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Abstract

Images and videos captured under adverse weather condition usually su er from bad visual
quality. The reduced visual quality can diminish the the human operator comprehension
of the image or video content or even it can make the higher-level computer vision appli-
cations such as object segmentation or detection, very challenging. This thesis focuses on
recovering the images or videos a ected by di erent adverse weather conditions.Airborne
videos are extensively used for object detection and target tracking. However, under bad
weather conditions, the presence of clouds and haze or even smoke coming from buildings
can make the processing of these videos very challenging. Current cloud detection or clas-
sification methods only consider a single image. Moreover, the images they use are often
captured by satellites or planes at high altitudes with very long ranges to clouds, which can
help distinguish cloudy regions from non-cloudy ones. We propose a new approach for
cloud and haze detection by exploiting both spatial and temporal information in airborne
videos. In this method, several consecutive frames are divided into patches. Then, consec-
utive patches are collected as patch sets and fed into a deep convolutional neural network.
The network is trained to learn the appearance of clouds as well as their motion character-
istics. Therefore, instead of relying on single frame patches, the decision on a patch in the
current frame is made based on patches from previous and subsequent consecutive frames.

This approach, avoids discarding the temporal information about clouds in videos, which



may contain important cues for discriminating between cloudy and non-cloudy regions.
Experimental results show that using temporal information besides the spatial characteris-

tics of haze and clouds can greatly increase detection accuracy.

The second problem that we address is the removal of haze problem in aerial images or
airborne videos. Existing single-image dehazing methods that work on ground-to-ground
images, do not perform well on aerial images. Moreover, current dehazing methods are
not capable for real-time processing. We propose a new end-to-end aerial image dehazing
method using a deep convolutional autoencoder. Using the convolutional autoencoder, the
dehazing problem is divided into two parts, namely, encoder, which aims extract important
features to dehaze hazy regions and decoder, which aims to reconstruct the dehazed image
using the down-sampled image received from the encoder. In this proposed method, we
also exploit the superpixels in two di erent scales to generate synthetic thin cloud data to
train our network. Since this network is trained in an end-to-end manner, in the test phase,
for each input hazy aerial image, the proposed algorithm outputs a dehazed version without
requiring any other information such as transmission map or atmospheric light value. The
idea used for generating the synthetic hazy images is further extended for generation of
the synthetic hazy frame sequences for airborne video dehazing. The thin clouds in these
videos can be distinguished from the other objects on the ground by their two main char-
acteristics: color and motion. Here, we propose a new method for airborne video dehazing
by incorporating both the color and motion features of the thin clouds. Using the generated
synthetic data, a new end-to-end convolutional autoencoder is trained for dehazing the hazy
frames of airborne videos. This network is trained in a way to extract both the temporal and
spatial information for the dehazing task. With the proposed dehazing methods, hazy re-

gions are dehazed and objects within hazy regions become more visible while the contrast
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of non-hazy regions is increased.

The third challenging weather condition that we address is the atmospheric turbulence
problem caused by heat. Atmospheric turbulence is one of the causes of quality degra-
dation in long-range imaging and the removal of its bad e ects from degraded frame se-
quences is considered an ill-posed problem. Although there have been numerous attempts
to address this problem, the quality of the restored scenes is not promising. In contrast to
the previous approaches to address this problem, in this thesis, we propose a data-driven
approach. First, an end-to-end deep convolutional autoencoder is trained using natural im-
ages and its encoder part is exploited to extract high-level features from all the frames in a
sequence that are distorted by atmospheric turbulence. Then, the Binary search algorithm
and the unsupervised k-means clustering method are jointly exploited to analyze these high-
level features to find the best set of frames that can help accurately reconstruct the original
high-quality image. After removing the geometric distortion from the selected frames, the
saliency map of the average set of the selected frames is calculated and used with the orig-
inal selected frames to train an end-to-end multi-scale saliency-guided deep convolutional
autoencoder network to fuse the registered frames. This networks uses di erent scales of
the input frames and their saliency map for better fusion performance. Specifically, the fu-
sion network learns how to fuse these sets of frames and also exploit information from their
saliency map to generate an image with more details of the scene. Finally, this fused image
is post-processed to boost the visual quality of the output fused image. The experimental
results are conducted on both synthetically and naturally distorted sequences to show the

performance of the proposed method compared to the other state-of-the-art methods.

The fourth and the last problem that is addressed in this thesis is the removal of rain

streaks and snow particles from single images. Rainy or snowy weather conditions can
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severely impair the visual quality of single images. Moreover, due to lack of temporal
information in single images, removal of these artifacts becomes more challenging. We ad-
dress both the deraining and desnowing problem in a single framework using a data-driven
approach. In this method, the spatial characteristics of rain streaks and snow particles are
well investigated and two maps, namely, direction map and intensity map are generated
and exploited in the removal process. Using these two maps the type of the distortion is
classified using a convolutional neural network (CNN) and this information is forwarded to
the removal step. In the removal step, The input image with the two extracted maps and the
information about the distortion type are used to train a deep fully convolutional rain/snow
removal network (RSRNet). This network is trained in a way that separates the important
background scene edges from the rain streaks or snow particles and use the extracted edge
map to augment the quality of the output clear image. Moreover, single images usually
su er from atmospheric haze made in the case of heavy rain/snow. Therefore, a simple
dehazing method based on the dark channel prior (DCP) algorithm is proposed which uses
the edge map extracted in the RSRNet to build a transmission map for the haze removal
task. The experimental results on both the real and synthetic single rainy/snowy images
demonstrate the superiority of our method compared to the other rain/snow removal meth-

ods.
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BOW  Bag-Of-Words

CNN  Convolutional Neural Network
CSpP Complex Steerable Pyramid
HOG  Histogram Of Gradients

HVS  Human Visual System

MRF  Markov Random Field

MSE  Mean Squared Error

PSF Point Spread Function

PSNR Peak Signal to Noise Ratio

ReLU Rectified Linear Unit

ROI Region Of Interest

RPCA Robust Principle Component Analysis
SLIC  Simple Linear Iterative Clustering
SSIM  Structural Similarity Index

SVM  Support Vector Machine

UAV  Unmanned Aerial Vehicle
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Chapter 1

Introduction

With the significant advances in the technology multimedia has become an integral part of
human life. Digital cameras specifically, the ones embedded in cellphones, have become
cheaper and widely available. These digital cameras are used for di erent purposes. They
can be used for both important and critical public purposes such as urban monitoring, tra ¢
management, as well as for personal purposes such as capturing moments and memories
of human lives for sharing on social media. However, the images or videos captured in
outdoor scenes can be drastically a ected by the adverse weather conditions. This can po-
tentially reduce the visual quality of the captured images or videos. Therefore, processing
distorted data in order to remove adverse weather conditions to retrieve better quality data,
is necessary. In the following Sectionss, each of the weather distortions that is addressed

in this dissertation, is introduced.
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Figure 1.1: Two real hazy frames of di erent airborne video samples.

1.1 Cloud/haze Detection in Airborne Videos

Videos captured by cameras on airplanes or Unmanned Aerial Vehicles (UAVs) are often
used in the aerial surveillance of ground vehicles and maritime vessels. Airborne videos
have applications in automatic tra ¢ monitoring, urban planning and detection of abnormal
behavior. These aerial surveillance videos have advantages over ground based surveillance
videos due to their large field of view and reduced obscuration [28]. Videos from aircraft
have lower range to the ground than those captured from satellites. One of the main chal-
lenges in the automatic analysis of these videos is the presence of clouds or haze. In Fig.
1.1 two samples of hazy airborne video frames are shown. As an airborne platform goes
through or flies over clouds and haze, the brightness changes and the quality of the scene
is reduced. Consequently, detecting and tracking of moving objects become di cult due
to occlusion and low visibility. Therefore, detection of cloudy and non-cloudy regions in
airborne videos is an important prerequisite for further scene processing. For instance,
when clouds move around in airborne videos, moving object detection methods based on
frame di erencing or background subtraction [29-31] might yield a high false positive rate.
Therefore, a pre-processing step is needed to detect cloudy regions to avoid declaring them

as moving objects on the ground. Another advantage of automatic cloud/haze detection is
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that it can improve the fusion of di erent video or radar sources. Consider a multi-source
airborne surveillance system with camera, lidar or radar. By using an automatic cloud de-
tection method, one can detect whether the scene in the video is covered by clouds or not.
When it is, the data obtained by radar or lidar can be used to augment the information from

video.

1.2 Aerial Image and Airborne Video Dehazing

Another problem in aerial images or airborne videos is the presence of haze or smoke.
Several methods have been proposed in the literature to detect and track moving vehicles in
airborne videos [29-32]. However, these methods do not usually consider challenges such
as hazy conditions due to thin clouds or smoke from buildings. The reason for the reduction
in quality of these images or videos is because the small particles in the atmosphere scatter
the light that is reflected from the scene towards the camera, which results in faint color and
low contrast frames. In Fig. 1.1 two sample hazy frames of two di erent airborne videos
are shown. As it can be seen, these frames su er from the low contrast and faint colors due
to the haze. Therefore, these images or videos need to be pre-processed to have a better

quality for higher level computer vision tasks such as object detection or recognition.

1.3 Atmospheric Turbulence E ects removal from Videos

Atmospheric turbulence is one of the main causes of poor visual quality in long-distance
imaging. This phenomenon can be seen on hot days where objects near the ground fluctuate
and seem to move despite their stationary position. For instance, objects in the deserts or a

scene observed through a hot medium such as the area near jet engines or house chimneys
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Figure 1.2: Atmospheric turbulence distortion formation and its adverse impact on long-
range imaging.

exhibit atmospheric turbulence. This phenomenon can also be observed at nights where
long-range objects such as lights or even stars flicker. As shown in Fig. 1.2, in places
where the temperature variation is huge the refractive index varies because of the humidity
or the density of the particles. Therefore, the light beams reflected from the object in the
distant must go through several turbulent layers to get to the camera. While traversing this
distance, due to the turbulent medium, the beams reflected from the object refract and reach
wrong positions on the imaging plane, which causes distortions seen in atmospherically
distorted images [33]. In other words, atmospheric turbulence is caused by the random

fluctuations of the refractive index in the optical transmission path [34,35].

This phenomenon can cause drastic temporal oscillation known as geometric distortion
(motion) and also time- and space-variant blur. Depending on the severity of the turbulence,
the geometric distortion can cause non-uniform movements of the object even if the object
and the camera are static. These factors can make the objects of interest invisible or di cult
to distinguish from its surrounding regions. These e ects are shown in Fig. 1.3. Fig. 1.3
(b), where a scene of a car’s rear is distorted by severe artificial atmospheric turbulence [1].

Comparing Fig 1.3 (a) and (b), we can see that the distorted frame has both geometric
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Figure 1.3: Atmospheric turbulence distortion e ects (image from [1]). (a) Ground truth
image. (b) A sample distorted frame.

distortion and significant amount of blur, which makes it very di cult to read the plate
number. Therefore, a pre-processing method is needed to remove these adverse e ects

from frame sequences distorted by atmospheric turbulence.

1.4 Rain/Snow Removal from Single Images

Images or videos captured under snowy or rainy weather conditions have poor visual qual-
ity due to presence of snow particles or rain streaks as these particles or streaks, occlude or
blur certain objects in the scene. These two types of artifacts are di erent in characteristics
and human visual system (HVS) can easily distinguish them. For instance, rain streaks can
have di erent sizes, directions and spatial frequencies in di erent images while they are
mostly the same inside a single image. On the other hand, snow particles have di erent

uneven shapes and sizes even inside a single image. In Fig. 1.4 (a) and (b) two real images
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Figure 1.4: Rain and snow artifacts in single images (images from [2, 3]). (a) A real rainy
single image sample. (b) A real snowy single image sample.

distorted by rain streaks and snow particles are shown, respectively. Moreover, the rain
streaks far from the camera form an atmospheric veil which can be observed as a thin haze
layer or the haze can often be seen in the snowy weather as well. Hence, the dehazing
problem is another issue that can a ect the visual quality in the presence of snow or rain.
Therefore, developing low-level computer vision algorithms for removing these artifacts

prior to higher-level processing is necessary

1.5 Contribution and Publication

This thesis presents the research results on results enhancing the quality of images and
videos distorted by adverse weather conditions. This thesis shows the years of research
in this field and the experiences that were obtained are invaluable. At each step of work
we acquired a significant amount of experience and knowledge which we tried to exploit
in our next steps of research work. This increased knowledge and experience trend can
be seen by following our works from chapter 3 to chapter 6. First, a cloud/haze detection

method is proposed. The result of this research work is being published in Multimedia
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Tools and Application at Springer. Then, an aerial image dehazing method is proposed.
Also, the result of this work is being published in Multimedia Tools and Application at
Springer. Airborne video dehazing and atmospheric turbulence removal are the title of the
next research works and their results, as two separate journal papers, are submitted to the
Signal Processing and Image Communication at Elsevier. Our final research work is on rain
and snow removal from single-images and its result is submitted to the IEEE Transaction

on Image Processing (TIP).

1.6 Thesis Outline

The main goal of this thesis is to tackle the adverse e ects of all the mentioned weather dis-
tortions, namely, haze, atmospheric turbulence and rain/snow in images and videos. This
dissertation is organized as follows. We started with an introduction about the di erent
weather conditions and their adverse e ects on images and videos. The second chapter
is dedicated to the background and related works. In chapter 3, the proposed method for
cloud/haze detection in airborne videos will be presented. In chapter 4, the proposed dehaz-
ing methods for aerial image and airborne video dehazing will be presented. In chapter 35,
the proposed method for removal of adverse e ects of atmospheric turbulence is explained.
In chapter 6, the proposed rain/snow removal method in single images is presented. Finally,

in chapter 6, the conclusion and discussion of the future work is explained.
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Chapter 2

Background and Related Works

This chapter provides the general idea of several existing method on enhancing images and
videos distorted by di erent weather conditions. At first, image and video dehazing meth-
ods are presented. Then the atmospheric turbulence e ects removal methods are explained.

Finally, the rain and snow removal methods are reviewed.

2.1 Cloud/haze Detection

Several cloud detection methods have been proposed in the literature. Some of these meth-
ods work on multi-spectral satellite images and they rely on the extra information available
in spectral bands in addition to the RGB data [36-38]. These methods are not applicable
to RGB or gray scale aerial videos. In [4], a cloud detection method based on the color
statistics of images is proposed. In this method, a coarse cloud region is obtained by a
progressive refinement scheme and then a finer map is calculated from the coarse cloud
region using bilateral multi-scale decomposition. Setting up the correct thresholds used

in this method under di erent conditions is di cult as clouds may not always be bright.

9



Ph.D. Thesis - Hamidreza Fazlali McMaster - Electrical & Computer Engineering

In [39], an automatic method for cloud and shadow detection in remote sensing optical
images using Markov Random Field is proposed. In [40] a supervised learning algorithm
for detecting clouds in RGB images is proposed. In this method, a set of fundamental fea-
tures such as color, statistical information, texture and structure are extracted from a single
training image and then used to train a detector to calculate a saliency map. Finally, the
cloud mask is obtained by post-processing the calculated saliency map. The single image
used in the training of the classifier in this method should be chosen to contain di erent
cloud brightnesses and characteristics of clouds. There are many saliency detection meth-
ods that can be used for cloud/haze detection. For instance, in [41] a high-quality salient
object in clutter (SOC) dataset is created in which beyond object category annotations,
each salient image is accompanied by attributes that reflect common challenges in real-
world scenes (such as occlusion and clutter). State-of-the-art methods are evaluated on the
dataset. In [42], a comprehensive study on video salient object detection (VSOD) is done
by creating a new visual-attention-consistent densely annotated VSOD (DAVSOD) dataset.
Then, a baseline model based on convolutional neural network (CNN) is used, in which the
problem is divided into two parts. In the first parte cient static saliency is learnt and in the
second part the temporal dynamics and saliency-shift is handled simultaneously. In [43] the
problem of saliency map with coarse object boundaries is addressed. In this method, salient
object feature and salient edge features are extracted and then, using these complementary
features, the same salient edge features are coupled with salient object features at various

resolutions.

In [44], image features extracted by a bag-of-words (BOW) model are used to train
a support vector machine (SVM) for the classification of cloudy and non-cloudy regions.

In [45], each input image is divided into superpixel sub-regions and then one patch from
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each superpixel is fed into a trained deep CNN to classify each superpixel as cloudy or non-
cloudy. An improved version of this method is proposed in [46], where the simple linear
iterative clustering (SLIC) superpixel method [47] is modified to get a better superpixel fit
for cloudy images. Then, two di erent patch sizes are extracted from each superpixel and
fed into a trained two-branch deep CNN for the classification of each superpixel into three

main classes: densely cloudy, lightly cloudy and non-cloudy regions.

2.2 Image and Video Dehazing

To dehaze an image, first we need to investigate how haze is generated or represented in
images. Hazy image formation can be modeled using atmospheric scattering model [48,49]
as

1(x) = JOOt(X) + (1 t(X)A 2.1)

where |(X) is the observed hazy image, J(X) is the clear scene radiance, t(X) is the medium
transmission, which determines the amount of light that is not scattered and reaches the
observer, and A denotes the global atmospheric light. In (2.1), we have three unknown
parameters, namely, J(X), t(X) and A, but only the hazy image 1(X) is known. Thus, several
solutions can be found for the scattering model equation for a specific hazy image, which
makes the dehazing problem ill-posed. The goal of dehazing an input image is to find J(X),
which requires the estimates of t(X) and A. In the single-image dehazing methods in the

literature such as [9], it is assumed that the haze is homogeneous and is defined as

t(x)=e 9% (2.2)
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where is the scattering coe cient of the atmosphere and d(X) is the scene depth at pixel
with position X. That is, (2.2) states that the amount of haziness of a region in the input
image |(X) is directly related to its depth and that the deeper a region, the hazier that region
is.

Methods in the literature for solving the dehazing problem can be separated into two
di erent categories: single-image dehazing methods and video dehazing methods. In the

following sub-sections the related works are reviewed.

2.2.1 Image Dehazing

Single-image dehazing methods only rely on the single hazy image without any other infor-
mation. Most of these methods attempt to estimate the transmission map and atmospheric
air-light of the hazy image and then generate the dehazed version using these two esti-
mations. Usually, these methods exploit some prior or are based on handcrafted features
such as color or texture for estimation of the transmission map. In [9], it is assumed that
in the patches of a clear image at least one channel has some pixels with intensities near
zero except in the hazy regions. This assumption is used as a prior for the extraction of
the transmission map of a hazy image. However, this assumptions is not always valid,
and the existence of bright objects in a clear image can violate it. Another drawback of
this method is its high computational complexity, making it unsuitable for real-time appli-
cations. In [50], four di erent haze-relevant features, including multi-scale dark channel,
multi-scale local max contrast, multi-scale local max saturation and hue disparity, are used
to train a Random Forest for transmission map estimation. In [10], the depth information

of a scene is modeled using a supervised learning model with a color attenuation prior.
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Then, the extracted depth information is used for transmission map estimation. The de-
hazing algorithm in [11] is based on a non-local prior by approximating colors in a clean
image using several distinct colors. These colors form tight clusters in RGB space and in
the presence of haze these clusters form haze-lines in the same space, which are then used
to estimate per-pixel transmission.

Recently, CNNs have been used to solve computer vision problems such as object
detection [51], image denoising [52], image classification [53] and semantic segmenta-
tion [54,55]. Also, CNNs have been used to extract haze-relevant features and to dehaze
images. In [12], a multi-scale CNN (MSCNN) is used with a coarse-scale network to esti-
mate a holistic transmission map followed by a fine-scale network to refine the map locally.
In [13], a CNN called DehazeNet is trained to estimate the transmission map pixels based
on patches surrounding them. In [56], a CNN that dehazes an image is trained by com-
paring the quality of di erent patches with the original hazy version and chooses the best
one using the binary search algorithm. These methods try to estimate the transmission map
and the atmospheric light separately. In contrast to the previous methods, in [14] a unified
framework is proposed to perform the dehazing operation in one step, in which a CNN

called AOD-Net is trained to directly convert a hazy image into a haze-free image.

2.2.2 Video Dehazing

In contrast to single-image dehazing methods, video dehazing methods have the advantage
of being able to access the previous and the subsequent frames for each current hazy frame
in order to exploit the temporal information beside the spatial information to improve the
dehazing process. In [57,58], the contrast of hazy frames is enhanced and a cost function

is used to mitigate the overcompensation of the contrast level. In [15], an image-guided,
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depth-edge-aware smoothing algorithm is used to refine the transmission map determined
by the local priors and to generate the final haze-free image using the Gradient Residual
Minimization (GRM) technique. This method is a frame-by-frame dehazing method and
the temporal information is not explicitly used for dehazing. One disadvantage of this
method is its high computational cost. In [8], the Markov Random Field (MRF) is built
with the Intensity Value Prior (IVP) to manage the spatial consistency and the temporal co-
herence, and dehazing is carried out by maximizing the MRF likelihood function. Inspired
by the AOD-Net single-image dehazing method [14], in [16] an end-to-end video dehazing
method called EVD-Net is proposed. In this method, five consecutive frames are used to
dehaze the middle (third) frame, and each frame is processed using a separate CNN branch
with the resulting feature maps being concatenated to generate the output dehazed version
of the middle frame. In [59], a deep CNN is trained to estimate the transmission map of
the third (middle) frame of a set of five consecutive input hazy frames. This method is
improved in [60] by incorporating the semantic information of the scene as a prior infor-
mation for transmission map estimation using a semantic segmentation method [61] in the

corresponding CNN architecture.

2.3 Atmospheric Turbulence E ects removal from Videos

Generally, there are two major approaches to solve this problem, namely, hardware-based
optical approaches [62,63] and image processing-based approaches. Compared to the im-
age processing-based approaches, hardware-based approaches are expensive and hard to
implement. Image processing approaches try to extract a high-quality image from the set of
turbulent-distorted images. These approaches assume that both the camera and the objects

are static. The local motions seen in the sequence of frames distorted by the atmospheric
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turbulence is considered as the geometric distortion due to the air turbulence. As the ge-
ometric and the blur distortions vary by the time, information in one frame in a sequence
of frames is not enough to recover the high-quality image. Hence, the existing methods

exploit all the frames in the sequence or a subset of them to recover the high-quality image.

Some of these methods use the idea of selecting high-quality frames from the original
degraded sequence and fuse them to generate the high-quality output frame. This approach
that is usually referred as “lucky frame” approach, exploits a sharpness metric for their im-
age selection phase [64,65]. These methods assume that in a short-exposure video distorted
by the atmospheric turbulence, a subset of frames can be found that have high-quality. The
problem with this approach is that the probability of finding good frames that have totally
good quality is very low. In order to alleviate this problem another approach is investigated
to consider regions instead of a whole frame for measuring sharpness. This approach is
named as “lucky region” [66—68]. Methods based on this approach use a sharpness metric
to detect sharp regions and then fuse them to generate the high-quality image. One disad-
vantage of these methods is that they need a large number of distorted frames for increasing
the existence probability of sharp regions in the sequence. Another disadvantage of these
methods is that even though they remove the space-time-varying blur in the final output
but they can not address the blur caused by the di raction-limited point spread function

(PSF) [21].

Several methods take advantage of the non-rigid image registration in order to reduce
the geometric distortion caused by the atmospheric turbulence. In [69], an average frame
is built from the distorted frames in the sequence, which has a little amount of informa-
tion about the objects due to the averaging process while it has less geometric distortion.

Then all the frames in the sequence are warped on this average frame using a non-rigid
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image registration method with the B-spline basis function. Finally, a multi-frame super-
resolution reconstruction method is exploited to generate the high-quality output image.
In [70], a B-spline non-rigid image registration method with a new symmetry constraint is
used to register the distorted frames in the sequence to the average frame. Then the high-
quality frame is obtained using a Bayesian reconstruction framework for which the L1
norm minimization and bilateral total variation regularization prior are used for the opti-
mization function. One drawback of this method is that it considers the blur to be time- and
space-invariant, which is not the case in the real-world scenarios. In [21, 71], after remov-
ing the local motion using the B-spline non-rigid image registration method, the registered
frames are fused to produce the near-di raction-limited blur image. Then this image is
deconvolved using a blind-deconvolution method to generate the sharp image. One down-
side of the methods based on B-spline non-rigid image registration is that their registration
step is very time-consuming and is not suitable for high-resolution image applications. In
addition, the B-spline based non-rigid image registration methods may not precisely find
correspondence between two target images because of the severity of the turbulence that
can lead to missed detailed features and eventually registration errors [72]. Another disad-
vantage of this method is that its near-di raction-limited patch reconstruction step needs
di raction-limited isoplantic patch (a patch that has space-invariant blur [21]) for all the lo-
cal regions, which may not be the case if there are a few number of frames. Therefore, this
method requires a large number of frames for reliable performance, which is not always

feasible.

In [73], the Laplacian pyramid is used to decompose each distorted frame into vari-

ous spatial frequencies. Then, low-pass filters are used to attenuate the variations of the
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local phase and local amplitude of each sub-band that are extracted using the Riesz trans-
form. In [72], complex steerable pyramid (CSP) is used to reduce the turbulence e ects.
This method first decompose the degraded frame sequence using CSP and temporal aver-
age phase is chosen as the initial reference phase which is then iteratively corrected. Also,
for mitigating the blur caused by the turbulence, optimal amplitude selection and fusion
is done, which is then used with the refined phase to reconstruct the image. In [74], the
reference image is constructed using low-rank decomposition approach and then this ref-
erence image is iteratively optimized using a variational model to improve the registration
accuracy. Then, deformation-guided spatial-temporal kernel regression is used to fuse the
registered frames. Finally, a blind-deconvolution method is applied on the fused image to
generate the final output. This method is not suitable for high-resolution images due to
the computationally intensive processes like low-rank decomposition and variational op-
timization [72]. In [20], the Sobolev gradient method and the Laplace operator are used
to sharpen each frame and reduce the temporal distortions respectively. Then, a lucky
region” scheme is used to fuse the frames where, the frames are divided into small patches
and among the corresponding patches in one region, the patch with the highest intensity
variance and highest similarity to its corresponding mean patch is selected as the clear

patch.

In [1], the region of interest (ROI) need to be selected manually and then a subset of
frames that have higher sharpness, similarity to the mean frame and larger ROI size is
automatically selected as good frames. Then these frames are registered and fused using
the dual-tree complex wavelet transform. Also, in the post-processing step, a contrast en-

hancement method is exploited to increase the visual quality of the output image. The
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disadvantage of this method is the need for manually indicate the ROL. In [33], by exploit-
ing an energy function, a set of sharp or mildly distorted frames with a reference frame are
obtained from the distorted sequence. Then, these frames are registered on the reference
frame by applying robust principle component analysis (RPCA) on the deformation fields
between the frames and warping the frames by using a quasiconformal map associated with
the low-rank part of the deformation matrix. Finally, a blind-deconvolution method is used
to deblur the low-rank part of the registered frames and fused with the sparse part to gen-
erate the output. In this method, several optical flow operations are needed for determining
the deformation fields, which makes it very unsuitable for real-time applications. Also, the
optical flow used in this method is under the brightness constancy condition, which may

not be the case in atmospherically distorted sequences [72].

2.4 Rain/Snow removal

Generally, the developed algorithms for removing rain/snow artifacts can be divided into
two main categories: video-based algorithms and single-image-based algorithms. In the
first category, the algorithms have access to the extra amount of information between
frames, which is the temporal information. Exploiting temporal information for addressing
the deraining or desnowing problem can help as the snow particles or rain streaks have
correlated and continuous trajectory between frames and their movements are always from
the upside of the frame towards the downside in the subsequent frames. In [75], regions
in a frame that exhibit intensity spike along consecutive frames are considered as potential
rain streak pixels. Further, for reducing the false detected pixels, the detected rain streaks
are filtered if their aspect ratios do not match the specific predefined range as well as if their

direction is inconsistent with rainfall. In [76], the rain drops are first detected by jointly
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using the physical models of the adherent rain drops and motion and intensity temporal
derivatives of the input video. Then based on occlusion types of the rain drops (partially
or fully), the scene behind them are recovered. In [77], at first the pixels representing the
rain streaks are detected using phase congruency features between frames. Then, in the
reconstructions step the information of the intensities of the rain a ected pixel, spatial and
temporal neighboring pixels are used to remove the rain streaks. In [78], a deep recurrent
neural network is used for exploiting the temporal information between degraded rainy
frames for jointly removal of rain streaks and reconstruction of the background regions.
In [79], based on two observations that the rain streaks are sparsely scattered in the scene
and the streaks have multiple scales based on their distances from the camera a multi-scale
convolutional sparse coding model is designed. In this model multiple sparse feature maps
and multi-scale filters are used to address both rain streaks characteristics. In contrast to
video-based methods, the single-image-based methods do not have access to the temporal

information, which makes these problem much more challenging.

The single-image rain or snow removal methods can be divided into model-based meth-
ods and deep learning-based methods [80]. Some of the model-based methods exploit
filters to remove these artifacts. For instance, in [81], the input rainy image is first de-
composed into several directional sub-images using multidimensional variational mode de-
composition, which limits the rain streaks to be into a few sub-images according to their
similar direction. Then, a bilateral filter is applied only on the rainy sub-images to remove
rain from them. In [82], rain streaks are detected by processing the aspect ratio and rotation
angle of the elliptical kernel at each pixel and then the non-local means filtering is applied
on the candidate pixels to remove the rain streaks. Another subset of model-based meth-

ods exploit low-rank and sparse representation and dictionary learning algorithms to tackle
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this problem. In [83], the input rainy image is first decomposed into low and high fre-
quency components using bilateral filtering. Then using the sparse coding and dictionary
learning strategy the high frequency component is further divided into rain and non-rain
components. Finally, the derained image is reconstructed by removing the rain compo-
nent. Similarly, in [84] the image is decomposed into low and high frequency components
using guided image filter. Then for separating the rain streaks from the high frequency
component, a hybrid feature set consist of histogram of oriented gradients, depth of field
and Eigen color is used. In [24], the input image is decomposed into two layers, one ap-
proximated by analysis sparse representation (ASR) and the other one by synthesis sparse
representation (SSR) for addressing decomposition problems such as single image derain-
ing. As rain streaks usually have similar repeated pattern in the image, [85] a low-rank
model from matrix to tensor structure is exploited, which can decompose a distorted image
into rain component, rain-free component and image noise. In [86], pure rain regions are
extracted from the high-frequency component using some prior gradient characteristics and
a pure rain dictionary is learned from the extracted region and then the rain streak mask is
obtained from the high-frequency component using sparse reconstruction. This rain mask
is further processed by a bilateral filter to remove rain pixels and preserve non-rain details.
Di erent than the previous method for image decomposition and rain removal using sparse
representation or dictionary learning algorithms, in [87] and [88], patch-based priors for
both background and rainy layers are used, which are based on Gaussian mixture models

learned on clear and rainy patches.

The model-based methods have shortcomings. The main disadvantage of this type of
methods, mostly the ones that use low-rank models or sparse representation is that they are

computationally expensive and are not appropriate for real-time applications. Also, these
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methods use some speci c priors on size or shape of the streaks that might not be always
true for all types of rainy or snowy weathers [80]. Moreover, some of these prior-based

methods over-smooth the image details, which is not appealing for HVS [89].

Data-driven-based methods known as deep learning-based methods, have become pop-
ular during the last decade due to the availability of the vast amount of the synthetic data.
Deraining and desnowing problems have also been addressed by CNNs. In [25], a simple
CNN is trained to get as input the detail layer of the rainy images obtained by subtract-
ing the low-pass ltered input image from the original one to generate the enhanced detail
layer. This enhanced detail layer is then added to the enhanced smoothed input image to
generate the nal derained image. In [90], residual learning strategy [91] is exploited to
change the mapping range between input and output, in which the network task would be
to predict the negative residual error caused by the rain in the rainy image. Furthermore,
instead of inputting the original rainy image, the detail layer of it is fed to the network to
learn the negative residual which is added to the original rainy image in the last step to
build the derained image. These methods focus on the detail layer of the input distorted
image, which might remove some important high-frequency components of the scene or

keep a rain streaks that is similar (in direction or size) to a nearby edge in the image [92].

In [93], by considering the fact that rain in the long distance from the camera can cause
atmospheric veil in the image, a network is trained to get as input the four wavelet sub-
bands and the dark channel of the input rainy image and generate the wavelet sub-bands
and dark channel of the ground-truth image. In [26], following the divide-and-conquer
strategy, a deep network based on Gaussian-Laplacian pyramid was trained for image de-
raining which contains a sub-network in each layer with the purpose of removing rain in

that speci ¢ scale. In [27], a multi-stream dilated network is trained to generate the binary
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rain map and removes rain streaks from the distorted image. The problem of this net-
work is its high processing time, which does not make it suitable for real-time applications.
In [23], using a classi cation network, the density of the rain in the image is estimated
and then a multi-stream network is exploited to remove the rain using the rain density in-
formation in the scene. In [3], due to dirent size of the snow particles, a multi-scale
deep network composed of two parts namely, translucency recovery module and residual
generation module were exploited to remove snow particles from a single snowy image.
Although this method can reduce the amount of snow in an image, but it stérsdrom

considerable amount of snow in the output image.

Some methods have tried to address both the deraining and desnowing problem in one
framework but their performance is minor. For instance in [94, 95], guided image lter-
ing [96] idea is exploited for joint rain and snow removal task. Despite removing the
snow particles and rain streaks, considerable amount of image details are also removed by
over-smoothing the output image. In [97], the low- and high-frequency components of the
distorted image is separated using the guided lIter [96]. Then for the high-frequency com-
ponent a dictionary learning and three classi cations of dictionary atoms are exploited to
separate the ralsnow components from the clear scene details. Then/'sraow detection
and guided ltering is used on the detected famow component computed in the previous
step. Finally, the sensitivity of variance across color channels is calculated to improve the
visual quality of the output image. This method sus from blurring, high computational
complexity and parameters tuning problem foretient images. In [98], priors of rainfall-
driven features such as histogram of gradients (HOG) are used [3] and in [99] some features
based on saturation and visibility are used besides some general-purpose lters and speci c

thresholds to detect and remove rain and snow, which adversebtsathe output image
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by saturated colors.

2.5 Summary

Images or videos captured in the outside environment might get distorted due to adverse
weather conditions. These weather distortions could be caused by dense haze, atmospheric
turbulence or even rain streaks and snow patrticles. Furthermore, these distortions can ap-
pear in combinations. For instance, in the case of heavy rain or snow atmospheric veil could
be formed in the regions far away from the camera, which signi es that thésraiw prob-

lem in combination of the haze problem. In this chapter we reviewed some of the methods

for removal of each of these distortion types.

23



Ph.D. Thesis - Hamidreza Fazlali McMaster - Electrical & Computer Engineering

24



Chapter 3

Cloud/haze Detection in Airborne Videos

Using a Convolutional Neural Network

In this chapter, we propose a new cloud and haze detection method based on deep CNN.
The di erence between our proposed approach and the existing ones is that we use the
temporal information in addition to the spatial information in video to classify regions in
the frame as cloudy or non-cloudy. The idea behind the proposed approach stems from the
way the HVS comprehends the presence of clouds in videos using multiple frames, as it is
sometimes di cult for a human to judge the cloudiness of a small patch or a single frame
with light or thin clouds. In airborne videos, the motion of the haze and clouds is vividly
visible in several consecutive frames. Although the camera motion might be present as
well, butin a small set of consecutive frames the camera motion is not as much as the clouds
motion. Therefore, instead of relying only on the spatial information in the current frame,
several consecutive frames are used to exploit the temporal information foicloaze
detection. As the HVS can notice the motion of the Welpeids by observing consecutive

frames, the detection process also bene ts from analyzing several consecutive frames that
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have temporal cues about the object of interest, i.e., thédlamd. The exploitation of the
temporal information besides the usual spatial information signi cantly improves detection
accuracy. With this aim, a large dataset is generated to train a deep CNN to capture both
spatial and temporal information together. The deep CNN used in the proposed method is
trained to learn accurately the cloudy and non-cloudy regions. Our CNN by means of its
convolution layers learns to extract implicit features for classi cation. On the other hand,
hand-crafted features can also be used for classi cation. However, discriminative hand-
crafted features are hard to identify and to extract. A deep CNN can identify and extract
the useful task-speci c features. By using the combined temporal and spatial information,
the trained network learns how to mimic the HVS in nding the cloudy and hazy patches
in the input image sequence. To the best of our knowledge, this is the rst automatic cloud
detection method based on a sequence of airborne video frames by exploiting both temporal

and spatial information.

3.1 Proposed framework

The proposed cloud detection method works on a sequence of frames captured by an air-
plane or a UAV. In our method, to make a decision on the cloudiness of the current frame
in the sequence, previous and next frames are also considered. Our motivation is that the
motion of clouds is a key characteristic beside their spatial characteristics in distinguishing
them from the ground moving objects. In the next subsections, we will explain how to
generate the data to capture both the appearance and the motion of the clouds and how to

setup a deep CNN classify regions of a frame.
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Figure 3.1: Patch set generation procedure.

3.1.1 Data Preparation

Here, the video frames are considered as a set, rather than individually. The graphical

procedure of preparing the video data for processing is illustrated in Fig. 3.1.

Considering the frame numbeias the current frame, a collection bf consecutive

frames containing thegh frame is formed as follows:

FSi=F wa;inFms (3.1)

whereFS; is theith frame set, which consists of a collection of consecutive frames from
frame numbei ™1 toi + M1, Therefore, to analyze each frame, a set of frames is
considered. Then, each set of franf€s; is divided intoN N M patch sets. Thus, for

each single patch in the current frame, we collect a patch set consisting of itself as well as
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its previous and subseque‘-\@—1 consecutive patches in time as follows:

(3.2)

wherePS;; is thejth patch set in théh frame, which consists of a collection of consecutive
patches along the same spatial positignr(the interval { ""71 toi + MTl). In the next
section, the eects of di erent values of parameter M on the accuracy of the proposed
method will be discussed.

Usually, before the detection of moving objects in a sequence of frames, frame align-
ment, which attempts to cancel the camera motion between the consecutive frames, is per-
formed. Therefore, frame alignment before feeding the patch sets to the network might
seem helpful in cloud detection in a sequence of frames. However, if the amount of clouds
in a frame set is high, the alignment would be unsuccessful due to the lack of proper control
points. Thus, to form these patch sets, no frame alignment is performed. The assumption
here is that the network itself can learn to recognize cloud movement in the presence of

camera motion.

3.1.2 Network Architecture

In this method, to detect clouds in patch sets, a deep CNN is exploited. The proposed
CNN architecture is shown in Fig. 3.2. The proposed CNN network has 3 convolutional
layers and each of them is followed by a pooling layer. The rst, second and the third
convolutional layers generate 32, 64 and 32 feature maps, respectively, and their kernel
sizes are all 3 3. Also, the nonlinear Recti ed Linear Unit (ReLU) activation function is
used in each convolutional layer [100]. All pooling layers perform max pooling operation

after each convolutional layer. The kernel size of the pooling layers are af 2vith
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Figure 3.2: The proposed CNN architecture for claldygy region detection.

the stride of 2 pixels. These convolutional and pooling layers are followed by two fully
connected layers of sizes 1024 and 100, respectively. Finally the output layer is a two-

neuron layer that outputs the prediction score.

The constructed cubic patch setsddf N M pixels are used to train this network.
These sets are labeled as 1 if they are clduayy or O if they are non-cloudy. The softmax

with cross-entropy loss function is used to train this deep CNN as follows:

Loss=Y; Log(P)+(1 Y) Logl P) (3.3)

wherelLoss is the amount of loss in training samplevhile Y; andP; are the corresponding
ground truth label and the cloudindsaziness probability obtained by the softmax func-
tion, respectively. As consecutive patches are fed to the network in the training phase, the
network can infer both the motion and the appearance of dhazé. This combination

of appearance and motion cues of clouds will improve the detection accuracy compared
with a network trained on appearance only. This point will be demonstrated in the next
section. The output labels of the deep CNN generated for each patch of the frame under

consideration are used to build a mask for the cldodyy regions.
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3.2 Experimental Results

In order to set up a dataset, 40 airborne videos captured from an aircraft over urban and
non-urban areas are used. The videos are recorded at 25 frames per second. The spatial
resolution of these videos is 10801920. These airborne videos were recorded during the
daytime as RGB data and they were stored in MP4 format. In some of them, the scene is
clear and there is no haze or cloud but in some of them the haze alone or a combination of
haze and cloud is present. Due to éient shapes of clouds and haze, we tried to collect

as much as data we could so we that can have a diversi ed dataset. Also, because of
our approach, which is based on the processing of patches, a dataset with a reasonable
size will work. By utilizing frame patches, we ectively augment our training dataset.
Also, note that these frames are not pre-processed before running through our detection
method, except for changing them from RGB to grayscale. From our video sequences we
generate three datasets. This is done to compare thet ef di erent frame numbers on

the accuracy of the proposed cldndze detection method. The rst dataset only has the
current frame 1 = 1). In the second dataset, in addition to the current frame, the previous
and the next frames are also considerBd£ 3). In the third dataset, in addition to the
current frame, the two previous and two subsequent frames are also considere8)(

The frame sets in each of these datasets are divided into patch sets of siz&é 228 M

(i,e., N = 128). We set N to 128 because this value is a good tradeetween the other

two options, namely, 64 and 256. FNr= 256, the patch size will be too large and the

nal cloud map will be coarse. On the other hand, fér= 64, the patch size will be too

small and the spatial information embedded in the neighborhood cannot be fully utilized.
Moreover, it will be hard to manually label a large number of patches in the training data

when the patch size is small. Then, each of these patch sets is assigned a label 0 or 1
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depending on the presence of haze or cloud in it. The middle patch in a set is the reference
and if a set is assigned a label 1, its middle patch must have haze or cloud in it. A total
of 66,733 patch sets are collected for each dataset, containing 32,786 positive sample sets
(hazycloudy) and 33,936 negative sample sets (non-cloudy). These datasets are divided
into three parts for the training, validation and test phases. In the training phase, 70%
of the dataset is used. The remaining 30% of the dataset is divided into two equal parts
(15% each) for the validation and test phases. The proposed deep CNN is trained from
scratch using the Tensor ow framework [101]. The learning rate was set to 0.0001. A
batch size of 100 is selected for the training, validation and testing phases. In the following
subsections, dierent evaluations are presented to demonstrate the accuracy and superiority

of the proposed approach.

3.2.1 Number of patches in a patch set

Here, we analyze whether having several patches in a patch set is useful and, if it is useful,
determine the number of patches necessary for this approach. As mentioned earlier, three
datasets based on the number of patches in a\set (; 3;5) are generated. To compare

the results on these derent datasets, three deep CNNSs are trained separately on each of
these datasets. The @irence among these three CNNSs is their rst layer convolution mask
depthM. These three CNNs are trained, validated and their best models are selected for the
test phase. The comparison between these three approaches is done using precision-recall

curves, which are de ned as:

TP

precision= TP+ EP (3.4)
TP
recall = m (35)
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Figure 3.3: Precision-recall curves of @rent patch set sizes.

whereTP, FP andFN are the true positive, false positive and the false negative values
on the test dataset, respectively. The precision-recall curves of the trained deep CNN on
single-patch sets, three-patch sets and ve-patch sets are shown in Fig. 3.3. It can be seen
that the classi cation results are poor with the one-patch sets. The reason is that when
M = 1, only the spatial information about the patches are available to train the deep CNN.
That is, the motion cues of the cloutiazy patches, which can help to distinguish between
clear patches and clouthazy ones, is discarded. The green and blue curves show the
performance of the trained deep CNNs on three-patch and ve-patchMets3yandM =

5), respectively, with higher precision and recall values compared with the performance of
the single-patch setd = 1). Also, comparing the results féd1 = 3 andM = 5, it can

be noted that they perform almost the same. To distinguish their performance better, the F
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Table 3.1: The precision, recall and scores of the trained deep CNNs on datasets with
di erent patch set sizes.

Metrics | Precision| Recall | F; score
M=1 0.92 0.86 0.89
M=3 0.98 0.95 0.96
M=5 0.97 0.96 0.96

scores of all these three approaches are calculated using:

precision recall
precision+ recall

Fi=2 (3.6)
where precision and recall values are calculated using (3.4) and (3.5), respectively. Table
3.1 shows the calculated precision, recall &idcores of the three methods.

By comparing the Fscores of these three approaches, it can be seen that the multi-patch
methods perform better than the single-patch one and by incorporating temporal informa-
tion the R score is improved by 7%. Also, although thedeores of the two multi-patch
methods withM = 3 andM = 5 are the same, their precision and recall values are slightly
di erent. Therefore, it can be inferred that using more than 3 patches in each set for train-
ing, validation and test phases of a deep CNN does not improve the performance. Thus, it
is better to use as few patches as possible to have a simpler network. With this observation,

the network built and trained o = 3 is used for further evaluations.

3.2.2 Number of convolution and pooling layers

Next, we address the number of convolution and pooling layers necessary to ensure a good
performance using another test. Here, we make some changes to the deep CNN architecture

in Fig. 3.2. We build two other deep CNNSs in addition to the one in Fig. 3.2. These extra
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Figure 3.4: Precision-recall curves of the threeadent deep CNN architectures.

networks have 2 and 4 convolution and pooling layers. The network with 2 convolution
and pooling layers is called Modethe proposed network in Fig. 3.2 is called Modahd

the network with 4 convolution and pooling layers is called Mgdélhese three models

are trained, validated and tested on the same dataset. The precision-recall curves of these
models on the test dataset are shown in Fig. 3.4. Comparing the three models in Fig. 3.4,
it can be seen that the performance of Medglnot as good as that of Modedr Modek.

Thus, more than 2 convolution and pooling layers are needed. Also, the performances of
ModekL and Mode} are almost the same since the blue and the green curves overlap. In
order to better compare these three models, their precision, recal| andres are reported

in Table 3.2, which demonstrates the superiority of Mgdeld Mode} over Mode{. Also,

Model and Mode} yield almost the same performances. However, the precision of Model
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Table 3.2: The precision, recall ang $cores of the three derent deep CNN structures.

Metrics | Precision| Recall| F; score
Model, 0.95 0.90 0.92
Modeb 0.98 0.95 0.96
Modek 0.97 0.97 0.97

is slightly better than that of Modglwhile the recall and Fscore of ModeJ are better.
Moreover, it needs to be mentioned that thes€ore of Mode] is only 1% better than that
of Modeb. Therefore, to keep the deep CNN structure as simple as possible, we choose

Model, for further use.

3.2.3 Analysis on the model training e ciency

As mentioned before, we used separate training and validation sets to train and validate our
model. During training procedure, after each epoch of training we evaluated the loss and
accuracy values of the trained model up to that speci ¢ epoch on the training and validation
sets. These results are shown in Fig. 3.5. As can be in Fig. 3.5, the model is trained for
30 epochs. In Fig. 3.5 (a), generally, the decrease in the model loss values on the training
set coincides with the decrease in the loss values on the validation set. This is not always
the case and in some epochs the decrease in the training loss does not necessarily mean the
decrease in the validation loss. For instance, in epoch 12, the training loss shows a slightly
decrease while the validation loss increased slightly. This is generally the same in Fig.
3.5 (b) for the accuracy values. The trend of accuracy is upward and the model gets more
accurate during the training procedure.

In choosing the nal model at the end of the training procedure, after each epoch of

training, the model loss is calculated on the validation set. If the new loss value is less than
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(a) Loss values during training

(b) Accuracy values during training

Figure 3.5: Performance of the model on the training and validation sets during the training
procedure.

the previously saved model loss value, the new model is saved. Otherwise, the training
procedure continues to the next epoch of training until reaching the maximum number of

epochs for training.

3.2.4 Comparison with an existing method

We compare the performance of our proposed method with that of the frame based method

in [4]. In contrast to the proposed method, the method in [4] is a pixel-based cloud detection
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@

(b)

(©)

(d)

(e)

Figure 3.6: Visual comparison of derent cloud detection methods, (a) Original frames,
(b) Ground truth labels, (c) Cloud segmentation results of the method in [4] (pixel level),
(d) Cloudy block results of the method in [4], (e) Cloudy block results of the proposed
method.
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technique. To make the cloud masks generated by the method in [4] comparable with those
of the proposed method, we changed the output masks of the method in [4] into a block-
based cloud mask. The method in [4] is applied on each target frame and then the output
cloud mask is divided into a set of non-overlapping patches off$izeN. Then, if at least

one of the pixels in a patch is declared as cloudy, the whole patch is considered as cloudy.
Otherwise, that patch is declared as a non-cloudy one. The source code of the method in [4]
from the corresponding author's website is used. The comparison results are shown in Fig.
3.6. Fig. 3.6 (a), (b) and (c) show the original cloudy frames, the ground truth cloud masks
for the corresponding original frames and the results from the method in [4], respectively.
By comparing the original frames in Fig. 3.6 (a) and Fig. 3.6 (c), it can be seen that most of
the cloudy regions are not detected by the method in [4] and it performs poor in challenging
situations. For instance, in the middle frame the roofs of the buildings are detected as clouds
and only a small parts of the cloudy regions are detected near frame boundaries. Also, the
cloud masks shown in Fig. 3.6 (c) are converted into the block-based cloud masks following
the approach described above and the results are shown in Fig. 3.6 (d). Finally, the outputs
from the proposed method are shown in Fig. 3.6 (e). Comparing Fig. 3.6 (d) with Fig. 3.6
(e), it can be seen that the proposed method outperforms the method in [4] in localizing
the cloudy regions. Although there are someatences between the ground truth and the
output from the proposed method, the proposed method detects most of the cloudy regions.
There are two main reasons for this improved performance. The rst reason is that the
method in [4] is only an appearance-based method while the proposed method considers
both the appearance and the motion information for cloud detection. The second reason is
that the extraction of appearance features using a CNN is maetiee than heuristically

setting some thresholds to direntiate between cloudy and non-cloudy regions.
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