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Abstract—We introduce an effective technique to enhance the by tailored acquisition strategies using multiple imag8k [
images captured underwater, and degraded due to the medium gpecialized hardwaré [10] or polarization filters][11]. Piés
scattering and absorption. Our method is a single image approach of their valuable achievements, these strategies suften &

that does not require specialized hardware or knowledge about b fi that red thei tical licabilit
the underwater conditions or scene structure. It builds on the NUMDEr OFISsues that reduce their practical applicability

blending of two images that are directly derived from a color-
compensated and white-balanced version of the original degraded
image. The two images to fusion, as well as their associated weight

maps, are defined to promote the transfer of edges and color ot
contrast to the output image. To avoid that the sharp weight map wmﬁ‘ iiebaicne fusion oureuT

Gamma

correction

transitions create artifacts in the low frequency components oftie
reconstructed image, we also adopt a multiscale fusion strategy.
Our extensive qualitative and quantitative evaluation reveals tlat
our enhanced images and videos are characterized by better

exposedness of the dark regions, improved global contrast and Fig. 1. Method overview: two images are derived from a whiéabced
edges sharpness. Our validation also proves that our_algorithm IS version of the single input, and are merged based on a (stnoartiscale
reasonably independent of the camera settings, and improves the fysjon algorithm. the novelty of our approach lies in the msgd pipeline,
accuracy of several image processing applications such as imageput also in the definition of a white-balancing algorithmttimsuited to our
segmentation and keypoint matching. underwater enhancement problem.

Sharpening

Index Terms—underwater, image fusion, white-balancin . .
9 9 In contrast, this paper introduces a novel approach to remov

the haze in underwater images based on a single image
[. INTRODUCTION AND OVERVIEW captured with a conventional camera. As illustrated in Bg.

Underwater environment offers many rare attractions suHr approach builds on the fusion of multiple inputs, but
as marine animals and fishes, amazing landscape, and mysf&fives the two inputs to combine by correcting the contrast
ous shipwrecks. Besides underwater photography, underw#nd by sharpening a white-balanced version of a singleativ
imaging has also been an important source of interest in dfftPut image. The white balancing stage aims at removing
ferent branches of technology and scientific resedrch {th s the color cast induced by underwater light scattering, so as
as inspection of underwater infrastructures [2] and cajflps 0 Produce a natural appearance of the sub-sea images. The
detection of man made objects] [4], control of underwaténulti-scale implementation of the fusion process resultan
vehicles [5], marine biology researdh [6], and archeoldgy [ artifact-free blending.

Different from common images, underwater images suffer The rest of the paper is structured as follows. The next
from poor visibility resulting from the attenuation of theop-  Section briefly surveys the optical specificities of the unde
agated light, mainly due to absorption and scattering ffecwater environment, before summarizing the work related to
The absorption substantially reduces the light energylethe Underwater dehazing. In Section Ill, we present our novel
scattering causes changes in the light propagation directjWhite-balancing approach, especially designed for unaltamv
They result in foggy appearance and contrast degradatigﬁgges. Section IV then describes the main components of
making distant objects misty. Practically, in common setewa OUr fusion-based enhancing technique, including inputs an
images, the objects at a distance of more than 10 meters @pgociated weight maps definition. Before concluding, we
almost unperceivable, and the colors are faded because tREFSeNt comparative qualitative and quantitative assestsm
composing wavelengths are cut according to the water dep¥hour white-balancing and fusion-based underwater delgazi

There have been several attempts to restore and enhancd@RBniques, as well as some results about their relevance to
visibility of such degraded images. Since the deterioratib address common computer vision problems, namely image
underwater scenes results from the combination of muttpli Ségmentation and feature matching.
tive and additive processég [8] traditional enhancingriagres
such as gamma correction, histogram equalization appear to!l- BACKGROUND KNOWLEDGE AND PREVIOUS ART
be strongly limited for such a task. In the previous workg tha This section surveys the basic principles underlying light
are surveyed in Section I1.B, the problem has been tacklptbpagation in water, and reviews the main approaches that
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have been considered to restore or enhance the images captains the principal source of contrast loss and colotisgif

tured under water. in underwater images. Mathematically, it is often exprdsse
Eps(r) = Boo(z)(1 — e ")) )
A. Light Propagation in Underwater where B, () is a color vector known as thieack-scattered

For an ideal transmission medium the received light light.
influenced mainly by the properties of the target objects andlgnoring the forward scattering component, the simplified
the camera lens characteristics. This is not the case uattrw underwater optical model thus becomes:
First, the amount of light available under water, depends on d(a nd(a
several factors. The interaction between the sun light and I(w) = J(@)e™ ™) + Boo(w)(1 = 7)) ©)
the sea surface is affected by the time of the day (whichThijs simplified underwater camera modél (3) has a similar
influences the light incidence angle), and by the shape @fm than the model of Koschmiedér]14], used to characteriz
the interface between air and water (rough vs. calm segje propagation of light in the atmosphere. It however dags n
The diving location also directly impacts the availablehtig reflect the fact that the attenuation coefficient stronglyettels
due to a location-specific color cast: deeper seas and ocegisthe light wavelength, and thus the color, in underwater
induce green and blue casts, tropical waters appear cyafvironments. Therefore, as discussed in the next section
while protected reefs are characterized by high visibility and illustrated in Fig[1, a straightforward extension of
addition to the variable amount of light available underewat gutdoor dehazing approaches performs poorly at great depth
the density of particles that the light has to go through jf presence of non-uniform artificial illumination and setiee
several hundreds of times denser in seawater than in normB&orption of colors. This is also why our approach does not

atmosphere. As a consequence, sub-sea water absorbs gradigrt to an explicit inversion of the light propagation rebd
ally different wavelengths of light. Red, which correspsnd

to the longest wavelength, is the first to be absorbed (1Q9-

15 ft), followed by orange (20-25 ft), and yellow (35-45 ft)]jlg' Relateq Work ] .

Pictures taken at 5 ft depth will have a noticeable loss of The existing underwater dehazing techniques can be

red. Furthermore, the refractive index of water makes juglgi 9rouped in several classes. An important class corresponds

distances difficult. As a result, underwater objects careapp 0 the methods using specialized hardwdre [L].] [10]. [15].

25% larger than they really are. For instance, the divergent—beam underwater .Lidar imaging
The comprehensive studies of McGlamery 1[12] andPWLI) system [10] uses an optical/laser-sensing technique

Jaffe [I3] have shown that the total irradiance incident on@ capture turbid underwater images. Unfortunately, these
generic point of the image plane has three main componeRNPIEX acquisition systems are very expensive, and power
in underwater mediums: direct component, forward scaigeri ©ONSUMINg.

and back scattering. The direct component is the componenf* Second class consists in polarization-based methods.
of light reflected directly by the target object onto the iraag! "€S€ approaches use several images of the same scene

plane. At each image coordinate the direct component is captured with different degrees of polarization, as oletdin
expressed as: by rotating a polarizing filter fixed to the camera. For in-

stance, Schechner and Averbuthl|[11] exploit the poladpati
Ep(z) = J(;,;)(nd(m) = J(x)t(z) (1) associated to back-scattered light to estimate the traseoni
map. While being effective in recovering distant regiong th
where J(z) is the radiance of the objeqi(z) is the distance polarization techniques are not applicable to video adiiiis
between the observer and the object, gnid the attenuation and are therefore of limited help when dealing with dynamic
coefficient. The exponential teraT%(*) js also known as the scenes.
transmissior(z) through the underwater medium. A third class of approaches employs multiple imades [16],
Besides the absorption, the floating particles existindn@ t[9] or a rough approximation of the scene modEell[17].
underwater mediums also cause the deviation (scatterihg)Narasimhan and Nayal ][9] exploited changes in intensities
the incident rays of light. Forward-scattering resultsnfra of scene points under different weather conditions in order
random deviation of a light ray on its way to the camera leng detect depth discontinuities in the scerizeep Photo
It has been determined experimentally that its impact can ggstem|[[17] is able to restore images by employing the exjsti
approximated by the convolution between the direct attetlia georeferenced digital terrain and urban 3D models. Sinise th
component, with a point spread function that depends anditional information (images and depth approximatia) i
the distance between the image plane and the object. Bagknerally not available, these methods are impractical for
scattering is due to the artificial light (e.g. flash) thastitle common users.
water particles, and is reflected back to the camera. Back-A fourth class of methods exploits the similarities between
scattering acts like a glaring veil superimposed on theatbjelight propagation in fog and under water. Recently, several
The influence of this component may be reduced significaningle image dehazing techniques have been introduced to
by simply changing the position and angle of the artificighti restore images of outdoor foggy scenes [18]) [19]] [20]],[21
source so that most of the reflected particle light do nothreaf22], [23]. These dehazing techniques reconstruct thansitr
the camera. However, in many practical cases, back-sicatterbrightness of objects by inverting the Koschmieder’s viib
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model [14]. Despite this model was initially formulated @nd as an optional complement to our work, to be applied to
strict assumptions (e.g. homogeneous atmosphere illtimma the output of our method when high-resolution is desired.
unique extinction coefficient whatever the light waveldmgt An initial version of our fusion-based approach had been
and space-uniform scattering process)l [24], several wonesented in our IEEE CVPR conference paper [35]. Com-
have relaxed those strict constraints, and have shown thapared to this preliminary work, this journal paper propoaes
can be used in heterogeneous lightning conditions and withvel white balancing strategy that is shown to outperform
heterogeneous extinction coefficient as long as the modelr initial solution in presence of severe light attenuatio
parameters are estimated locally [20], 1[21].][25]. Howevewhile supporting accurate transmission estimation inoei
the underwater imaging is even more challenging, due to thequisition settings. Our journal paper also revises thetjmal
fact that the extinction resulting from scattering depends implementation of the fusion approach by proposing an-alter
the light wavelength, i.e. on the color component. native and simplified definition of the inputs and associated
Recently, several algorithms that specifically restoreetind weight maps. The revised solution appears to significantly
water images based on Dark Channel Prior (DCP) [19], [26hprove [35] in case of severe degradation of the underwater
have been introduced. The DCP has initially been proposidages (see the comprehensive qualitative and quangtativ
for outdoor scenes dehazing. It assumes that the radianceafhparison provided in Section V.B). Moreover, additional
an object in a natural scene is small in at least one of te&perimental results reveal that our proposed dehaziategly
color component, and consequently defines regions of smabo improves the accuracy of conventional segmentatidn an
transmission as the ones with large minimal value of colors. point-matching algorithms (Section V.C), making our dehgz
the underwater context, the approach of Chiang and Chén [2&]evant for automatic underwater image processing system
segments the foreground and the background regions based ofo conclude this survey, it is worth mentioning that a
DCP, and uses this information to remove the haze and cotdass of specialized underwater image enhancing techsique
variations based on color compensation. Drews-Jr ef al. [28&ve been introduced [36], [37]. [38], based on the extensio
also build on DCP, and assume that the predominant souafethe traditional enhancing techniques that are found in
of visual information under the water lies in the blue andommercial tools such as color correction, histogram ezgal
green color channels. Their Underwater Dark Channel Prition/stretching, and linear mapping. Within this classa®h
(UDCP) has been shown to estimate better the transmissizah et al. [[3B] designed an unsupervised color correction
of underwater scenes than the conventional DCP. Galdranseaitegy, Arnold-Bos et al[ [37] developed a framework to
al. [29] observe that, under water, the red component recigr deal with specific underwater noise, while the technique of
increases with the distance to the camera, and introduce it et al.[[38] restores the image contrast by invertiniglat |
Red Channel prior to recover colors associated with shattenuation model after applying a color space contraction
wavelengths in underwater. Emberton et al.]l[30] designdthese approaches however appear to be effective only for
a hierarchical rank based method, using a set of featuretatively well illuminated scenes, and generally introelu
to find those image regions that are the most haze-opagsteong halos and color distortions in presence of relatipebr
thereby refining the back-scattered light estimation, Whidightning conditions.
in turns improves the light transmission model inversion.
Lu and al. [31] employ color lines, as in_[32], to estimate
the ambient light, and implement a variant of the DCP to
estimate the transmission. As additional worthwhile dentr As depicted in Fig[Jl, our image enhancement approach
butions, bilateral filter is considered to remove highlaght adopts a two step strategy, combining white balancing and
regions before ambient light estimation, and another lpcaimage fusion, to improve underwater images without resgrti
adaptive filter is considered to refine the transmissiony Veto the explicit inversion of the optical model. In our apprba
recently, [31] has been extended to increase the resolutishite balancing aims at compensating for the color castezhus
of its descattered and color-corrected output. This eigdens by the selective absorption of colors with depth, while imag
is presented in[[33] and builds on super-resolution frofusion is considered to enhance the edges and details of the
transformed self-exemplars_[34] to derive two high-reolu scene, to mitigate the loss of contrast resulting from back-
(HR) images, respectively from the output derived [in] [31§cattering. The fusion step is detailed in Secfioh IV. We now
and from a denoised/descattered version of this output. fdcus on the white-balancing stage.
fusion-based strategy is then considered to blend those twdVhite-balancing aims at improving the image aspect, pri-
intermediate HR images. This fusion aims at preserving thearily by removing the undesired color castings due to vesio
edges and detailed structures of the noisy HR image, whileimination or medium attenuation properties. In undetera
taking advantage of the reduced noise and scatter in th@decthe perception of color is highly correlated with the depth,
HR image. It however does not impact the rendering of coland an important problem is the green-bluish appearante tha
obtained with [[31]. In contrast, our approach fundamewntalheeds to be rectified. As the light penetrates the water, tthe a
aims at improving the colors (white-balancing component tenuation process affects selectively the wavelengthtepec
Fig.[), and uses the fusion to reinforce the edges (shargenihus affecting the intensity and the appearance of a colored
block in Fig. 1) and the color contrast (Gamma correction isurface (see Section Il). Since the scattering attenuates m
Fig.[). Actually, our solution provides an alternative B, the long wavelengths than the short ones, the color peorepti
while the HR fusion introduced i [33] should be considereid affected as we go down in deeper water. In practice, the

IIl. UNDERWATERWHITE BALANCE
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Inifial Image Red Channel Red Channel Equalized Original with Red Channel Eq. Image Compensated

Grey Edge

Sas

Fig. 2. Underwater white-balancing. Top row from left tohiginitial underwater image with highly attenuated red arelnoriginal red channel and red
channel after histogram equalization, original image with ted channel equalized and the image after employing our cwsapen expressed by Etj.4. The
image compensated is obtained by simply replacing the compehszd channel Hg.4 in the original underwater image. Botmmfrom left to right: several
well-known white balancing approaches (Gray Edgé [40],d8kaof Gray[[4l], Max RGB[42] and Gray World [43]). Pleaseio®tthe artifacts (red colored
locations) that appear due to the lack of information on tlteateannel.

attenuation and the loss of color also depends on the total.
distance between the observer and the scene.

We have considered the large spectrum of existing whi
balancing methods[ [44], and have identified a number
solutions that are both effective and suited to our problsee (
Fig.[2). In the following we briefly revise those approached a
explain how they inspired us in the derivation of our novel Color Checker
approach proposed for underwater scenes.

Most of those methods make a specific assumption to
estimate the color of the light source, and then achieve
color constancy by dividing each color channel by its cor-
responding normalized light source intensity. Among those
methods, the Gray world algorithni _[43] assumes that tifég. 3. Compensating the red channel in Equatidn (4). Sincerfiderwater

; ; ; es the blue channel contains most of the details, usisgnfrmation
average reflectance in the scene is achromatic. Hence, meduce the ability to recover certain colors such agoyeland orange and

illuminant color distribution is simply estimated by avgii@g also it tends to transform the blue areas to violet shadesip@osating the red

each channel independently. The Max RGBJ [42] assumes thmnnzl bydmaski][lg Onlly thﬁ green thanndel (Equl?ﬁitn (gggﬂieﬁtaﬁons
: : : reduced significantly. This is confirmed visually but computing

the maximum response in each (?hannel is caused by a WlﬁﬁgeCIEZOOO measure using as a reference the color checkeptaiged with

patch [44], and consequently estimates the color of thet lighnite ink on the resulted images).

source by employing the maximum response of the different

color channels. In their 'Shades-of-Grey’ methad][41], -Fin

layson et al. first observe that Max-RGB and Gray-Worlgje[] that the well-known Gray-World [43] algorithm achieve
are two instantiations of the Minkowski p-norm applied t¢o0d visual performance for reasonably distorted undemvat
the native pixels, respectively with = oo andp = 1, and gcenes. However, a deeper investigation dealing with ex-
propose to extend the process to arbitraryalues. The best yremely deteriorated underwater scenes (see [Big. 2) mveal
results are obtained fqr = 6. The Grey-Edge hypothesis Oftnat most traditional methods perform poorly. They fail to
Weijer and Gevers [40] further extends this Minkowski normpemove the color shift, and generally look bluish. The mdgho
framework. It assumes the average edge difference in a sCg{i§ pest remove the bluish tone is the Grey World, but we
to be achromatic, and computes the scene illumination colgfserve that this method suffers from severe red artifacts.
by applying the Minkowskp-norm on the derivative structureThose artifacts are due to a very small mean value for the
of image channels, and not on the zero-order pixel Structupgg channel, leading to an overcompensation of this channel
as done in Shades of Grey. Despite of its computationgl|gcations where red is present (because Gray world dsvide
simplicity, this approach has been shown to obtain comp@ragach channel by its mean value). To circumvent this issue,
results than state-of-the-art color constancy methods) 88 fo|lowing the conclusions of previous underwater works][28
the recent method of [45] that relies on natural image siegis [29], we therefore primarily aim to compensate for the loks o
When focusing on underwater scenes, we have foutite red channel. In a second step, the Gray World algorithm
through the comprehensive study presented in[Big. 9 and Vél be adopted to compute the white balanced image.
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Our new WB highly attenuated (see Fif] 2). This argument follows the
; statement in[[29], telling that if a pixel has a significantuea

for the three channels, this is because it lies in a location
near the observer, or in an artificially illuminated aread an
does not need to be restored.

Mathematically, to account for the above observations, we
propose to express the compensated red chahpelt every
pixel location (x) as follows:

Lie(z) = Ir(2) + a.(Iy — I).(1 = Ir(2)).Ig(2),  (4)

where I,, I, represent the red and green color channels
of image |, each channel being in the interval [0, 1], after
normalization by the upper limit of their dynamic range; ighi
I, and I, denote the mean value éf andI,. In Equatior{#,
each factor in the second term directly results from one of
the above observations, amddenotes a constant parameter.

Fig. 4. Comparison to our previous white balancing appro&&h. [ In practice, our tests have revealed that a valuevet 1 is
appropriate for various illumination conditions and acifion
settings.

To compensate for the loss of red channel, we build on theTo complete our discussion about the severe and color-
four following observations/principles: dependent attenuation of light under water, it is worth mgpti

the works in[[31],[[46],[[47],[[4B], which reveal and expldiite

1. The green channel is relatively well preserved undégct that, in turbid waters or in places with high concemtrat
water, compared to the red and blue ones. Light with @f plankton, the blue channel may be significantly atterdiate
long wavelength, i.e. the red light, is indeed lost first whedlue to absorption by organic matter. To address those cases,
traveling in clear water; when blue is strongly attenuated and the compensation of the

red channel appears to be insufficient, we propose to also

2. The green channel is the one that contains opponeonimpensate for the blue channel attenuation, i.e. we camput
color information compared to the red channel, and it ihe compensated blue chandgl as:
thus especially important to compensate for the stronger .
attenuation induced on red, compared to green. Therefore, Lie(z) = Iy(z) + a.(Iy — Ip).(1 — Ip(x)).Iy(z),  (5)
we compensate the red attenuation by adding a fraction where I, I, represent the blue and green color channels of
the green channel to red. We had initially tried to add bothimage I, andx is also set to one. In the rest of the paper, the
fraction of green and blue to the red but, as can be obsentside compensation is only considered in Figuré 14. All other
in Fig. [3, using only the information of the green channeksults are derived based on the sole red compensation.
allows to better recover the entire color spectrum while After the red (and optionally the blue) channel attenuation
maintaining a natural appearance of the background (waters been compensated, we resort to the conventional Gray-
regions); World assumption to estimate and compensate the illuminant

color cast.

3. The compensation should be proportional to the As shown in Fig[R, our white-balancing approach reduces
difference between the mean green and the mean red valthesquantization artifacts introduced by domain stretgtithe
because, under the Gray world assumption (all channets regions in the different outputs). The reddish appearan
have the same mean value before attenuation), this differemf high intensity regions is also well corrected since theé re
reflects the disparity/unbalance between red and greemannel is better balanced. As will be extensively disadisse
attenuation; in Section[V=A, our approach shows the highest robustness

compared to the other well-known white-balancing techesqu

4. To avoid saturation of the red channel during thkn particular, whilst being conceptually simplest, we alsédn
Gray World step that follows the red loss compensation, tikég[4 that, in cases for which the red channel of the undemvat
enhancement of red should primarily affect the pixels witimage is highly attenuated, it outperforms the white balamc
small red channel values, and should not change pixels tk#&tategy introduced in our conference version of our fusion
already include a significant red component. In other wordsased underwater dehazing methiod [35].
the green channel information should not be transferred inAdditionally, Fig.[3 shows that using our white balancing
regions where the information of the red channel is stifitrategy yields significant improvement in estimating srars-
significant. Thereby, we want to avoid the reddish appearargion based on the well-known DCP_[26]. As can be seen in
introduced by the Gray-World algorithm in the over-exposettie first seven columns of Fifl] 5, estimating the transmissio
regions (see Fid.13). Basically, the compensation of the rathps based on DCP, using the initial underwater images but
channel has to be performed only in those regions that aso the processed versions with several well-known white
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Input Image DCP (initial |mage] DCP (Grey Edge) DCP (Shqdes ov Grey) DCP (Max RGB) DCP (Gray World) Transmission UDCP Transmission MDCP  Transmission BP Luetal. DCP (Our WB)
—

A )
PP D

Fig. 5. Underwater transmission estimation. Columns 2 to 6réirsmission map is estimated based on DOCP [26] applied to itied imderwater images but
also from versions obtained with several well-known whitédalncing approaches (Gray Ed@el[40], Shades of Grdy [41% R@B [42] and Gray World[43])
yield poor estimates. In contrast, applying DCP on our wh#kahced image version (last column), results in comparablesgend better estimates compared
with the specialized underwater techniques corresponaingDCP [49], MDCP [[50], BP[[511] and Lu et al[31].

balancing approaches (Gray Edgel[40], Shades of Gray [4djater particles and is then reflected back to the camera) has
Max RGB [42] and Gray World[[43]) yields poor estimatesa reduced influence. This assumption is generally valid for
In contrast, by simply applying DCP on our white balancednderwater scenes decently illuminated by natural light, b
image version we obtain comparable and even better essmédtals in more challenging illumination scenarios , as résda
than the specialized underwater techniques of UDCP [4%ly Fig.[11 in the results section. In contrast, this papes s
MDCP [50] and BP[[51]. rely on the optical model and proposes an alternative digfimit
Despite white balancing is crucial to recover the colomgsi of inputs and weights to deal with severely degradaded scene
this correction step is not sufficient to solve the dehazing As depicted in Fig[d8 and detailed below, our underwater
problem since the edges and details of the scene have bdehazing technique consists in three main steps: inpuigader
affected by the scattering. In the next section, we theeefaion from the white balanced underwater image, weight maps
propose an effective fusion based approach, relying on gamdefinition, and multi-scale fusion of the inputs and weight
correction and sharpening to deal with the hazy nature of theaps.
white balanced image.

IV. MULTI-SCALE FUSION A. Inputs of the Fusion Process

In this work we built on the multi-scale fusion principles to Since the color correction is critical in underwater, we
propose a single image underwater dehazing solution. Imdget apply our white balancing technique to the original
fusion has shown utility in several applications such as inmage. This step aims at enhancing the image appearance by
age compositing [52], multispectral video enhancement, [53liscarding unwanted color casts caused by various illuntéa
defogging [[54], [28] and HDR imagind [55]. Here, we aimin water deeper than 30 ft, white balancing suffers from
for a simple and fast approach that is able to increase theticeable effects since the absorbed colors are diffioulttet
scene visibility in a wide range of underwater videos anwcovered. As a result, to obtain ofirst input we perform
images. Similar to[[54][23], our framework builds on a skt ;@ gamma correction of the white balanced image version.
inputs and weight maps derived from a single original imag&amma correction aims at correcting the global contrast
In contrast to[[54],[[28] however, those ones are specificaland is relevant since, in general, white balanced underwate
chosen in order to take the best out of the white-balanciigages tend to appear too bright. This correction incretses
method introduced in the previous section. In particular, difference between darker/lighter regions at the cost afsa |
depicted in Fig.1, a pair of inputs is introduced to respetyi of details in the under-/over-exposed regions.
enhance the color contrast and the edge sharpness of th& compensate for this loss, we derivesecond inputthat
white-balanced image, and the weight maps are definedcmresponds to a sharpened version of the white balanced
preserve the qualities and reject the defaults of thosetsnpumage. Therefore, we follow the unsharp masking principle,

i.e. to overcome the artifacts induced by the light propagat the sense that we blend a blurred or unsharp (here Gaussian
limitation in underwater medium. filtered) version of the image with the image to sharpen. The

This multi-scale fusion significantly differs from our pre-typical formula for unsharp masking defines the sharpened
vious fusion-based underwater dehazing approach pulblishimage S asS = I+ 3(I — G = I), where[ is the image to
at IEEE CVPR [[35]. To derive the inputs from the originakharpen (in our case the white balanced image)] denotes
image, our initial CVPR algorithm did assume that the backhe Gaussian filtered version @f and g is a parameter. In
scattering component (due to the artificial light that hite t practice, the selection of is not trivial. A small 3 fails to
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Fig. 6. The two inputs derived from our white balanced imagsive, the three corresponding normalized weight maps fdn eathem, the corresponding
normalized weight maps and our final result.

sharpenl, but a too larges results in over-saturated regionstask, however, this weight is not sufficient to recover the
with brighter highlights and darker shadows. To circumvemrbntrast, mainly because it can not distinguish much betwee
this problem, we define the sharpened im&gas follows: a ramp and flat regions. To handle this problem, we introduce
an additional and complementary contrast assessmentcmetri
S=I+N{I=Gx+1}) /2, ©) Saliency weight(WWs) aims at emphasizing the salient
with A/{.} denoting the linear normalization operator, alsobjects that lose their prominence in the underwater scene.
named histogram stretching in the literature. This operat®o measure the saliency level, we have employed the saliency
shifts and scales all the color pixel intensities of an imagh  estimator of Achanta et al. [58]. This computationally effit
a unique shifting and scaling factor defined so that the setalfjorithm has been inspired by the biological concept of
transformed pixel values cover the entire available dyesamienter-surround contrast. However, the saliency map temds
range. favor highlighted areas (regions with high luminance vajue
The sharpening method defined (6) is referred to d® overcome this limitation, we introduce an additional gveti
normalized unsharp maskingrocess in the following. It has map based on the observation that saturation decreases in th
the advantage to not require any parameter tuning, and eppémaghlighted regions.

to be effective in terms of sharpening (see examples infjig. 7 Saturation weight(Ws,.) enables the fusion algorithm to
adapt to chromatic information by advantaging highly satu-

Input Image White Balanced Image Unsharp Masling Norm, Unsharp Masking rated regions. This weight map is simply computed (for each

. I. I input 1) as the deviation (for every pixel location) between

the R%,Gk and B;, color channels and the luminands, of
the k" input:
Fig. 7. Comparison between traditional unsharp masking amchaiized In practice, for each input, the three weight maps are merged
unsharp masking applied on the white balanced image. in a single weight map as follows. For each input an
. . - . . aggregated weight malg/;. is first obtained by summing up

Th|s second input pnmgrlly hglps in redgcmg the degral1he threel,, Ws, andWs,, weight maps. Thé< aggregated
dation caused by scattering. Since the difference betw%gps are then normalized on a pixel-per-pixel basis, by
white balanced image and its Gaussian filtered version isdﬁiding the weight of each pixel in each map by the sum
highpass si.gnal that app_roximate; the oppositg of Lap1a_ci%f the weights of the same pixel over all maps. Formally, the
this operation has the Inconvenient to rr_1agn|fy_the r?'g-mformalized weight map$l/,, are computed for each input as
frequency noise, thereby generating undesired artifacthe Wy = (Wy + 5)/(ZK Wi + K.5), with 6 denoting a small

. . . . - kzl . b

second input[56]. The multi-scale fusion strategy desttiim regularization term that ensures that each input congghut

the next se(_:tion will be i_n charge of minimizing the transfetro the output.§ is set to0.1 in the rest of the paper. The
of those artifacts to the final blended image. normalized weights of corresponding weights are shown at
) ) the bottom of Fig[h.
B. Weights of the Fusion Process Note that, in comparison with our previous wofk [35], we
The weight maps are used during blending in such a wégnit ourselves to these three weight maps only, and we do not
that pixels with a high weight value are more represented @@mpute the exposedness weight map anymore. In addition to
the final image (see Fifl] 6). They are thus defined based oreducing the overall complexity of the fusion process, wesha
number of local image quality or saliency metrics. observed that, when using the two inputs proposed in this
Laplacian contrast weight(1;) estimates the global con-paper, the exposedness weight map tends to amplify some
trast by computing the absolute value of a Laplacian filtertifacts, such as ramp edges of our second input, and to
applied on each input luminance channel. This straightfodw reduce the benefit derived from the gamma corrected image
indicator was used in different applications such as tore terms of image contrast. We explain this observation as
mapping [65] and extending depth of field [57] since it assigrollows. Originally, in an exposure fusion context [55].eth
high values to edges and texture. For the underwater dehazixposedness weight map had been introduced to reduce the

Wsat = \/1/3[(R, — Li)? + (Gr — Ly)2 + (Bx — Ly)?]  (7)
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Wei ps calculation

m e 4 ‘ smumron

Multi-scale Fusion (EQ. 8)
Level 1 (L1{/1}) Level 1 (G1{W1})

< B8

Level 2 (G2(Wrh)

Input 1

Laplacian pyramids
of the inputs

|| X

Lovel 3 (L3

Level 2 (L2{l2))

Lovel 1 (61

Lovel 1 (L1{/2})

Weight maps calculation
Laplacian

Fig. 8. Overview of our dehazing scheme. Two images, denotedt Ih and Input 2, are derived from the (too pale) white baddnicnage, using Gamma
correction and edge sharpening, respectively. Those twgemare then used as inputs of the fusion process, whichedemermalized weight maps and
blends the inputs based on a multi-scale process. The malg-$asion approach is here exemplified with only three lee¢lthe Laplacian and Gaussian
pyramids.

weight of pixels that are under- or over-exposed. Hencs, thor the subsequent level of the pyramid. Formally, usi#g
weight map assigns large (small) weight to input pixels érat to denote a sequence bflow-pass filtering and decimation,
close to (far from) the middle of the image dynamic range. liollowed by ! up-sampling operations, we define thelevels
our case, since the gamma corrected input tends to expéoit fy of the pyramid as follows:

whole dynamic range, the use of the exposedness weight map

tends to penalize it in favor of the sharpened image, thereby:) = I(z) — Gy {I(2)} + G1 {I(z)} &2 L, {I(2)} + G {I(z)}
inducing some sharpening artifacts and missing some &intra = 1, {I(z)} + G, {I(z)} — G2 {I(z)} + G2 {I(z)}

enhancements. =Ly {I(z)} + Lo {I(z)} + G2 {I(z)}

C. Naive Fusion Process

N
Given the normalized weight maps, the reconstructed image ; Liil(z)}
R(z) could typically be obtained by fusing the defined inputs - 9

with the weight measures at every pixel locatior): In this equation,L; and G; represent thd‘" level of the

Ko Laplacian and Gaussian pyramid, respectively. To write the
R(x) =Y Wi(z) k() (8) equation, all those images have been up-sampled to the
k=1 original image dimension. However, in an efficient implemen
where I, denotes the inputk(is the index of the inputs tation, each level of the pyramid is manipulated at native
- K = 2 in our case) that is weighted by the normalizegubsampled resolution. Following the traditional mudiaie
weight mapsi¥,,. In practice, the naive approach introducefision strategy [[55], each source inpiif is decomposed
undesirable halos [35]. A common solution to overcome thigto a Laplacian pyramid [57] while the normalized weight
limitation is to employ multi-scale lineaf [57] [59] or nen maps W, are decomposed using a Gaussian pyramid. Both
linear filters [60], [61]. pyramids have the same number of levels, and the mixing of
the Laplacian inputs with the Gaussian normalized weights i

D. Multi-scale Fusion Process performed independently at each level

The multi-scale decomposition is based on Laplacian pyra- K _
mid originally described in Burt and Adelsof |57]. The Ri(z) =Y Gi{Wi(2)} Ly {I(x)} (10)
pyramid representation decomposes an image into a sum of k=1
bandpass images. In practice, each level of the pyramid dedserel denotes the pyramid levels akdefers to the number
filter the input image using a low-pass Gaussian ke@iednd of input images. In practice, the number of levélsdepends
decimates the filtered image by a factor of 2 in both direstionon the image size, and has a direct impact on the visual gualit
It then subtracts from the input an up-sampled version of tloé the blended image. The dehazed output is obtained by
low-pass image, thereby approximating the (inverse of thed)mming the fused contribution of all levels, after appiater
Laplacian, and uses the decimated low-pass image as the inasampling.
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COriginal Image Grey Edge Shades of Grey
SR B

Fig. 9. Comparative results of different white balancinghteéques. From left to right: 1. Original underwater imagdsetawith different cameras; 2. Gray
Edge [40] ; 3. Shades of Gray [41]; 4. Max RGB[42] ; 5. Gray Wig#3]; 6. Our previous white balancing techniqiiel[35] ; 7.r@ew white balancing
technique. The cameras used to take the pictures are CananFDjlBilm Z33, Olympus Tough 6000, Olympus Tough 8000, Pers0, Pentax W80,
Panasonic TS1. The quantitative evaluation associateldetetimages is provided in Taljle I.

By independently employing a fusion process at every scapproach described in Sectign] Ill is robust to the camera
level, the potential artifacts due to the sharp transitiohthe settings. Therefore, we have processed a set of underwater
weight maps are minimized. Multi-scale fusion is motivatesmages that contain the standdvidcbeth Color Checketaken
by the human visual system, which is very sensitive to shaby seven different professional cameras (see [Big. 9), namel
transitions appearing in smooth image patterns, while gei€anon D10, FujiFilm Z33, Olympus Tough 6000, Olympus
much less sensitive to variations/artifacts occurring dges Tough 8000, Pentax W60, Pentax W80, Panasonic TS1. All
and textures (masking phenomenon). Interestingly, a tecéime images have been taken approximately one meter away
work has shown that the multiscale process can be appréeom the subject. The cameras have been set to their widest
imated by a computationally efficient and visually pleasaabom setting, except for the Pentax W60, which was set to
single-scale proceduré&_[[72]. This single-scale approtiona approximately 35mm. Due to the illumination conditionssfia
should definitely be encouraged when complexity is an issweas used on all cameras. On this set of images, we applied
since it also turns the multiresolution process into a sfigti the following methods: the classical white-patoiex RGB

localized procedure. algorithm [42], theGray-World [43], but also the more recent
Shades-of-Grey41]] and Gray-Edge[40]. We compare those
V. RESULTS AND DISCUSSION methods with our proposed white-balancing strategy in[@ig.

. . ' . ... To analyze the robustness of white balancing, we measure the
In this section, we first perform a comprehensive validation” ~. 7"~ ~ .
\9|35|mllar|ty in terms of color difference between the refece

of our white-balancing approgch mtroduced n Sectlor} I.ﬁiround truth Macbeth Color Checker and the corresponding
Then, we compare our dehazing technique with the existi

specialized underwater restoration/enhancement tecbsiq Cdlor patgh, manually located in each |mage:
Finally, we prove the utility of our approach for applicat Color differences are better represented in the perceptual

such as segmentation and keypoint matching. CIEL*a*b* color space, wherd.* is_ the luminanceg™ is
the color on a green-red scale abidis the color on a blue-
) ) ) yellow scale. Relative perceptual differences betweentany
A. Underwater White Balancing Evaluation colors in CIEL*a*b* can be approximated by employing
Since in general the color is captured differently by vameasures such as CIE76 and CIE94 that basically compute the
ious cameras, we first demonstrate that our white balanciBgclidean distance between them. A more complex, yet more
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TABLE |
WHITE BALANCING QUANTITATIVE EVALUATION BASED ON CIEDE2000AND Q. MEASURES
Grey-Edge Shades of Grey max-RGB Grey-World Ancuti et al. Our WB
CIE2000 | Q. CIE2000 | Q. CIE2000 | Qu CIE2000 | Qu CIE2000 | Qu CIE2000 | Q.
Cannon D10 14.8368 | 0.5810 | 9.1694 | 0.6185| 12.8245 | 0.5737 | 9.9290 | 0.6435 | 9.4534 0.6321 | 9.4055 | 0.6303
FujiFilm Z33 18.8104 | 0.5798 | 9.2788 | 0.7394 | 15.4398 | 0.6384 | 9.3965 | 0.7601 | 10.7183 | 0.6874 | 12.7031 | 0.6599
Olympus T6000| 17.4335 | 0.6092 | 9.5245 | 0.6568 | 14.6394 | 0.6136 | 11.7903 | 0.6966 | 10.2549 | 0.6805| 8.4598 | 0.7164
Olympus T8000| 18.5834 | 0.5947 | 13.5059 | 0.6844 | 17.4925 | 0.6195 | 14.4812 | 0.6396 | 11.7469 | 0.7023 | 8.9903 | 0.7128
Panasonic TS1 | 12.8787 | 0.6501 | 12.9742 | 0.6672 | 15.3450 | 0.6756 | 13.3113 | 0.6419 | 12.9008 | 0.6814 | 8.9686 | 0.6858
Pentax W60 13.1949 | 05573 | 7.6364 | 0.6317| 9.7164 | 0.5634 | 9.8853 | 0.7009 | 7.7004 0.6497 | 8.9194 | 0.6447
Pentax W80 12.9933 | 0.6816 | 8.3278 | 0.7510| 10.7710 | 0.6816 | 8.7854 | 0.6993 | 8.3631 0.7263 | 7.2347 | 0.7652
Average 15.5330 | 0.6077 | 10.0596 | 0.6784 | 13.7469 | 0.6237 | 11.0827 | 0.6831 | 10.1625 | 0.6801 | 9.2402 | 0.6879

Original Images

He et al.

Ancuti & Ancuti

Drews-Jr et al.

Galdran et al.

Emberton et al.

Ancuti et al.

Our results

Fig. 10. Comparison to different outdoor (He et AI.1[19] anccétin and Ancuti[[23]) and underwater dehazing approachesvB-Jr et al.[[28], Galdran et
al. [29], Emberton et al[T30] and our initial underwater aggwh [35]). The quantitative evaluation associated toethesges is provided in Tablg Il.

accurate, color difference measure, which solves the parae Additionally, our assessment considers the in@ex[62] that

uniformity issue of CIE76 and CIE94, is CIEDE2000 [67]combines the benefits of SSIM indéx [69] and Euclidean color

[68]. CIEDE2000 yields values in the range [0,100], witldistance.

smaller values indicating small color difference, and ealu
less than 1 corresponding to visually imperceptible diffees. CIEDE2000 metric and index)

Table[] shows the quantitative results obtained with the

As can be seen, these
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TABLE I
UNDERWATER DEHAZING EVALUATION BASED ONPCQI [63], UCIQE [64]AND UIQM [65] METRICS. THE LARGER THE METRIC THE BETTER THE
CORRESPONDING IMAGESSAME ORDER) ARE PRESENTED INFIG [IT.

He et al. Ancuti&Ancuti Drews-Jr Galdran et al. Emberton et al. Ancuti et al. Our method
PCQI| UCIQE | UIQM | PCQI| UCIQE | UIQM | PCQI| UCIQE| UIQM | PCQI| UCIQE| UIQM | PCQI| UCIQE | UIQM | PCQI| UCIQE | UIQM | PCQI| UCIQE | UIQM
Shipwreck 1.012| 0.565 |0.565 | 0.998| 0.629 [0.578 | 0.649| 0.550 | 0.492 | 0.920| 0.646 |0.605 | 0.945| 0.632 |0.588 | 1.131| 0.634 [0.629 | 1.172| 0.632 |0.668
Fish 1.023| 0.602 |0.509 |1.047| 0.650 |0.532 | 0.863| 0.623 [0.571 | 0.835| 0.527 |0.528 | 1.156| 0.705 |0.759 | 1.089 0.669 |0.598 | 1.117| 0.667 |0.624
Reefl 1.000| 0.612 |0.592 | 0.963| 0.657 |0.643 | 1.046| 0.649 |0.657 | 0.794| 0.576 |0.565 | 1.078| 0.660 |0.690 | 0.978| 0.655 |0.674 | 1.083| 0.658 |0.687
Reef2 0.774| 0.702 |0.749 |0.899| 0.683 |0.724 | 0.483| 0.659 |0.653 |0.769| 0.633 |0.671]|0.607| 0.718 |0.757 |0.983 0.718 |0.733 | 1.075| 0.711 |0.781
Reef3 1.022| 0.606 |0.578 |1.123| 0.661 |0.667 | 0.793| 0.620 [0.584 | 0.883| 0.533 |0.524 |0.943| 0.678 |0.677 | 1.191| 0.705 |0.737 | 1.276| 0.697 |0.766
Galdranl |1.056| 0.593 |0.578 | 1.030| 0.631 [0.601 |0.749| 0.544 |0.519 |0.507| 0.529 |0.569 | 1.147| 0.652 |0.664 | 1.125| 0.643 [0.669 | 1.152| 0.659 |0.680
Galdran9 |0.983| 0.426 |0.421 | 1.016| 0.558 [0.481 |0.864| 0.536 |0.410 |1.158| 0.596 |0.648 | 1.136| 0.630 |0.577 | 1.123| 0.667 [0.622 | 1.192| 0.633 [0.663
Ancutil  |0.860| 0.485 |0.353 | 1.032| 0.561 |0.412 | 0.909| 0.499 |0.383 | 0.962| 0.641 |0.458 | 1.036| 0.499 |0.407 | 1.074| 0.588 | 0.547 | 1.022| 0.594 |0.507
Ancuti2 |0.649| 0.456 |0.437 |1.077| 0.595 |0.651 | 0.475| 0.492|0.344 | 0.591| 0.529 | 0.525 | 0.603| 0.529 [0.425 | 1.015| 0.590 |0.683 | 0.914| 0.592 |0.687
Ancuti3  |1.071| 0.577 |0.596 | 1.071| 0.643 |0.616 | 0.973| 0.535 |0.492 | 1.021| 0.614 |0.646 | 1.129| 0.555 |0.563 |1.171| 0.652 |0.693 | 1.207| 0.664 |0.651

Average |0.945| 0.562 |0.538 | 1.026| 0.627 |0.590 | 0.780| 0.571 |0.511 |0.844| 0.582 [0.574 | 0.978| 0.626 |0.611 | 1.088| 0.647 |0.659 | 1.121| 0.651 [0.671

Input images Treibitz & Schechner He et al. Emberton et al. Ancuti et al Our results

§ IEIIIETE |
e -

Fig. 11. Underwater dehazing of extreme scenes charaadbizenon-uniform illumination conditions. Our method perforbetter than earlier approaches
of Treibitz and Schechnel [66], He et dl. [19], Emberton e{&0] and Ancuti et al.[[35].

professional underwater cameras introduce various calsts¢c various cameras and setups. Note that we process only
andmax RGBand Grey-Edgemethods are not able to removeB-bit data format, making our validation relevant for
entirely these casts. Theray-World and theShades-of-Grey common low-end cameras. For videos, the reader is
strategy show better results, but our proposed white balanmeferred to Fig.[I2 and to our supplementary video
strategy shows the highest robustness in preserving the cittps://www.youtube.com/watch?v=gspdHSTsCuQ&feature=gutu.be.
appearance for different cameras. Interestingly, our fusion-based algorithm has the adwgmta
to employ only a reduced set of parameters that can be
e : automatically set. Specifically, the white balancing pesce
e e relies on the single parameter, which is set to 1 in all
our experiments. For the multi-scale fusion, the number of
decomposition levels depends on the image size, and is
defined so that the size of the smallest resolution reaches a
few tenth of pixels (e.g. 7 levels for ab00 x 800 image
size).

2 59%
Our results

Fig. 12.  Underwater video dehazing. Several video frames- pro Fig. [I0 presents the results obtained on ten underwater

e o ATt MG, by several recent (underwater) dehazing approache
Table[Tl provides the associated quantitative evaluatising

three recent metrics: PCQI[63], UCIQE [64], and UIQMI[65].

) ) While PCQI is a general-purpose image contrast metric, the

B. Underwater Dehazing Evaluation UCIQE and UIQM metrics are dedicated to underwater image

The proposed strategy was tested for real underwasssessment. UCIQE metric was designed specifically to quan-
image and videos taken from different available amatetify the nonuniform color cast, blurring, and low-contraisat

and professional photographer collections, captured gusicharacterize underwater images, while UIQM addresseeg thre


https://www.youtube.com/watch?v=qspdHSTsCuQ&feature=youtu.be
https://www.youtube.com/watch?v=qspdHSTsCuQ&feature=youtu.be
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Input images

Gibson et al. Fattal Lu et al. Our results

PCQl =0.713 ; ' =0.98] : PCQl =1.302
UCIQE=0.583 NSRS A PR .579 W ; UCIQE=0.698

_ Pcal =1.006
UCIQE=0.588 UCIQE=0.576 s ucieE=0.647 1

PCQl =0.521 5 -« PCQl =1.035

Fig. 13. Comparative results with the recent techniques oétal. [31] , Fattal[[32] and Gisbson et &l [50].

important underwater image quality criterions: colorisas, Overall, we conclude that our approach generally results
sharpness and contrast. in good perceptual quality, with significant enhancement of
As can be observed, the outdoor dehazing approachesthsf global contrast, the color, and the image structureildeta
He et al. [19] and Ancuti and Ancuti [23] perform poorly forThe main limitations are related to the fact that: (i) color
the underwater scenes. As discussed previously, evenhhoagn not always be fully restored, and (i) some haze is
there are clear similarities between light propagationamyh maintained, especially in the scene regions that are fan fro
outdoor and in underwater scenes, the underwater dehaing camera. Those limitations are however limited, esfigcia
problem is much more challenging. when compared to previous works. The good performance
On the other hand, recent specialized underwater dehazfiigour approach is confirmed by the few more examples
approaches of Emberton et dl._[30] and Galdran et[al [2Bfesented in Fid. 16 anf115. Through this visual assessment,
show higher robustness than outdoor methods in recoverivg also observe that, despite the gray-world assumptiohtmig
the visibility of the considered scenes. However, as atestobviously not always be strictly valid, the enhanced images
by the last column in Fig[10, our fusion-based approag¢terived from our white-balanced image are constantly Vigua
outperforms[[30] and [29], having similar and in generahigig pleasant. It is our belief that the gamma correction inviblive
values of the PCQI, UCIQE and UIQM metrics. the multiscale fusion (see Figl 1) helps in mitigating théoco
Compared with our initial multiscale approach presentegst induced by an erroneous gray-world hypothesis. This is
in [35], the method introduced in this journal paper is chafor example illustrated in Fid.l6, where input 1- obtaineteaf
acterized by higher robustness for extreme underwateiscag@mma correction- appears more colorful than second input
with turbid sea water and non-uniform artificial illuminati. 2, which corresponds to a sharpened version of the white
This is demonstrated by the results shown in Figl 11 thBalanced image.
depict two challenging underwater scenes. As can be seen, th
proposed approach is able to perform better than our prsvic
approach both in terms of contrast and color enhancem
Moreover, Fig[Ill presents the results yielded by the pol
ization technique of Treibitz and Schechnler|[66], whichsus g
two frames taken with wide-field polarized illumination. éfv
though it processes only one image, our technique is able

produce an enhanced image with more detalils. -
To complete our visual assessment, [igl 13 compares our

work with the three recent techniques of Lu et dlL1[31[d 1% 1" s wate te bue component is stongly ated 7))
Fattal [32], and Gisbson et al. [50]. The PCQI and UCIQEd and blue channel compensation, as defined in Equafidnan@)3),
metrics are provided for each picture, and are generallgbetrespectively.
for our approach.

Fig.[14 considers the extreme cases observed in turbid water o
where the images appear yellowish due to a strong attemuatie APplications
of the blue channel. For such images, compensating the redWe found our technique to be suitable for computer vision
attenuation appears to be insufficient. However, intarghti applications, as briefly described in the following section
we observe that extending the color compensation to the blue
component, as defined in Equatién (5), significantly impsove Segmentationaims at dividing images into disjoint and
the enhanced images. homogeneous regions with respect to some characteristics

UW Yellowish images WB- Red compensated WB- Blue compensated WB- Red + Blue compensated
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GAC++ (enhanced images)

Original images

s "3
—

(1]

(2]
(3]

(4]
(5]

(6]
(7]

(8]

Fig. 15. Image segmentatiornProcessing underwater images with our method
helps in segmenting properly. The segmentation result is monsistent
while the filtered boundaries are perceptually more accukétes we employ

the GAC + + [73] segmentation that represents a seminal geodesic activB]
contours method.

[10]

(e.g. texture, color). In this work, we employ tlieAC + +
segmentation algorithni [73], which corresponds to a semirl@i]
geodesic active contours method (variational PDE). Eig. 15
shows that the segmentation result is more consistent when
segmentation is applied to images that have been proce
by our approach. [13]

Local feature points matchingis a fundamental task of 14]
many computer vision applications. We employ the SIET [7Jl]
operator to compute keypoints, and compare the keypoiiél
computation and matching processes for a pair of underwater
images, with the one computed for the corresponding paig)
of images enhanced by our method (see Eid. 16). We use
the original implementation of SIFT applied exactly irfl’]
the same way in both cases. The promising achievements
presented in Fig[16 demonstrate that, by enhancing the
global contrast and the local features in underwater imagt%
our method significantly increases the number of match

pairs of keypoints. [20]

[21]

VI. CONCLUSIONS
[22]

We have presented an alternative approach to enhance un-

derwater videos and images. Our strategy builds on therfusig3]
principle and does not require additional information thiae
single original image. We have shown in our experiments thag

13
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