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Abstract 
 

Pictures confined in underneath are often yield limited visibility and low dissimilarity due to haze in undersea. Existing approaches en-

hance pictures but frequently undergo noise issue; this paper presents a hybrid method for solving mage enhancing difficulty in frequen-

cy domain. Firstly, we propose locally adaptive Non locally robust regularization to deblur the image. The deblurred image has small 

gray-level rate in any color channel. Secondly we used an open dim channel scheme to increase visibility in low-intensity rate. Thirdly, 

gradient guided filter to enhance the details. Later, we use the soft-thresholding process to decrease noise in high-intensity rate to ad-

vance texture information. Finally, image is well enhanced via wavelet domain gradient guided filter. The projected technique intends to 

raise perceptual visibility, keep extra texture information as well lower noise effect. The performance evaluations prove that projected 

scheme give up better results by existing methods. 
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1. Introduction 

Acquiring clear descriptions in ocean environment is a significant 

problem in oceanography engineering [1]. The key challenges that 

ocean imaging suffer from severe degradation due to scattering by 

impurity and organisms in water. The underwater image quality 

plays an essential task for examining survey of undersea popula-

tions, ocean mines, shipwrecks, coral reefs, telecommunication 

cables and evaluating biological surroundings. Acquiring ocean 

descriptions is tough typically owing to haze causes light reflec-

tions, scatterers by element underneath and color alteration owing 

towards wavelength reduction [2] results blur, partial visibility and 

color variation. The element such as sand, minerals and plankton 

also results haze. The reflected beam from substance propagates to 

camera absorb and scatterers the ray. The multi-scattering process 

in [3] dissolves the ray keen on homogeneous surroundings of 

illumination. Usually processing underneath descriptions focuses 

to balance both scatterers or color deformation. The elimination of 

scatterers deformation contain polarization property balance visi-

bility [4] to enhance undersea descriptions [5] and joining point 

spread and modulation transfer function decreases causes of blur 

[6]. Image enhancement based scheme do not acquire causes of 

degradation but mainly improve dissimilarity details as well as 

visual property. Recently lots of researchers have widened pre-

processing schemes for enhancing undersea descriptions. Tradi-

tional schemes increase perceptual eminence but failed to balance 

adaptive degradation. To undertake these issue a few researchers 

added more information for haze reduction. As scatters were in-

definite task of depth was frequently under constrained. Although 

this method is mainly for improving haze visibility and generate 

exciting outcome but fail to support color because enhanced im-

agery does not always enclose maximum dissimilarity. In modern 

day’s major development of haze elimination employ reasonable 

priors or assumptions to exploit local dissimilarity for enhance-

ment.  

In this paper, we use hybrid undersea image enhancement 

method to enhance image via wavelet domain gradient guided 

filter. Our contributions are five-fold: (1) locally adaptive non 

locally robust regularization for deblurring the image; (2) use open 

dim channel model to improve visibility efficiently; (3) gradient 

guided filter to enhance details; (4) exploit soft thresholding for 

noise removal; and (5) projected approach boost perceptual visi-

bility as well as details, but decrease noise effect. Tentative out-

come prove that the projected scheme removes blur, advance visi-

bility, enhance details and remove noise more faithfully with state-

of-the-art process. 

The paper is organized as follows. Section 2 provide a review 

of prior art. Section 3 includes details of projected method. Sec-

tion 4 presents tentative outcome and analysis. The last section 

concludes our paper.  

2. Previous Art 

In this section conventional dehazing methods are summarized 

with wavelet domain gradient guided filter. Image enhancement 

methods not necessary for solving substantial type of degradation, 

but relatively enhance the picture from human visual perception. 

Histogram equalization [6] represents a basic algorithm to solve 

small dissimilarity imagery. It compresses brightness to get more 

uniform exposure characteristics but causes “halo” and brilliance 

distortion. The contrast limited adaptive histogram equalization 

[7] scheme remove fog effects, but lead to noise amplification in 

some hazy imagery. Multi-scale Retinex [8] is to boost dissimi-

larity and brilliance, but lead to halo phenomena in some sharp 

boundary or cause whole picture too bright. Homomorphic filter-

ing [9] based light model practiced foggy color imagery and 
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achieved good enhancement but cannot enhance a foggy image 

with dense fog or inhomogeneous fog. High Boost Filtering [10] 

enhances an image by amplifying high-frequency part to improve 

visibility and boundary but causes color distortion and noise am-

plification. To undertake this difficulty, prior details are added to 

increase intensity.  

In recent years, [11] uses DCP priors invalid when picture appear-

ance inherently alike airlight or true hazy picture. Later, [12, 13] 

employ empirical study on local patches in improved descriptions 

enclosed small albedo rate in any RGB channel. Later, uses soft-

mating method for decreasing haze consequence. Soon after, [14] 

established boundary restraint taking place in transmission pur-

pose, since [15] offered new color alteration for obtaining con-

sistent diffusion but under-estimate whole picture. Differently, 

[16] initially decompose high-excellence imagery into dissimilar 

spatial levels for eliminating haze but difficulty in choosing de-

composition stage. Presently, [17] used wavelet transform to get 

better contrast, but fail to maintain true texture facts. Despite this 

significant development are unacceptable for noisy imagery. 

The wavelet structure in [18] takes care of the difficulty in fre-

quency field, uses [19] for maintaining edges but undergo halo 

artifacts as confined linear form cannot signify image well near 

some edges. Later [20] introduces gradient GF by including a 

boundary-aware constraint into previous GF for avoiding halo 

artifacts but it fail to conserve boundaries. Recently, [21] intro-

duced gradient domain filter to enhance undersea deblurred de-

scriptions. The scheme leads to most visual excellence near the 

boundaries than existing schemes.   

3. Proposed Methodology 

The hybrid approach for recovering true picture from blurry and 

noise descriptions are exposed in Figure 1. The primary phase is to 

create blur with numerical form, added by Gaussian white noise to 

produce blurred & noisy picture. For color imageries, y compo-

nent after iterations eliminate blur. In deblurred image few pels 

have little intensity in any one RGB channel, so [18] uses open 

dim channel process to increase visibility, soft thresholding to 

denoise the image and guided filter (GF) to preserve boundaries. 

But GF can’t correspond to image fine close to a few boundaries. 

So we proposed Gradient guided filter (GGF) by incorporating a 

boundary-aware restraint into GF to preserve the edges better. 

Finally the image is well enhanced via the wavelet domain gradi-

ent guided filter. Tentative results with proposed approach shows 

eminence metric values related towards earlier methods.  

 

 

 

 

 

 

 

 

 
Figure 1: Block diagram of Proposed Methodology

 3.1 Image Deblurring 

In modern days, there has been an emergent concern for learning 

sparse representation [22, 23]. The major purpose is to learn dic-

tionary using compacted sub-dictionaries are grouped into several 

groups. While every group contains several areas with alike pat-

tern, a compacted sub-dictionary learned from each group. Main-

ly, we employ principal component analysis (PCA) method to 

train sub-dictionaries. To code image patch, top sub-dictionary 

that is generally relevant is selected; whole image can be more 

accurately reconstructed. For low complexity, we can compute the 

remoteness among two patches as follows: 

                                     (1) 

 

where 
ib  and 

jb  represent patch position and h  denotes balance 

factor for managing bias. The spatially adaptive regularization is 

considered as follows. 

 

                                           (2) 

 

where 
,r c signify regularization factor for the 

thr coefficient 

thc column in dictionary.  

Now let us consider local regularization term is characterized in 

vector model as 

 

                                           (3) 

 

The nonlocal constraint is denoted in a vector model as 

 

                                                       (4) 

 

Combining (2), (3) and (4), novel regularization term computed as 

 

                             (5) 

 

where a new regularization parameter   is stable controlling AR 

regularization and  provides stability among local variation and 

nonlocal robustness. Later [24] employed these methods for 

deblurring underwater images. 

3.2 Image Dehazing: 

For visibility advancement, [13] give dim channel prior (DCP) 

technique to estimate scene depth. The enhanced representation 

has low gray level in one RGB model, tends to overrate haze 

thickness, which cannot handle particularly bright region. In most 

cases, best possible global underwater radiance is little dim than 

brightest pels. Further creating least operator as  

 

                                       (6) 

 

where 
~

1c cI I= −  denotes inverse picture and 

~

1c cU U= − . For 

ease, the enhanced transmission inference process called open 

dark channel module (ODCM) is crucial to smooth by a boundary 

conserving filter. From ODCM, top 0.1 percent high intensity pel 

was chosen as global radiance.  In [18], transmission is stable, 

often has a tendency to over-estimate haze thickness. To deal with 

this issue, we include inherent edge restraint and morphological 

open function for accurately estimating transmission map as 
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To preserve boundaries [19] used guided filter which assume line-

ar relation among filtered and the guided image, though experi-

ence halo since do not indicate fine picture close to boundaries. 

This paper projected a gradient guided filter through primary-

order boundary-aware constraint to conserve boundaries better 

than GF and generate enhanced imagery. A novel boundary-aware 

weighting defines by 
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where ( )1p is denoted as ( ) ( )
1

1 1

,1 ,G Gp p  , 
1 represents 

window dimension of the filter. The ultimate rate of ( )
^

Z p repre-

sents 
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where 
_

pa and 
_

pb  signifies average rate of 1p
a and 1p

b  in the 

window, denoted as 
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The best possible standards of 1p
a and 1p

b signifies 
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,  shown average rate of complete ( )p .  repre-

sents,
( )( ),

4

min p


 

=
−

. Consequently, boundaries im-

proved well in proposed filter than the GF. 

 

3.3. Image Denoising  

Extremely, earlier dehazing approaches undergo noise in high 

frequency part, eliminated using soft-thresholding function as  

 

( ) ( ) ( ).S D sign D D = −                                                   (13) 

 

where  denotes threshold value and in general expected using 

median of first level decompositions. The degradaded image-

ry ( ) ( ) ( ) ( )( )1I D J D t D U t D= + − , to find texture details 

through gradients. Using gradient form:  

 

( ) ( ).I D t J D   =                                                             (14) 

 

where  denotes confined patch with small dimension. The high-

band component, i.e., horizontal, vertical and diagonal information 

in gradients as  
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Using these gradients, wavelet coefficients are associated among 

low and high-frequency component adaptively.  

3.4. Wavelet Transform Enhancement 

The aim of dehazing is to get better scene radiance via the follow-

ing equation: 
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Where 0t a lower is bound developed to confine transmission and 

its typical rate is 0.1. 

4. Results and Discussion 

We conducted experiments to evaluate the effectiveness of our 

projected scheme. Primary module focus on deblur images 

by LANLR method to improve picture quality. Next mod-

ule portraits dehazing process to improve visibility. Later module 

presents denoising to decrease noise in high-frequency parts. Fi-

nals part is to give quantitative evaluation of images acquired in 

undersea images. 

4.1. Underwater Deblurring Evaluation 

As displayed in Figure 2, matlab projected blur to create blurred 

imagery. Additive gaussian white noise by standard deviations of 

1.414 is then added to blurred picture. To prove the effectiveness 

of deblurring we initially employ adaptive sparse domain to re-

construct but it create over smoothed outcome and a few ringing 

artefact around boundaries. Next used locally adaptive scheme for 

advancing quality and regularized smoothness but fail to develop 

local statistics. Later established non locally robust scheme to 

further improve quality of reconstructed imagery. The tentative 

results illustrated that proposed LANL approach outperforms 

many existing methods both visually and qualitatively 

4.2 Underwater Dehazing Evaluation 

As displayed in Figure 3, DCP underestimate the diffusion task 

tends to over-saturation. To compare this, projected scheme em-

ploys edge restraint and morphological filter for increasing image-

ry. As in Figure 4, an over-saturated result in [14], tend to under-

value the diffusion task. Over-saturated artifacts as well exposed 

in [15] while it try to get better image using edge restraint to re-

store bright colour and limiting over-saturation. Meanwhile [19] 

used GF for regularized transmission to smoothness and regularly 

transmit few texture information but decrease dissimilarity at far 

area. Similarly [18] removes haze control as well as noise contact 

concurrently but cannot conserve boundaries. Therefore, our pro-
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jected approach better preserves the edges mainly suitable for 

enhancing undersea descriptions.  

4.3 Underwater Denoising Evaluation 

The DCP method was extremely perceptive to noise and under-

estimated. The major cause confined space by noise shall create 

entire space dim. As a result our projected technique is not sensi-

tive to noise and expected diffusion map is mainly for proficient 

haze removal. The noise is gradually weakened by wavelet levels 

so noises in low-frequency resolve diffusion evaluation. The mor-

phological filter is good to get rid of noise. However [18] selected 

wavelets decomposition to boost visibility in low-frequency 

whereas noise minimizing noise in high-frequency component 

adaptively; thus enhances picture clear enough. Therefore the 

proposed approaches further reduce noise as well improve texture 

information as in Figure 4. Tentative experimentation has exposed 

its excellent performance. 

4.4 Quantitative comparison     

As shown in Table 1, decomposition level 2 proved enhanced 

outcome among other levels. So we choose level 2 in all experi-

mentation. Though, window dimension predetermined by 8×8 for 

every illustration shown in Table 2. Generally, haze frequently 

decrease visible boundaries and texture details. The quantitative 

metrics showed in Table 3 namely PSNR, RMSE, SSIM, e, ¯r and 

σ, for dehazing undersea imagery. Higher PSNR, SSIM and lesser 

RMSE show improved quality of image. The descriptor e corre-

spond to the rate of boundaries recently perceptible in enhance-

ment; the ¯r express the average gradient at perceptible bounda-

ries; and σ convey the gain of pels which happen to entirely black 

or totally white subsequent to enhancement. Following, higher e 

and ¯r show additional texture information thus generate im-

proved enhancement result, whereas lesser σ signifies fewer data 

loss. 

  

  
a)Blurred imag                   b) ASDS           c)LAR

           d)LANL 
Figure 2: Image deblurring results 

 

 
a) Dark channel                b)Transmission              c) 

Gradient Guided Filter       d) Radiance 

 

 

 
           e) Dark channel                   f) Transmission             g) 

Gradien Guided Filter        h) Refined radiance 

 
Figure 3: Image dehazing results obtained by DCP and ODCM 
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a) Kai 11                                          b) Gaof 13                                            

c) Kai 13 

 

  

 

                     d) Zhu   15                                         e) Xin 17                                                   

f) ours                                                                                                                                                 
Figure 4: Comparison of state_of _the_art methods 

 
Table 1: Proposed method with different levels 

Ours  PSNR RMSE SSIM 

level 0 66.307 0.123 0.9978 

level 2 67.777 0.104 0.9985 

level 4 66.392 0.122 0.9981 

 
Table 2: The PSNR, RMSE and SSIM values of proposed method with 
various patch sizes 

Methods 2X2 4X4 8X8 16X16 

 

Xin 17 

68.704 

0.093 
0.9987 

68.297 

0.090 
0.9986 

67.932 

0.102 
0.9985 

67.777 

0.104 
0.9985 

 

Ours  

68.706 

0.093 

0.9987 

68.300 

0.090 

0.9986 

67.935 

0.102 

0.9985 

67.781 

0.104 

0.9985 

 
Table 3: Quantitative metrics of Proposed Method 

Methods PSNR RMSE SSIM e σ r 

Kai 11 63.154 0.177 0.9958 0.3854 0.3143 1.2966 

Gaof 13 66.108 0.126 0.9981 0.0362 0.4852 1.3846 

Kai 13 63.664 0.167 0.9961 0.2120 0.8850 1.2343 

Zhu 15 65.776 0.131 0.9977 0.064 0.317 0.966 

Xin 17 67.777 0.104 0.9985 0.0259 0.1846 1.2042 

Ours  67.781 0.104 0.9985 0.0242 0.1831 1.2044 

5. Conclusion 

A hybrid underwater image enhancement via wavelet domain 

gradient guided filter is presented. The locally adaptive Non local-

ly robust regularization for deblurring the image, which has small 

gray level in one RGB channel. Accordingly, open dim channel 

module offered to advance visibility and gradient guided filter for 

enhancing details. Although, projected technique established to 

remove haze and noise impact simultaneously. Finally, image is 

well enhanced via wavelet domain gradient guided filter. The 

projected process intends to boost perceptual appearance, however 

maintain extra texture information as well as diminish noise cause. 

Experimental results demonstrated that the projected schemes do 

better than various state-of-the-art processes both visually and 

qualitatively. 
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