rain-streaks, and (b) an unwanted in-out motion blur artifact

around the moving objects in the frames, which is only Waterfall. The direction

of the motion blur is shown by using the black arrows in the de-rained frames of
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Figure 6.10: Failure-case on the rainy frames from a video. Top row shows the rainy,
Bottom row shows the de-rained frames.

MS-CSC [13]. Figure 6.8 presents the visual comparison of the proposed model

with existing schemes on real-world rainy frames with temporal width 3. It can

be observed from Figure 6.8 (c) that the existing method SPAC-CNN [14] suffer

from the visual artifacts such as object disappearance, which is a Car in the given

example (bounded by a black box). Besides, it also suffers from color distortion.

Similarly methods FastDerain [11], DIP [75], and TCL [4] also suffer from recon-

struction error in the de-rained frames. Figure 6.9 depicts the visual comparison

on another synthetic rainy video frame. While the proposed model is successful

in removing the rain-streaks from the videos, we have observed that it fails to

eradicate the snowy-rain from the frames, as shown in Figure 6.10. This may be

because the proposed model has not seen snowy videos when training. We also

present a detailed ablation study with a variety of baseline configurations to show

the effect of each module in the proposed work.

6.4 Ablation Study

We present the following baselines in addition to those mentioned above and

performed the ablation study to demonstrate the significance of each module

using the adopted test-sets Light, Heavy, a1, and b1:

1. G-M-RGB : The proposed generator (ϕG) model is trained using LMSE

only, with RGB input/output color-space.

2. G-M : The proposed generator (ϕG) model is trained using LMSE only.
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3. G-EP : The proposed generator (ϕG) model is trained using α.LPercep only.

4. G-M-FP : The proposed generator (ϕG) model is trained using LMSE +

λLPercep only, where λ is a fixed constant with value of 1.

5. G-M-FP-EA : The proposed model is trained using LMSE + λLPercep +

βLAdv loss.

6. G-M-FP-FA : The proposed model is trained using LMSE + λLPercep +

γLAdv loss, where γ is a fixed constant with value of 6.6× 10−3.

7. G-M-EP-FA : The proposed model is trained using LMSE + αLPercep +

γLAdv loss.

8. G-M-EP-EA-N : Instead of proposed adversarial loss LAdv, we perform

an ablation with conventional entropy-based adversarial loss, denoting as

LC.E
Adv, and train the proposed model with LMSE + αLPercep + βLC.E

Adv loss.

9. G-M-EP-EA-D : It denotes, the temporal baseline where, the proposed

discriminator model is replaced by the discriminator proposed in Zhang et

al. [9], and trained using LG loss.

6.4.1 Quantitative Results

The quantitative comparison of the proposed scheme with baselines is shown in

Tables. 6.15, 6.16, 6.17, and 6.18. Note, we have adopted the fixed-constants λ, γ

for perceptual and adversarial loss, respectively, for the aforementioned baselines

following Zhang et al. [9].

Metric G-M-RGB G-M G-EP G-M-FP G-M-FP-EA G-M-FP-FA G-M-EP-FA G-M-EP-EA-N G-M-EP-EA-D Proposed Temporal
SSIM 0.8826 0.9064 0.9258 0.9202 0.9214 0.9258 0.9195 0.9120 0.9179 0.9239 0.9260
PSNR 24.17 29.89 31.28 31.15 30.53 31.35 31.52 30.57 30.49 31.92 31.81
VIF 0.4505 0.5980 0.6523 0.6398 0.6445 0.6467 0.6401 0.6471 0.5150 0.6607 0.6616
MSE 366.7 114.5 80.39 85.12 84.25 66.56 79.76 110.1 111.2 62.86 61.92
LPIPS 0.1212 0.1027 0.0922 0.1001 0.0984 0.0991 0.1012 0.1024 0.1002 0.0982 0.0943
UQI 0.9794 0.9904 0.9942 0.9941 0.9938 0.9951 0.9950 0.9927 0.9911 0.9928 0.9956

MS-SSIM 0.8955 0.9216 0.9452 0.9389 0.9395 0.9406 0.9359 0.9364 0.9417 0.9455 0.9466
NIQE 3.698 3.781 3.657 3.703 3.784 3.696 3.802 3.904 3.698 3.761 3.652
PIQE 28.80 26.82 27.97 27.40 26.49 26.88 27.21 27.78 28.27 27.84 27.56
FSIM 0.9095 0.9361 0.9519 0.9465 0.9470 0.9527 0.9465 0.9414 0.9424 0.9500 0.9509

Haar PSI 0.6408 0.7400 0.7974 0.7754 0.7809 0.7984 0.7663 0.7559 0.7734 0.7861 0.7840
GMSD 0.1163 0.0830 0.0677 0.0796 0.0750 0.0699 0.0814 0.0851 0.0733 0.0757 0.0729

BRISQUE 23.05 23.18 24.75 24.96 23.88 23.18 26.28 26.26 24.87 22.75 25.66
TV-Error 1.259 1.211 1.187 1.193 1.182 1.179 1.189 1.203 1.182 1.160 1.157

Table 6.15: Quantitative comparison of the proposed scheme with different baselines
on the Test Set Light.

125TH-2563_176101005



Metric G-M-RGB G-M G-EP G-M-FP G-M-FP-EA G-M-FP-FA G-M-EP-FA G-M-EP-EA-N G-M-EP-EA-D Proposed Temporal
SSIM 0.7662 0.7808 0.8127 0.8082 0.8092 0.8076 0.7965 0.8012 0.7962 0.8185 0.7983
PSNR 22.41 23.34 23.95 24.15 24.30 24.05 22.80 23.48 23.53 24.35 23.96
VIF 0.3586 0.3604 0.3862 0.3795 0.3812 0.3776 0.3711 0.3748 0.3729 0.3969 0.3769
MSE 518.7 414.9 428.2 499.5 383.9 521.6 687.5 555.3 512.8 370.9 440.3
LPIPS 0.2676 0.2563 0.2203 0.2341 0.2327 0.2367 24.28 0.2386 0.2358 0.2163 0.2320
UQI 0.9492 0.9572 0.9652 0.9557 0.9557 0.9512 0.9352 0.9522 0.9548 0.9660 0.9576

MS-SSIM 0.7957 0.7995 0.8306 0.8264 0.8311 0.8249 0.8177 0.8201 0.8169 0.8394 0.8159
NIQE 3.898 3.807 4.462 4.149 4.026 4.265 4.023 3.728 4.391 3.756 3.806
PIQE 31.04 28.66 28.62 26.01 27.26 26.63 24.53 26.63 27.31 26.45 27.47
FSIM 0.8441 0.7808 0.8717 0.8713 0.8694 0.8716 0.8717 0.8640 0.8643 0.8754 0.8614

Haar PSI 0.5092 0.5208 0.5805 0.5771 0.5792 0.5753 0.5662 0.5622 0.5606 0.5843 0.5548
GMSD 0.1499 0.1423 0.1234 0.1261 0.1294 0.1269 0.1268 0.1298 0.1313 0.1223 0.1329

BRISQUE 31.73 26.74 26.02 23.98 24.84 23.23 24.19 25.71 24.29 25.47 27.40
TV-Error 0.9989 0.9838 0.9422 0.9527 0.9562 0.9569 0.9732 0.9702 0.9716 0.9569 0.9358

Table 6.16: Quantitative comparison of the proposed scheme with different baselines
on the Test Set Heavy.

Metric G-M-RGB G-M G-EP G-M-FP G-M-FP-EA G-M-FP-FA G-M-EP-FA G-M-EP-EA-N G-M-EP-EA-D Proposed Temporal
SSIM 0.8562 0.9102 0.9243 0.939 0.9363 0.9305 0.9282 0.9259 0.9263 0.9412 0.9311
PSNR 18.84 27.26 28.38 29.15 28.12 29.81 29.11 28.42 29.2 30.05 29.89
VIF 0.5483 0.5671 0.5922 0.6105 0.6033 0.6007 0.6021 0.6063 0.5958 0.63 0.6081
MSE 880 134.7 110.9 94.47 115.9 79.84 95.31 116.9 101.2 71.51 78.31
LPIPS 0.1962 0.0749 0.0622 0.0585 0.0592 0.0596 0.0634 0.0644 0.0624 0.042 0.0502
UQI 0.9797 0.9952 0.9961 0.9957 0.9956 0.9977 0.9966 0.9969 0.9961 0.9982 0.9976

MS-SSIM 0.8869 0.9416 0.9457 0.9674 0.9688 0.9629 0.9563 0.9527 0.9501 0.9817 0.9768
NIQE 2.505 2.5067 2.783 2.237 2.361 2.412 2.505 2.343 2.411 2.25 2.36
PIQE 21.56 19.93 22.33 22.33 18.82 20.38 21.23 20.28 20.06 19.97 20.37
FSIM 0.8851 0.9503 0.9647 0.9735 0.9676 0.9701 0.9649 0.9588 0.959 0.9729 0.9675

Haar PSI 0.5559 0.766 0.8152 0.8474 0.8348 0.8233 0.8187 0.7926 0.8118 0.844 0.826
GMSD 0.1421 0.0783 0.0629 0.0532 0.0557 0.0555 0.0627 0.0675 0.0655 0.0542 0.0603

BRISQUE 21.88 18.51 18.6 17.95 15.53 17.83 17.94 19.63 13.9 18.84 17.52
TV-Error 2.481 2.337 2.289 2.195 2.189 2.206 2.197 2.177 2.246 2.065 2.025

Table 6.17: Quantitative comparison of the proposed scheme with different baselines
on the Test Set a1.

Metric G-M-RGB G-M G-EP G-M-FP G-M-FP-EA G-M-FP-FA G-M-EP-FA G-M-EP-EA-N G-M-EP-EA-D Proposed Temporal
SSIM 0.8273 0.9205 0.9113 0.93 0.9331 0.934 0.9314 0.9322 0.931 0.946 0.9353
PSNR 13.02 28.98 28.13 29.35 28.5 30.71 29.58 29.44 29.62 31.48 30.78
VIF 0.4459 0.5731 0.5772 0.5903 0.5926 0.5897 0.5974 0.6017 0.5931 0.6221 0.5842
MSE 3904 90.05 106.3 80.92 96.26 58.12 75.61 80.71 80.15 47.91 56.83
LPIPS 0.3691 0.0927 0.0899 0.0864 0.0838 0.0821 0.0839 0.081 0.0682 0.0591 0.079
UQI 0.9135 0.9972 0.9967 0.9968 0.9967 0.9983 0.9983 0.9979 0.9973 0.9989 0.9985

MS-SSIM 0.846 0.9522 0.9542 0.9617 0.9638 0.9659 0.9647 0.9655 0.9595 0.9784 0.9695
NIQE 2.314 2.458 2.898 2.354 2.506 2.642 2.779 2.259 2.568 2.545 2.896
PIQE 30.15 27.56 30.85 28.69 26.79 28.82 29.33 31.44 29.83 29.47 28.77
FSIM 0.8853 0.9533 0.953 0.9646 0.9632 0.9677 0.9641 0.9576 0.9555 0.9745 0.9669

Haar PSI 0.5053 0.75 0.7601 0.8024 0.8009 0.8049 0.7991 0.7318 0.7653 0.8311 0.8063
GMSD 0.14 0.0754 0.0787 0.0672 0.0659 0.0621 0.0671 0.0726 0.0728 0.056 0.0612

BRISQUE 26.76 26.22 26.17 23.76 25.68 25.49 25.76 27.35 28.1 27.74 25.46
TV-Error 1.451 1.303 1.297 1.243 1.238 1.228 1.227 1.231 1.229 1.227 1.223

Table 6.18: Quantitative comparison of the proposed scheme with different baselines
on the Test Set b1.
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6.4.2 Qualitative comparison

6.4.2.1 Improvement from the perspective of input color-space

V1 V2 V1 V2 V1 V2 V1 V2 V1 V2

Rainy

G-M-RGB

G-M

GT

Figure 6.11: Results to show the comparison between G-M and G-M-RGB configs.
V# denote the video number.

The rain-streaks in an image/frame exhibits pseudo-periodic nature. Due to

the cancellation property of the YCBCR color-space in the case of rain-streaks

[107], most of the rain only exists in the Y channel. Therefore, it is preferable to

adopt YCBCR as input color-space which has a smaller solution space, compared

to 3-channel RGB space. Quantitatively, it can be observed from the Tables 6.15,

6.16, 6.17, and 6.18 that the configuration G-M has outperformed G-M-RGB

in most of the evaluation metrics with a significant margin. Visually, it may be

observed from the Figure 6.11 that G-M-RGB suffer from visual artifacts.

6.4.2.2 Improvement from the perspective of model architecture

To show the efficacy of the proposed multi-contextual discriminator (ϕD), we

performed an ablation (G-M-EP-EA-D) where the proposed ϕD is replaced

with a discriminator used in Zhang et al. [9]. It can be observed from Figure 6.12
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V1 V2 V1 V2 V1 V2 V1 V2 V1 V2

Rainy

V1 V2 V1 V2 V1 V2 V1 V2 V1 V2

G-M-EP-EA-D

V1 V2 V1 V2 V1 V2 V1 V2 V1 V2

Temporal

V1 V2 V1 V2 V1 V2 V1 V2 V1 V2

GT

Figure 6.12: To show the comparison between Temporal and G-M-EP-EA-D configs.
V# denote the video no.

that the results obtained by using G-M-EP-EA-D contains the visible rain-

streaks when compared to the proposed method. It is also evident from the

Tables 6.15, 6.16, 6.17, and 6.18 that the temporal solution that is 3D-conv

based multi-contextual network, has outperformed the configuration G-M-EP-

EA-D in most of the evaluation metrics. It may be because the discriminator

proposed in [9] (1) use 2D-conv with fixed contextual size that may not learn the

temporal consistency well compared to 3D-conv with multi-contextual, (2) allows

down-upsampling of the features that may incur loss of high-frequency details.

6.4.2.3 Exponential Perceptual Loss + MSE vs MSE

It is clear from the quantitative results that the inclusion of perceptual loss over

conventional MSE has proven to be beneficial, especially in terms of SSIM and

PSNR. It can be observed from the Figure 6.13 that the results obtained by using

only MSE loss still contains the visible rain-streaks compared to the proposed

baseline.
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V1 V2

Rainy

G-M

Proposed

GT

Figure 6.13: Sample results to show the comparison between Proposed and G-M

configurations. V# denote the video number. Please magnify the figure to see the
visible rain-streaks in G-M. Quantitative results are given in Tables 6.15,

6.16, 6.17, and 6.18 of this chapter.

6.4.2.4 Exponential Adversarial Loss vs Fixed Constant Adversarial
Loss

It can be observed from the quantitative results that introducing the exponentially

increasing loss constant compared to fixed, has proven to be beneficial, especially

on the test-sets a1, b1. It can also be observed from the Figures 6.14, and 6.15

that results obtained using fixed constant losses suffer from visible rain-streaks.

It is based on the intuition that the learned weights should deviate much (avoid

large variance) when introduced a new penalty.
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V1 V2

Rainy

V1 V2

G-M-FP

V1 V2

Proposed

V1 V2

GT

Figure 6.14: Sample results to show the comparison between Proposed and G-M-FP

configurations. V# denote the video number. Please magnify the figure to see the visible
rain-streaks in G-M-FP.

6.4.2.5 MSE-based Adversarial Loss vs Entropy-based Adversarial
Loss

To show the efficacy of the proposed MSE-based Adversarial loss used in dis-

criminator ϕD, we performed an ablation (G-M-EP-EA-N) where the proposed

MSE-based Adversarial loss is replaced with conventional Entropy-based Adver-

sarial loss for training. It can be observed from Figure 6.17 that the results

obtained by using G-M-EP-EA-N contain visible rain-streaks and reconstruc-

tion errors compared to the model trained using the proposed loss function. It

is also evident from Tables 6.15, 6.16, 6.17, and 6.18 that the temporal solution,

which uses the proposed MSE-based Adversarial loss, outperforms the configura-

tion G-M-EP-EA-N in most of the evaluation metrics. It may be because the

proposed MSE-based Adversarial loss can learn more useful distinguishing char-

acteristics between the real and fake de-rained images compared to conventional

entropy loss, thereby driving the generator ϕG to learn the essential features that
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V1 V2

Rainy

V1 V2

G-M-EP-FA

V1 V2

Temporal

V1 V2

GT

Figure 6.15: Sample results to show the comparison between Temporal and G-M-

EP-FA configurations. V# denote the video number. Please magnify the figure to see
the visible rain-streaks in G-M-EP-FA.

should be retained to make the de-rained image look realistic.

6.5 Justification

The three main aspects that govern the success or failure of any image/video noise

removal algorithm are: (a) Color space of the input, (b) Model architecture, and

(c) Cost functions. A majority of the shortcomings mentioned earlier in this

chapter can be overcome by carefully drafting the above-defined aspects. The

proposed model has outperformed the existing schemes, as shown in Section. 6.3

with minimal artifacts. To justify, the following assertions can be considered:

(a) Unlike single image de-hazing (see Chapter 5) where the noise exponentially

varies with the depth of the pixel in an image, the rain-streak noise exhibit pseudo-

periodic characteristics. Therefore, YCbCr may be the right choice of color space

for input when compared to a highly correlated RGB color space in the case of
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Figure 6.16: Sample results to show the comparison between Temporal and G-M-FP-

FA configurations. V# denote the video number. Quantitative results are given

in Tables 6.15, 6.16, 6.17, and 6.18 of this chapter.

image/video de-raining. This may help in avoiding the color distortions in the

de-rained frames. (b) A majority of the video noise removal methods that are

based on the deep learning framework separately consider the objectives of spatial

and temporal enhancement. However, in this work, we attempt to unified these

objectives and entirely rely on the proposed model for inherently estimating the

optical flow followed by the de-rained frames. We thus present a light-weight

deep CNN for video de-raining which is not only a resource favoured, but also

overcome the heavy motion blur due to rapid change in motion between the

frames because of inherently estimating the optical flow and its frame-recurrent

nature. (c) While the encoder-decoder model might have improved the spatial

resolution of the de-rained frame, the incorporated frame-recurrent methodology

and temporal loss from the adversary may have further enhanced the performance

of the proposed model by eliminating the problem of imprints from the previous

frames and object disappearance. This may be due to the good choice of temporal
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Figure 6.17: To show the comparison between Temporal and G-M-EP-EA-N configs.
V# denote the video no.

width in the input, which is 3 in our case. However, the impact of increasing or

decreasing the temporal width on the performance of the network may be taken

as a future scope of this work.

6.6 Summary

In this contributory chapter, we have presented a light-weight unified deep learning-

based frame-recurrent method for the video rain-streak removal task, which is

built upon the Conditional GAN framework. The proposed generator method

takes a previously estimated de-rained frame and rain-streak map to predict the

current rain-free frame from a rainy video. Whereas the adversary is a multi-

contextual 3D convolution-based CNN that classifies the set of de-rained frames

into real or fake. In addition to the traditional L2 loss, we have also adopted

the perceptual cost function for the optimization of the proposed model. Instead

of traditional entropy loss from the adversary, we attempt to use the Euclidean
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distance between the feature maps returned by the adversary to optimize the

generator model for the video de-raining. To prove the efficacy of the proposed

method, we have given an extensive comparison with ten state-of-the-art meth-

ods for video and image de-raining using fourteen image quality metrics on eleven

test-sets. We have also shown the applicability of the proposed model on real-

world rainy videos. In terms of computation, we have observed that the proposed

model takes a minimal amount of time, which is ∼1.5 seconds per frame, for

estimating the rain-free videos when compared to other existing methods.

The next chapter concludes the thesis by briefly summarizing the work pre-

sented in the thesis and discussing the future research works.
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Chapter 7
Conclusion and Future Works

The main objective of this dissertation is to propose image and video restora-

tion algorithms to obtain noise-free images and videos without compromising

the visual quality. Two major tasks have been achieved in this research work:

firstly, analyzing the noise characteristics in a noisy image or video, and secondly,

devise deeper models to remove such noise based on the noise characteristics.

In this chapter, we have summarized the major contributions of this thesis and

highlighted some future scope of the research.

7.1 Summary of the Contributions

In next subsection, we have presented the summary of contributions.

7.1.1 Exploiting Efficient Spatial Upscaling for Single Im-
age De-Raining

In the first contributory chapter, a learning-based approach has been presented to

avoid over-coloring and white-dot artifacts in the de-rained images, which is em-

powered with efficient sub-pixel upscaling and adversarial training. The proposed

approach utilizes the luminance channel of the rainy images only to bypass the

visual artifacts due to the correlated RGB domain. It has been shown that the

usage of efficient sub-pixel upscaling is beneficial over traditional deconvolution

in the case of single image de-raining.
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7.1.2 Exploiting Transformed Domain Features for Single
Image De-Raining

The second contribution introduces the transformed domain coefficients of the

rain-streaks in deep learning. In the first part of the second contribution, an

uncorrelated transformed domain has been exploited by processing the DFT co-

efficients using a deep CNN. The proposed approach takes DFT coefficients of

the rainy image as input and outputs the same of the de-rained image. Whereas,

in the second part of the second contributory chapter, a correlated transformed

domain has been exploited in terms of DWT coefficients for the same task. It has

been shown that a significant improvement can be achieved if correlated trans-

formed domain cues are given as input to deep CNN in addition to the spatial

domain features.

7.1.3 A Probe Towards Scale-Space Invariant Conditional
GAN for Image De-Hazing

The third contribution uncovers the aspect of scale-space invariance in the deep

CNN for single image de-hazing by utilizing the LoG of the images. The LoG

preserves a variety of edgy structures which can be utilized to remove the halo

artifacts in the de-hazed images. The proposed model incorporates the Euclidean

difference between the LoG features of de-hazed and clean ground truth images

as a supervised cost function to optimize the conditional GAN-based framework.

7.1.4 Frame-Recurrent Multi-Contextual Adversarial Net-
work for Video De-Raining

Lastly, in the final contribution, a unified multi-contextual deep CNN has been

proposed for the task of video de-raining. It has been experimentally shown

that the proposed multi-contextual 3D convolution-based design has been highly

beneficial for efficient video de-raining. The method is further empowered with

adversarial and perceptual cost functions.
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7.2 Future works

The present study of this dissertation can be extended further in several directions

as listed below:

• The proposed works in chapters 3, 4, and 5 can be extended to the re-

spective video restoration. Particularly, it may be interesting to see how

learning-based methods perform when presented with transformed domain

coefficients of temporally connected noisy frames in the case of video de-

noising.

• The proposed work in chapter 5 can be re-engineered to accommodate the

scale-space invariance in the respective architecture instead of utilizing it

as a supervised cost function.

• The presented approach in the last contributory chapter can be further

extended to solve other video restoration tasks, such as video de-snowing

and inpainting.

• Also, one may extend the presented ideas to image or video de-noising in a

completely different domain, such as underwater or satellite optical image

and video restoration using deep learning techniques.
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