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Abstract

Foggy and hazy weather conditions considerably effect visibility distance which impacts
speed, flow of traffic, travel time delay and increases the risk accidents. Bad weather
condition is considered a cause of road accidents, since it the poor conditions can effect
drivers field of vision. In addition, fog, haze and mist can have negative influences on
visual applications in the open air since they decrease visibility by lowering the contrast
and whitening the visible color palette. The poor visibility in these images leads to some
failures in recognition and detection of the outdoor object systems and also in Intelligent
Transportation Systems (ITS). In this thesis, we propose an image visibility restoration
algorithm under foggy weather in intelligent transportation systems. Various camera based
Advanced Driver Assistant Systems (ADAS), which can be improved by applying the
visibility restoration algorithm, have been applied in this field of study to enhance vehicle
safety by displaying the image from a frontal camera to driver after visibility enhancement.

To remove fog, automatic methods have been proposed which are categorized into two
approaches based on the number of input images: 1) methods which are using polarizing
filters, 2) methods which are using captured images from different fog densities. In both of
these approaches multiple images are required which have to be taken from exactly the same
point of view. While these applications can generate good results, their requirements make
them impractical, particularly in real time applications, such as intelligent transportation
systems. Therefore, in this thesis we introduce a high-performance visibility restoration
algorithm only using a single foggy image which applies a recursive filtering to preserve
the edge of images and videos in real time and also compute depth map of the scene
to restore image. The applied edge preserving filtering is based on a domain transform
in which 1-Dimensional edge-preserving filtering is performed by preserving the geodesic
distance between points on the curves that is adaptable with wrapping the input signal.
The proposed algorithm can be applied in intelligent transportation system applications,
such as Advanced Driver Assistance Systems (ADAS).

The main features of the proposed algorithm are its speed, which plays a main role in
real time applications, since 1-Dimensional operations are used in the applied filtering leads
to remarkable speedups in comparison with classical median filters and robust bilateral
filters. Potential of memory saving is considered as another one advantage of the proposed
model and also the parameters of applied edge-preserving filtering do not effect on its
computational cost. It is the first edge-preserving filter for color images with arbitrary
scales in real time. The proposed algorithm is also able to handle both color and gray-level
images and achieves the restored image without the presence of artifacts in comparison
with other state-of-the-art algorithms.
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Chapter 1

Introduction

Recently, in order to reduce the costs of mobility and infrastructure and increase safety,
mobility, customer satisfaction and reduce crime, Autonomous Vehicles (AV) have become
a favoured research field [129], [199], and [39]. Because of the ability of autonomous vehicles
to reduce the traffic collisions; the resulting injuries; reduce the need for parking, increase
traffic flow and compliment transportation services, they have vast disruptive potential
for academic research and automotive industry to industrialize the production [79], [203],
[127], [128], citeren2010monitoring, and [188]. This technology was proposed to reduce
the number of injuries and deaths caused by road accidents but unfortunately, there have
been some failures in this technology which can be solved by investigation into related
technologies in depth. In this context, camera-based Advanced Driver Assistance System
(ADAS) has been proposed, which are able to increase the safety by restoring the video
or images degraded from the road surface under bad weather conditions [207] and [161].
ADAS can be easily improved by restoration and enhancement algorithms and be applied
in autonomous vehicles [164] and [28].

1.1 Background and Problems of Advanced Driver

Assistance Systems (ADAS)

Advanced Driver Assistance Systems (ADAS) provide assistance, safety and satisfaction
to the driver which have been integrated with the vehicle to automate, adapt and enhance
vehicle systems [31] and [27]. Reducing the road death rate by providing safer vehicles
and roads is caused to demand for advanced driver assistance systems with respect to
legislation in the industrialized countries [37], [19], and [21]. Therefore, ADAS was designed
to ensure safety of the vehicle, the driver, and the pedestrians. A vehicle which is equipped
with ADAS is able to monitor near and far areas in each direction, because of using the
physical sensors, such as radar, LIDAR, ultrasonic, photonic mixer device (PMD), cameras,
and night vision devices, Figure. 1.1, [32]. ADAS can be improved by advanced and
efficient sensor fusion algorithms. Safety with ADAS is provided based on data collected
via traffic, weather, dangerous conditions, etc. Acting in real time plays a main role in
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ADAS system that delivers adequate warning to driver in dangerous situations [59], [208],
and [16]. Modern real-time ADAS systems can control systems directly which means they
can integrated with autonomous vehicles in the future [209] and [11].

Figure 1.1: Set of ADAS sensors to enable sensor fusion and actions (https://medium.com).

ADAS system is considered as a advanced version of Driver Assistance System (DAS),
by increasing the use of complex processing algorithms to detect and assess the vehicle’s
environment. In case of danger, DAS system will inform the driver by delivering adequate
warnings and based on the actions they will provide the corresponding response. It also
by considering the vehicle’s stabilizing or maneuvering, reduce the workload. The set of
DAS capabilities is illustrated in Figure. 1.2 in which the capabilities in production today
considered as ADAS are specified with stars [209] and [52].

ADAS systems like any other advanced systems suffer from some short comings in their
design, implementation, deploying, and operation. To overcome these problems, incredible
amounts of research and study have been conducted in academic institutions and research
and development industries. In terms of providing data via ADAS systems, the collected
input which can be as images or videos must be accurate and their process should have
high performance [43]. The system is expected to predict context correctly, and has a
real-time response. Therefore, having a system with the above mentioned features must
also be robust, reliable, and maintain a significant level of accuracy [209], [20], and [13].

The potential threats or failures for different parts of ADAS systems are illustrated in
Figure. 1.3 in which the exposed interfaces are specified as main attack surfaces and are
demonstrated by vulnerable internal or external assets.

Some data features, such as syntax, semantics, timing, availability, and correlation are
demonstrated in Figure. 1.3 as vulnerable features particularly, when they are manipulated

2



Figure 1.2: Different ADAS functions and spectrum of DAS [209].

Figure 1.3: Different possible threats to ADAS assets and interfaces [209].
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[57]. Also the compromised ADAS system can inform and warn the driver via false positive
or false negative which is considered as disadvantages of this system and it can even lead to
dangerous situations. In the main ”brain” of ADAS the data is processed by applying the
considered algorithms or software, the algorithm is expected to have simple performance
functionality, because the algorithm should process the large amount of data in real time,
and also precise models should be obtained from multiple data streams by these algorithms.
It is important for ADAS systems to retain its simplicity even by using different algorithms
with any goals, such as detection, recognition, restoration, and etc [148]. In terms of being
real-time, the real-time operating system and software are supposed to be applied for
ADAS to meet real-time reaction requirement [29]. With regarding the ADAS computing
platform it must be connected to every parts of vehicles Electronic Management System
(EMS), such as user interface and physical sensing, it is crucial to keep the system integrity
by isolation solution, such as ”Trusted Execution Environment + Protected Data Path”
which is expected to meet real-time requirement as well [209], [30], and [15].

Although ADAS system has the potential to be applied to the automotive industry,
independent audits suggest that the potential revenues could be from $5 billion to $8
billion annually which is rather low in comparison to other automotive systems. There
are also two problems corresponding to this technology. One problem is that many of the
required ADAS applications are still in development and testing stages while others which
have hit the market are still expensive and only available on luxury brand cars. The main
problem which is discouraging demand for ADAS is that many consumers are still unaware
of ADAS technology. An online survey newly has collected information regarding to the
consumer awareness about ADAS, this includes more than 4,500 car buyers in five countries
by McKinsey which is illustrated in Figure. 1.4. Based on this survey, it is determined
that consumers will be more inclined to purchase vehicles with the ADAS features if they
get familiar with this technology [46], [34], [3], and [26].

In terms of growth prospects for ADAS, the market experts anticipate more than 10
percent growth annually from 2015 to 2020, for example, one leading analyst, Strategy
Analytic, anticipates 16 percent rise during this era, and TechNavio anticipates 29 percent
rise Figure. 1.5. In 2015 only 8 % of cars were equipped with advanced driver assistance
systems; in 2025, it predicts to be 62% by VisionGain.

1.2 Thesis Objective and Contribution

Fog and haze are two natural phenomena that are common on land and ocean. Every year
the presence of fog increases the risk of accidents and has been a factor in thousands of
deaths. Fog reduces visibility, limits contrast, distorts perception and fades color [170].
In essence, commuters ability to see other vehicles and objects on the road is reduced,
therefore greater precautions must be taken. The huge number of very fine suspended
moisture droplets in the air produce fog. Fog and haze not only absorbs and scatters
reflected light of the scene, but also scatter some atmospheric light to the camera which
leads to a reduction in contrast and a dense white background. Fog will get more dense

4



Figure 1.4: The rate of consumers unfamiliar with ADAS applications and purchased cars
with this technology (McKinsey survey on connected cars, 2015).

Figure 1.5: Global revenue of advanced driver assistance system projections from 2015 to
2020 (IHS, SBD, Strategy Analytics, TechNavio, McKinsey Analysis).
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when droplets get smaller and it will cover the roadways. Therefore, vehicle collisions occur
due to poor visibility limiting drivers ability to see potential hazards ahead [133], [135].

Visual systems based on the visible light spectrum are seriously affected under bad
weather conditions. Also captured images via a classical in-vehicle camera in the visible
light range are degraded dramatically under poor weather conditions because of the high
sensitivity of current in-vehicle camera-based devices. Therefore, it is important to de-
sign an image defogging algorithm that the visual system is capable of analyzing in poor
environmental conditions. Removing the effects of fog should be performed with high reli-
ability in an in-vehicle surveillance system. Considering the importance of reliability two
potential solutions can be applied. In one solutions, the operating thresholds of the system
is adapted or deactivated for a moment in case of it has been surpassed. In the second
solution, defogging is performed as a pre-processing [84], [175], [193], [15], and [14]. In or-
der to remove fog effects from the foggy image, filtering techniques which are space stable
cannot be applied directly because haze or fog effects are not stable across the scene and
these effects changed exponentially when considering the depth of scene points. Therefore,
a reasonable approach is that the degradation in the image is measured by detecting the
relative weather conditions to enhance the original capture image [84]. An algorithm with
above mentioned features can enhance the visibility and contrast in foggy images and will
be used for various camera based Advanced Driver Assistance Systems (ADAS). Table.
1.6 illustrates the serious traffic problems in cities, such as China and Swedish and high
influence of bad weather conditions on it. Based on table. 1.6 it can be perceived the
important role of camera based ADAS with defogging ability to overcome this issue by
increasing the traffic flow.

The defogging process can be performed by using specific sensors, such as scatterom-
eter, and transmissometer to measure the visibility distance, while the most of effective
sensors that are suited for this purpose have high operating cost and their installation and
calibration have been found to be problematic in this dynamic application. There remains
challenges when trying to combine the ADAS platform with these types of devices. Un-
like the sensor, using a camera does not have these types of issues. Based on this, Bush
and Kwon measured the visibility distances by placing a fixed camera above the roadway
[44], [112]. Although, systems with this features with an on-board camera are not used
mostly. Pomerleau proposed a system to estimate visibility by measuring the attenuation
of contrast between constant road features like road markings at various distances ahead
of the a moving vehicle [153]. In order to measure the visibility distances and detect the
presence of fog under foggy weather during the day Hautire et al. presented a technique
using a camera placed onboard a moving vehicle in which visibility distance is defined by
the International Commission on Illumination (CIE) as the distance further than it a black
object is found out with a contrast of less than 5% [88]. The improved version of their
method by applying stereovision is proposed in [82].

Restoration methods which improve the contrast of image under foggy conditions have
not yet hit the market [46].

Methods which restore image contrast under bad weather conditions are encountered
more often in the literature. However, all these methods suffers from some serious limi-
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Figure 1.6: The various reasons of traffic problems encountered by drivers [121].
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tation when combined with the ADAS platform [84]. Some methods for restoration need
more information about the scene, like the proposed method in [142] which reduces the
effects of fog by determining the landscape geometry. Other methods estimate the weather
conditions via specific hardware [198]. The proposed method in [136] describes the appear-
ance of the scene based on the changes of scene points intensity under different weather
conditions to restore the contrast by estimating the range map of the scene. However, in
this method the scene should be under uniform foggy condition. Polarization techniques
are another way to reduce the effects of fog which was proposed in [168], although two dif-
ferent filtered images of the scene are required in this technique. The image enhancement
method in [141] estimates visual motion by using navigational information, the camera
specifications, and a database of terrain elevation to restore the contrast with respect to
the relationship between depth and the brightness which is obtained via the sum of the light
scattered from the terrain and that scattered from the atmospheric particles. However, ra-
diance distribution is estimated via a simple Gaussian with known variance. To solve the
visibility enhancement problem, [137] estimated geometrical depth-map of the scene from
a single image to obtain non-foggy luminance map [48]. However, computing geometrical
depth-map of the scene by camera-based ADAS is complicated from the driver’s view-
ing angle along the road. To refine the idea of estimating the geometrical depth-map of
the scene, captured imagery from in front of the vehicle are modeled by several simple
geometrical models [84]. However, the proposed geometrical models do not have enough
flexibility to be applied for all road types. Local spatial regularization is another technique
to enhance the visibility from a single image and it is able to handle both gray level and
color images which is used and introduced in [176], [173], and [89]. However, two proposed
algorithms, [173] and [89], have a high processing time which are not very appropriate to
in real-time application or to restore the road portion of the image correctly. In order
to restore the contrast of road portion of the image properly, the planar assumption was
first introduced in [80] in which the road way is assumed to be planar. However, in this
method, the visibility of objects out of the road plane are restored incorrectly. Finally, a
visibility enhancement algorithm devoted to road images and based on planar assumption
was proposed in [86]. The proposed algorithm is not only able to restore contrast of the
road part of the image and also able to restore contrast of the objects out of the road plane
correctly however, it cannot have a satisfied performance when the fog is heterogeneous.

In this thesis, we propose a restoration algorithm based on the composed physical model
of the airlight model and direct transmission model from a single image. The proposed
method is based on a key assumption, which is known as a dark channel prior, that there
are some pixels with very low intensity in at least one color channel in most local patches of
outdoor clear images. Restoration algorithms based on computing the depth map achieve
high-quality restored images compared to other techniques. While computing the depth
map of the scene from a single image leads to a computational complex analysis and high
processing time which have been found an ill posed problem [35], [42], and [38]. To tackle
this issue, first, we compute the dark channel prior based on photometric properties of the
foggy scene while involving edge preserving smoothing filter in transformed domain. And
then the depth map of the scene is computed and refined by applying the obtained dark
channel prior from the first step. The applied edge-aware filtering is a new approach based
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on a domain transform for performing high-quality edge preserving filtering of images and
videos in real time which prevents the presence of halo artifacts in the restored image
[69]. The proposed algorithm can thus be seen as the extension of the local visibility
enhancement algorithm [176] combined with dark channel prior enhancement algorithm
[89]. We also apply a detailed manipulation function based on domain transfer to let the
objects of the image, to ensure they can be seen clearly and with more detail, such as
traffic signs. The proposed algorithm is appropriate for camera based ADAS system, such
as FVES since it is able to process both gray-level and color images and runs in almost
real time.

The most challenging parts of the defogging procedure that we have encountered are:

• Computing the depth map of the scene from a single image tends to increase the
complexity and processing time of the system.

• Computing a refined transmission map without the presence of block artifacts, to
achieve a high quality restored image without the presence of halo and block artifacts.

• Defining a defogging algorithm which is fast enough to can be applied in real-time
ADAS systems.

• Applying an edge preserving smoothing filter which is able to preserve all edges as
well as corners with obtuse angle while smoothing the image.

• Obtaining a restored image without the presence of any halo artifacts and block
artifacts in the sky region of the image.

• Removing fog from the image without losing the edge and texture information.

• Defining a defogging method which has no difficulties to restore image under hetero-
geneous fog.

1.3 Thesis Outline

The contents of this thesis are organized in the following chapters: In Chapter 2, a liter-
ature review of different defogging algorithms can be studied. In this chapter defogging
algorithms based on image restoration, image contrast enhancement, and fusion-based
techniques form a single image or multiple images have been covered. As the focus of
proposed work is about image restoration from a single image under foggy condition, this
subject will cover an adequate proportion of this chapter.

In Chapter 3, a depth-based image defogging method based on image restoration from
a single image with high-efficiency integrated solution is denoted. The main idea of the
proposed method is the estimation of the refined transmission map by applying the advan-
tages of Recursive Filtering in the transformed domain as an edge preserving filtering and
using the estimated depth information in the dark channel prior (DCP) in the defogging
process to have high efficient, fast and accurate restored image.
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Chapter 4 presents the methodology and results of experiments of the proposed al-
gorithm. Synthetic and real or camera images have been used to illustrate the restored
images. The synthetic images have been made by using the SiVICTM software to gener-
ate a moving vehicle with a physically-driven model of dynamic behavior with having an
environment based on the physics of the road [75], and virtual embedded sensors. Theses
images have been generated from a virtual inboard camera by simulating a moving vehi-
cle on a road path while considering three realistic and complex structure models (urban,
highway and mounts) [175]. 66 synthetic images from various viewpoints with 640 × 480
size and also 400 real images with arbitrary sizes have been applied in this chapter. The
program built with Matlab software.

In Chapter 5, the proposed algorithm is summarized with a detailed description of
its potential benefits and hindrance. In the meantime, some possible improvements and
methods of enhancement were discussed in the future work.
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Chapter 2

Literature Review

2.1 Image Defogging Algorithms

In some articles, considering the incorporation of the physical model of fog, the image
defogging algorithms have been classified into two groups [118], [189], [181], [195], and
[105]. Image restoration algorithm based on the physics of fog [176], [136], [73], [93], [63],
and image enhancement algorithm [182], [1], [119], [154], [184], [210] are considered as the
first and second model respectively. In order to restore images under foggy conditions,
a physical imaging model is created in restoration methods with respect to the factors
that decay foggy images. In this group of algorithms, parameters such as the atmospheric
light (atmospheric veil) and transmission map (depth map) are required to be estimated
as parameters of the physical model. Therefore, by inversing the physical model, the
image can be restored. The goal of image restoration algorithms is to obtain a natural
and defogged image with good visibility while in which color restoration is performed
appropriately. However, the physical model of fog is not considered in the second group in
which defogging procedure is based on image enhancement. In the second group, therefore,
to increase the contrast and visibility of the image under foggy conditions, different kinds of
image enhancement methods have been applied. The third group of defogging algorithms
are fusion-based algorithms in which image enhancement is performed by merging multiple
input images [9], [78], [66], [166]. Figure 2.1 illustrates the classification of image defogging
algorithms.

2.2 Image Defogging Based on Image Restoration

In bad weather conditions such as fog, haze or smoke, scattering can be regarded as the
main cause of image degradation. The physical model of atmospheric scattering was pro-
posed by McCartney in 1976 [124] and is based on the Mie scattering theory. The airlight
and direct transmission models are the components of physical model of scattering which
is illustrated in Figure 2.2. The attenuation of edge information and object textures of the
foggy image is caused by the degradation of light in direct transmission model because of
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Figure 2.1: The classification of image defogging algorithms [193].

the scattering phenomenon. In the airlight model, the atmosphere scatters some sunlight
which are not the scene lights; thus, this light scattering can be seen as a veil which fades
the colors and reduces the contrast of the image. In images under foggy conditions, fog will
reduce the part of the direct transmission model. However, the direct transmission model
will create a large part of the imaging model for images in good visibility conditions. In
addition, fog will increase the part of the airlight model which reduces the visibility of the
image. Therefore, attenuated contrast and visibility in foggy images are resulted from the
airlight model. To restore the image under the homogenous foggy condition, a physical
model has been proposed by Narasimhan and Nayar in [134], [137], and [139] with respect
to the wavelength of visible light which does not effect the scattering coefficient:

I(x) = I∞p(x)e−βd(x) + I∞(1− e−βd(x)) (2.1)

where I∞ is the intensity of the sky, the normalized radiance of a scene in pixel x is
represented by p(x), β is extinction coefficient of the atmosphere, and the distance between
the pixel x and the camera or observer is denoted by d(x). The first term of Eq. 2.1 denotes
an exponential decay with respect to the distance between the object and observer in the
direct transmission model and the second term represents the airlight model. Eq. 2.1
can be simplified [89], where J represents the restored image or intrinsic intensity, t is the
transmission, and the intensity of an object which is placed in so far distance is indicated
by A∞, on the other hand, A∞ can represent the atmospheric light value of the sky so Eq.
2.1 can be rewritten as follows:

I(x) = J(x)t(x) + A∞(1− t(x)) (2.2)
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To obtain the restored image (J) by Eq. 2.2 two parameters transmission t and atmo-
spheric light value A∞ should be estimated. By estimating these two parameters correctly
the restoration procedure will be performed perfectly. The defogged image in the defogging
algorithms based on the physical model is specified by the parameters directly. The physi-
cal model is only able to be simplified when the atmospheric medium is homogeneous and
there is single-scattering. Thus, for some conditions, such as foggy sea or heterogeneous
fog, this model is not an appropriate imaging model. Based on the physical model of fog,
many restoration algorithms have been introduced recently. These can be classified into
two groups with respect to the number of input images: 1) image restoration algorithms
based on multiple input images and 2) image restoration algorithms based on a single input
image [201], [76].

Figure 2.2: Scattering model in foggy weather.

2.2.1 Image Restoration Based on Multiple Foggy Images

Image restoration algorithms that rely on multiple images can be classified into two classes
as shown in Figure 2.1. The first class utilizes multiple foggy images which are captured
from the same weather condition of the scene with different orientations. The second class
utilizes multiple images which are captured from different weather conditions of the scene
[25].

• Multiple Images Obtained Under the Same Weather of the Scene:

This class of algorithms is based on the fact that the path radiance (airlight) scattered by
atmospheric particles is usually partially polarized. In [132], [168], [172], [167], and [130]
some novel image defogging methods have been proposed which work under a wide range
of atmospheric and viewing conditions with taking into account polarization effects of at-
mospheric scattering by applying multiple polarization images. In [179] a comparison has
been performed between using a polarizer or a dehazing process while taking into account
the change of Signal-to-Noise Ratio (SNR). It has demonstrated that to discriminate signal
from noise in the image under foggy condition, applying one polarized image or two po-
larized images will be unnecessary [24]. However, to restore foggy images the comparison
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between one or two polarization images has demonstrated that applying two polarization
images reduces the noise. Utilizing a polarization filter with different direction provides the
polarization images of the same situation of the scene with different brightness. In order to
estimate the parameters of the physical model of fog by this restoration algorithm, at least
two polarization images are required. Therefore, by having these parameters, the restored
image can be obtained by reversing the physical model. For the first time, a restoration
algorithm which is able to restore image by applying two polarization images has been pro-
posed by Schechner et al. in [167]. A plane of incidence is defined in this work with taking
into account the light ray from the source to a scatterer and the line of sight from the
camera to the scatterer Figure 2.3, [167]. To provide two polarization images, the airlight

intensity is divided into two components, that are parallel A⊥∞ and perpendicular A
‖
∞ to

this plane [17]. In image defogging algorithms based on polarization images, direction is
assumed not to have an effect on the direct transmission,and the two polarization images
can be written as follow:

Figure 2.3: Dashed ray illustrates airlight A which is coming from the source of illuminant
(sun) and scattered by particles in the atmospheric towards the camera and it has a direct
relationship with distance d. Solid ray illustrates the direct transmission T which is resulted
from the attenuation of intrinsic luminance of the object R along the line of sight by
scattering. The direct transmission would be attenuated with increasing the distance d. A
polarizing filter at angle α images the scene [167].

I⊥ =
D(x)

2
+ V ⊥(x) (2.3)

I‖ =
D(x)

2
+ V ‖(x) (2.4)

where D(x) is the direct transmission model. V ‖ is the airlight which is modeled by parallel
polarization image and V ⊥ is the airlight which is modeled by perpendicular polarization
image.
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V ⊥(x) = A⊥∞(1− t(x)) (2.5)

V ‖(x) = A‖∞(1− t(x)) (2.6)

the values of the atmospheric light of the two parallel and perpendicular polarization images
has been demonstrated by A

‖
∞ and A⊥∞. The degree of polarization can be as follow:

p ≡ V ⊥ − V ‖

V ⊥ + V ‖
(2.7)

In order to obtain the restored image J , the estimation of two parameters degree
of polarization p and atmospheric light A∞ of each polarization images are required.The
degree of polarization can be estimated as

p̂ =
A⊥∞ − A

‖
∞

A⊥∞ + A
‖
∞

(2.8)

So from Eq.2.3 and Eq. 2.8 the airlight model and transmission can be estimated.

V̂ (x) =
V ⊥(x)− V ‖(x)

p̂
(2.9)

t(x) = 1− V̂ (x)

A⊥∞ + A
‖
∞

(2.10)

Therefore, by putting two parameters t and V̂ (x) in the inverse physical model Eq. 2.2,
the restored image can be obtained. The problem such as natural image which is captured
under a clear day also encounters airlights scattering having no effect on image restoration
algorithms based on polarization images.

Schechner et al. in [168] presented an improved restoration algorithm based on polar-
ization images with respect to this idea that by preserving part of airlights, it is feasible
that the image is restored more natural. This improvement is limited by multiplying a
coefficient to the polarization degree p̂ = εp where 1 ≤ ε ≤ 1

p
.

Miyazaki et al. in [130] applied the polarization information of two objects under
foggy and clear condition of the scene at different distances to estimate the optical density
and maximum scattered light. This method is supposed to be applied in moving vehicles
under foggy condition; hence, traffic signs are supposed to be used as the reference objects.
Figure 2.4 illustrates the condition to estimate two parameters: the optical density and
the maximum scattered light. This proposed method by Miyazaki et al. requires to set
up a traffic sign database to find the two traffic signs, which means it is not suitable to be
utilized in realtime applications [130] and [41].

Regarding image restoration algorithms, image restoration requires estimated parame-
ters of the airlight. Shwartz et al. in [172] introduced a novel approach to recover blindly
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Figure 2.4: Polarization database for two reference traffic signs [130].

the required parameters without having the airlight measurement, hence contrast can be
recovered, without user interaction or existence of the sky in the image. Therefore, A∞
will be obtained by selecting two similar features in the scene. The changes in quantity of
SNR is related to visibility changes [180]. Thus, a method was proposed in [179] to avoid
noise amplification in restored image based on polarization images only by using a single
polarized or unpolarized frame, polarization to optimize the restored image better.

Image defogging algorithms based on polarization has more satisfied results in com-
parison with defogging algorithms based on optical filtering. However, the value of A∞
is obtained manually in polarization-based algorithms which means it is not acceptable
to remove the fog automatically. The polarization-based defogging algorithm is based on
the partial polarization of airlight. Therefore, if the polarization degree reduces, it leads
to the reduction of its effect. Furthermore, dense foggy weather leads to some failures
in these algorithms. In addition, for some situations like a moving camera obtaining two
polarization images when scenes are changing more rapidly is hard for the filter rotation
which means applying these defogging algorithms in vehicles will not be helpful [193] and
[5]. Also polarization hardly ever improves the SNR over an average of unpolarized images
obtained under the same acquisition time.

•Multiple Images Obtained Under Different Weather Conditions of the Scene:

In some algorithms in order to restore the image under bad weather condition, two or more
images are utilized which are supposed to be captured under different weather conditions.
Therefore, Narasimhan et al. in [138], [135], [134], [133], [136], and [137] proposed the
restoration algorithm based on this idea. The visual manifestations of different weather
conditions, and then a color model from atmospheric scattering were obtained by Nayar
and Narasimhan in [139]. Based on this model which is called the dichromatic atmospheric
scattering model, the color of a scene point under foggy condition is a linear combination
of the direct transmission color and airlight color. The dichromatic model is illustrated by
Figure 2.5 in R-G-B color space, where vector E is the observed color of a scene point (P )
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under foggy condition and vector D̂ is the direction of direct transmission color of P . The
direction of airlight color is represented by vector Â. Therefore, this model can be written
as follow:

E = pD̂ + qÂ (2.11)

In [133] a geometric framework for foggy scene based on this proposed model was
represented. Also in this paper the 3D structure and color of the scene were calculated
by using two or more foggy images. However, there is a limitation to using this defogging
model when the color of the object in the scene is similar to fog or haze as it makes it
unstable. To solve this limitation, a physical model was presented to estimate the structure
of scenes under homogeneous bad weather conditions [136]. Therefore, a monochrome
atmospheric scattering model was applied to distinguish intensity changes in scene points
under different weather conditions by which the recognition of depth discontinuities in the
scene and also computation of scene structure can be provided. As well, a fast algorithm
based on this model was proposed by Narasimhan et al. to restore the contrast of the foggy
image [136]. The proposed method was able to handle both gray level and color images
and can be extended to restore the contrast of scenes with moving objects.

As mentioned above, these image restoration algorithms are only appropriate for surveil-
lance scenes. However, there will be failures in these algorithms when scenes are dynamic,
particularly for vehicle cameras, since it is difficult to provide the above two images simul-
taneously. In addition, the monochrome atmospheric scattering model is only limited to
define how scene intensities are influenced by homogeneous weather conditions, hence it is
not able to deal with heterogeneous fog or haze.

Figure 2.5: Dichromatic atmospheric scattering model in R-G-B color space. A linear
combination of direct transmission color, vector D̂, and airlight color, vector Â, defines the
color of a scene point under foggy condition, vector E [139].
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2.2.2 Image Restoration Based on a Single Foggy Image

Single image restoration algorithms have many advantages in comparison with image
restoration algorithms using multiple images and they have been attracting much attention
in the last few years [176], [89], [93], [111], [60], [77], and [116]. Single image defogging
algorithms are able to restore foggy images in arbitrary sizes with different conditions. As
mentioned in previous sections, two parameters transmission t and atmospheric light A∞
are the key factors to restore foggy image by inversely solving the physical model Eq. 2.2.
However, this physical model is not a fulfillment equation, thus to obtain these two key
parameters some prior science should be used.

• Restoration Algorithm of Fattal:

In [63] a refined physical model based on ICA was proposed by Fattal to obtain the trans-
mission and atmospheric light. Based on the assumption that surface shading and trans-
mission are locally uncorrelated, the proposed model estimates these two parameters. The
refined physical model was defined in two steps. Firstly, the clear image J was broken into
the product of surface albedo coefficients R and shading factor l (J = Rl). Then R was
broken into two components. One component was parallel to the atmospheric light A∞ and
the other was a residual component Ŕ. Finally, To compute transmission t the indepen-
dent component analysis (ICA) algorithm [96] and to infer the color of the entire image, a
Gauss-Markov random field model [151] was used. To estimate atmospheric light A∞ by
the ICA algorithm, the surface shading and transmission in a small square are assumed to
be independent, and the shading direction can be estimated by ICA. In Fetal restoration
method, the defogged image is obtained by estimating parameters statistically. There will
be some failures in this method when the image is heavily foggy and signal-to-noise ratio
is not adequate. In addition, the method is not able to handle gray scale images because
it is based on the color statistic [91].

• Restoration Algorithm of Tan et al. :

An automated restoration algorithm based on a single image was proposed by Tan et al.
[173]. In the proposed algorithm two observations were considered. First, a haze-free image
must have a higher contrast ratio in comparison with input hazy image. As a result, fog
and haze can be removed by maximizing the local contrast of the restored image. The
second observation considered that in a small local area, the airlight is changed smoothly.
Then, Tan et al. used the Markov random field following the white balance operation to
further normalize the results. Based on this model, the maximum local contrast in the
restored image can be considered as the airlight. The image details and structure can be
maximized after restoration by this method and user interaction is not required. However,
there will be distortion and color saturation in the restored image because this method
disconnects from the physical model and does not take into account color restoration. In
addition, the results show halo artifacts in the area of the local depth discontinuity.
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• Restoration Algorithm of He et al. and Their Improved Algorithm:

To overcome the mentioned drawbacks in previous sections, a simple but efficient image
prior which is called dark channel prior was introduced by He et al [89] to remove fog from
a single foggy image. The proposed method has proven to be effective to restore outdoor
foggy or hazy images. This method is based on the key observation, in most regions of a
clear image except sky region that there are pixels with low intensity values at least in one
channel of RGB color channel Eq. 2.12. In dark channel equation size of square window
which is centered at pixel x is denoted by Ω and the color channels are specified by r,g,b.

Jdark(x) = min
c∈r,g,b

{ min
y∈Ω(x)

(J c(y))} (2.12)

The value of dark channel Jdark is approximately zero (Jdark ≈ 0) for a clear or defogged
image except for the sky region. In foggy image, dark channel intensity values are mainly
composed of airlight. In regard to that observation, He et al. [89] estimated the transmis-
sion to restore image with respect to the proposed dark channel prior (DCP) theory by
taking the following min operation locally on Eq. 2.2. Therefore, transmission map in this
method is estimated directly by applying dark channel.

min
c∈r,g,b

{ min
y∈Ω(x)

J c(y)

Ac∞
} = t(x) min

c∈r,g,b
{ min
y∈Ω(x)

J c(y)

Ac∞
}+ (1− t(x)) (2.13)

Thus from Eq. 2.12 and Eq. 2.13, unrefined transmission (t̃) can be written as follows:

t̃(x) = 1− min
c∈r,g,b

{ min
y∈Ω(x)

J c(y)

Ac∞
} (2.14)

There will be some artifacts in the dark channel image which can be seen as halo. The
presence of these artifacts are resulted from taking the min filtering locally on dark channel
image. This also leads to the presence of block artifacts in the restored image. Therefore, a
soft matting operation was used in the original dark channel prior restoration algorithm to
solve the block artifacts and refine the transmission. To compute the value of atmospheric
light A∞ in this algorithm, DCP theory was applied. Therefore, atmospheric light A∞ was
estimated firstly, by selecting a region in the dark channel image which have pixels that
are of the top 0.1% brightest, and then by selecting the pixel with the highest intensity in
the original foggy image. Eventually, restored image J was resulted by

J =
I(x)− A∞
max(t(x), t0)

+ A∞ (2.15)

where t is the transmission t̃ after refining by using soft matting, and t0 is a small constant
to restrict the refined transmission. The scene luminance is not as bright as the atmospheric
light, thus the value of t0 can be considered to be 0.1. [89]. In order to prove the efficiency
of dark channel prior algorithm to remove fog from a single outdoor image, Gibson et
al. provided a mathematical explanation [71]. This method has better performance for
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foggy images with more various color information, such that images with these features
will be restored very well. However, there will be some failures when the large part of the
image is sky or white area. The DCP theory also cannot deal with images with heavy
and heterogeneous fog. Furthermore, the optimization of transmission by the soft matting
algorithm takes up a great deal of time and cannot be employed for real-time applications.
Also, there will be halo artifacts in the restored image by undefined transmission which
is a result of performing min filtering locally. Therefore, as mentioned, the original DCP
defogging algorithm suffers from three outstanding problems: 1) generation of halo effects,
2) inadequate transmission map estimation and 3) high time consuming. In order to solve
the mentioned problems, Zhang et al. represented a novel fast method to compute the
refined transmission map by using guided filter [205]. Firstly, they decreased the processing
time of guided filter and zoomed out on the input images of this filter in order to estimate
the transmission map and guidance image by using nearest neighbor interpolation down-
sampling. Then the refined transmission map is obtained by applying bilinear interpolation
up-sampling on the resultant image from guided filter. In order to estimate the refined
transmission, first, the nearest neighbor interpolation down-sampling is performed on gray
level input (Jgray) image and the obtained transmission map to obtain two parameters the
guidance image Jgs and t̃s.

Jgs = nearest(Jgray, down) (2.16)

t̃s(x) = nearest(t̃(x), down) (2.17)

In order to refine t̃s(x), guided filter is applied to add a guidance image to smoothed
image.

ts(x) =
∑
y

W (x, y)(Jgs)t̃s(y) (2.18)

W (x, y)(Jgs) =
1

|ω|2
∑

k : (x,y)∈ωk

(
1 +

(Jgs(x)− µk)(Jgs(y)− µk)
σ2
k + ε

)
(2.19)

where ωk and |ω| are a window centered at pixel k and the number of pixels in this
window, respectively. The mean and variance of pixels in the window are showed respec-
tively by µk and σ2

k. ε is set to 0.001. Eventually, the refined transmission map is obtained
by performing bilinear interpolation up-sampling on ts(x) as follow:

tr(x) = bilinear(ts(x), up) (2.20)

Huang et al. proposed a novel DCP-based visibility restoration approach which utilizes
a combination of three main modules: 1) a depth estimation module 2) a color analysis
module and 3) a visibility restoration module [93]. In other words, the proposed method
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combines the applying of the median filter operation, the adaptive gamma correction tech-
nique, the gray world assumption, and the dark channel prior method [93] to restore foggy
image. This method is also able to handle images with sandstorms. Thus Huang et al.
computed the refined transmission tr(x) by preserving the edge information as follows:

tr(x) = t̃(x)−D(x) (2.21)

where D(x) is the detailed edge information obtained by median filter and t̃ is the trans-
mission. In order to solve the difficulties to restore sky and white regions based on the dark
channel prior technique, Zhang et al. employed the tolerance mechanism [204]. Including
the tolerance mechanism gets rid of color distortion completely in the bright areas of the
image. Their proposed algorithm also can be applied in real-time image defogging appli-
cations by decreasing the resolution of transmission map wisely. Xie et al. represented a
technique to estimate the transmission which was based on multiscale Retinex algorithm.
This proposed method was able to increase the efficiency of original DCP theory [191].
In order to avoid halo effects in the restored image, the transmission was refined by me-
dian filter in [73], [70]. Also the proposed method by Gibson et al. was a fast method
because of its use of a single median filter operation [73]. Moreover, this work analyti-
cally showed that performing the defogging algorithm before JPEG compression had fewer
blocking artifacts in the resulting image and that performing the defogging algorithm af-
ter JPEG compression leads to lower signal-to-noise ratio [73], [70]. However, the edge
information may be lost by applying the median filter. To overcome the above drawback,
some edge-preserving smoothing filters with better performance were studied to replace
the soft matting algorithm. For instance, Park et al. proposed a method to improve the
contrast, color and detail for the entire image domain effectively by applying the Weighted
Least Square (WLS) based edge-preserving smoothing method [145]. Gibson et al. pro-
posed a fast method to estimate noise parameters for the filter by using locally adaptive
Wiener filter [72]. A fast scheme was introduced by Yu et al. to derive the atmospheric
veil of an outdoor foggy image based on a fast bilateral filtering method which leads to
the defogged image with high contrast. The proposed edge-preserving smoothing filter
is also able to preserve edges with large depth jumps [200]. Joint bilateral filtering was
represented by Xiao et al. to obtain a new atmosphere veil in which plenty of texture
information is removed but the edge information is preserved [190]. He et al. presented
a guided image filtering method as an edge-preserving smoothing operator which had a
better performance. The proposed guided filter is faster than bilateral filtering and joint
bilateral filtering. Furthermore, the filtering size did not have effects on computational
procedure [90]. Following the introduction of guided image filtering, many algorithms were
improved based on this technique. For instance, Pei et al. in [150] introduced a defogging
algorithm based on DCP theory to restore night-time foggy image by using guided image
filtering. Because near-infrared (NIR) light is scattered less than visible light caused by
the long wavelengths of near-infrared, Chen in [65] proposed a restoration algorithm to
improve the performance of the detail recovering and the color distribution. Chen im-
proved DCP restoration algorithm by using a pair of color and NIR images, in which the
airlight color and transfers details from near-infrared can be estimated. Lin and Wang
in [120] utilized an edge-preserving filter as opposed to soft matting algorithm in image
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restoration algorithm to improve the efficiency of defogging algorithm which is resulted by
preserving the edge information. Therefore, they applied the down-sampling algorithm to
resize the transmission, and then the resulted transmission is optimized by using guided
image filtering. In order to refine the transmission, an inherent boundary limitation on the
transmission and the weighted L1-norm based contextual regularization were considered
in [125]. Thus, by applying the mentioned process, Meng et al. could improved DCP de-
fogging algorithm. In this proposed algorithm, the boundary of restored image is limited
as C0 ≤ J(x) ≤ C1 that C0 and C1 are two mentioned boundaries. Thus the unrefined
transmission map can be written as follows:

t̃(x) = max
y∈ω(x)

{
min

[
max
c∈r,g,b

(
Ac − Ic(y)

Ac − Cc
0

,
Ac − Ic(y)

Ac − Cc
1

)
, 1

]}
(2.22)

where A is the atmospheric light, which is estimated as the highest value of intensity in
each channel after taking minimum and maximum filtering. Transmission function was
refined with the weighted L1-norm based contextual regularization. So Meng et al. [125]
defined the optimized transmission map by Eq. 2.23.

λ

2

∥∥∥∥t− t̃∥∥∥∥2

2

+
∑
j∈ω

∥∥∥∥Wj ◦ (Dj ⊗ t)
∥∥∥∥

1

(2.23)

The regularization parameter λ is applied to keep balance in the two terms of the above
function. W and D are a weighting matrix and a first-order differential operator, respec-
tively. Element-wise multiplication and convolution operators are demonstrated by ◦ and
⊗, respectively. To obtain refined transmission t the above objective function should be
minimized. The restored foggy image resulted from this optimized transmission has a high
efficiency, yet time-consuming is high in refined transmission due to iteration computation.
The number of iterations and the two boundary restrictions cannot adaptively modify
[125]. The restored outdoor images which are achieved by DCP defogging algorithm have
good efficiency, however there will be failure in the resulted image for foggy images with
some light areas. Moreover, computing the dark channel leads to inability to preserve
the edge information due to applying erosion filter. In addition, the optimization of the
transmission and soft matting algorithm can consume large amounts of memory and time.
Therefore, this method cannot be suitable for real-time applications.

• Restoration Algorithm of Tarel et al. :

Hautiere and Tarel et al. proposed an algorithm which is able to detect the presence
of daytime fog by estimating the meteorological visibility distance [88]. The proposed
algorithm is directly related to the β in Eq. 2.1. In order to extract the image contours,
the Canny-Deriche filter was used first in order to highlight the edges of roadways. Then
the road surface was obtained by the region growing algorithm. This algorithm, which is
also known as the inflection point algorithm, is mainly based on three conditions: fog is
supposed to be homogeneous, the road surface should be the main part the image which is
assumed to be planar and a homogeneous surface [88], [115]. Finally, Hautiere and Tarel et
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al. obtained the visibility distance of the image by using a horizontal line. Thus, knowing
the approximate camera calibration by taking into account the road, a visible distance d
with each line y of the image is:

d =
λ

y − yh
if y > yh (2.24)

where yh is the vertical position of the horizontal line in the image and parameter λ
depends on the camera. Thus, the restored image can be achieved by using transmission d
to inversely solve the physical model of Eq. 2.2. Concidering that meteorological visibility
distance of an image is widely used in vehicle visual system to detect foggy image [83],
the proposed algorithm can be applied in-vehicles applications. However, only the road
portion of the image is restored correctly. This means that the region above the horizontal
line is usually foggy and invisible. In order to solve this issue, Hautiere and Tarel et al.
proposed a solution based on contrast restoration approach [175]. The proposed method
is able to restore not only the road part of the image, but also the vertical objects. In
this method, once again, the road was assumed to be planar with a clipping plane. As
mentioned previously, the intensity of vertical objects after restoration is zero and will be
seen as black pixels in the restored image. In this proposed method, the set of all these
black pixels were supposed to segment the image in two regions, one inside the road surface
in three-dimensional and the other outside of the road surface Figure. 2.6, [85]. Therefore,
based on this segmentation, each pixel that belongs to the road part of the scene will be
restored correctly by using Eq. 2.24 and each pixel outside of the road plane (red regions
Figure. 2.6) will be restored correctly by using geometric model Eq. 2.25 [86].

dc(x, y) =

{
λ

y−yh
if y > c

λ
c−yh

if y ≤ c
(2.25)

Considering that the derivation of depth map form a single image and soft matting
algorithm is complicated. Therefore, Tarel et al. [176] proposed a fast visibility restoration
algorithm by using median filtering as opposed to the soft matting algorithm. The main
advantages of the proposed algorithm, which is named NBPC, are its speed, due to having
a linear complexity of the number of image pixels only, and its ability to process both color
or gray level images. In this algorithm, after performing the white balance algorithm, the
atmospheric light value A∞ can be set to (1, 1, 1). To estimate the atmospheric veil V (x),
the dark channel prior theory was only used, because taking minimum filtering operator
leads to the presence of artifacts in the restored image. In the proposed algorithm by Tarel
et al., the atmospheric veil V (x) was assumed to be less than the minimal component of
the original foggy image W (x). In order to obtain the maximum atmospheric veil V , they
smoothed the most regions of the image except along the edges. Thus, they introduced an
original filter named Median of Median Along Lines to preserve edges, as well as corners,
which leads to improved efficiency of the restored image.
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Figure 2.6: First and third columns are original foggy images. Second and fourth columns
are the results of vertical objects segmentation and road plain area which can be seen as
red and green colors, respectively [85].

V (x) = max(min(pB(x),W (x)), 0)

with B(x) = C(x)−median
y∈Ω(x)

(|W − C|)(y)

and C(x) = median
y∈Ω(x)

(W )(y)

whereW (x) is the minimal component of the original foggy image I(x), W (x) = min
c∈r,g,b

(Ic(x))

and p is the restoration degree which usually set in the range of [0.9,0.95], for example,
when p = 0.95 it means that 95% of the fog will be removed, and Ω gives the median filter
diameter.

The proposed algorithm by Tarel et al. will restore the image by Eq. 2.2. after obtaining
the atmospheric veil V (x). In order to apply NBPC algorithm for vehicle applications,
Hautiere and Tarel et al. considered a constraint based on planar assumption which is
able to restore road images [175]. NBPC and DCP restoration algorithms have difficulty
restoring images with presence of a large uniform gray region, such as a road surface [177].
In fact, the atmospheric veil is over-estimated in the bottom part of the image which leads
to the over-restoration of the road part of the restored image. To avoid over-estimation
in the bottom part of the image, Hautiere and Tarel et al. considered an extra constraint
for NBPC during the derivation of the atmospheric veil V (x) by taking into account that
a large part of the image can be assumed to be a planar road. Because of this constraint,
they decreased the distance between the camera and the road. Therefore, the atmospheric
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veil was defined by assuming that the minimum meteorological visibility distance is sixty
meters and the road is a plane up to a specific distance and that, with respect to the road,
the camera calibration is known [175], [88], and [115].

• Bayesian Defogging:

Kratz and Nishino proposed a probabilistic defogging method from a single image to restore
color of foggy images correctly [111], [140]. In their algorithm, the image was modeled with
a factorial Markov random field in which the scene albedo p and depth d are two statistically
independent components. Thus first factorized the image into the scene albedo and depth
as

ln(1− I(x)

I∞
) = ln(p(x)− 1)− βd(x) (2.26)

the above equation demonstrates the factorized image into the scene albedo and depth,
where ln(1− I(x)

I∞
) was assigned to parameter Ĩ(x), the scene albedo ln(p(x)−1) was assigned

to C(x), and depth−βd(x) was assigned to parameter D(x). Then the dependence between
two parameters C(x) and D(x) ,and the input image I(x) was modeled by applying a
Factorial Markov Random Field (FMRF) as follow:

p(C,D|Ĩ) ∝ p(Ĩ|C,D)p(C)p(D) (2.27)

By maximizing Eq. 2.27 two parameters scene albedo and depth were obtained. Thus
by inversely solving the Eg. 2.2 the restored image was resulted. Another depth map
based on Bayesian theory and Markov regularization was proposed by Wang et al [184].
The proposed depth map was obtained by Multiscale Depth Fusion (MDF). Firstly, each
prior depth map pi is the correct depth map t which is effected by noise εi

pi(x) = Hi(x)t(x) + εi(x), i = 1, ...,m, (2.28)

where Hi is the degree of the pure depth map to the prior map. The noise was performed
by the Gaussian function. Therefore, by maximizing Eq. 2.28 the correct depth map t was
written as

t = arg maxP (D|p1,...,pm) (2.29)

where P (D) was obtained by the Gibbs distribution and for an energy function Eq. 2.29
was defined as

t = arg max
i

E(t) (2.30)

where E(t) = U(t) +
∑

i σ
−2(pi − t)T (pi − t). The first term (U(t)) is the edge preserving

smoothing imitations, and the second term is dedicated to noise part. Finally, the cor-
rect depth map and restored image can be obtained after computing the energy function
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iteratively. The amount of halo artifacts will be decreased in the restored image by using
this proposed algorithm , while the iteration takes time, and the parameters need to be
set manually [193] and [10].

• Learning-based Restoration Algorithm:

In order to recognize the best feature combination for image defogging, different features
of fog were investigated in a learning-based framework by Tang et al. [174]. The dark
channel is one of the most informative features in this process. Therefore, in order to ob-
tain the relation between the fog features and their refined transmission of image patches,
the Random Forest was used to achieve a regression model. To obtain the transmission of
the unknown foggy image, first, the different features related to the fog must be obtained
after dividing the image into small patches, and then the transmission of each patch is
extracted by using the learned Random Forest model. Eventually, the addition of ob-
tained transmissions from each image patch provides the unrefined transmission. In this
proposed algorithm, the optimization of transmission is performed by utilizing the guided
image filtering. The learning framework is able to restore images with homogeneous and
heterogeneous fog, and adaptive regression models can be obtained under different weather
conditions. However, to learn the regression model, many fog-free and foggy image pairs
are required for training data although providing a large number of training data is dif-
ficult. The accurate depth information cannot be obtained in this method, particularly
along the edges. In addition, the regression model does not provide an accurate, unrefined
transmission of the image. This model cannot reveal the true depth information of the
image, especially for edge areas.

2.3 Image Defogging Based on Image Contrast En-

hancement

Image contrast enhancement algorithms increase the contrast of the image and are fre-
quently applied in image defogging area.

2.3.1 Image Defogging Based on the Retinex Theory

Color constancy is a main feature of computer vision. In order to consider this component in
image defogging, Edwin Land proposed the Retinex theory [114]. The proposed algorithms
based on Retinex theory estimate the reflectances of each pixel by receiving the value of
each pixel of the input image in three color channels. This theory has been widely used in
image defogging, dark image enhancement, and Mars Express image enhancement areas
[99], [211], [157], and [158].

In the Retinex theory, an image is supposed to be composed of two components: incident
and reflection Figure 2.7. The luminance information which is also called luminance image
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is indicated by incident component. The internal information of an image, which is also
called the reflection image, is represented by the reflection.

For the original foggy image S, the Retinex theory with two components reflection R
and incident L can be written as follows:

S(x, y) = L(x, y).R(x, y) (2.31)

where (x, y) are the pixel coordination of the image.

Figure 2.7: Retinex model.

In defogging algorithms based on Retinex theory, by solving the Retinex model the
reflection image is obtained. Thus by applying the logarithm both sides of Eq. 2.31, the
reflection component R from original foggy image S is defined as

logS(x, y) = logL(x, y) + logR(x, y) (2.32)

R can be resulted from Eq. 2.32 after obtaining L. Thus to estimate the incident
component, Edwin Land proposed the random path-based algorithm [113]. The pas-
sion equation-based iteration algorithm was used to estimate this component. Also, the
multiple-scale algorithm based on the Difference-of-Gaussian (DOG) operator was another
proposed approach to obtain the incident component. The summary of all proposed meth-
ods to compute the incident component can be found in [94]. Based on the multi-resolution
pyramid, two Retinex algorithms were proposed by McCann et al.: 1) the McCann Retinex
algorithm and 2) the Frankle-McCann Retinex algorithm [123], [67]. Retinex algorithm
is also able to realize the dynamic range compression, color constancy, and lightness in
image enhancement algorithms at the same time [101]. In order to solve the complexity
and unsatisfactory resulted color constancy of proposed estimation algorithms, the Gaus-
sian function was recommended to be utilized by Jobson et al. to estimate the incident
component [101], [103]. In the original Single Scale Retinex (SSR) algorithm, the incident
component is resulted from the convolution of Gaussian function G(x, y) and original foggy

image S(x, y). Thus for G(x, y) = k. exp(−x2+y2

σ2 ), where σ and k are the scale controlling
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of the Gaussian function and a unit normalization respectively, the incident component is
computed by

L(x, y) = S(x, y) ∗G(x, y) (2.33)

where ∗ is the convolution operation. By applying values of L(x, y), which is obtained from
Eq. 2.33, in Eq. 2.32, the reflection component for a RGB image is resulted:

ri∈r,g,b(x, y) = log(Si∈r,g,b(x, y))− log(Si∈r,g,b(x, y) ∗G(x, y)) (2.34)

where i is one of the RGB channels, and r(x, y) = logR(x, y). The value of parameter σ in
the SSR algorithm, defines the performance of image enhancement. The large value of σ
leads to the high preservation of color/lightness rendition in the enhanced image. However,
the large value of σ is not able to restore the details of enhanced image properly. Although
the small value of σ cannot preserve the color/lightness rendition in the resulted image,
the details will be restored very well. This means that dynamic range compression and
color/lightness rendition cannot be performed at the same time in this algorithm.

In order to solve the above problem, two algorithms, the Multiscale Retinex (MSR)
and the Multiscale Retinex with Color Restoration (MSRCR) were represented [99], [156],
[101], [155], and [100]. The MSR algorithm, compared with the SSR algorithm consists of
three scales representing narrow, medium, and wide surroundings in each channel that are
adequate to provide both dynamic range compression and tonal rendition: σ1 = 15,σ2 =
80,σ3 = 250 and the three weights are all equal to 1/3 (ωj = 1/3) [100]. The MSR output is
the weighted sum of the outputs of three SSR algorithms at different scales and is achieved
as

ri(x, y) =
3∑
j=1

ωj

[
logSi(x, y)− log(Si(x, y) ∗Gj(x, y))

]
(2.35)

where ωi is the weight of each scale associated to normalized Gaussian G. Eventually, the
reflection component is transformed into the representation domain [0, 255] by applying a
gain/offset algorithm.

As mentioned before, the MSR algorithm has the ability to perform the small scale
dynamic range compression, details preservation of image edges and big scale color balance.
However, the MSR algorithm is not able to restore color properly. In regards to this issue,
the MSRCR algorithm is proposed in which a color restoration Ci function is used to
control the saturation as

ri(x, y) = Ci(x, y)
3∑
j=1

ωj ×
[

logSi(x, y)− log(Si(x, y) ∗Gj(x, y))
]

(2.36)

The achieved reflection component from Eq. 2.36 is also required to be transformed
into the representation domain. Thus, in order to transform the output into the represen-
tation domain, a ”canonical gain/offset” algorithm was presented by Jobson et al. [100].
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Furthermore, a normalization approach was presented by Moore et al. to automatically
transform the output of the algorithms based on Retinex [131].

There is a possibility that the restored color in the resulted image will be inverted when
using SSR, MSR, and MSRCR algorithms. Therefore, to overcome this problem, Petro et
al. proposed a color restoration approach based on the intensity channel [152].

The fog consists of components with the low-frequency in the image. In order to
restrain the information with low-frequency, Wang et al. applied the wavelet transform. To
obtain the defogging image, they improved the brightness by applying the SSR-based color
constancy algorithm which properly enhanced the scene information through a nonlinear
transformation [182]. The logarithm function in the Multiscale Retinex algorithm (MSR)
was replaced by the nonlinear sigmoid function by Zhao et al. [210]. The Gaussian filter
is not able to preserve edges appropriately. As a result, the edges in the resulted image
after enhancement by the original SSR, MSR, and MSRCR algorithms will be degraded
due to applying Gaussian filtering to compute the incident component. To solve this issue,
Hu et al. estimated the incident component by applying the bilateral filter, instead of
Gaussian filter, which is able to preserve the edges appropriately. In addition to this, Hu
et al. utilized the Gamma adjustment and sigmoid function to better enhance the reflection
component [92]. In order to enhance the contrast perfectly for each local area and increase
the visibility, a variable filter Retinex algorithm was presented by Yang et al. in which the
scale parameters were selected in every local area of the foggy image adaptively [187].

2.3.2 Image Defogging Based on the Traditional Image Contrast
Enhancement Method

In order to defog image, some approaches rely on image contrast enhancement, such as the
intensity transforms, homomorphic filtering, high-boost filtering, and wavelet, which are
covered briefly in this section.

• Intensity Transforms:

There are two parameters, contrast and dynamic range, which are low in hazy and foggy
images. This is caused by the large values of color or gray pixels in the images, leading
to the histogram of these images to be centrally distributed. Redistributing the histogram
of foggy images is effective to enhance these images. Therefore, intensity transforms were
proposed as a solution to enhance the images [74]. In order to enhance night, X-ray, and
defog images, some contrast enhancement algorithms such as the power-law gamma trans-
formation, piecewise-linear transformation, and Histogram Equalization (HE) are widely
applied. To brighten up the resulted image by the MSR algorithm, the power-law gamma
transformation and piecewise-linear transformation are applied to each channel of the en-
hanced image at the end [68]. Not only can the gain/offset step in the algorithms based
on Retinex be used to transform the reflection component to the certain domain, but it
can also be considered as a specific piecewise-linear transformation. Also, to improve the
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visibility of the achieved image by the SSR algorithm, the piecewise-linear transformation
was utilized by Ma et al. [211].

Histogram Equalization (HE) algorithm is widely used to enhance the contrast because
of its effectiveness and simplicity. The HE method improves the dynamic range of the
image by redistributing the image histogram. It can be classified into two categories
according to the transformation function used: 1) Global Histogram Equalization (GHE)
and 2) Local Histogram Equalization (LHE) [154], [106]. Global histogram equalization is
simple and fast; it can only enhance the global contrast of a foggy image, not the local
contrast; and in total, its contrast-enhancement performance is relatively low. Images with
a heterogeneous fog cannot be enhanced very well by the GHE algorithm. In addition, there
will be some artifacts in the enhanced image by the GHE algorithm, particularly where the
depth is discontinuous. Contrarily, power is relatively high for local histogram equalization;
however, it requires a complex computation since the sub-blocks are overlapped completely
[106]. In order to decrease the presence of artifacts and noise in the achieved image by the
GHE algorithm, the wavelet transform was used after enhancing the foggy image by Jun
and Rong [104].

Local histogram equalization method (LHE) is a popular enhancement algorithm to
increase the information of image locally, so different LHE algorithms and some meth-
ods to tackle its problems have been presented [106], [107], and [108]. In order to avoid
overlapping sub-block histogram-equalization function and obtain a sub-region probability
density function, a low-pass filter-type mask was applied by Kim which leads to an en-
hanced image with high contrast associated with local histogram equalization [106]. The
proposed Partially Overlapped Sub-block Histogram Equalization (POSHE) derived from
local histogram equalization, gives an enhanced image which is much faster and more effi-
cient compared with local histogram equalization. Also, there are no blocking effects in the
resulted image by the POSHE algorithm. In order to preserve the brightness and enhance
the contrast of the foggy image with high accuracy, Kim et al. proposed a Recursively
Separated and Weighted Histogram Equalization (RSWHE) [107]. In this method, the
input histogram is segmented into two or more sub-histograms recursively, then these sub-
histograms are modified by means of a weighting process based on a normalized power law
function, and to perform histogram equalization on the weighted sub-histograms indepen-
dently [107]. Patel et al. in [146] evaluated various local histogram equalization algorithms
in terms of their performance to preserve brightness and enhance contrast. To enhance
the degraded video sequences under foggy condition, Ramya et al. presented a method by
using a Brightness Preserving Dynamic Fuzzy Histogram Equalization (BPDFHE) [159].
BPDFHE algorithm not only enhances visibility, it also maintains the color fidelity. To
avoid amplifying noise or unwelcome structures by the histogram equalization (HE) al-
gorithm, Contrast-Limited Adaptive Histogram Equalization (CLAHE) was proposed in
[213] to enhance the contrast of the foggy image. CLAHE operates on 8× 8 regions called
tile in the image and then the contrast of each tile is enhanced, so that the histogram
of the obtained region approximately matches a flat histogram. In this algorithm to re-
move artificially resulted boundaries, bilinear interpolation is used to combine neighboring
tiles [213]. Xu et al. presented a method based on Contrast Limited Adaptive Histogram
Equalization(CLAHE) to reduce the noise while enhancing the contrast [194]. In the first
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step, they obtained the background image from the video sequence. And then foreground
images were achieved by estimating and bounding the moving pixels. In the second step,
CLAHE algorithm was applied to defog the foreground and background images. Combin-
ing the foreground and background images to generate new frames was considered as the
third step. Eventually, the defogged video sequence was resulted [194].

As mentioned in the above paragraph, histogram equalization enhances the image con-
trast by stretching the histogram, which leads to an unrealistic resulted image. For images
with remarkable depth changes or under heterogeneous fog, there will be some failures in
the achieved image by this technique. The color structure will be changed in the enhanced
image, if the HE algorithm is performed directly on each channel, which means a color
distortion can be considered as a weakness of the HE algorithm. In order to decrease
the color distortion, the HE algorithm can only be applied to the intensity channel but
it leads to color degradation in the enhanced image which is caused by the effects of the
intensity on all channels of foggy image. On the other hand, algorithms based on HE have
better performance to enhance visibility for foggy images with heavy fog in comparison
with algorithms based on the Retinex and physical model.

• Homomorphic Filtering:

In the frequency domain, the edge of the image has the high-frequency components, since
in this area the intensity dramatically is changed. The flat area of an image has the low-
frequency components such as the sky area. In the physical model, the airlight component
can be considered as a component with low-frequency. The presence of fog in the image will
decrease the edge information. In other words, in images under foggy condition, fog will
decrease the high-frequency components while it increases the low-frequency components.
Therefore, the visibility of foggy image can be enhanced by improving the high-frequency
components and reducing the low-frequency components of an image. To enhance the
image, the homomorphic filtering has been applied in some methods. The homomorphic
filtering can decrease low frequencies and increase high frequencies by using high-pass
filtering. A method based on a homomorphic processing and a novel Ratio rule learning
algorithm was proposed in [169] to improve the dynamic range and carry out the natural
color rendition process, simultaneously. The proposed method is almost like Retinex theory,
however the incident component is not required to be estimated. This algorithm is simple
and fast, but it is not able to enhance images with heavy or heterogeneous fog.

• High-boost Filtering:

In order to enhance foggy images, the high-boost filtering can also be used as it is able
to improve high frequency component while still preserving the low frequency components
[74]. Due to the similarity of high-boost filtering and Retinex theory in some ways, the
reflection image of the Retinex-based algorithm can be considered as the mask image of
high-boost filtering. Merging the obtained mask image and original image by high-boost
filtering can enhance the high frequency component which leads to visibility enhancement
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due to improving the edge information of the image. This algorithm is efficient in terms of
time consumption and computational cost. However, the enhanced image by this algorithm
suffers from color distortion and noise amplification.

• Wavelet Transform:

The wavelet transform is similar to homomorphic filtering in terms of amplifying the high
frequency component and suppressing the low frequency component. The wavelet trans-
form can be used to enhance image by preserving the edge of the image while reducing
the noise of the image [192], [53]. To obtain the measure of visibility distance for a traffic
control system, Busch et al. presented a fog visibility analysis method based on a B-spline
wavelet transform with improved signal-analysis techniques. The proposed wavelet-based
approach can inform the driver of the presence of fog in real time [44]. To ascertain the
degradation factors of foggy image, after transferring the original image into YUV color
space, the wavelet transform was used by Jia and Yue to decompose the luminance com-
ponent into low frequency and high frequency of the YUV space. In the low frequency
sub-bands, the airlight model was first estimated and then removed by applying Gaussian
filtering, then the image information in the high frequency sub-bands were improved by
using high-pass filter. Eventually, by the inverse wavelet transform, the enhanced image
was achieved [98]. Toward this objective, Rong et al. in [163] first applied unsharp masking
algorithm for the low frequency domain to enhance image contrast. Then to improve the
details and contrast, a high pass filter was used for high frequency domain. Finally, via
informing the inverse wavelet transform the primary defogging image was reconstructed,
at this time the Retinex-based algorithm and color restoration algorithm were applied
to rectify the color degradation of the processed image. While the enhanced imaged via
wavelet-based algorithm with minimal effects of artifact or noise, this algorithm is not able
to enhance visibility for images with dense or heterogeneous fog. This problem is caused by
applying the simple filter, which does not consider scene information as it cannot estimate
the fog component and edge information. An image defogging algorithm with combination
of the wavelet transformation and physical model based on dark channel prior was pro-
posed by Yang et al. [197]. In this proposed algorithm, Haar wavelet transform was used
to obtain the low-frequency component of foggy image, and then guided image filtering was
applied instead of soft matting algorithm to optimize the transmission map. The proposed
algorithm can be used in real time application.

2.4 Image Defogging Based on the Fusion Strategy

In near-infrared (NIR) image, the phenomenon, atmospheric haze or scattering, is almost
absent. Therefore, under foggy or hazy condition, NIR image in comparison with visible
light (VL) image has more detailed information and higher contrast. Considering this fact,
in order to collect information from an environment for applications, such as surveillance
systems, security, face recognition, target detection, target tracking, and recognition visible
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and infrared technology have typically been utilized via fusion algorithms of the near-
infrared and visible light images [122], [212], and [206]. Schaul et al. proposed an algorithm
to increase the contrast of fog-degraded color images in which the fog or airlight detection
or depth maps information were not required [166]. Their algorithm proposed that fusing
a visible light (VL) image and a near-infrared (NIR) image of the same scene can obtain
the high contrast enhanced image with minimum halo artifacts through a multiresolution
approach by applying edge-preserving filtering. Recently, NIR image defogging and VL
image defogging have been attracting more attention in defogging, detection, tracking,
and recognition research directions.

Ancuti et al. represented a defogging algorithm from a single image by fusion of several
images obtained from the initial foggy image [6]. In this fusion-based algorithm, firstly
foggy regions in a foggy image is detected in a pixel-wise manner automatically. It has
been observed that on the dark channel, patches indicating sky and hazy areas have high
values and these values change smoothly, except at depth discontinuities. Based on these
assumptions, a semi-inversed image Lsi(x) = [Lrsi, L

g
si, L

b
si] was created to detect fog. Fi-

nally, foggy regions were estimated by computing the difference between the hue channels
of the original image I and Lsi. This image was obtained as follows:

Lrsi(x) = max
x∈I

[Ir(x), 1− Ir(x)]

Lgsi(x) = max
x∈I

[Ig(x), 1− Ig(x)]

Lbsi(x) = max
x∈I

[Ib(x), 1− Ib(x)]

where Ir(x), Ig(x) and Ib(x) are the RGB channels of the image for pixel x. Then the
atmospheric value A∞ in fog-free areas was estimated. In this proposed algorithm, after
a per-pixel recognition of foggy areas, a layer-based method was proposed to preserve a
maximum amount of detail. Then several new images Li with i ∈ [1, k] are achieved by
using

Li = I − ai.A∞ (2.37)

where ai is a constant value in the range [0, 1] and its value depends on the number of
layers, and the number of images used for fusion was indicated by k. Then on each obtained
image Li identification of foggy region is performed and the region with low hue disparity
of the corresponding image Li is considered as the final input image for fusion. Eventually,
the defogged image was obtained by a simple weighted fusion of these layers.

Because haze detection is based on the semi-inverse method in this algorithm, it will
fail for scenes with the little difference between the original image and the inverse image,
such as sea. Therefore, if foggy areas are not detected correctly, the desired restored image
will not be resulted.

To tackle the above issue, another single image defogging algorithm based on fusion
strategy was introduced by Ancuti et al. that took as inputs two adapted versions of
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the original image [8], [7]. In this method, the implementation was computed in a per-
pixel. To obtain the accurate defogged images, these two images are weighted by specific
maps: luminance, chromaticity, and saliency. The first input image is achieved via the
white balance operation of the original foggy image. The obtained image by the white
balance leads to the resulted images with natural rendition, by removing chromatic casts.
The second input image is achieved by subtracting the average luminance value of the
entire image from the original foggy image. By this step they enhanced the contrast of
the foggy image. Eventually, to fuse these two input images, the fusion based method
was used which applies three weight maps to enhance the visibility. This single image
fusion-based strategy was also extended to enhance the contrast of underwater image [9]
and [49]. The obtained results by these fusion-based defogging algorithm are similar to the
obtained results by physical-based defogging algorithms. Moreover, they are also efficient
in terms of time consumption and computational cost [2]. However, these algorithms did
not consider the depth information of a foggy image which leads to some failures when the
fog is heterogeneous.

Fu et al. also proposed an enhancement method that focuses on single sandstorm image
based on the fusion strategy. In this proposed approach, first, a statistical strategy was
applied to perform color correction of degraded sandstorm image. Then two input images
with different brightness were exploited from the color corrected by gamma correction
with different scales for sandstorm image enhancement [66]. Guo et al. presented an
improved fusion-based algorithm with different input images for single image to display
color corrected and contrast enhanced versions of the original foggy image. To increase the
visibility, they applied sharpness weight map, chromaticity weight map and prominence
weight map for enhancement of the foggy image [78].

Defogging algorithms based on fusion strategy from a single image are novel and effi-
cient. In this strategy, in order to increase the contrast of the degraded image, the second
input image is used which leads to the presence of noise. In regards to this, the first in-
put image is used to decrease the effects of noise and artifacts and also to perform color
correction. In other words, color restoration and noise reduction are performed via the fist
image, and the visibility enhancement of foggy image is performed via the second image.
Fusion-based algorithms are fast and simple; however, if the visibility enhancement is not
performed appropriately by the second input image, the desired result will not be obtained
[193] . Tables 2.2, 2.3, and 2.4 summarize some main features of the mentioned image
defogging algorithms.
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Defogging method Fast simple Color restoration Visibility enhancement

Multiple images obtained
under different weather con-
ditions of the scene

√

Multiple images obtained
under the same weather of
the scene

√ √

Fattal [63]
√

Tan et al. [173]
√

He et al. [89],[90]
√

Tarel et al. [176]
√ √

Bayesian defogging [184]
√

Learning-based [114]
√

Retinex-based
√ √ √

Intensity transforms
√

Wavelet transform

Fusion-based algorithms
√ √

Our proposed algorithm
√ √ √

Table 2.2: A comparison between some main features of image defogging algorithms.
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Defogging method Input foggy image Halo artifacts Vehicle applications

Multiple images obtained
under different weather con-
ditions of the scene

Multiple color/gray images

Multiple images obtained
under the same weather of
the scene

Multiple color images

Fattal [63] Single color image
√

Tan et al. [173] Single color/gray image
√ √

He et al. [89], [90] Single color image
√

Tarel et al. [176] Single color/gray image
√ √

Bayesian defogging [184] Single color image
√ √

Learning-based [114] Color image

Retinex-based Single color/gray image

Intensity transforms Single color/gray image
√

Wavelet transform Single color/gray image
√

Fusion-based algorithms Single color/gray image
√

Our proposed algorithm Single color/gray image
√

Table 2.3: A comparison between some main features of image defogging algorithms.
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Chapter 3

Our Proposed Visibility Restoration
Algorithm

3.1 Visibility Restoration Algorithm

3.1.1 Fog Modeling

• Definition

Fog is an accumulation of visible cloud water droplets or ice crystal very small particles
accompanied by hygroscopic, water-saturated fine particles in the air or close to the Earth’s
surface. Whenever horizontal visibility has been reduced to less than one kilometer, the
term fog is applied. The term would be mist properly with respect to the level of visibility
reach or surpass this threshold. Visibility in fog can limit from the appearance of haze, to
almost zero visibility, rely on the density of the water droplets.

• Propagation of light through fog

The presence of fog leads to the propagation of light (with a wavelength placed between
400 and 700 nanometers) within a large number of water droplets [88]. The two phenom-
ena, absorption and diffusion make the headlight’s light weak, which leads to specifying fog
by defining of an extinction coefficient β which is equal to the sum of the absorption and
diffusion coefficients. The absorption phenomenon is not significant in reality which means
it can be unconsidered. Therefore, diffusion can be considered as a predominant phe-
nomenon. Daytime fog is the main source of fog illumination, or haze luminance. Dumont
has described these effects in [54]. Jaruwatanadilok in [97] has covered the general problem
of optical imaging captured in foggy condition. Many people are lost their lives every year
all around the word from accidents that caused by fog conditions on the roadways, it also
leads to multiple-vehicle collisions.
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Figure 3.1: Diffusion of light by daytime fog.

• Koschmieders model

The model of the effects of the fog is established by Koschmieder in 1924 [126], this theory
which is known as Koschmieder’s law is a simple relationship between the distance of an
object with intrinsic luminance L0 and its apparent luminance L with respecting to a object
placed in distance winds up blending in with the sky, on gray level image Koschmieder’s
law can be written as follow:

L(x, y) = L0(x, y)e−βd(x,y) + Ls(1− e−βd(x,y)) (3.1)

where L(x, y) is the observed luminance with the presence of fog and L0(x, y) is the intrinsic
luminance at pixel (x, y), d(x, y) is the distance of the object from the observer and it is
also known as the scene depth, Ls is the luminance of the sky and β indicates the scattering
coefficient of the atmosphere. This model can be directly applied to a color image as well
by extending the same model on each RGB channel, assuming a camera with a linear
response. In Eq. 3.1, an exponential decay e−βd(x,y) on the intrinsic luminance L0(x, y)
(right-hand term), which is called direct attenuation, leads to contrast reduction of the
object and also visibility reduction of the scene [173]. In the second term, which is called
airlight, a white atmospheric veil Ls(1e

βd(x,y)) is added, white atmospheric veil will be
increased by increasing the distance of the object d(x, y) [110], [173]. Direct attenuation
and airlight are considered as the effects of fog on the scene. Regarding to the physics
of fog, in order to restore image under foggy conditions the estimation of both the scene
luminance without fog and the scene depth-map are required. By assuming the camera
response is linear, image intensity I is substituted to luminance L [175], so Eq. 3.1 is
rewritten in Eq. 3.2 that by obtaining I0 the foggy image will be restored.

I(x, y) = I0(x, y)e−βd(x,y) + Is(1− e−βd(x,y)) (3.2)

Based on Koschmieder’s theory an attenuation law of atmospheric contrasts has been
derived as follow:

C = C0e
−βd(x,y) (3.3)
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where C and C0 indicate the apparent contrast at distance d and the intrinsic contrast
of the object against its background respectively. When the atmosphere has uniform
illumination this law can be applied. The value of C is equal to the contrast threshold
ε for the objects can be seen hardly. An average value of ε = 0.05 has been assigned to
the contrast threshold, practically by the International Commission on Illumination (CIE)
[165]. Therefore, a conventional distance which is called the ”meteorological visibility
distance” dmet is defined as the greatest distance that a black object (C0 = 1) can be
observed in the sky on the horizon and computed as follow [88]:

dmet = − 1

β
ln(0.05) ' 3

β
(3.4)

As mentioned in the last chapter, there have been different methods to remove fog
from foggy images. Some of them can restore image by using multiple images, while
some of them restore image by using only a single image. Some algorithms have been
introduced as image enhancement algorithms that can be applied to increase the contrast
of the image by using retinex-based or traditional image contrast enhancement methods.
Fusion-based algorithms have been also introduced as an another technique for defogging
and has considered as a complex method.

In this section, a restoration algorithm using only a single image and based on the
physical model has been introduced. Using a single image leads to obtaining a real-time
and inexpensive algorithm. Regarding to this issue that computing the depth map from
a single image is known as a ill-posed problem, we have propssed an efficient technique
relies on a local spatial regularization to estimate the transmission map/depth map from
a single image without requiring any geometric models of the scene. Being local, makes
these algorithms able to cope with homogeneous and heterogeneous fog. The proposed
algorithm can thus be seen as the extension of the local visibility enhancement algorithm
[176] combined with the restoration method in [183].

3.2 Proposed Fog Removal Approach

Our proposed approach is defined by two main modules: a Depth Estimation (DE) module
and a Visibility Restoration (VR) module. First, the proposed DE module estimates an
efficient refined transmission procedure that takes advantage of the Recursive Filtering
(RF) in the transformed domain to preserve edge information and thereby avoid generation
of halo artifacts in the restored image [69]. In addition, using recursive filtering in the
transformed domain leads to considerable speedups and memory savings [12]. The VR
module restores a high-quality haze-free image by applying the obtained depth information
from DE module to remove the presence of the atmospheric particles in original foggy
image. In this section, we present a high-quality edge preserving smoothing filter in real
time [149]. Before the transmission is estimated, the white balance approach is described,
which is considered as a first step to obtain the refined transmission map. Depth estimation
(DE) and Visibility Restoration (VR) modules are described in details after covering all
required information, respectively.
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Figure 3.2: From left to right, the original image and the restored images by Tarel and
Hautiere [176], Tarel and Hautiere [175], He et al. [89] and our result.

3.2.1 Depth Estimation Module

• White balance

In order to restore the visibility of foggy image, performing the white balance is assumed
prior. By normalizing the input image I(x, y) between 0 and 1 and performing the white
balance accurately, the fog gets white purely so the intensity of the sky Is can be set to (1,
1, 1). By biasing the average color of the image towards pure white the white balance can
be obtained that is resulted from the presence of fog in the image. A local white balance
is recommended for images in which light color changes along the image by biasing the
average color of the image towards local image averages Figure 3.2.

• Edge preserving filtering

In order to achieve a real-time defogging algorithm with high performance that the restored
image does not suffer from the presence of block artifacts, an edge preserving filtering of
image and video based on a domain transform has been applied in this work to estimate and
refine the transmission map. The proposed filter generates high-quality 2D edge-preserving
filtering by iterating 1D-filtering operations. The efficiency of this edge preserving filtering
is derived from a key assumption that a color image, which has 2D space, can be manifolded
in a 5D space, so an edge preserving filter can be specified as a 5D spatially-invariant kernel,
whose response decreases as the distances among pixels increase in 5D [69]. In comparison
with other existing edge preserving filters, such as median filter, median of median along
lines filter, bilateral filter and anisotropic diffusion filters [95], [117], [109], [176], [144], [196],
[4], [64], [51], and [61], the recommended filter leads to remarkable speedups and memory
saving which is due to use of 1D operations. In this approach, the filter parameters do not
have effects on its computational cost. Furthermore, this edge preserving filter is able to
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work on color images at arbitrary sizes in real time, without restoring to subsampling or
quantization [69].

Figure 3.3: From left to right, curve C is specified in R2 into Rs by graph (x, I(x)), the
proper transform for being isometric (in `1 norm), the arc length between two points u and
w [69].

In domain transform, to derive an isometric 1D transform which is inspired by the multi
dimentional interpretation of edge preserving filtering [55], let I : Ω→ R,Ω = [0,+∞) ⊂ R,
be a 1D signal, which defines a curve C in R2 by the graph (x, I(x)), for x ∈ Ω (Figure
3.3, left). Therefore, to preserve the original distances between points on a curve C, a
transform t : R2 → R must be informed, in R, by some metric. S = {x0, x1, ..., xn} is a
sampling of Ω, where xi+1 = xi + h, for some sampling interval h. To transform t we
will have s where xi, xj ∈ S, |.| and ||.|| are the absolute value and some metrics have
been chosen respectively. Proper transform with respect to be isometric can be written as
follow:

ct(x+ h)− ct(x) = h+ |I(x+ h)− I(x)| (3.5)

where ct(x) = t(x̂) = t(x, I(x)), thus by dividing both sides of Eq. 3.5 by h and integrating
from the resulted equation to preserve the geodesic distance between all points on the curve
we will have:

ct(u) =

∫ u

0

1 + |Í(x)| dx, u ∈ Ω (3.6)

Therefore, to preserve distance in the new domain between two points u and w which
is the arc length of C between these two points,(Figure 3.3, right) we will have:

ct(w)− ct(u) =

∫ w

u

1 + |Í(x)| dx, u , w ∈ Ω, w ≥ u (3.7)

Performing edge preserving filtering on each channel of input image separately leads
to the presence of halo artifacts around the edges of the restored image [178]. To tackle
this issue, the proposed edge preserving filtering [69] processes all channels of input image
Ik at once which avoid the presence of artifacts in the restored image. By reducing the
evaluation domain of the filter from Rc+1 to R Eq. 3.6, a domain transform ct for color
image is defined by Eq.3.9.

ct(u) =

∫ u

0

1 +
c∑

k=1

|Ík(x)| dx, (3.8)

42



Regarding the transformation is isometric, any filter H, whose response reductions with
distance at least as fast as F s, will be edge-preserving. In order to preserve the filter’s
support over the signal’s space and range that may be seemed to be lost due to reduction
of the filter’s dimension, the values of σs and σr in the transformation can be encoded.
The final domain transform is rewritten as follow:

ct(u) =

∫ u

0

1 +
σs
σr

c∑
k=1

|Ík(x)| dx, (3.9)

Three realizations for this 1D edge preserving filter based on normalized convolution,
interpolated convolution, and recursion have been defined. Each of these three filters has
very well-defined response to different impulse which make each of them more proper for
specific applications. In this thesis, we have applied 1D edge preserving filter based on
recursion realization. Recursive filtering for the transformed signal Iω(ct(x)) = I(x) in a
transformed domain ctΩ→ Ωω is defined by using the 1D kernel H between two adjacent
samples xn and xn−1 as:

J [n] = (1− ad)I[n] + adJ [n− 1] (3.10)

where d = ct(xn)− ct(xn−1) is the distance between two points xn and xn−1 that is defined
in the transformed domain, Figure 3.4 illustrates the applied recursive filter on flower
images with different values for σs and σr. As can be seen in Figure 3.4, recursive filtering
is able to smooth the color images while preserve the edge information without generating
any artifacts in the resulted images.

Figure 3.4: From left to right, the original image, the obtained recursive filter by using
parameters σs = 20 and σr = 0.5, σs = 50 and σr = 0.8, σs = 100 and σr = 1.

A comparison of the impulse response between three filters NC, IC, RF and BF, AD,
WLS has been illustrated in Figure 3.6. As can be seen in this figure the NC and IC filters
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have similar response to AD and BF filters, these filters have response like Gaussian. The
IC filter has similar behavior to AD in the presence of strong edges. Strong edges attenuate
the exponential impulse response of recursive filter (RF), like the WLSs response [69]. In
order to stylize and abstract, the NC filter is highly recommended because of its ability
to smooth similar parts of the image correctly and preserve and sharp the considered
edges, simultaneously. However, two filters IC and RF are ideal for applications where
sharpening of edges is not appropriate, the obtained results by these two filters IC and RF
have same quality compared to other the state-of-the-art methods [62], [64]. Regarding
infinite impulse response of the RF filter which leads to the information is propagated
across the whole image lattice, this filter is able to obtain the satisfied results with aim of
edge-aware interpolation, such as colorization and recoloring. Figure 3.5 shows the high
performance of the domain transform recursive filter, which is applied in this thesis, to
preserve and restore edges in the obtained image.

Figure 3.5: The comparison of visible edge between the original foggy image and the
restored image by RF. (a)Visible edge in the original foggy image (56392 edges). (b)
Visible edge in the restored image by our work (62114 edges).

• Depth map inference

In order to restore the visibility of fogy image which is known as an ill-posed problem
for estimating depth map from a single image, an appropriate solution is maximizing the

44



Figure 3.6: From left to right, impulse response of different filters at neighborhoods without
and with strong edges, respectively. NC: Normal. Convolution; IC: Interp. Convolution;
RF: Recursive Filter; BF: Bilateral Filter; AD: Anisotropic Diffusion; WLS: Weighted
Least Squares [69].

contrast of the image. The restored image with high contrast is achieved by obtaining a
depth map that must be smooth except along edges with large depth jumps [173], [176].
Regarding this subject, therefore, it is essential that possible large jump edges are preserved
appropriately to restore visibility such as the one in Figure 3.7. In fact, this figure shows the
difference results from informing different methods for smoothness and edge preserving. In
the first row of this figure, it can be seen that the restored image by He et al. [89] algorithm
is over-smoothed and edges are not preserved correctly, in the second row, there are halo
artifacts along edges of buildings with large jumps in the restored image by Tarel and
Hautiere [175] algorithm which means the applied edge preserving filter in this algorithm
is not able to preserve all edges as well as corners with obtuse angle, and the last row in
this figure proves that the applied filter is able to smooth image while preserve all edges
with large depth jumps.

Indeed, if the edge preserving smoothing is not performed appropriately to estimate
depth map, an incorrect halo artifacts appear in the restored image. To preserve large
jumps along edges, a smoothing algorithm which is able to preserve edges with large
jumps is required to be applied on input image after performing the white balance. Robust
bilateral filters, anisotropic diffusion filters or faster the median filter can be used to perform
an edge preserving smoothing. In summary, the refined transmission map tr is inferred as:

A(x, y) = domainTransformRF (N(x, y), σS, σR)

B(x, y) = A(x, y)− domainTransformRF (|N − A|(x, y), σS, σR)

Bdark(x) = darkChannel(B)

t̃(x) = 1− ω(Bdark(x))

M = domainTransformRF (Bdark, σS, σR)

D(x) = ω(min(M,min(B(x, y))))−min(Bdark)

tr(x) = t̃(x)−D(x)

where N is the mean value of input image after performing white balance, σS and σR are
the scaling factors of edge preserving filter and our results have obtained with σS=5 and
σR=0.3. The value of ω is defined based on the application. It has been fixed to 0.95
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Figure 3.7: From up to down, the edge preserving smoothing and the obtained restored
images by He et al. [89] algorithm, the edge preserving smoothing and the obtained restored
images by Tarel and Hautiere [175] algorithm and the edge preserving smoothing and the
obtained restored images by our work.
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for all results reported in this thesis. t̃(x) and tr(x) are transmission map and refined
transmission map, respectively. where Bdark(x) is defined as follow:

Bdark(x) = min
y∈Ω(x)

{ min
c∈r,g,b

Bc(y)} (3.11)

A dark channel is resulted from two minimum operators: minc∈r,g,b which is performed
on each pixel, and miny∈Ω(x) is a minimum filter. Where Bc is a color channel of B and
Ω(x) is a local patch centered at x, Figure 3.8.

Figure 3.8: Estimation of a dark channel. (a) An arbitrary image B. (b) Calculation of
minimum value of each pixel. (c) A minimum filter is performed on (b). This is the dark
channel of B. The patch size of Ω is 15 × 15 [89].

3.2.2 Visibility Restoration Module

After computing the depth map (DE module), the scene visibility R(x) (I0 in Eq. 3.2) can
be restored via the proposed refined transmission map as follows:

Rc(x) =
Ic(x)− Ics

max(tr(x), t0)
+ Ics , forc ∈ (r, g, b) (3.12)

where I(x) is the observed image intensity with the presence of fog (gray level or RGB),
R(x) is the intensity of restored image, Is is the intensity of the sky which is set to (1, 1,
1), tr (x) is the proposed refined transmission map, and t0 is generally set to 0.1.

Therefore, the density of the haze which is resulted from atmospheric particles can
be estimated correctly by Eq. 3.12. The flowchart of the proposed visibility restoration
algorithm is illustrated in Figure 3.9.

• Smoothing adapted to contrast magnification

As a result of the image visibility restoration, the contrast of the restored image will increase
as well. Due to increasing the image contrast, noise and image compression artifacts will
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Figure 3.9: Flowchart of the procedure of our proposed refined transmission map.

increase and become more visually clear in the restored image in comparison with the
original image which is compressed using jpeg. To tackle this problem a local smoothing
should be performed to soften the resulted noise and artifacts.

• Dedicated tone mapping

The different steps of the visibility restoration regarding the image is in float format were
described in previous sections. The restored images usually suffer from a high dynamic
range which is more than the dynamic range of original one. To tackle this issue, the
tone mapping is performed in the last step, which is hardly ever described in visibility
restoration procedures but it plays a significant role for visualization. In order to have
a restored image very similar to the original image, a linear mapping on the log original
image and log resulting image have been applied which persuades that the related images
have similar mean and std in the bottom third part of the image. Regarding to this fact
that the bottom third of the image has less fog (road part of the image), it is used. If
aI and dI are the mean and standard deviation of the log original image log(I(x, y)) in
the bottom third part of foggy input image, and aR and dR are the mean and standard
deviation of the log restored image log(R(x, y)) also in the bottom third part. The tone
mapped image T (x, y) is computed by non-linear mapping as follow:

T (x, y) =
U(x, y)

1 + ( 1
255
− 1

MG
)G(x, y)

(3.13)

where U(x, y) = R(x, y)
dI
dR e

aI−aR
dI
dR , G(x, y) is the gray level of U(x, y) and MG is the

maximum of G. The obtained image T is always in [0, 255] [176]. Figure 3.10 shows the
restored image by different depth maps.
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Figure 3.10: (a) Input foggy images. (b) Estimated depth map by He et al. [89]. (c)
Restored images using (b). (d) Estimated depth map by our work, (e) Restored images
using (d).
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Chapter 4

Experimental Results

This chapter is organized into 3 sections: introducing the camera-based Advanced Driver
Assistance Systems (ADAS) as applications that can be improved via efficient algorithms to
enhance the visibility in road images, performance evaluation methodology, and defogging
results performance for real and synthetic images under homogeneous and heterogeneous
fog, respectively [18]. The concentration will be on the last section for demonstrating the
performance evaluation on the proposed method.

4.1 Applications of the Proposed Thesis in Camera-

based Advanced Driver Assistance Systems (ADAS);

and Overview

Advanced Driver Assistant System (ADAS) is considered as the advancement from driver
assistant system (DAS) to help the driver in the driving process [209], [33], and [50].
Camera-based advanced driver assistance systems are widely applied in Advanced Safety
Vehicles (ASVs). Regarding to the collecting data from sensor inputs, ADAS uses one or
multiple automotive cameras which are monocular or stereo cameras (toshiba.com) Figure
4.1, [160].

Two kinds of ADAS can be considered. In one kind of ADAS which is called a Fog
Vision Enhancement System (FVES), driver is able to see the enhanced image visibility
which is displayed from a frontal camera. In another kind, visibility enhancement as a
pre-processing is combined with detection and recognition of stopped or moving vehicles,
pedestrians, traffic signs and the like around a vehicle, as well as the state of the driver and
passengers using image recognition technologies to inform and warn, provide feedback on
actions, increase comfort, and decrease workload by actively stabilizing or maneuvering the
vehicle Figure 1.2 [147], [175], [?], [40], citeboukerche1994static, and [36]. High image data
processing performance can be achieved via paralleling Media Processing Engines (MPEs)
architectures at three granularity levels, multi core processing, Very Long Instruction Word
(VLIW) and Single Instruction Stream, Multiple Data Stream (SIMD) for task-level paral-
lelism, instruction-level parallelism and data-level parallelism, respectively (toshiba.com)
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Figure 4.1: Camera based ADAS front camera system.

[23] and [22]. For ADAS based on the use of a single camera in the vehicle, the contrast
enhancement algorithm must be able to robustly process each image in a sequence in real
time. Figure 4.2 illustrates what the ADAS hardware might look like conceptually.

Figure 4.2: ADAS hardware block diagram [209].

4.2 Objective Quality Assessment Criterion of the Im-

age Defogging Algorithm

In image-processing algorithms, such as acquisition, compression, restoration, enhance-
ment, and reproduction the criteria, such as visibility, color restoration and structural
similarity are applied to assess the quality of the resulted image. The image quality evalu-
ation criterion can be categorized into three classes: full-reference image quality assessment,
reduced-reference image quality assessment, and no-reference image quality assessment.
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Wang et al. introduced a full-reference image quality assessment based on the degrada-
tion of structural information [186]. Their method, Structural Similarity Index (SSIM),
evaluates the structural similarity between the resulted image and original clear image.
A reduced-reference image quality assessment based on a rather elaborate model of the
Human Visual System (HVS), C4, was proposed in [45]. [171] proposed Natural Scene
Statistics (NSS) method to predict image quality without the reference image, it blindly
assess the quality of images compressed by JPEG2000. A no-reference image quality as-
sessment was proposed by Yu et al. to assess the color restoration performance of the
enhanced image. In their work, Histogram distributions was supposed to be similar in the
original foggy image and enhanced image for a good defogging algorithm [201]. Thus, the
Histogram Correlation Coefficient (HCC) was used of the two color images as the criterion
to evaluate the color restoration performance [58]. Providing a clear image related to the
foggy image as a reference image is difficult in real applications unless there is a synthetic
foggy image for the full-reference and reduced-reference image quality assessments.

In this work the quality of the defogged image is evaluated by the full-reference metric,
such as Peak Signal-to-Noise Ratio (PSNR) [162], structural similarity (SSIM) [186] and
no-reference metric, such as color restoration [87], enhanced degree of image edges [87],
[81], enhanced degree of image gradients [87], and the presence of the halo artifacts.

An appropriate defogging algorithm should achieve a restored image with high visibility
without the presence of halo-artifacts. Also these algorithms should enhance and preserve
the image edges, texture information, structure and colors. Edge and texture information
is supposed to be seen vividly in the restored image with desirable visibility. Therefore,
criteria, such as visibility, color restoration, and image structure similarity are required to
be compared via image quality assessment method requires to be compared for different
defogging algorithms.

4.2.1 Assessment Criterion of Image Visibility

In this section two indicators (e, r̄) of the no-reference assessment are introduced to compare
the visibility of images after restoration [87]. To compare image visibility, Visual Contrast
Measure (VCM) [102], Image Visibility Measurement (IVM) [202] and image contrast [56]
can be used as well.

• No-reference assessment indicator

To display the enhanced level of the image visibility, the increased rate of image edges is
applied for two indicators (e, r̄) of the blind assessment [87]. The indicator e indicates the
enhanced degree of visible edges in the defogged image and is computed as follow:

e =
nr − no
no

(4.1)

where nr is the cardinal numbers of the set of visible edges in the restored image Ir and no
is the set of visible edges in original foggy image Io. The algorithm corresponding to visible
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edge segmentation is presented in detail in articles [87], [81]. Visible edges are defined as
the set of edges which have a local contrast above 5% regarding to the CIE [47]. The
number of the set of visible edges of the original foggy image can be 0 when image has
dense fog, so in this case Eq. 4.1 is rewritten by

e =
nr − no
M ×N

(4.2)

where M and N indicate image size. Defogged image with the high rate of visibility will
have the large the e as well. In order to evaluate the enhanced rate of image visibility, the
increased number of the visible edges is used by the indicator e.

The indicator r̄ evaluates the enhanced rate of the image edge and texture information in
the restored image by applying the enhanced degree of image gradients. A good defogging
algorithm has a high performance in terms of better preserving the edges in comparison
with others which means these algorithms will have larger r̄ and computed as

r̄ = exp

[
1

nr

∑
i∈℘r

log ri

]
(4.3)

where ri = ∆Iri /∆I
o
i that ∆Ir corresponding to the restored image gradient, ∆Io corre-

sponding to the original foggy image gradient, and ℘r indicates the number of visible edges
of the restored image. Thus, the amount of the restored edge information is measured by
this indicator based on gradient.

4.2.2 Assessment Criterion of Color Restoration

To assess the performance of the color restoration of the enhanced image, index σ is used
as the blind indicator assessment [87]. The number of saturated pixels which are seen black
or white in the defogged image is indicated by σ and is computed as

σ =
ns

M ×N
(4.4)

where ns is the set of saturated pixels of the restored image which are not absolutely
saturated in the original foggy image, where M and N are the size of the image. The
smaller the σ, the better result of the defogging algorithm. Evaluating color restoration
by indicator σ is not always perfect for the enhanced images via some algorithms based on
Retinex, which their domain is transformed into [0, 255] via the gain/offset algorithm. The
gain/offset algorithm improves the dynamic range by transforming some pixels to black
and white pixels, which means the σ will be high.

4.2.3 Image Structure Similarity

In order to evaluate the structural similarity performance between the original foggy im-
age and the enhanced image, the image Structural Similarity (SSIM) [189] and Universal
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Quality Index (UQI) [185] were proposed and applied. A high quality and clear reference
image is required for criterion traditional SSIM which calculated as

SSIM = [l(a, y)]α · [c(x, y)]β · [s(x, y)]γ (4.5)

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

where µx, µy are the local means, σx, σy are standard deviations and σxy is the cross-
covariance for images x, y.

Thus, the higher the SSIM, the better result of the defogging algorithm. Regarding
to providing the high quality clear image as a reference image in real-world applications
is difficult, thus the original foggy image is always considered as the reference image, in
this case small SSIM means the image is restored with high quality. In addition, removing
fog from a foggy image will effect on the image structure which leads to small SSIM. Two
similar foggy images have a large the SSIM index in comparison with the SSIM index for
the foggy and the enhanced image. Therefore, a good visibility enhancement algorithm
may lead to the enhanced image with the smallest SSIM.

4.2.4 Peak Signal-to-noise Ratio

In order to assess the affects of different image enhancement algorithms on image quality,
peak signal-to-noise ratio (PSNR) was proposed which is an expression for the ratio between
the maximum possible value (power) of a signal and the power of distorting noise that
affects the quality of its representation [162]. PSNR as a fully-reference image quality
assessment criterion needs a clear image as a reference image to evaluate the quality of
the enhanced image [143]. The larger PSNR means the defogging algorithm has a good
performance to achieve a high quality defogged image and defined via the Mean Squared
Error (MSE). MSE for M×N original clear image Io and its restored image Ir is computed
as follow:

MSE =
1

MN

M−1∑
i=0

N−1∑
j=0

[Io(i, j)− Ir(i, j)]2 (4.6)

so with having MSE the PSNR (in dB) can be defined as
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PSNR = 20 · log10

(
MAXI√
MSE

)
(4.7)

As mentioned in SSIM index, providing the clear original image corresponding to foggy
image as a reference image is difficult, so this index can be considered as a blind image
quality assessment criterion by comparing original foggy image as a reference image with
the restored image which means a good enhanced image will have small PSNR.

4.3 Defogging Results Performance

In this section our work has been compared with some single visibility restoration algo-
rithms via subjective and objective assessment. The compared algorithms are based on
physical model. All images have been assessed by five objective quality assessment in-
dexes (e, r, σ, SSIM and PASNR). Also, two factors processing time and the presence
of artifacts on restored images have been covered in this section. To obtain acceptable
and comparable results with other defogging algorithms, blind contrast restoration assess-
ment’s source code and stuctural similarity index source code (SSIM) have been obtained
from http://perso.lcpc.fr and http://sse.tongji.edu.cn, respectively. In order to evaluate
the quality performance of defogging algorithms, having images of the same scene with and
without fog are required. In practice providing such pairs of images are so complicated.
Therefore, synthetic images without fog and with presence of synthetic fog from the same
scene were generated to pave the way to compare restored image with original fog-free
image [75]. In producing synthetic images a moving vehicle with considering the physical
models of dynamic behavior and physical environment of road was considered [75]. Syn-
thetic images with the mentioned features were generated by using SiV ICTM software and
are accessible in (www.lcpc.fr/english/products/image-databases/article/frida-foggyroad-
image-database).

In this thesis, the assessment of defogging algorithms has been performed on both
synthetic and real images from four realistic and complex structures, such as suburban,
highway, urban and mountain areas. The size of applied images for synthetic images is 640
× 480 and real images is arbitrary.

4.3.1 Comparison on Synthetic Images

Four tested defogging algorithms which are included: Tarel and Hautiere [176], Tarel and
Hautiere [175], He et al. [89] and the proposed work have been applied on 66 synthetic
images with homogeneous fog and 198 synthetic images with three kinds of heterogeneous
fog with different structures. The obtained results on synthetic images with uniform fog
and different structures are illustrated in Figures 4.6 and 4.7. The restored images from
original images with three kinds of heterogeneous fog are illustrated in Figure 4.5. In these
figures, the far away objects in original foggy images have low contrast and can be seen
hardly, while the contrast of these objects is increased in the restored images and can be
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seen vividly. A visual analysis proves that the farther objects in the restored images by He
et al. [89] are more foggy and blurry in comparison with three other algorithms, the road
part of the restored image by Tarel and Hautiere [176] is seen over-restored and for entire
image looks foggy. The presence of halo artifacts can be seen in the restored images by
[176] and [175] which is caused by using the median edge preserving smoothing filter and
the way the atmospheric veil is computed in these two algorithms. The far away objects in
the restored images by our work appear more clear and defogged which plays a main role in
vehicle applications in terms of the ability of the driver to see farther vehicles, pedestrians
and other objects on the road surface. In addition, traffic signs can be seen more clear in
the enhanced images by our proposed algorithm Figure 4.4 confirms this fact. Figure 4.3
shows the performance of the proposed algorithm in edges with different angles, also it can
be noticed that the proposed algorithm is able to restore images without the presence of
halo artifacts in the resulted image.

Figure 4.3: Comparisons of some defogging algorithms on synthetic images in terms of the
presence of halo artifacts on the restored images. (a) Tarel and Hautiere [176]. (b) Tarel
and Hautiere [175]. (c) He et al. [89]. (d) our result.

The same quantitative comparison has been shown in Tables 4.1, 4.2. The tables show
that He et al. [89] algorithm obtained smaller values of all visibility assessment criteria in
comparison with other defogging algorithms. These tables also prove that the larger e and r
indexes, the better the defogging result. Regarding this matter that original fog-free images
are available for synthetic images, so a good restored image should have large values for
two SSIM and PSNR indexes. While some litretures beilive that the procedure of removing
fog from a foggy image will change the structure of image. Table 4.1 shows that Tarel and
Hautiere [176] algorithm has the largest SSIM index rather than other algorithms. Tables
4.1 and 4.2 show that the proposed work has the largest values for two indicators e and
r which means there is a high rate of increased visible edges and texture information in
the restored images campared to others works. Moreover, based on the obtained values for
indicator PSNR, it can be observed that the proposed work has obtained larger values for
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Figure 4.4: Comparisons of the visibility of restored traffic signs by some defogging algo-
rithms on synthetic images. (a) Tarel and Hautiere [176]. (b) Tarel and Hautiere [175].
(c) He et al. [89]. (d) our result.

PSNR than other restoration algorithm, mostly. Regarding the achieved results from these
synthetic figures and corresponding tables, we can see that some restored images by Tarel
and Hautiere [175] algorithm have better results in comparison with the proposed work.
However, we should notice that our proposed algorithm has better restoration performance
totally, and reaches a fast algorithm compared to Tarel and Hautiere [175] algorithm. It
is noticable that the proposed work has similar approach to He et al. [89] restoration
algorithm so it can be seen that our work has greatly improved He et al. [89]. Figure 4.9
illustrates the average PSNR for 66 synthetic images.

4.3.2 Comparison on Real Images

The same algorithms as mentioned in the previous section have been applied on more
than 400 real/camera images which are obtained from Flicker.com, Picasaweb.com, Pho-
tosig.com and many others websites. The results on 6 images captured from suburban
roads, 6 images captured from highways and 7 images captured from urban roads with a
uniform fog are presented in Figures 4.8, 4.10 and 4.12. Notice how the contrast is restored
for the farther objects. And also, the quantitative comparison is shown in Tables 4.3, 4.4
and 4.5. The results are quite consistent with the obtained results for synthetic images.
From Figures 4.8, 4.10, and 4.12 we can see that images after restoration by Tarel and
Hautiere [175] look darker rather than other defogging algorithms. Farther objects appear
blurry after restoration by He et al. [89] compared to three other algorithms. Moreover,
restoration by three algorithms Tarel and Hautiere [176], Tarel and Hautiere [175], and He
et al. [89] leads to the presence of halo and block artifacts in the restored image. However,
the proposed algorithm can effectively reduce the generation of halo and block artifcts by
using the Recursive Filtering (RF) in the transformed domain to preserve edge informa-
tion of the input image. Also the sky area in the restored images by the proposed work
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Figure 4.5: Comparisons of some defogging algorithms on synthetic images with three kinds
of heterogeneous fog (β, I∞ and β & I∞ ). (a) original images. (b) Tarel and Hautiere
[176]. (c) Tarel and Hautiere [175]. (d) He et al. [89]. (e) our results.

Figure 4.6: Comparisons of some defogging algorithms on less structured synthetic images
with a road scene. (a) original images. (b) Tarel and Hautiere [176]. (c) Tarel and Hautiere
[175]. (d) He et al. [89]. (e) our results.
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Table 4.1: The objective image quality comparison of defogging results of Figure4.6.

Tarel and Hautiere [176]

e r σ SSIM PSNR

4.6253 3.0074 0 0.8103 16.2600

4.1477 2.9525 0 0.8133 17.0032

7.349 2.7206 0 0.6301 9.7067

Tarel and Hautiere [175]

e r σ SSIM PSNR

5.6363 1.9961 0 0.7727 15.7258

5.4934 2.3893 0 0.7309 14.6418

11.2276 2.3891 0 0.6028 11.0438

He et al. [89]

e r σ SSIM PSNR

2.1127 0.77476 0 0.7599 15.6010

2.4994 1.2355 0 0.7140 14.6510

5.6612 1.4471 0 0.5663 10.4095

Our

e r σ SSIM PSNR

6.3589 4.3 0 0.7597 16.6250

6.6973 4.4542 0 0.7041 15.2539

13.4505 4.856 0 0.5963 11.6779
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Table 4.2: The objective image quality comparison of defogging results of Figure 4.7.

e r σ SSIM PSNR

Tarel and Hautiere [176]

3.4899 2.8187 0 0.6911 11.42311

4.4877 2.9703 0 0.7063 11.5375

6.6876 3.0012 0 0.7291 10.79209

5.8271 2.9897 0 0.7076 11.25207

2.1523 2.584 0 0.6295 10.24703

5.996 2.9147 0 0.7412 11.76722

Tarel and Hautiere [175]

4.1764 2.3637 0 0.6896 13.93312

5.947 2.504 0 0.6891 14.37854

9.9472 2.3754 0 0.6788 12.22031

8.2306 2.5115 0 0.6881 14.0761

2.6616 2.3787 0 0.6492 12.73727

8.1479 2.3951 0 0.6878 13.05169

He et al. [89]

2.4065 1.3348 0 0.6523 12.99128

3.3172 1.4903 0.0094 0.6526 13.60463

4.6232 1.3877 0.0019 0.6472 11.61517

4.1798 1.5574 0.0322 0.6537 13.47711

1.4202 1.2445 0 0.6392 11.96138

3.1894 1.1663 0 0.6692 12.48319

Our

4.8161 4.3018 0 0.6365 14.11984

7.4381 4.4914 0 0.6748 14.92381

12.4923 4.6743 0 0.6723 12.99211

10.3487 4.5604 0 0.6769 14.6828

3.2699 4.3813 0 0.5654 12.92027

10.1908 4.8406 0 0.6526 13.79481
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Table 4.3: The objective image quality comparison of defogging results of Figure 4.8.

e r σ SSIM PSNR

Tarel and Hautiere [176]

5.8411 2.7524 0 0.8642 15.4823

2.6395 4.2111 0.00494 0.6700 15.9287

5.3698 4.7043 0.00225 0.7559 15.4501

1.1056 3.3243 0.01921 0.6618 14.8868

4.6468 3.2166 0 0.8322 15.8140

4.1352 3.8755 0 0.7761 15.8147

Tarel and Hautiere [175]

11.5279 3.0313 0 0.6696 8.8461

2.7074 2.9826 0.29235 0.5041 11.0579

4.5952 2.9199 0.01549 0.5632 10.1700

0.6144 2.3462 0.2896 0.5823 11.0956

6.7895 2.387 0.00073 0.4806 9.5162

3.4737 2.7295 0.00206 0.5933 10.0548

He et al. [89]

6.8565 3.1056 0 0.7236 11.2837

1.2953 1.1622 0 0.7501 9.5653

0.6377 0.7442 0 0.7825 8.8222

0 1 0.00442 0.7188 12.2424

2.996 1.5715 0 0.7963 11.1595

2.1833 0.94025 0 0.6787 10.7690

Our

13.1048 2.3739 0 0.5620 7.1601

3.401 2.442 0.02893 0.6089 8.9665

5.8728 2.1486 0.00993 0.6883 8.0528

1.1306 2.0021 0.08569 0.6544 8.9801

8.0893 1.9583 0 0.5268 7.8125

4.4377 2.1856 0 0.5542 8.2852
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Figure 4.7: Comparisons of some defogging algorithms on more structured synthetic images
with a road scene. (a) original images. (b) Tarel and Hautiere [176]. (c) Tarel and Hautiere
[175]. (d) He et al. [89]. (e) our results.

appears more correct particularly, in comparison with He et al. [89] algorithm, Figures
4.8, 4.10 and 4.12 confirm all these statements. Obtaining a restored image with high rate
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Figure 4.8: Comparisons of some defogging algorithms on real images captured from sub-
urban roads. (a) original images. (b) Tarel and Hautiere [176]. (c) Tarel and Hautiere
[175]. (d) He et al. [89]. (e) our results.

of edge and texture preservation leads to high visibility in the enhanced image which can
help the traffic signs are observed more clear by the drivers. Figure 4.11 illustrates that

63



Figure 4.9: Comparisons of the average PSNR index of 66 synthetic images with uniform
fog for four defogging algorithms Tarel and Hautiere [176], Tarel and Hautiere [175], He et
al. [89] and our work.

the traffic sign appears more visible in the restored image by the proposed algorithm than
other algorithms.

Tables 4.3, 4.4, and 4.5 demonstrate the performane of our defogging algorithm to
achieve a larger e than other defogging algorithms, which indicates that our proposed al-
gorithm has the best performance in restoring and preserving image edges information.
Regarding this issue that the providing of original fog-free images from the same scene
of foggy images is not feasible in practice, therefore for real images to compute two pa-
rameters PSNR and SSIM, restored images are compared with original foggy images, so
the smaller PSNR and SSIM the better the result of the defogging algorithm. Table 4.3
demonstrates that our defogging algorithm achieves a smaller PSNR and Tarel and Hau-
tiere [175] achieved a smaller SSIM than other defogging algorithms but these values are
quite close to each other in these two algorithms. The obtained results from the restora-
tion of highway images in Table 4.4 shows that they are quite consistent with the obtained
results from suburban road images in which our work has almost similar values for two pa-
rameters PSNR and SSIM to Tarel and Hautiere [175] algorithm, but the obtained results
by the proposed algorithm for two indexes PSNR and SSIM have remarkable improvement
compared to two algorithms Tarel and Hautiere [176] and He et al. [89]. The obtained
objective quality assessment indexes from urban road images in Table 4.5 indicate that
two defogging algorithms Tarel and Hautiere [175] and our work have rather similar per-
formance in terms of restoring edge and texture information and they also achieve a smaller
SSIM and PSNR compared to Tarel and Hautiere [176] and He et al. [89].

It is complicated to specify an algorithm as a best defogging algorithm based on its
performance to restore and enhance foggy images, since almost none of defogging algorithm
can have high performance under all different conditions. As can be observed from the
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Table 4.4: The objective image quality comparison of defogging results of Figure 4.10.

e r σ SSIM PSNR

Tarel and Hautiere [176]

3.5793 2.8523 0 0.7968 16.8906

13.6721 4.0418 0 0.8511 16.3074

3.0165 3.4376 0 0.8325 15.1431

2.5491 2.9786 0 0.7673 14.7890

1.7398 2.0751 0 0.8554 16.9881

2.499 3.5198 0 0.7542 14.2706

Tarel and Hautiere [175]

4.2131 2.6389 0.00649 0.5362 8.7548

28.1705 3.2466 0 0.4322 7.7797

3.7835 2.6973 0.03981 0.4924 8.4256

2.5294 2.812 0.25817 0.4798 7.4830

13.1986 3.1411 0 0.5130 6.2207

2.2785 2.4685 0.00978 0.5339 7.4021

He et al. [89]

0.90263 1.424 0.05818 0.7052 12.1164

5.7282 1.5036 0 0.7989 11.0984

0.68247 1.0609 0.006245 0.7728 11.2461

0.69233 1.1916 0.03862 0.7061 12.5949

3.4226 2.8746 0 0.8332 7.9874

1.4483 1.8052 0 0.7796 12.2294

Our

5.4378 2.1071 0.00016 0.5006 8.8541

37.8193 2.6614 0 0.5919 7.2166

4.243 2.0112 0.00117 0.4734 8.4126

4.0242 2.4177 0.02299 0.4601 8.2895

7.2003 3.4386 0 0.5663 6.0150

3.4835 2.1325 0 0.5141 7.3998
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Table 4.5: The objective image quality comparison of defogging results of Figure 4.12.

e r σ SSIM PSNR

Tarel and Hautiere [176]

0.53813 2.2738 0.00060 0.8116 17.4715

0.18093 2.3537 0.01974 0.8032 15.3143

0.53916 2.0157 0 0.8243 18.2047

8.6557 3.3057 0 0.7998 18.1428

7.4232 3.0233 0 0.8345 17.2021

2.44 3.7542 0.00029 0.6952 16.4493

1.6122 2.5608 0 0.7245 22.5340

Tarel and Hautiere [175]

0.26201 1.7197 0.22763 0.6998 11.6000

0.18815 1.6377 0.11255 0.7550 10.6380

0.76434 2.0841 0 0.6082 9.3494

23.6482 3.7306 0 0.5466 8.2572

13.5371 2.3426 0 0.6082 8.2712

2.7312 2.2524 0.00029 0.6845 10.7190

3.3591 2.2694 0 0.6179 11.0974

He et al. [89]

0.05247 1.0964 0.06946 0.7987 16.0220

0.0535 0.9381 0.06365 0.7979 14.6699

0.38914 1.5599 0 0.8044 11.5692

2.3383 0.97845 0 0.7853 9.2723

2.9292 1.42 0 0.8301 10.2203

0.28039 0.9384 0.00254 0.7018 14.2489

2.3648 2.015 0 0.7099 12.7957

Our

0.27765 2.143 0.0553 0.7043 12.2227

0.16237 2.4547 0.09871 0.7702 11.6606

0.66981 2.6279 0.01333 0.6133 9.2624

20.896 3.5294 0 0.5417 8.1590

14.5389 3.1691 0 0.6066 8.1276

2.5004 2.9883 0.10119 0.6201 10.4001

3.6596 3.0405 0.00165 0.6063 10.9427

66



Figure 4.10: Comparisons of some defogging algorithms on real images captured from
highways. (a) original images. (b) Tarel and Hautiere [176]. (c) Tarel and Hautiere [175].
(d) He et al. [89]. (e) our results.

above tables and figures, the evaluation of the objective of defogging algorithms by quality
assessment indexes are quite inconsistent, however using them as references to compare the
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Figure 4.11: Comparisons of the visibility of traffic signs after restoration by some defogging
algorithms on real images. (a) Input foggy image. (b) Tarel and Hautiere [176]. (c) He et
al. [89]. (d) our result.

performance of different defogging algorithms can be feasible. As a matter of fact the aim of
this thesis has been obtaining a simple defogging algorithm from only a single image which
can be applied for real time autonomous vehicles’ applications such as ADAS systems and
simultaneously has a high performance to restore correctly the whole part of the image
in which far away objects can be seen clearly by driver. As we have seen from all above
figures and tables, our work has very high performance compared to Tarel and Hautiere
[176] and He et al. [89] algorithms. In addition, in order to evaluate the processing time
of the proposed defogging algorithm, a comparison has been done between the proposed
work and two algorithms Tarel and Hautiere [176] and Tarel and Hautiere [175] which have
been considered as fast algorithms and can be applied for real time applications. He et
al. [89] algorithm is not known as a fast algorithm so for processing time comparison we
have not considered this algorithm. Figure 4.13 illustrates the comparison of the average
processing time of 70 real images with arbitrary sizes for three Tarel and Hautiere [176],
Tarel and Hautiere [175] and our algorithms. Also, a comparison on each image has been
done on processing time of the proposed work and the fastet defogging algorithm Tarel
and Hautiere [176] for 70 real images with arbitrary sizes in Figure 4.14. Note algorithms
are tested on the same computer, the system is Win 10, and the software is MATLAB
R2016a, the hardware is Intel(R) Core(TM) i3-370 CPU, and 4.00 GB RAM. Therefore,
we can see that the proposed work has met these required features for being good enough
as a defogging approach.
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Figure 4.12: Comparisons of some defogging algorithms on real images captured from
urban roads. (a) original images. (b) Tarel and Hautiere [176]. (c) Tarel and Hautiere
[175]. (d) He et al. [89]. (e) our results.
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Figure 4.13: The computation time (s) of three defogging algorithms. Tarel and Hautiere
[176], Tarel and Hautiere [175] and our work.

Figure 4.14: The comparison of computation time (s) of two defogging algorithms. Tarel
and Hautiere [176]and our work.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we have proposed a visibility restoration (VR) approach from a single image
captured in open air under foggy or hazy conditions. The proposed approach uses a
combination of two major modules: 1) a DE module, and 2) a VR module. First, a refined
transmission map is applied in the proposed DE module to eliminate the presence of block
and halo artifacts in the obtained image by applying RF filter which preserves edge of the
image with large jumps and corners with obtuse angle. Finally, the visibility of input foggy
image is restored efficiently in the VR module, high-quality defogged results are obtained by
the DE module. The proposed approach can be applied for camera-based ADAS systems
without using any extra information as a particular filtering problem or inferring scene
structure. We thus estimate the depth map of the scene based on recursive filtering in
the transformed domain. The desirable feature of the proposed work is its speed which
plays a main role in vehicle applications. It is noticable that the achieved results have
high performance in achieving a similar or mostly superior results when compared to the
state-of-the-art algorithms as illustrated in the experiments. Not only can the proposed
approach tackle issues regarding complex structures, but it can also obtain pretty fast
high-quality haze-free images compared to the method of He et al. [89]. In addition, the
applied edge-preserving filter is a real-time filter with ability to preserve edges with large
jumps and corners with obtuse angle. The main advantages of this filter is its speed and
potential to save memory due to using of 1D operations, for example, one megapixel color
images will be filtered in 0.007 seconds by this filter. Furthermore, filter parameters will
not affect its computational cost. The regarding filter is able to work on color images at
arbitrary sizes in real time as well [69]. The proposed visibility restoration approach is
capable of handling both gray level or color images at arbitrary scales. It does not have
any difficulties to restore the visibility of different scenes with highly or less structured
such as cities, buildings, mountains and roads scenes.

In Chapter 1, first, ADAS systems with regarding its capabilities and structure and
also the development of autonomous cars in academia and industry were reviewed. Since
autonomous cars have become a favored research field recently, its potential to increase
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safety and decrease the number of deaths and injuries resulted from road accidents every
year all around the world was covered. Then some considerable problems corresponding
to this technology were mentioned. By analyzing and considering these problems like the
the low reliability, high expenses and lack of ability to restore the visibility of the scene
under bad weather conditions, these problems are the driving force of our research into a
visibility restoration framework for camera-based ADAS. Finally, the main contribution of
proposed approach was provided and then the thesis outline was listed.

In Chapter 2, different approaches for removing fog from images captured under foggy
or hazy weather conditions were summarized. These defogging methods were classified
into three groups: 1) image restoration, 2) image enhancement, and 3) fusion-based. This
chapter also specified defogging algorithms based on the required number of input images
to remove fog, some methods require two or more images while some of them require only
a single image. In addition, it was described that there are failures in algorithms which
require two or more input images when scene are dynamic, specially for vehicle cameras.
Also it was summarized that the image enhancement algorithms are only able to increase
the contrast of the foggy image and can not restore foggy images. Lastly, a comparison
between previous defogging approaches with considering different scenarios were performed.
Therefore, it can be seen that visibility restoration algorithms from only a single image are
the most efficient and appropriate technique to remove fog for vehicle applications.

In Chapter 3, the proposed method to restore the visibility of foggy image from a single
image based on the estimation of depth map has been exhibited. Then two main module:
1) a DE module, and 2) a VR module were explained a framework of the proposed work.
In DE module, the scene depth was estimated by using a dark channel prior method and
RF filter and in VR module, the scene radiance of the scene was computed by the obtained
the transmission map.

In Chapter 4, the experiment results were demonstrated and evaluated by full-reference
and no-reference metrics. This chapter is organized in three sections, which covers the
experimental platform and overview, objective and subjective quality assessment criterion,
as well as visibility restoration performance. The proposed approach was compared with
three state of the art algorithms 1) Tarel and Hautiere [176], 2) Tarel and Hautiere [175],
and 3) He et al. [89] and the obtained results proved that the proposed method is pretty
faster than these algorithms and has a high performance to preserve and restore edge of
the image and also eliminate the generation of artifacts in the restored image.

5.2 Future Work

Some future work can be considered in order to improve and extend our work.

The proposed method is able to restore the visibility of image under homogeneous
and heterogeneous fog which has better performance to restore homogeneous foggy image
compared with heterogeneous fog which can be more worked on it. In addition, in order to
assess the performance of visibility restoration algorithms, an appropriate dataset which
contains adequate number of real and synthetic images with and without the presence
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of fog is required. Therefore, experiments can be carried out to collect a dataset under
different weather conditions coming with fog, such as rain and snow. Also, the illumination
condition can have effect on the performance of visibility restoration algorithm. Therefore,
in order to prove the impact of illumination on restoration process, daytime restored images
should be compare to nighttime restored images which can be handled by considering
captured images in nighttime. Basically, vehicle’s application are real-time, which means
the applied visibility enhancement algorithm in these applications should be fast enough in
terms of time consumption. Therefore, implementing a real-time algorithm can be another
consideration in the future work. Visibility restoration can be considered as pre-processing
with detection of moving or stopped cars and pedestrians, to deliver adequate warning to
driver when the distance is short between the driver and the pedestrian with respect to
the driver’s speed.
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[83] Nicolas Hautière, Raphaël Labayrade, Clément Boussard, Jean-Philippe Tarel, and
Didier Aubert. Perception through scattering media for autonomous vehicles. Au-
tonomous Robots Research Advances, 8:223–267, 2008.

80



[84] Nicolas Hautière, Jean-Philippe Tarel, and Didier Aubert. Towards fog-free in-vehicle
vision systems through contrast restoration. In Computer Vision and Pattern Recog-
nition, 2007. CVPR’07. IEEE Conference on, pages 1–8. IEEE, 2007.

[85] Nicolas Hautière, Jean-Philippe Tarel, and Didier Aubert. Free space detection for
autonomous navigation in daytime foggy weather. In MVA, pages 501–504, 2009.

[86] Nicolas Hautière, Jean-Philippe Tarel, and Didier Aubert. Mitigation of visibility
loss for advanced camera-based driver assistance. IEEE Transactions on Intelligent
Transportation Systems, 11(2):474–484, 2010.

[87] Nicolas Hautière, Jean-Philippe Tarel, Didier Aubert, and Eric Dumont. Blind con-
trast enhancement assessment by gradient ratioing at visible edges. Image Analysis
& Stereology, 27(2):87–95, 2011.
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