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Abstract Image dehazing is the process of enhancing a color image of a natural scene that
contains an undesirable veil of fog for visualization or as a pre-processing step for com-
puter vision systems. In this work, we investigate the performances of eleven state-of-the-art
image quality metrics in evaluating dehazed images, and discuss challenges in designing
an efficient dehazing evaluation metric. This is done through a composite study based on
the agreement between subjective and objective evaluations. Accordingly, we evaluate five
state-of-the-art dehazing algorithms. We use two semi-indoor scenes, degraded with several
levels of fog. One important aspect of these scenes is that the fog-free images are avail-
able and can therefore serve as ground-truth data for dehazing methods evaluation. This
study shows that the best working dehazing method depends on the density of fog. There
seems to be a clear distinction between what people perceive as good quality in terms of
color restoration and in terms of sharpness restoration. Most metrics show limitations in
providing proper quality prediction of dehazing. According to the introduction and analy-
sis, a contribution of this work is to point out the flaws in the evaluation and development of
dehazing methods. Our observations might be considered when designing efficient methods
and metrics dedicated to image dehazing.
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1 Introduction

1.1 Visibility degradation model

When taking a picture in bad weather, the light emanating from the scene and reaching
the camera’s sensor is scattered, which forms the so-called airlight [23] and results in an
undesirable veil that reduces contrast and chroma in the picture [34]. In this context, the
image formation can be modeled, according to Koschmieder [23], as the sum of the direct
transmission J (x)t (x) and the airlight A(x) = A∞(1 − t (x)), weighted by a transmission
factor t (x):

I (x) = J (x)t (x) + A∞(1 − t (x)) (1)

where x represents the image coordinates. I is the image formed on the camera’s sensor.
The transmission factor t depends on the scene depth d (distance to the sensor) and on the
scattering coefficient β of the haze, such that t = e−β.d(x) [23]. Unlike other image degra-
dation, haze is a natural, depth-dependent perturbation that spans over the whole image. The
degradation and the loss of information increases with depth, as the amount of fog between
the imaged surface and the sensor increases. Hazy and foggy images have also different
prevailing colors, which depend on the scattering particles density and on the ambient light.

1.2 Dehazing

The process to recover J from I is known as dehazing or defogging. Although weather
conditions differ in particle types, sizes, concentrations and the resulting veil hue and vis-
ibility [36], since the haze model (1) is valid for a wide range of weather conditions [35],
the same methods are used indiscriminately for haze, mist, fog and other aerosols. To avoid
any ambiguity, we designate this process by dehazing in this paper.

Dehazing is used for a variety of applications ranging from simple visualization to e.g.
monitored driving [14, 50], outdoor security systems [39], or remote surveillance systems
[3].

Single image dehazing methods can either be based on an inversion of (1) [23] or simply
on image enhancement precepts such as contrast enhancement [1, 56]. The former category
of methods rely on an estimation of the airlight and the depth from image statistics or addi-
tional information, whereas methods from the latter category are mostly based on global
classical image processing methods (e.g. histogram equalization, PDE, etc.).

1.3 Motivation and contribution

A great attention has been given to dehazing research domain over the last decade or more.
This is reflected by a dramatically increasing in the number of publications, which propose
various dehazing approaches and/or address quality assessment of dehazed images [28].
The large variety of dehazing methods requires some common tools to be evaluated and
compared to each other in a reliable way.

Related evaluations are typically carried out in a qualitative way [29, 48, 49, 62] and
only a few studies have considered subjective experiments [6, 27, 31]. However, evaluation
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results achieved by dehazing metrics are often unreliable and do not show a satisfactory
correlation with subjective judgments.

The lack of a fog-free reference image in the assessment of dehazing quality is a con-
siderable problem, which we recently addressed by the first database of not simulated but
real foggy scenes with various—controlled—levels of fog [12]. A similar dataset has been
recently released [30]. It contains four synchronous and registered RGB/NIR images of
indoor hazy scenes, available with the ground-truth haze-free image. However, only one
haze level is provided. Thus, using such database, the investigation of the performance of
both dehazing methods and quality metrics across fog levels is not possible.

In this study we consider the quality as the ability of a process to eliminate undesirable
effects from a degraded image and to render it similar to the original image. This is done
while considering color and sharpness restoration. The available fog-free image is consid-
ered as reference and it is assumed to have a perfect quality. Accordingly, we analyze the
performance of several state-of-the-art dehazing methods, as well as the behavior of various
image quality assessment (IQA) metrics in both objective and subjective terms. We single
out the biased behavior that the metrics show when the assessed features change. To our
knowledge, this is the first report of a user study on dehazing based on image sharpness and
color assessment (as opposed to single image quality) over various known levels of real fog.
A variety of image quality indices grouped into three main categories, are used and analyzed
(see Table 1). We discuss how these indices correlate with human judgment. A contribution
of this work is to point out the flaws in the evaluation and development of dehazing meth-
ods. Our observations might be considered when designing efficient methods and metrics
dedicated to image dehazing.

In Sections 2 and 3 we focus on the categories of the used quality metrics and the selected
dehazing methods. We provide in Section 4 a global description of the image database.
In Section 5, we describe the components of the subjective experiment. We then evaluate
in Section 6 the behavior of dehazing algorithms and image quality metrics. An objective
evaluation is also provided based on the prediction of the metrics compared to the actual
observer’s rating. In Section 7, we discuss our statistical findings before to conclude and to
suggest future work.

2 Dehazing quality assessment metrics

The quality evaluation of dehazed images is challenging, since the fog-free reference image
is not available. In our recent database, in addition to real images of different fog densities,
we provide the fog-free image (cf. Section 4). Hence, in addition to the metrics in reference
with the foggy image and the metrics without reference image we can use some metrics in
reference with the fog-free image (Table 1).

2.1 Metrics in reference with the foggy image

In this category, the dehazed images are compared to the foggy image. As soon as it shows
a superiority in some features such as contrast, it is considered to be of better quality. Such
metrics are usually used to evaluate dehazing methods.

Early dehazing-dedicated quality metrics are based on the measurement of structural dis-
tortions, which are not dominant in dehazed images [46]. Although the important role that
non-structural features such as color degradation play in the quality assessment of dehazed
images, its impact was mainly ignored. The most recent indicators take into consideration
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Table 1 Image quality
assessment metrics Metric Reference image

MS-SSIM [53] Fog-free

VIF [44] Fog-free

MS-iCID [26] Fog-free

FSIMc [59] Fog-free

VSI [61] Fog-free

NIQE [33] Without reference

FADE [8] Without reference

Hautière’s r [18] Foggy

Hautière’s e [18] Foggy

CNC [17] Foggy

CS [13] Foggy

this aspect [8, 17], pushed by recent works that reveal the impact of color shift on perceived
image quality.

Hautière et al. [18] proposed to compute the rate of new visible edges after dehazing, e,
that points out the ability of the dehazing method to restore the edges that were not visible
in the foggy image. They proposed also the geometric mean r , which reveals the contrast
enhancement as the ratio between the gradient of the visible edges before and after dehazing.

Fang et al. [13] proposed an evaluation metric called Contrast ascension-Structural simi-
larity (CS) that combines the ascension of contrast degree C with the structural similarity S

between the hazy and the dehazed images. When C is high, the difference of image quality
between the original and the processed images is great. S measures the consistency of edges
before and after dehazing. The structure of both images is more similar when S is higher.
This means that the dehazing method did not insert a lot of artificial edges, such as blocking
artifacts. In this type of metrics, the color evaluation is completely ignored and the contrast,
which is supposed to be a good indication when it is improved, may be over-enhanced and
leads therefore to undesirable results.

Guo et al. [17] proposed a metric called Contrast-Naturalness-Colorfulness (CNC).
Ccontrast like e, consists in evaluating image contrast by calculating the edges ratio between
dehazed and hazy images. N is the image naturalness and Ccolorf ulness is the image colorful-
ness [21]. The last two components estimate the perceived quality of the color reproductions
in terms of naturalness and saturation [58]. Since over-enhancement is one of dehazing prob-
lems, like the previous metrics, this one does not judge the image enhancement regarding
the preservation of original features.

2.2 Metrics without reference image

Recently, a Fog Aware Density Evaluator (FADE) [8] was proposed to evaluate the perfor-
mance of dehazing algorithms through the definition of the perceptual fog density of the
image. This is a no-reference metric. Since foggy images are characterized by low contrast,
faint color, and shifted luminance, this metric evaluates defogged image density through the
calculation by means of Mahalanobis distance the similarity with Natural Scene Statistics
(NSS) and fog aware statistical features, including sharpness, contrast, image entropy, sat-
uration in HSV color space and colorfulness. These features have been extracted from 500
images of foggy and 500 of fog-free images of different natural images databases such as
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LIVE IQA database [45], the Berkeley image segmentation database [32], and copy-right
free web sources like Flickr.

In addition, we used also a no-reference model for contrast-distorted images, incorporat-
ing NSS, which is called Natural Image Quality Evaluator (NIQE) [33]. This index is not
attached to any specific distortion type. It predicts the overall image’s naturalness.

2.3 Metrics in reference with the fog-free image

In our experiment, having the fog-free image, we consider some full-reference metrics to
evaluate the dehazed images. These metrics have never been used on real foggy images.

Five full-reference objective IQA models were used. We selected Multi-Structural Sim-
ilarity (MS-SSIM) [53], that predicts image quality considering contrast, structure and
luminance.

Visual Information Fidelity (VIF) [44] has been used to quantify the amount of shared
information between the dehazed and the reference fog-free images that the brain can extract
from both images, such as signal attenuation and the noise added after enhancement. The
Multi-scale improved Color-Image-Difference (MS-iCID) [26] was basically proposed to
evaluate gamut mapping and tone mapping distortions. It is sensitive to many expected dis-
tortions generated by dehazing methods, such as lightness difference LL, lightness-contrast
LC , lightness-structure LS , chroma-difference CL, hue-difference HL, chroma-contrast CC

and chroma-structure CS . It has been selected as it provides useful information on how the
colors are distorted by fog.

The perceived quality degradation of a given image induces perceptible changes in the
visual saliency map. In the Visual Saliency-induced Index (VSI) [61], the detection of con-
trast and saturation changes, which are strongly altered by fog and fog removal, is boosted
by the gradient modulus map and the Scharr gradient operator, respectively. A similar met-
ric, Feature Similarity Index (FSIMc) [59], which considers color similarity in addition, has
been also used.

3 Dehazing methods

Single image dehazing methods can be split into two categories: physics-based methods and
image enhancement methods. Methods in the former category are based on the visibility
degradation model (1). The unknown parameters are first estimated based on prior assump-
tions followed by the inversion of the model and the restoration of the clear image. Methods
in the latter category do not consider the physical causes of image degradation caused
by weather conditions, but rely instead on observers preference to improve the quality of
the image [60]. Although physics-based methods are supposed to provide more accurate
recovery, they fail when the haze model is physically invalid and when the scene objects
are similar to the atmospheric light [55]. For this study, we selected five methods that are
representative of the state-of-the-art (see Table 2).

3.1 Physics-based methods

He et al. [19] introduced the concept of Dark Channel Prior (DCP). It relies on the assump-
tion that, for a given pixel in a color image of a natural scene, one channel (red, green or
blue) is usually very dark (it has a very low intensity). The atmospheric light A∞ tends
to brighten these dark pixels. Thus, it is estimated over the darkest pixels in the scene. A
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Table 2 Summary of selected
dehazing methods. For each
method, the default
implementations’ parameters
proposed by the authors, have
been used

Dehazing Approach Physics-

method based

DCP [38] Statistics-based assumptions �
& filtering approach

FAST [49] Filtering approach �
FUSION [1] White balance and contrast �

enhancement weights fusion

VAR [16] Variational approach ×
& histogram equalization

CLAHE [56] Histogram equalization ×

transmission t map is then deduced after subtracting A∞ from the hazy image I . In order
to smooth and reduce noise and artifacts in the transmission map, which is equivalent to
the depth map, several approaches have been investigated. For instance, in a second ver-
sion, the Laplacian matting has been replaced with a guided filter [20], which aims to refine
the transmission map with a good behavior near the edges and a fast and non-approximate
linear-time [38]. Although it is one of the first proposed methods, it is still considered as
very effective and robust since it is based on minimal assumptions and does not consider
any pre-processing step. Many other methods are based on it including some variations
and improvements, [51, 52, 57]. Some other are used in different application domains like
underwater and satellite image enhancement [9, 43, 54].

Unlike DCP, FAST method proposed by Tarel et al. [49] considers a pre-processing and
a post processing steps: a white balancing is first performed and a tone mapping is applied
after dehazing since corrected images are usually with a higher dynamic range than the
original ones. The atmospheric light A∞ is calculated as a percentage standard deviation of
the local mean of the image whiteness. As in DCP, the transmission t map is then deduced
from A∞ and a new filter, which preserves edges and corners as an alternate to the median
filter is then applied to reduce noise and artifacts. However, it requires to adjust various
parameters, which complicate the task of users.

The fusion technique (FUSION) [1] consists of dividing the hazy image into two inputs
by performing white balancing and contrast enhancement. The first one represents a rem-
edy for the first issue one can find in hazy images, which is the color cast resulting from
the airlight A. The second one handles the low contrast caused by the transmission factor
t , which represents the attenuation resulting from the light scattering. In order to combine
back both inputs, as it is modeled in (1) (Direct transmission + Airlight), while maintaining
a great visibility, their significant characteristics are filtered through the calculation of three
weight maps: luminance, chromatic and saliency. The resulting image is then smoothed by
Laplacian and Gaussian pyramid to reduce artifacts introduced due to the weight maps.
Although the intricacy of this method is lower than the other physics-based methods, refer-
ring to Sahu [42], the fusion based image dehazing leads to good results in a very reduced
time since it does not calculate the transmission map.

3.2 Image enhancement

Galdran et al. [15] assumed that the physical model is too simple to be able to model the
real situation, and it fails to handle the change of the size of atmospheric particles and the
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non-uniformity of the illuminant as the brightness of the atmosphere is spatially variant.
They proposed, a variational framework (VAR) for image dehazing that deals with spatially-
variant features. It performs contrast enhancement on hazy regions of the image throughout
an iterative procedure allowing to control the degree of restoration of the visibility in the
scene, while considering white world assumption adapted to haze-free images. As the gra-
dient descent achieved as soon as the Mean Square Error between one iteration and the next
one falls below 0.02, Fabien et al. [40] assume that there is no guarantee of convergence of
the algorithm towards the minimum of the functional. In a further work [16], an additional
energy term was added to control the degree of saturation of the processed image in order
to avoid over-saturated results. This method is not dedicated to image dehazing. It can be
applied for contrast enhancement, no matter the physical reason behind.

Xu [56] presented the contrast limited adaptive histogram equalization CLAHE to restore
fog degraded color images. This method aims at enhancing image contrast, no matter how
the related physical phenomenon is modelled. First, RGB image is converted into HSI color
space. The reason to use HSI is that it represents Hue, Saturation and Intensity in separated
axis, so they can be processed independently. Second, the intensity component of the image
is processed by CLAHE [41]. Hue and saturation remain unchanged. Finally the processed
image is converted back to RGB. We selected this method, since it simply applies a local
histogram equalization based on color component.

We limited our evaluation to these five methods since they are representative of various
categories and they are usually used for benchmarking.

4 Database

Instead of using synthetic foggy images [2], which fail to represent accurately the physi-
cal interaction between light and atmospheric particles [11], we used the CHIC database
[7, 12], which is composed of two real semi-indoor scenes with real fog. These were
basically created in order to compare dehazed images with the available original scene.
The scenes were set up in a closed rectangular room, which is large enough to simulate
the effect of the distance and the fog density on the objects radiance (length = 6.35 m,
width = 6.29 m, height = 3.20 m, diagonal = 8.93 m) with a large window (length
= 5.54 m, height = 1.5 m) that allows a large amount of outdoor light to get in, in a
sunny day.

Scene 1 shows a typical indoor view (Fig. 1). It contains objects with different character-
istics such as shapes, colors, positions and surface types (glossy or rough). Scene 2 contains
objects with bigger geometric shapes (Fig. 2). The wall behind with the white lines rep-
resent distinctive elements to investigate the algorithms’ handling near edges. The photo
session of each scene lasted 20 min. The geometry of closed building and sun path have
been taken into account as well as the clear weather forecast to maximize the chances that
it remains steady. To create real foggy images, a fog machine (FOGBURST 1500), which
emits a dense vapor, was used. A large amount of fog is initially emitted until it is evenly dis-
tributed in the room and forms an opaque layer. Fog is then progressively evacuated through
the window. For each scene, the fog-free image was captured, then nine images with dif-
ferent densities of fog, from an opaque layer to a very light one were shot. The position of
the used camera, Nikon D7100, was kept constant through shoots. Note that the density of
fog of each level is not the same for scene 1 and scene 2 (Table 3), nor the distance from
the scene to the camera: the distance between the camera and the back color chart is 7 m in
scene 1 and 4.25 m in scene 2.
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Fig. 1 Scene 1. From left to right: Fog-free; Level A (highest fog level); Level B (medium fog level); Level
C (lowest fog level). Image size is 1537 × 2049. These images are successively acquired within 5 min

Considering the dehazing methods performance, among the nine foggy images from the
CHIC database, three images of not very high fog densities have been processed by the
selected dehazing methods (see Figs. 1, 2 and Table 3). According to Narasimhan et al.
[35], the haze model is more suitable for short ranges of distance. In other words, it fails to
correctly estimate the light attenuation of scenes covered by a relatively thick veil of fog.
Indeed, from a certain level of fog, color image dehazing no longer produces good perceived
results, so it was not relevant to select more levels with higher fog densities. Moreover, for
intermediate light fog densities, the fidelity of recovered features can be considered. When
the fog is basically very light, the dehazed images are usually over-contrasted and therefore
more preferred than the original fog-free images (cf. Section 6.3).

Level A, level B and level C denote the highest level, the medium level, and the lowest
level among the selected fog levels of scene 1 and scene 2, respectively.

In Table 3, the relative transmittance of fog is calculated with respect to airlight at a given
distance over the black patch of original foggy images, as follows:

T = Sleveln − Sairlight

Sf og−f ree − Sairlight

(2)

Fig. 2 Scene 2. From left to right: Fog-free; Level A (highest fog level); Level B (medium fog level); Level
C (lowest fog level). Image size is 1537×3073. These images are successively acquired within 5 min
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Table 3 Relative transmittance
T of fog in original foggy images
of scene 1 and scene 2

T Level A Level B Level C

Scene 1 28% 75% 84%

Scene 2 15% 54% 74%

where Sleveln , Sairlight and Sf og−f ree are the spectral values of green in images of different
fog levels, of the airlight image of our database where the scene is completely covered by
fog and the fog-free image.

5 Experiment

Objective The goal is to evaluate how metrics correlate with the visual judgments while
considering color and sharpness recovery. Accordingly, the selected algorithms are assessed
with the best performing metrics. This is mainly done to find out the dehazing method that
succeeds to remove the fog while preserving color and sharpness.

In this work, we consider the similarity between the fog-free and the processed images
according to the most perceived criteria. The sharpness similarity that points at the same
time to the ability to remove fog and the resulting amount of noise and artifacts. The color
similarity that points to the ability to estimate accurately the airlight and the ability to find
an acceptable compromise between the fog removal and the naturalness of images.

Observers A group of 20 subjects, men and women, has been asked to rank images. The
judgments of only 14 observers have been retained. Their age range from 20 to 40. They
were students and researchers at Gjøvik University College. Most of them were familiar
with images quality features.

Stimuli The images of fog level A, B and C of scene 1 and scene 2 were used. The five
algorithms were applied to all of these images (dehazed images are shown in Figs. 3 and 4).
Thus, in the subjective evaluation, for each fog level of a scene, the five dehazed images are
compared to the correspondent fog-free image in terms of color and in terms of sharpness
similarities.

Thus, the observers examined 36 images for each feature. Indeed, for the same fog level,
6 images (5 dehazed images and the fog-free image) of scene 1 were displayed followed by
6 images of scene 2.

Procedure At first, we had to make clear to participants the nature of the images, the
applied processing as well as the objective and the steps of this procedure.

The experiments were run in a dark room. Observers were seated approximately at 70 cm
from the display. For each fog density, observers were asked to rank the dehazed images,
considering the degree of matching with the fog-free image in terms of color and in terms
of sharpness, respectively. For each feature, we displayed 6 sets of 6 images, starting from
level A to level C of scene 1 and scene 2, respectively.

This experiment has been done using the well-established comparison process Rank
Order Correlation. The images were displayed using Quickeval [37], a web-based tool for
psychometric image evaluation. Observers were allowed to move the image to a zoomed-in
view, and to focus only on a portion of the displayed scene at a time. In this experiment, we
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Fig. 3 The foggy images of scene 1 processed by the selected dehazing methods at fog levels A, B and C

did not impose any constraints related to the time an observer could spend on the task, nor
to the portion of scene that was to be considered. The overall evaluation time of participants
varied from 35 to 45 min.

6 Evaluation

6.1 Subjective evaluation of dehazing algorithms

We first performed a screening of the 20 participants according to [22] and found that 6
of them were not valid. Results from these outlying observers were discarded. Overall, we
noted a relatively large inter-observer variability (see error bars on Fig. 5), which we assume
can be explained by several factors. First, the complexity of the task: even though we asked
the observers to isolate the influence of color and that of sharpness, we believe that the extent
to which they were able to do so varied greatly from one observer to another. Secondly,
the software that we used allowed observers to focus on a portion of a scene. Although we
did not record how each observer browsed the scenes, we argue that there might have been
some variations in terms of what they considered as regions of interest. In other words,
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Fig. 4 The foggy images of scene 2 processed by the selected dehazing methods at fog levels A, B and C

different observers chose to focus on different parts of the scene, and that behavior cannot
be modeled by saliency only.

We computed the average ranks, over all 14 observers, given to each dehazing method
in each sequence and obtained the results shown in Fig. 5. Again, the large error bars sug-
gest a large inter-observer variability. However in a few cases, observers tend to agree to
a relatively large extent. For example, according to these results, the CLAHE method per-
forms significantly worse than the other four in terms of recovering colors on the second
scene, for the fog level A. Observers also agreed that this method performs poorly on the
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Fig. 5 Average ranks obtained for each image sequence, and for each level of haze. First row: color, second
row: sharpness. First column: scene 1, second column: scene 2

first scene for level B and that the DCP method performs badly in terms of both color and
sharpness recovery in scene 2 for level C. We can also see that VAR performs best in terms
of recovering color on the first scene and for level A.

Overall, we found that inter-observer variability is larger for the sharpness recovery
assessment (second row in Fig. 5) than for that of color recovery by 19%. This is consis-
tent with the feedback we obtained from most observers about the higher difficulty of the
second part of the experiment.

Note that these results, i.e. large inter-observer variability and lack of consistency across
scenes, have also been reported in [31]. Here we demonstrate in addition, and in a different
framework where the observers had access to the original image, that there seems to be no
consistency either across fog levels and between color and sharpness preservation. Not a
single method performs the best not the worst overall.

6.2 Subjective evaluation of image quality metrics

We chose to use the hit rate to measure the agreement between subjective and objective
data. It corresponds to the proportion of correct predictions made by the metric in a pairwise
comparison setup and takes into account both intra- and inter-observer variability. A hit rate
h has a value between 0 and 1, although it does have an upper bound in that it is impossible
to obtain a perfect agreement with all observers. There is a maximal achievable hit rate
hmax, also referred to as majority hit rate [26], which is defined as the rate that would be
obtained should the metric constantly agree with the majority of the observers. Additionally,
h also has a pseudo lower bound in that a hit rate of 0.5 is considered as that of chance.
Consequently, we also computed the rescaled hit rate ĥ, as follows:

ĥ = h − 0.5

hmax − 0.5
(3)
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Table 4 Hit rates obtained by each metric: (rescaled rates in brackets)

COLOR SHARPNESS

FG MS-SSIM 0.50 (0.00) 0.60 (0.50)

VIF 0.48 (−0.08) 0.60 (0.49)

FC MS-iCID 0.46 (−0.14) 0.52 (0.10)

FSIMc 0.52 (0.07) 0.62 (0.63)

VSI 0.58 (0.28) 0.63 (0.67)

N NIQE 0.63 (0.43) 0.58 (0.39)

FADE 0.63 (0.45) 0.55 (0.27)

HG Hautière’s r 0.48 (−0.06) 0.59 (0.44)

Hautière’s e 0.60 (0.36) 0.57 (0.38)

CS 0.56 (0.22) 0.55 (0.26)

HC CNC 0.60 (0.34) 0.57 (0.35)

The table is divided in four parts: metrics in reference with the fog-free greyscale image (FG), metrics in
reference with the fog-free color image (FC), no-reference metrics (N), metrics in reference with the foggy
greyscale image (HG) and metrics in reference with the foggy color image (HC)

and which ranges between − 1 (worst) and + 1 (best). Note that negative values can be con-
sidered as worse than chance (i.e. worse than a random predictor). The subjective ranking
data was therefore transformed in pairwise comparison preferences for each image sequence
independently and objective preferences were computed with the benchmark metrics.

Table 4 gives the obtained hit rates for each metric of the benchmark, for each level of
haze and overall. Additionally, we isolated individual features of the MS-iCID and CNC
metrics in order to have a better insight in terms of which perceptual attributes contribute
the most to a good dehazed image quality. Table 5 reports the results obtained. Note that,
for the sake of readability, all values were rounded, which explains that some seemingly
identical h lead to different ĥ. Note also that hmax is different in each part of the experiment.

In order to evaluate if the difference between two hit rates is significant, we also per-
formed a two-sample binomial test with Yule’s confidence intervals [4]. We assumed that
the metrics’ predictions of observer choices can be modeled as binomial distributions. The
test assesses whether or not two scores are likely to come from the same distribution. If yes,
they are not significantly different. We found that, for color recovery assessment, MS-SSIM,
VIF, r and MS-iCID perform significantly worse than CS, VSI, e, CNC, NIQE and FADE,
while NIQE and FADE perform significantly better than CS and FSIMc. As for sharpness
recovery assessment, VSI performs significantly better than r , e, CNC, NIQE, FADE and
MS-iCID.

These results suggest that:

– State-of-the-art image quality metrics demonstrate only a limited accuracy on dehazing
color and sharpness assessment (the maximal hit rate obtained with our benchmark is
ĥ = 0.67).

– Traditional metrics in reference with the fog-free image perform better at assessing
sharpness than color recovery. Figure 6 shows a case of total disagreement between
these metrics and observers, implying in particular that chromatic attributes such as
chroma and hue are especially important in dehazing quality assessment, compared to
more conventional quality assessment. Although we strove to isolate the influence of
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Table 5 Hit rates obtained by individual perceptual attributes: COLOR (rescaled rates in brackets)

Color Sharpness

MS-iCID: LL 0.46 (−0.14) 0.56 (0.31)

MS-iCID: LC 0.54 (0.12) 0.61 (0.57)

MS-iCID: LS 0.52 (0.06) 0.49 (−0.02)

MS-iCID: CL 0.69 (0.64) 0.57 (0.37)

MS-iCID: HL 0.42 (−0.28) 0.45 (−0.26)

MS-iCID: CC 0.64 (0.48) 0.51 (0.06)

MS-iCID: CS 0.41 (−0.33) 0.47 (−0.16)

CNC: contrast 0.60 (0.36) 0.57 (0.38)

CNC: colorfulness 0.57 (0.25) 0.52 (0.12)

CNC: naturalness 0.53 (0.09) 0.52 (0.12)

The MS-iCID attributes are as follows (refer to [25] for details): LL: lightness-difference, LC : lightness-
contrast, LS : lightness-structure, CL: chroma-difference, HL: hue-difference, CC : chroma-contrast, and CS :
chroma-structure

color and sharpness in our experiment, a recent study by Le Moan et al. [24] suggested
that, given no particular instructions on which kind of distortions to focus on, observers
tend to judge achromatic ones such as JPEG artifacts, less severely than chromatic
ones such as hue shift. Consequently, the rankings obtained for color recovery assess-
ment may be somewhat more meaningful than that of sharpness for the overall quality
assessment case, thus emphasizing the need for traditional metrics in reference with the
fog-free image to give more weight to chromatic distortions when used for dehazing
quality assessment.

– Metrics that are proposed or used for dehazing evaluation (FADE, r , e, CNC and CS)
can be outperformed by metrics in reference with the fog-free image. In particular, VSI
outperforms them all significantly when it comes to sharpness recovery assessment.

– NIQE and FADE, which are both based on natural scene statistics (NSS), perform par-
ticularly well at assessing color recovery assessment. This supports the conclusions
obtained in [31]

From the results in Table 5, we observe that the perceptual attributes that correlate the
best with the subjective data are the MS-iCID CL (chroma-difference) and CC (chroma-
contrast) terms for color, and LC (lightness-contrast) for sharpness. A significance analysis
reveals that CL performs significantly better than all other attributes for color, whereas for
sharpness, LC performs significantly better than all other attributes except CL and CNC’s
contrast term. This implies that attributes such as hue and lightness-structure have a rela-
tively small importance in dehazing quality assessment. Even chroma-structure seems to be
irrelevant in this context. Finally, it is interesting to note that some of these features per-
form better individually than together: the MS-iCID CL term performs significantly better
than the metric itself, but also than FADE and NIQE, thus making CL the best metric in our
benchmark to estimate color restoration quality in dehazing.

6.3 Objective evaluation of dehazing algorithms

We first calculated the raw scores of all selected metrics for all dehazed images of scene
1 and scene 2 sorted according to fog levels (see Figs. 7, 8 and 9). Overall, metrics that
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Fig. 6 Case of total disagreement between metrics in reference with the fog-free image and observers for
color recovery quality assessment (scene 1, level B). From left to right: result from CLAHE, original image
and result from FAST. While all metrics rate the CLAHE dehazed image as more fidel to the original, all
observers agreed that FAST is better in terms of color. Indeed, the FAST image seems more vivid, although it
clearly shows artifacts just under the tables and around the plants. When it comes to evaluating the structure
however, a majority of observers (9 out of 14) find the CLAHE image more fidel. This suggests that these
metrics in our benchmark do not perform well at balancing the importance of chromatic and achromatic
attributes for dehazing quality assessment

belong to the same category have monotonic trends across fog levels. Note that the metrics
in reference with the fog-free image, which measure the similarity (fidelity) between test
and reference images, show that the fidelity of an image’s features is better maintained at
low fog densities (see Fig. 7). This means that dehazing methods are globally more efficient
at these levels.

In order to evaluate methods by metrics in reference with the foggy image, we calculated
the score of the fog-free image considered as the optimal one. Amongst these metrics, the
scores of r and e which refer to the gain of visibility, are higher at high fog densities. This
denotes that a good range of improvement is done at high fog densities, thus, the foggy
and the recovered image are less similar. In other words, the less similarity would refer to
a good improvement in quality. However, it is not always true. For the same fog level in
Fig. 8, the gain of visibility of corrected images is higher than the one of fog-free image.
This does not agree with the perceptual judgment. Thus, the highest dissimilarity does not
necessarily mean the best quality, but rather underlines the artifacts and the edges due to
noise, which is likely to occur after dehazing process. These indices that have been widely
used to assess new dehazing methods are inconsistent with the human visual evaluation of
color, which was evoked in [17] and proved again in Table 4. Indeed, in such metrics, the
apparent problems of over-enhancement and color distortion are overlooked. They mainly
focus on the recovered structures that may be an amplified noise and blocking artifacts [31].
The same analysis can be made for CS metric.

Besides the structural distortions, which are mainly considered by the previous metrics
of the same category, CNC index claims to correlate the color effect resulting from dehazing
with the perceptual judgment. However, according to [47], the colors of natural scenes may
vary with environmental conditions such as ambient light. Moreover, the color naturalness
based on skin, grass and sky colors do not represent the whole natural colors. Thus, CNC
shows the same behavior like the structure evaluating metrics (r, e and CS) without great
improvement in color assessment (see Tables 4 and 5).

Considering no-reference metrics, NIQE and FADE, they are both able to quantify the
evolution of dehazed image quality. However, FADE seems to be more sensitive to over-
saturated colors, which usually occur when the fog is very light (level C). At this level, the
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Fig. 7 The scores of the metrics in reference with the fog-free image, which are obtained for each scene at
each fog level. These five metrics (MS-SSIM, VIF, MS-iCID, FSIMc and VSI) evaluate the quality of the
dehazed image as being the similarity rate of specified features between the foggy and the fog-free images.
For light fog, all of these metrics show the high similarity rate compared to higher level of haze. Some of
them such as MS-SSIM, FSIMc, VSI and NIQE show that DCP does not perform well in the lowest fog level.
The subjective analysis shows that CL and VSI are the most relevant metrics to evaluate color and sharpness.
Both of these metrics’ values of different methods are noticeably close to each other

processed images seem to be of higher quality than the original fog-free image. However,
higher contrast and saturation, which are mainly considered by FADE, do not necessarily
denote a lower fog density [47]. Thus, such metric, which assesses better color than sharp-
ness, seems to underline the preference rather than fidelity (see Table 4). Now, we only
consider CL and VSI that seem to be statistically the most adequate metrics to judge respec-
tively color and sharpness restoration. These two metrics denote a good recovery of color
and sharpness at low fog densities (see Fig. 7). At the highest fog level of A, VAR followed
by CLAHE and DCP perform the best in sharpness recovery. For color recovery, while VAR
and DCP maintain a good performance in addition to FAST, CLAHE seems to be signifi-
cantly bad. At the medium level of B, all methods show a similar performance in sharpness
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Fig. 8 The scores of the metrics in reference with the foggy image, which are obtained for each scene at
each fog level. These four metrics (r , e, CNC, CS) compare the dehazed image to the foggy image. The
dissimilarity is small for low levels of fog. The values of metrics on different dehazing methods are noticeably
close to each other. e, CS and CNC scores exceed, across levels, the fog-free image scores. This is because
appearing artifacts are accounted for edges in the resulting image
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Fig. 9 No-reference NSS-based metrics scores obtained for each scene at each fog level. NIQE is a non haze-
dedicated metric. According to it, the image of the highest quality is the fog-free image. Dehazed images,
which were basically covered by a light fog, have almost the same quality of the fog-free image. While for
FADE, which is a haze-dedicated metric, some methods across the three fog levels beat the fog-free image’s
score. Indeed, it presents a weakness in evaluating the preservation of image’s features comparing to the
fog-free image

recovery, with a significant advancement of FAST and FUSION and a significant regress
of DCP’s performance comparing to others. In case of color, CLAHE remains the bad per-
forming method and VAR seems to be bad in preserving color comparing to other methods.
At the lowest fog level of C, all methods are globally efficient in sharpness recovery, except
DCP, which fails as well in color recovery with VAR, while the other methods are more
suitable.

In all of this, the physics-based dehazing method DCP based on minimum strong
assumptions and the variational approach of contrast enhancement VAR are the most suit-
able for relatively high fog density. On the other hand, FAST and FUSION the physics-based
dehazing method which perform white balance and contrast adjustment, perform well for
thin layer of fog. Otherwise, the dehazed image remain hazy. CLAHE, which is a histogram
equalization method, has a particular behavior. At all considered fog levels CLAHE has the
ability to preserve sharpness. However, it widely fails to recover original colors.

7 Discussion

The application of fog and fog removal induces several types of distortions, such as noise,
color fade, contrast degradation and artifacts near the edges, which are spatially variant and
spatially correlated to imaged objects: the accuracy of colors recovery depends largely on
initial objects colors and on their distances to the camera [5]. Thus, an adequate full-scale
metric is required.

Although there has lately been a considerable effort to overcome the limitations of exist-
ing metrics used for dehazing evaluation, over-saturation and color distortion still can not
be well identified [10, 47].

According to the statistical significance, it seems that in color-based metrics, image
structure evaluating features are more weighted than color evaluating features. The individ-
ual feature CL, which calculates the chromatic difference in CIELAB color space [26], is
significantly better than all other metrics in color preservation judgment. VSI, which was
basically detecting perceptual quality distortions as changes in visual saliency map, was not
sensitive to contrast change. It was then boosted through the insertion of the Scharr gradient
operator similarity map [61].

The clue for mastering the quality assessment of dehazed images is to investigate and
quantify the impact an image feature distortion may create in an image category. In par-
ticular, color and sharpness, which are differently weighted within metrics and poorly
considered in metrics that have been always used to evaluate dehazing.
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8 Conclusion and future work

Quality assessment of single image dehazing is a challenging task. According to the target
application, quality is differently considered. Although single image dehazing has been an
active field for several years, not much work has been dedicated to subjective and objective
quality assessment. This is mainly because original fog-free image, which is assumed to
have the highest visual quality is not easily available.

Using a new foggy image database that contains scenes degraded with several levels
of fog with their fog-free images, we conduct a composite study based on the agreement
between subjective and objective dehazing evaluation. We discuss how color and shapness
restoration are handled by dehazing methods and assessed by quality metrics.

We single out the clear distinction between what people perceive as good quality in terms
of color restoration and in terms of sharpness fidelity across the fog levels. The performance
of dehazing methods changes across fog levels. Image enhancement techniques except vari-
ational approach, are only suitable for recovery at thin fog. Otherwise, the colors are badly
recovered.

Based on our observations, for natural foggy images with no reference image, metrics
without reference image would be adequate for dehazing if they were designed to han-
dle adequately the distortions that may be introduced and amplified differently through
dehazing processing, while respecting the improvement’s boundaries.

In order to support the strong conclusions, some technical points will be addressed in
the near future. Further research direction would be the validation of these contributions
on other similar indoor scenes with reference images and natural foggy images. A comple-
mentary work would focus on the investigation of how regions of interest are defined in the
image and how these change between observers and across fog levels.
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