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Abstract—We propose an underwater image enhancement
model inspired by the morphology and function of the teleost
fish retina. We aim to solve the problems of underwater image
degradation raised by the blurring and nonuniform color-
biasing. In particular, the feedback from color-sensitive hori-
zontal cells to cones and a red channel compensation are used
to correct the nonuniform color bias. The center-surround
opponent mechanism of the bipolar cells and the feedback
from amacrine cells to interplexiform cells then to horizontal
cells serve to enhance the edges and contrasts of the output
image. The ganglion cells with color-opponent mechanism are
used for color enhancement and color correction. Finally, we
adopt a luminance based fusion strategy to reconstruct the
enhanced image from the outputs of ON and OFF pathways of
fish retina. Our model utilizes the global statistics (i.e., image
contrast) to automatically guide the design of each low-level
filter, which realizes the self adaption of the main parameters.
Extensive qualitative and quantitative evaluations on various
underwater scenes validate the competitive performance of
our technique. Our model also significantly improves the
accuracy of transmission map estimation and local feature
point matching using the underwater image. Our method is
a single image approach that does not require the specialized
prior about the underwater condition or scene structure.

Index Terms—Underwater image processing, biologically
inspired vision, color correction.

I. INTRODUCTION

NDERWATER images often suffer from noise, color

distortion and low contrast, because light is attenuated
when it propagates through water. These problems increase
the difficulty of various tasks such as automatic fish and
plankton detection and recognition. Therefore, many meth-
ods have been proposed to recover or enhance the degraded
underwater images [1].

The noise reduction methods for underwater images
could be roughly classified as wavelet-based and filter-
based [2], [3]. Some algorithms consider the forward and
backward scattering components for removing the noise and
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improving the global contrast [4]. The operation of color
correction aims to reduce the strong color cast that typically
exists in underwater images [5], [6]. Many strategies aim
for a visually pleasing result, but without the capability of
realizing color constancy (CC) that is required for robust
color-vision based applications [7]-[11].

Recently, many CC methods have been built on the
purpose of retrieving the true colors of scenes and the re-
sults of underwater images after CC could be quantitatively
evaluated [10], [12]. However, applying the conventional
CC methods specifically designed for terrestrial environ-
ments on underwater images will lead to the undesired
artifacts since the red component of an underwater image is
generally much weaker than its blue and green components.
Hence, many CC methods have been modified to adapt the
underwater environment.

Henke et al. [13] make an assumption that the average
reflectance is achromatic at the same level of attenuation.
Ancuti et al. [14] develop a compensation version of
shades-of-grey to white-balance the underwater images.
They further exploit an optional channel compensation
mechanism [9] to suppress the possible red artifacts induced
by the conventional gray-world based methods. All of these
methods are based on the uniform color cast assumption.
In practice, the color cast depends on both the water type
and the 3D structures of the scenes, making the uniform
CC of underwater images invalid. Recently, Berman et al.
[10], [15] utilize the prior of the spectral profiles of different
water bodies for nonuniform CC and quantitatively evaluate
their method on a new underwater dataset with varying
color casts taken in different locations. Moreover, several
deep learning-based approaches exploiting the image style
translation mechanisms are recently developed to generate
the enhanced underwater images [16]-[18].

Many enhancement algorithms (e.g., [12], [19]-[21]) for
underwater images are built on the dark channel prior
(DCP) based dehazing mechanisms [22], [23]:

I)\(l',y) :JA((E,y)t(l',y)-l-A)\(].—t(.ﬂ,y)) (1
where I)(z,y) denotes the captured underwater image,
J(x,y) denotes the true image without degradation, ¢(z,y)
is the transmission and A is the homogeneous background
light. The purpose of dehazing is to retrieve Jy(x,y)
from Iy(x,y) without knowing the values of A, and
t(z,y). Early underwater imaging techniques employ the
specialized hardwares [24] and multiple images polarized
over diverse angles [25]. Recently, inspired by outdoor
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The flowchart of the proposed model inspired by the fish retinal mechanisms. The HR, HG, HB denote the red (R), green (G) and blue (B)

sensitive horizontal cells, respectively. The HL denotes the rod-connected horizontal cells. The components of R, G, B and brightness of the input
color image are sent into the corresponding photoreceptors. The outputs of photoreceptors are modulated by the feedback of horizontal cell and then
transmitted into the RF center of bipolar cell, while the outputs of horizontal cells after sigmoid modulation are transmitted into the RF surround of
bipolar cell. The RF center of bipolar cell in the cone pathway also receives the input from the bipolar cell in the rod pathway after gamma modulation
by the amacrine cell. The outputs of bipolar cells are transmitted into the color-opponent ganglion cells for further processing. The final output is
obtained by integrating the outputs of ON- and OFF-ganglion cells (with a kind of the wavelet based fusion).

dehazing [26], several DCP based solutions for underwater
images have been introduced [12], [19], [21], [27], [28].
For example, Chiang and Chen [12] segment the foreground
of the scene based on a depth estimate resulting from the
DCP [26]. Galdran et al. [21] introduce the red channel
transmission to recover the colors associated with the short
wavelengths in underwater. These methods rely on the
estimation of ¢(x,y) and Ay, which require specialized
priors. Our proposed model essentially does not rely on the
DCP-based dehazing mechanisms, which is advantageous
since DCP may not always hold true [29], [30]. Besides,
without using DCP, Ancuti et al. [9] propose to fuse the
advantages of color balancing and enhancement. We follow
this spirit to design an underwater image enhancement
model using the adaptive retinal mechanisms [31]-[33].
Specifically, we propose a teleost fish retina inspired
image enhancement model to solve the blurring and nonuni-
form color biasing problems of underwater images. The
main contributions are as follows. (i) We imitate the retinal
feedback mechanisms from color-sensitive horizontal cells
to cones to introduce a nonuniform CC processing, which
can well handle the nonuniform color bias in underwater
images compared to previous state-of-the-art methods (SO-
TAs) that are usually built on the assumption of uniform
color bias (e.g., gray world assumption). The experiments
show that the accuracy of DCP based transmission estima-
tion benefits significantly from our proposed nonuniform

CC method. (ii) A new sharpening operation modeling the
color-opponent mechanisms of retinal ganglion cells is pro-
posed for color enhancement and color correction, which is
quite flexible to adjust the color appearance of underwater
images. (iii) The center-surround opponent mechanisms of
bipolar cells are used for flexibly filtering out the low-pass
and band-pass frequencies of underwater images, which
can effectively transfer the edge and contrast information
to the output. (iv) The main model parameters of each
low-level filter adapt according to the global contrast of
the input image, mimicking the dynamic modulation of the
surrounding region to the central part of the receptive field
(RF) of a neuron.

The main hypothesis underlying our work is that the
visual systems of ocean creatures have evolved to adapt to
the natural statistics of the aquatic scenes [34]-[39]. Thus,
modeling the perception and imaging mechanisms of the
ocean creatures (their physical optics, photoreceptors and
neurophysiological mechanisms) will certainly give us new
insights to the information processing of underwater images
(1], [24].

In section II, we briefly introduce the related retinal struc-
ture and function of teleost fish and their intrinsic relations
to the underwater image degradation. The proposed model
will be introduced in section III. We present qualitative
and quantitative assessments of our model on the datasets
captured under various underwater environments in section
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Fig. 2. The light source color map estimated by Ancuti et al. [14], Grey
edge [50] and our HC feedbacks based method for an underwater image
with the obvious nonuniform color bias.

IV and make conclusion in section V.

II. INTRODUCTION TO THE TELEOST FISH RETINA

In the ocean, it is quite challenging to obtain good
visibility of objects at long distances due to the absorptive
and scattering natures of seawater. The deeper the water
is, the less chromatic and contrast variations the aquatic
scenes contain. Previous studies indicate that many deep-
sea species, particularly the crustaceans, cephalopods and
fish, have evolved to own highly adapted deep-sea visual
systems with the specific mechanisms of spatial resolution,
contrast sensitivity and color discrimination [34]-[39].

The retinal structure of teleost fishes mainly consists of
the photoreceptor, horizontal cell, bipolar cell, and ganglion
cell. The diversity of fish’s behaviors and the living environ-
ments results in various retinal architectures and functions
[31]. Photoreceptors include the rod and cone cells. Fishes
living in deep-sea only have rod cells in order to adapt
to the weakly illuminated environments [32]. In contrast,
fishes living in broad spectral environments possess color
vision because their cone cells can differentiate spectral
of different wavelengths. Cone cells with the structure of
double-cone are generally sensitive to the longer wave-
lengths, while the cone cells with the structure of single
cone are maximally sensitive to the shorter wavelengths
[31]. In cyprinid fishes, the cone cells with double-cone
structure make up nearly 50% of the cone cells [40], which
may be the results of adaption to the bluish environments.

In fish retina, there are three types of cone-connected
horizontal cells and one type of rod-connected cells [31],
[41]-[43]. Horizontal cells possess the biggest RF in the
retina, which mainly receive the input from photoreceptors
and then produce the feedback signals to photoreceptors
[44]. The feedback signals are considered important for
discounting the widely existing nonuniform color bias and
thus the fish visual system could adapt to the color varia-
tions of underwater environment (e.g., realizing the color
constancy) [45]-[49]. The RF of bipolar cells presents a
typical center-surround opponent structure. Based on the
responsive pattern to stimulus, bipolar cells can be further
classified into ON-center and OFF-center based types. The
ON-center bipolar cells are excited by light stimulation at
the RF center but are inhibited at the RF surround. The
OFF-center bipolar cells exhibit the opposite properties. In
the retina of some fishes, the bipolar cells also possess a
color-opponent property. The spatial center-surround RFs
with color-opponent mechanisms play roles in enhancing
the contents of high-pass and band-pass frequencies of an
underwater image and thus promoting the transfer of edges

: R
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Fig. 3. The color distributions of the underwater images of ImageNet.
(a) R vs. G space, (b) R vs. B space. In each panel, each blue dot denotes
the average of the estimated light source colors of an image, the red dot
denotes the center of all blue dots, the black dot denotes the center of R
vs. G and R vs. B space, the green dot denotes the center of the estimated
light source colors of all images with § =0.29. The location of green dot
is very close to the black dot in both R vs. G and R vs. B spaces.

and color contrast to the output image [46], [48], [49],
[51], [52].

As the last layer of retina, ganglion cells directly receive
the input from the bipolar cells and thus have both the
center-surround and the color-opponent RF structures [53],
[54]. Abundant studies have shown that the ON-center
type and OFF-center type ganglion cells are functionally
asymmetric when encoding the visual signals [55]-[58].
For example, the ON-center ganglion cells can encode the
information with the relatively high luminance, while the
OFF-center ganglion cells are more sensitive to the infor-
mation with the relatively low luminance [58]. The retina
thus selectively fuses the ON and OFF visual pathways
to further enhance the details of the bright and dark parts
of visual information, which makes the fish visual system
highly sensitive to both the luminance and color defined
boundaries. Moreover, the RF property of neurons highly
depends on the contrast of the visual stimuli in the dynamic
environment [33], [59].

III. THE FISH RETINA INSPIRED MODEL

As shown in Fig. 1, our model follows the basic visual
signal processing mechanisms in the teleost fish retina.

A. Photoreceptors

As the first layer of retina, the photoreceptors can be
classified into the rod and cone types, serving to transmit
the received light signal into the neural response. Based on
the sensitivity to the wavelength of the spectra, cone cells
can be further separated into long (R), middle (G) and short
(B) types [60]. We separate the underwater image f(x,y)
into R, G and B channels and treat them as the inputs to
cone cells. We simply define the luminance signal received
by rod cells as

L(x,y):(fR(:L’,y)Jrfg(o:,y)+f3(x,y))/3 2

B. Horizontal Cells

Horizontal cells (HCs) have the biggest RF size in the
retina, which makes it possible to integrate the signals from
photoreceptors over relatively large regions. The feedback
from HCs to photoreceptors is the first feedback path
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Fig. 4. CC with various values of 6. (a) original images, (b) 8 = 0.15, (c) 8§ = 0.3, (d) 8 = 0.45, (e) images with the global contrast improvement.

in the retina (e.g., the bidirectional arrow between the
photoreceptors and HCs shown in Fig. 1), which is crucial
to the realization of CC. In the existing CC models inspired
by the retina mechanisms [61], the global mean of each of
the R, G, B channels is used as the feedback of HCs to
each cone type, which obviously neglects the nonuniform
color variation of the underwater environment. Besides, the
interplexiform cells also have the inhibitory regulation to
horizontal cells, which is not considered by most of the
retina based models. In our model, we use a local mean
filter to simulate the RF of HCs, which first estimates the
local light source colors from the input, and then returns
the estimated local signal as the feedback to correct the
signal encoded by the cone cells. Based on the fact that fish
eyes are more sensitive to longer wavelength lights [31],
[40], [62], [63] and the red component of an underwater
image is generally much weaker than its blue and green
components, such HC feedbacks in the red channel are
calculated globally using the bright parts of the scene so
as to avoid the red artifact after CC processing. The HC
feedbacks in the three channels are calculated as

HCFR(z,y) = r;l:gg{{fzz(% y)ymeany '}

HCFG(:Evy) = {fG(iU,y)}memexN (3)

HCFp(z,y) = {fp(z,y)}meanyxn
where 6 is a parameter controlling the selection of the
bright parts in the red channel. We set HCFr(z,y) =
max({fr}nxn) to control the selection when there is no
pixel value higher than 6 in the local window {fr}nxn
centered at (x,y). Fig. 2 shows the significant difference
between the estimated light source color map returned by
HC feedbacks (i.e., HCF\(x,y),\ € {R, G, B}) and two
methods usually used for CC processing of an underwater
image [14], [50]. Note that our proposed HC feedbacks
estimate a spatially varying light source color map, which
is quite useful for nonuniform CC since the color attenu-
ation within an underwater image is usually not spectrally
uniform [10]. In contrast, the conventional methods always
return an uniform light source color map.

With the HC feedbacks, the cone signals become

_ Iazy)
O\ = F6E )

Then, the interplexiform cells release dopamine to inhibit
the activity of horizontal cells in dark environment to
improve the contrast of image components with the inter-
mediate brightness [64], [65]. Therefore, we further use the

, Ae{R,G,B} (4

stgmoid function to suppress the dim part of cone signals
after being modulated by HC feedbacks and the final cone
signals are

1
1 + ¢—10(CSx(z,y)-0.5)’

CO)\(CL',y): AG{RvGaB}

We can easily get the output of rod cells CO,.oq(z, y) 5/?21)1
Egs (3)~(5) with the input L(z,y) except that the rod
pathway has only one channel (i.e., A € L). Finally, the
modulated signals (i.e., COx(z,y) and CO,pq(x,y)) are
sent to the layer of bipolar cells with the spatial center-
surround RF for locally enhancing the contrasts and edges.

C. Bipolar Cells

The visual signal processing in retina is divided into the
ON and OFF pathways from the layer of bipolar cells.
Moreover, the bipolar cells on the rod pathways can excite
or inhibit the bipolar cells on the cone pathways via the
amacrine cells. Hence, the RF center of the bipolar cells on
the cone pathways also receives inputs from the amacrine
cells (as indicated by the black and gray arrows from the
amacrine cells to bipolar cells in Fig. 1).

We define a two-dimensional Gaussian function as:

4ol0,9) = 5oz exp(~(a? +17)/(207) (6
The response of bipolar cells could be calculated by con-
volving the cone signals with a Difference of Gaussian
(DOG) function as:

Bp(xv y):max[O, (.fbc® goc)(xa y) —kx (fbs® gos)(l'7 y)]
By )20, (7' 00.)0) (102 9, ) )
where Bp and Bp' denote respectively the outputs (0%
ON and OFF bipolar cells, ® indicates the convolution
operation. fi,. and fj,s denote the inputs to the central and
surround RF of ON bipolar cells. f/, and f;, are the inputs
to the central and surround RF of OFF bipolar cells (see
Egs. (10)~(12) for computation). For the rod pathway of
bipolar cells, fy.r and fpsr are respectively the signals of
rod cells and the signals of rod cells after modulation by
the rod horizontal cells:

fbcL - COrod (Z‘, y)

®)
fbsL = {COrod(x, y)}meaanN
Similarly, we can compute the output of rod bipolar cells

as:

Bprod = maX[07 (fbcL® gtfc)(xﬂ y) —kx (fbsL® gas)(x7 y)]
©)
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The results of various approaches on the underwater images with nonuniform color bias. Taking the first underwater image as an example,

the first column shows the original image, the second to seventh columns list the corrected images and the corresponding estimated light source colors

by different approaches.

For the cone pathway of bipolar cells, there are two types
of inputs. One input is directly from the cones and another
one is from the rod bipolar cells after being modulated by
amacrine cells. We use the gamma correction to simulate
the nonlinear modulation of amacrine cells, hence the input
to the RF center of cone bipolar cells f. is given by

fbc(xvy) = C’O,\(x,y) * Bp:od

We experimentally set the y value to 0.5 in this work. fy
is the cone signal locally processed by the horizontal cells,
which is treated as the input to the RF surround of cone
bipolar cells.

(10)

an

Finally, the signals along the OFF pathway f’, . and f’,,
can be simply obtained by

f lgc =1- f bc

f lgs =1- f bs
In Egs (7) and (9), the parameters o., o5 and k need to
be determined. 0. and o, are respectively the central and
surrounding scales of the DOG, which helps to reduce
the image blurriness. o4 is commonly restricted to the
three times of o, based on the physiological findings [66].
With extensive experiments, we found that for most of the
underwater images, when o, is set between 0.2 to 0.5, the
processed images by DOG are clear and insensitive to this
parameter, hence we always set o.=0.3 in this work. & is
a weight that controls the inhibition of the RF surround to
the RF center.

fos(z,y) = {CO\(z,y) ymeann«n

12)

D. Ganglion Cells

The amounts and types of ganglion cells for processing
the red and green components are far more than that for the
blue component in the fish visual system [53], [54], [67].
The fine processing of the red and green components at the
ganglion level may be an adaption to the bluish underwater
environments. To make the final enhanced images more
suitable to the sense of human visual system, we choose

the single opponent cells with the red-green and blue-
yellow color opponent mechanisms to improve the color
contrast of images [68]. The RF center and surround of
ON and OFF ganglion cells receive the signals from the
bipolar cells (i.e., Bp and Bp'), which constitutes the
RF of ganglion cells with the red center/green surround,
green center/red surround, blue center/yellow surround, and
yellow center/blue surround (Fig. 1). The signals of yellow
channel are equal to the average of signals of red and green
channels from the bipolar cells [69], which are computed

as:
Bpy = (Bpg + Bpg)/2
Bply = (Bpg + Bpjp)/2
Finally, the responses of ganglion cells are calculated using
a new DOG operation with the color opponency (DOGCO),
which are written as
Gg(xv y):max[O, (f95® ch+
mx (fgd® go. = f9s© 9o.)) (2, Y)]
Gy'(z,y)=max[0, (f' ;@ go,+
m* (f/gc® Yo, _f/gs® gas))('r5 y)]
where Gg and G¢' denote respectively the outputs of ON
and OFF ganglion cells, fye, fgs, [y and fgs represents
the signals from the bipolar cells (i.e., Bp and Bp').
Taking the ON-type ganglion cells with the red center/green
surround as an example (Fig. 1), its central RF takes the red
component of Bp as the input f,., while its surrounding
RF takes the green component of Bp as the input fg,.
Similarly, for the OFF-type ganglion cells with the red
center/green surround mechanisms, its central RF takes
the red component of Bp’ as the input f;c, while its
surrounding RF takes the green component of Bp' as the
input f;s. In Egs (14), 0. and o, are the scales of the
central and surrounding RFs of ganglion cells and we
set them with the same values as that of bipolar cells.
Similarly, m denotes the weight that controls the influence
of surrounding RF to the central RF.
The DOGCO operation seems similar to the unsharp
masking used in [9]. However, there are three clear dif-
ferences. 1) The DOGCO operation is calculated in the

13)

(14)
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Fig. 7. Zoomed-in view of the ROIs in the images of Fig. 6.

color opponent space, but the unsharp masking in [9] is
computed in the luminance space. 2) The parameter m in
DOGCO operation is automatically determined according
to the global contrast of the image, but the operation in
[9] uses the histogram stretching technique to avoid the
parameter setting. 3) The purpose of DOGCO operation
is for color correction and color enhancement, but the
purpose of [9] is for sharpening the image that is quite
similar to the step of DOG processing in our algorithm.
The color-opponent mechanisms used in DOGCO operation
provide an adaptive way for adjusting the color appearance
of underwater images during enhancement.

E. Automatic setting of the parameters k and m according
to adaptive neural mechanisms

In Egs (7) and (14), the interactions between the RF
center and surround of bipolar cells and ganglion cells are
modelled by a DOG function. However, the efficiency of
DOG in transferring the edges and color contrast depends
on the appropriate weights of the RF surround (i.e, £ and
m), which are difficult to tune automatically. Fortunately,
a solution has already been found in the mammal visual
system in the form of dynamic, contrast-based, centre-
surround cortical interactions [33], [59], which have not
been presented in the HVS inspired formulations [61],
[71], [72]. For example, the influence of the surrounding
RF on the central RF typically varies depending on the
local contrast of both the centre and surround, with greater
inhibition for higher contrast stimuli [33]. Although the
ultimate purpose of these non-linear interactions is not fully

known, we speculate that they might play a role in color
and contrast enhancement and accordingly, we propose an
adaptive model that overcomes the need for ad-hoc or
dataset-dependent parameters (and in this sense, it is fully
automatic).

Specifically, when the blurriness of an underwater image
is relatively high, which corresponds to the low contrast
stimuli, a larger k£ calls more signals of surrounding RF
to improve the local contrast [73]. We have found that the
parameter k is positively correlated to the dense of haze
within the underwater images. Since the dense of haze may
act as an indicator for coding the contrast of an underwater
image (e.g., higher dense of haze corresponds to lower
contrast of image), we directly estimate the dense of haze
in the image utilizing DCP [26], which is used as a measure
to automatically set the parameter k.

The values of k are roughly proportional to the average
dense of haze. Based on the DCP model, ¢(z,y) in Eq. (1)
can be written as:

. . I)\(x? y)

t =1- ——=), A€ {R,G,B
(gc,y) ;lzleng(min A)\(l’,y)), < { T }
where () is a square patch centered at (z,y). We estimate
the background light A (x,y) as the estimated nonuniform

light source color map:

A,\(x,y) = HCFA(xvy)ﬂ A€ {RvaB} (16)

Note that the background light Ay (x,y) is heterogeneous
compared to Eq. (1). Therefore, as opposed to the common
assumption in DCP based dehazing [30], the estimated
transmission ¢(z, y) is spatially color-dependent. Since cor-
rect depth estimation requires both the background light
and the transmission of an underwater image to be correctly
estimated [9], we will quantitatively show that our proposed
nonuniform light source color map would help provide
better depth estimation than that of the homogeneous back-
ground light (see Fig. 13).

Finally, the value of k£ can be simply calculated using
the estimated haze in the image as:

_ . . Ik(xz y)
k= mean(mr)rynenQ (mAm 714)\(% ) ))

We use the similar adaptive mechanisms to control the

a7)
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Fig. 8.

The influence of parameter setting on the appearance of processed images. The top row lists the results of bipolar cells with £=0.0, 0.2,

0.4, 0.6, 0.8, the bottom row lists the results of ganglion cells with m=0.0, 0.2, 0.4, 0.6, 0.8.

setting of parameter m. We found that the values of m are
roughly negatively correlated to the saturation of the output
image from the bipolar cells. Note that the saturation of
image could be treated as a simple measurement of the
color contrast of image. The saturation of an image can be
calculated as [74]

S(z,y) =1 3min(Bpg, Bpa, Bpg)

Bpr + Bpg + Bpp
We take the average of the second term in Eq. (18) over
the whole image as the value of m:

(18)

3min(Bppg, Bpg, BpB))

Bpr + Bpc + Bpp
The values of m are inversely proportional to the saturation
of the output from the bipolar cells. The lower saturation
intuitively indicates the higher value of m, thus the greater
contributions from the surrounding RF to the central RF,
which can help enhance the color contrast of underwater
images.

19)

m = mean(

F. Fusion of ON and OFF Channels

We simply use a weighted wavelet method to fuse the
signals from the ON-type and OFF-type ganglion cells. The
purpose is to combine the advantages of both channels.
Moreover, the potential artifacts due to the oversaturated
regions of each channel can be minimized during wavelet
fusion.

Output(z, y) =waveletfwon (z,y)*Gg(z,y)+

worr(z,y)*Gg' (z,y)}2
where woy and wopp are the weights controlling respec-
tively the contributions of the signals from the OFF and
ON channels. To emphasize the weight of bright parts of
images and weaken the weight of dark parts of images, a
sigmoid function is introduced

(20)

1
F(Gg(x,y)) = 1 + 6—10(Gg(m,y)—0.5) (21)
The normalized weight of the ON pathway is
F(Gy(z,y))
won (z,y) = (22)
)= Gylany) + FGola9)
and the weight of the OFF pathway is
worr(z,y) =1—won(z,y) (23)

Note that our fusion of the luminance information pro-
cessed by the ON and OFF pathways using Eq. (20)
is different from other fusion based methods [9], [14],
which use various weights to highlight specific regions
(e.g., Laplacian contrast weight, saliency weight, saturation
weight).

IV. EXPERIMENTS AND COMPARISONS

This section will first show the function of each layer,
the influence of parameter settings on the performance in
detail, and a comprehensive validation of our proposed
nonuniform CC introduced in Section III. We will then
compare our method with the existing underwater image
restoration/enhancement techniques based on the qualitative
and quantitative evaluations on various datasets.

A. Function of each layer

1) Horizontal cells and nonuniform color correction:
The processing by the horizontal cells involved in the oper-
ations of Egs (3) and (4) acts as a nonuniform CC approach,
but with a parameter 6 dependent global compensation for
the red channel. We first determined the suitable value of
0 using the average statistics of the estimated nonuniform
light source colors. We selected the underwater subset
(n09376526) of ImageNet as the validation dataset that
contains 1069 color images. The images in this subset were
captured in various underwater scenes at different depths,
which roughly meets the requirement of scene diversity
under the nonuniform color bias.

We first set 6 =0.0 for Eq. (3) and the blue dots in Fig. 3
show the average of the estimated nonuniform light source
colors of each image in the underwater subset in the R vs. G
and R vs. B plots. The centers of these blue dots are denoted
by the red dots. We can observe that the red dots locate far
away from the centers of R vs. G and R vs. B spaces (i.e.,
the point with R=G=1/3 or R=B=1/3, as indicated by the
black dots in Fig. 3 (a) and (b)). This implies that the red
channel is overall weaker than the green and blue channels
for most of the underwater images. Thus, we need to adjust
the value of 6 to compensate the red channel so that the
average reflectance of the images is achromatic (i.e., the red
dots should coincide with the black dots). Our hypothesis
for this step is that normalizing the color distributions by
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Original image Treibitz 2009 He 2011

UIQM=1.201
UCIQE=0.611

Fattal 2014 Ancuti 2012 Our results

UIQM=0.703
UCIQE=0.593

UIQM=0.861
UCIQE=0.642

Fig. 9. Underwater dehazing of extreme scenes characterized by the nonuniform illumination condition. Our method performs better than the earlier
approaches of Treibitz and Schechner [25], He et al. [26], Fattal [75] and Ancuti et al. [14].

Original images Drews et al. 2013 Ancuti et al. 2017

Peng et al. 2015
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Comparison of the CC results by different approaches on the challenging underwater scenes. From left to right: the original underwater

images, the results by Peng et al. 2015 [29], Drews et al. 2013 [27], Ancuti et al. 2017 [76], Ancuti et al. 2018 [9], Berman et al. 2018 [15], Emberton
et al. 2018 [77], and our results. The quantitative measures associated to these images are provided in Table II.

moving the distributions of chromaticities will make their
averages roughly converge to the achromatic assumption
[78] and will not be sensitive to the color distributions
of images, since this subset has already contained many
colorful scenes captured by various camera settings.

By exhaustive searching of 6 with a step of 0.01, we
found that with 6 =0.29 , the centers of the average of
the estimated nonuniform light source colors (as indicated
by the green dots in Fig. 3) are closest to the black
dots. Therefore, we always set § =0.29 for the following
experiments. To intuitively show the influence of 6 on
color correction, Fig. 4 gives the results of two underwater
images with 6=0.15, 0.3 and 0.45. We observe that both
images get better color recovery with # =0.3 (e.g., Fig. 4
(c)). In contrast, with §=0.15, the corrected images present
a little reddish appearance (Fig. 4 (b)), while with §=0.45,
the images appear a little bluish (e.g. Fig. 4 (d)). Fig. 4 (e)
shows the results after the global contrast improvement by
applying Eq. (5) on Fig. 4 (c).

Another merit of the feedbacks from color-sensitive
horizontal cells to cones is to introduce a nonuniform
CC processing. Fig. 5 shows the comparisons of CC
and the corresponding estimated light source colors for
different images with the nonuniform color bias by various
approaches. The approaches based on uniform color bias
assumption [14], [50], [78], [79] always return an estimated
single light source color, which could not effectively re-

move the nonuniform color bias. For example, the color
bias in the images given by Ancuti et al. 2012 [14] and Grey
edge [50] still exists. However, our proposed nonuniform
CC approach returns the estimated multiple light source
colors, which could well handle the nonuniform color bias
in the underwater images. Section IV will present more
results of CC for underwater images with nonuniform color
bias using quantitative measurements.

2) Bipolar cells and ganglion cells: With an adaptive
DOG processing, bipolar cells further improve the local
contrast of images and thus help remove the haze. Fig. 6
shows an underwater image enhanced respectively by the
ON and OFF pathways of bipolar cells and ganglion cells,
where the nonuniform haze is significantly removed. We
found that the ON and OFF channels play complemen-
tary roles in enhancing the local contrast of images. For
example, the DOG processing with ON channel usually
leads to oversaturated regions with brighter highlights and
darker shadows (e.g, the ROIs in Fig. 6). However, the
DOG processing with OFF channel can well preserve the
details of bright and dark regions and thus help balance the
over-enhanced results by ON channel after fusion (e.g, Fig.
7). Thus, the final output is better than the outputs before
fusion qualitatively and quantitatively (i.e., UCIQE=0.6103
vs. UCIQE=0.6059 or 0.5736). Though the processing
by bipolar cell seems to reduce the color contrast, the
following color-opponent processing by ganglion cells can

1057-7149 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2019.2919947, IEEE

Transactions on Image Processing

A MANUSCRIPT SUBMITTED TO IEEE TRANS. IMAGE PROCESSING

improve the color contrast.

In section III E, we adopt the global statistics of image
(e.g., the dense of haze and the color saturation) to automat-
ically control the setting of parameter k& and m for guiding
the color enhancement and dehazing. To illustrate how the
parameters influence the results, we take the ON pathway
as an example. We tested various values of k£ and m in Eqgs.
(7) and (14), and the results are listed in Fig. 8, in which
the results of bipolar layer are shown in the top row and
the results of ganglion layer are shown in the bottom row.
We can see that with the increasing of the parameter k, the
haze in the image is gradually reduced, until some details
in the dark parts of image are also suppressed (Note that
the fusion with OFF pathway could balance this issue as
indicated in Fig. 6 and Fig. 7). The similar trends hold true
for the results of color enhancement with ganglion cells
shown in the bottom row. With the increase of parameter
m, the color saturation of image becomes higher, and thus
help enhance the color contrast of image. In this case, our
models use the global statistics to automatically calculate
the values k as 0.66 and m as 0.71, which provide the
performances that are quite close to the images in the fourth
column of Fig. 8.

B. Underwater Dehazing and Color Correction Evalua-
tions

We adopted five metrics to quantitatively evaluate the
proposed method. The first two are the recently developed
underwater color image quality evaluation metrics: UCIQF
[70] and UIQM [80]. The third metric is the reproduction
angular error (RAF) that is used to evaluate the performance
of color restoration [10], [82]. The fourth metric is the
Pearson correlation coefficient (p) that measures the cor-
relation between the true depth and the negative logarithm
of the estimated transmission map [15]. The p has a value
between -1 and +1, where +1 is a perfect correlation,
indicating a good transmission estimation, while lower
values indicate that the 3D structures of the scenes are
not estimated correctly. A negative value implies a wrong
estimation of the background light or that the used prior is
not valid for that scene [10]. We finally applied an indirect
evaluation to demonstrate the usefulness of our approach
on assisting to solve the challenging task of local feature
point matching [9].

We first evaluated our proposed approach on a new
underwater dataset that contains color charts and the 3D
structures of the scenes with stereo imaging as the ground
truth [10], [15]. We present the results on the RAW images
for fair comparison, where we adopted the standard camera
pipeline as recommended by Berman et al. [15] to convert
the RAW data into the format that our method could handle.
We used the code provided by the authors of [15] for the
calculation of RAE and p. The results of other methods
on this dataset are also cited from Berman et al. [15].

As can be observed in Fig. 10, due to the underlying
assumption of uniform color bias, the underwater image
processing approaches of [27], [29], [77] are not able to

consistently correct the colors in the images, and visually,
even increase the color bias. In contrast, the underwater
processing approaches exploiting the local color properties
of images (e.g, the GW assumption with a red channel
compensation on highly attenuated local regions in [9],
the multiple spectral profiles of different water types in
[15], and estimating a nonuniform light source color map
proposed by our method) obtain more consistent color
appearance and thus the high robustness in preserving
the color consistency for different underwater scenes. Our
method is rather effective in restoring the colors across
different distances, as demonstrated by the color charts
on the fourth row of Fig. 10. Table II shows the median
and mean RAFE on the Berman et al. dataset [15] for each
method. By comparing the input images and the results
by global contrast stretching (i.e., Orig. vs Cont.), we see
that a global operation cannot compensate for the distance-
dependent color degradation. While the RAE of the contrast
stretching is often lower than the original input for the
closest chart (f1), and this difference often diminishes
for farther charts, demonstrating that a nonuniform color
correction is required. Our proposed method shows the
lowest RAE and thus obtains the significantly better CC
performance than previous algorithms [9], [27], [29], [77].
Compared to the recent SOTAs, our proposed method also
obtains better performance (e.g., 5.44° of our method vs
5.76° of [76] and 7.03° of [15]). Fig. 12 presents the results
of our method under various settings of parameter k and m
by an exhaustive searching for two examples from Berman
et al. dataset [15]. Our method can even further obtain
better performance of CC if we fine tune each parameter.
However, the automatically setting of £ and m according
to the adaptive neural mechanisms has already allowed to
obtain comparable results (e.g., the red star) that are close
to those adopting the optimal parameters by an exhaustive
search, which further proves the generalizability of our
automatic method for real-world application.

Fig. 11 further presents the results obtained on seven
underwater images [28] by several recent underwater dehaz-
ing approaches. Table I and III provides the corresponding
quantitative evaluation using the metrics of UIQE [80] and
UCIQE [70] specifically designed to evaluate the perfor-
mance of underwater image enhancement approaches. As
can be observed, the outdoor dehazing approache of He
et al. [26] performs poorly for the underwater scenes in
terms of both color correction and contrast enhancement.
The recent underwater dehazing approaches of Drews et
al. [27], Galdran et al. [21], and Ancuti et al. [81] show
higher robustness than the outdoor method in recovering
the visibility of the considered scenes. However, the images
processed by these approaches still suffer from the obvious
color bias (e.g., the pictures of Diver 1 and Coral reef
3 in Fig. 11). Our approach outperforms them in color
correction, and has similar or in general higher values of the
UIQM, CM, SM, ConM, and UCIQE metrics. Compared
to the recent multiscale approach proposed in [9] and the
method used the prior of water types [10], our proposed
method produces images with the higher sharpness and bet-
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TABLE I
THE MEASURE OF UIQM, CM, SM, AND CONM [80] ON MULTIPLE IMAGES FOR EACH METHOD IN FIG. 11. LARGER IS BETTER.

He 2011 Drews 2013 Galdran 2015 Ancuti 2016 Berman 2017 Ancuti 2018 Our method

CM | SM [ConM|UIQM | CM | SM |ConM |UIQM SM | ConM |UIQM SM |ConM|UIQM| CM | SM [ ConM | UIQM SM | ConM | UIQM SM | ConM | UIQM

Shipweck  [4.304[3.544/ 0.879 | 1.106 [5.396(5.567|1.299 | 1.652 [6.051{3.819| 1.244 | 1.474 |5.787|4.643| 1.249 | 1.539 |6.025|4.313| 1.157 [ 1.432 [5.177|5.575] 1.256 | 1.611 |7.061/6.105[ 1.133 | 1.553

Coral reef 1 [5.829(4.342| 1.150 | 1.426 [8.002(4.857|1.333 | 1.648 |5.622[2.876( 1.244 | 1.399 [5.742(6.471| 1.234 | 1.663 |7.400|4.964| 1.259 | 1.584 [6.123]9.019] 1.113 | 1.748 |7.334{11.79( 0.943 | 1.811

Diver 1 |2.844[1.895/ 0.821 | 0.917 [3.761]3.204{0.751 | 0.958 |7.532(1.820| 0.785 | 0.912 |14.95[3.307| 1.095 | 1.363 19.213]2.022| 0.972 | 1.111 |10.46/4.380| 1.347 | 1.643 [8.261[3.554| 1.459 | 1.667

Coral reef 2 |4.315[2.477[0.896 | 1.040 [3.965[2.23110.939 | 1.059 [7.401]3.143( 1.057 | 1.261 [6.47413.909| 1.194 | 1.438 [9.806/3.336| 1.117 | 1.348 [7.987|5.377| 1.188 | 1.555 [8.089|7.190| 1.253 | 1.752

Damselfish [15.06/7.800] 0.835 | 1.466 [11.648.183] 1.168 [ 1.775 [11.95[5.970] 0.985 | 1.442 |12.27|8.741|0.967 | 1.637 [14.88|8.317| 1.036 | 1.687 |8.430[14.15| 0.805 | 1.871 [10.76|16.91| 0.879 | 2.165

5.286) 6.15016.151| 1.172 | 1.585 [10.10/6.462| 1.193 [ 1.657 [6.554{8.053| 1.044 | 1.614 [12.91]12.28| 0.745 | 1.705

Coral Reef 3 [7.083 1.217] 1.568 [8.056[6.004( 1.309 | 1.713 |6.490|5.415| 1.281 | 1.632

Diver2  |3.146[4.206] 0.835 | 1.107 [3.643]6.723[1.072] 1.518 |5.777[3.361| 0.750 | 0.984 |10.33[4.564/0.969 [ 1.309 |6.170|5.580| 0.887 | 1.281 |4.897|6.987| 0.968 | 1.453 |[13.79(7.121| 0.985 | 1.542

Average  [6.08314.221]0.947 | 1.232 [6.351/5.252| 1.124 | 1.474 [7.260[3.772| 1.049 | 1.300 |8.814]5.398(1.125| 1.504 [9.084 1.088 | 1.442 7.648] 1.103 9.74319.278( 1.056 | 1.742

Drews 2013

Galdran 2015

Fig. 11.

Ancuti 2018 Proposed

The results on seven underwater images with various hazes and color bias obtained by the proposed method and the existing outdoor (He et

al. [26]) and the state-of-the-art underwater dehazing algorithms (Drews et al. [27], Galdran et al. [21], Ancuti et al. [81], Berman et al. [10], Ancuti
et al. [9]). The quantitative evaluation associated to these images is provided in Table I and III.

ter color correction performance. Our method quantitatively
obtains the highest colorfulness measure (CM) and sharp-
ness measure (SM) and thus achieves the best performance
in terms of UIQM among all of the approaches. Similarly,
our proposed method also significantly outperforms other
methods on average by achieving the highest UCIQE score.

We have further processed a set of underwater images
that contain the standard Macbeth Color Checker taken by
seven different professional cameras [9]. Fig. 14 shows
the results of our approach on the underwater images
taken with different cameras. It is clear that our approach
effectively removes the color variance in the same scenes
introduced mainly by the changing of cameras and thus
obtains quite consistent color appearance, which further

proves the robustness of our method to different camera
settings [9].

Fig. 15 presents more results on a recent underwater
image dataset proposed by Li et al. [17]. This dataset cur-
rently includes 890 real-world underwater images collected
from the Internet, which possesses diverse color bias and
contrast degradation. Compared to five SOTAs including
two deep learning-based approaches [16], [30], [83]-[85],
our proposed method could effectively remove various color
bias within these scenes and thus preserve quite consistent
color appearance as already shown in Fig. 11, Fig. 10
and Fig. 14. This further proves the robustness of our
proposed method on processing the underwater images with
various color and contrast degradation issues. Fig. 9 further
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TABLE 11
THE RAE IN RGB SPACE BETWEEN THE GRAY-SCALE PATCHES AND A
PURE GRAY COLOR FOR ALL CHARTS IN EACH IMAGE OF BERMAN ET
AL. DATASET [15] FOR MULTIPLE METHODS, INCLUDING THE RESULTS
ON THE ORIGINAL IMAGES AND THE RESULTS BY GLOBAL CONTRAST
STRETCHING (LABELED CONT.). LOWER IS BETTER.

Method | Orig. | Cont. | [27] | [29] | [81] | [76] [9] [77] | [15] | Ours
R3008#1 | 29.18 | 23.73 | 26.74 | 3.19 | 14.89 | 2.25 | 5.00 | 5.14 | 7.05 | 423
R3008#2 | 30.48 | 25.06 | 43.74 | 3.98 |31.75| 2.35 | 3.63 | 825 | 6.32 | 3.49
R3008#3 | 33.24 [ 32.18 | 38.20 | 1.80 | 8.62 | 2.27 | 439 | 588 | 6.71 | 433
R3008#4 | 34.03 | 35.23 | 40.44 | 2.18 | 530 | 2.71 | 3.96 | 580 | 9.88 | 3.08
R3008#5 | 34.08 | 35.05 | 40.05 | 2.62 | 6.01 | 421 | 491 | 576 | 8.27 | 3.46
R3204#1 | 27.43 [ 19.27 | 12.81 | 1.73 | 23.14 | 2.79 | 13.00 | 6.64 | 7.58 | 4.23
R3204#2 | 34.10 [ 34.32 | 32.03 | 7.95 | 13.07 | 3.04 | 424 | 5.08 | 791 | 3.49
R3204#3 | 34.11 | 34.76 | 35.92 | 17.36 | 6.05 | 491 | 6.14 | 7.20 | 9.82 | 433
R3204#4 | 34.21 | 34.71 | 35.66 | 24.66 | 5.76 | 4.76 | 3.21 | 7.29 | 9.12 | 3.09
R3204#5 | 34.21 | 34.84 | 37.30 | 28.01 | 4.17 | 5.83 | 4.88 | 7.62 | 13.94 | 3.46
R4376#1 | 35.17 | 34.80 | 37.00 | 30.29 | 31.19 | 6.58 | 17.05 | 39.10 | 25.28 | 13.06
R4376#2 | 35.21 | 34.64 | 40.27 | 29.65 | 33.69 | 6.85 | 19.87 | 37.73 | 23.80 | 10.41
R4376#3 | 35.13 | 34.70 | 40.86 | 31.26 | 18.61 | 5.55 | 16.62 | 37.04 | 23.10 | 7.43
R4376#4 | 35.96 | 39.01 | 39.33 | 28.61 | 5.22 | 11.25 | 8.47 | 38.07 | 14.04 | 7.15
R4485#1 | 34.37 | 34.76 | 40.39 | 22.08 | 15.69 | 1.74 | 13.89 | 36.46 | 6.36 | 536
R4485#2 | 34.34 [ 35.30 | 46.21 | 33.87 | 1538 | 4.18 | 9.02 [37.91 | 348 | 5.19
R4485#3 | 34.54 | 36.32 | 42.41 | 34.71 | 1243 | 3.12 | 591 [3591| 1.72 | 534
R4491#1 | 34.37 [ 35.19 | 41.76 | 7.75 | 21.85| 6.30 | 13.45|33.42|10.14 | 5.75
R4491#2 | 34.24 | 34.68 | 45.78 | 6.64 | 10.98 | 5.70 | 10.59 | 34.26 | 7.51 | 7.84
R4491#3 | 34.29 | 36.14 | 44.35 | 33.92 | 12.02 | 9.11 | 7.54 | 34.11 | 439 | 4.89
R5450#1 | 34.31 | 34.56 | 28.25 | 17.55 | 18.18 | 6.73 | 7.81 | 27.69 | 12.93 | 10.39
R5450#2 | 34.29 | 33.86 | 35.53 | 28.09 | 11.44 | 5.97 | 13.37 | 24.74 | 11.58 | 547
R5450#3 | 34.45 | 34.06 | 36.56 [ 32.92 | 9.89 | 7.33 | 8.90 | 30.89 | 2.23 | 7.68
R5450#4 | 34.21 | 33.99 | 36.66 | 34.31 | 9.37 | 7.98 | 6.42 | 32.85| 2.38 | 842
R5450#5 | 34.50 | 33.65 | 40.29 [ 34.96 | 2.87 | 9.54 | 472 | 34.48 | 3.59 | 2.86
R5469#1 | 34.28 | 34.09 | 20.11 | 15.85 | 20.50 | 4.92 | 10.17 | 30.29 | 7.01 | 7.69
R5469#2 | 34.36 | 34.39 | 20.67 [ 19.52 | 9.45 | 6.26 | 13.82 | 34.82 | 520 | 542
R5469#3 | 34.38 | 33.98 | 27.36 | 23.26 | 10.95 | 7.38 | 7.47 | 3438 | 1.57 | 8.62
R5469#4 | 34.42 | 34.1529.80 | 24.99 | 593 | 7.05 | 3.09 | 34.75| 2.63 | 6.79
R5478#1 | 34.34 | 34.07 | 23.51 | 33.74 | 25.20 | 4.80 | 12.11 | 31.35| 4.20 | 7.32
R5478#2 | 34.42 | 33.95 | 27.30 | 34.25 | 15.67 | 6.28 | 5.53 | 35.28 | 3.63 | 7.35
R5478#3 | 34.50 | 34.23 | 32.78 | 34.43 | 12.01 | 9.22 | 5.27 | 3549 | 2.83 | 6.49

Mean | 33.91]33.55[35.00 | 21.44 [ 13.98 | 5.59 | 8.58 | 25.49 | 8.32 | 6.06
Median | 34.32 | 34.47 | 36.83 [ 24.82 | 12.01 | 5.76 | 7.51 [33.13 ]| 7.03 [ 5.44

TABLE III
THE MEASURE OF UCIQE [70] ON MULTIPLE UNDERWATER IMAGES
FOR EACH METHOD IN FIG. 11. LARGER IS BETTER.

2 h Original | He 2011 |Drews 2013|Galdran 2015|Ancuti 2016{Berman 2017|Ancuti 2018{Our method|
Shipweck | 0.5035 | 0.5206 | 0.5482 0.6451 0.6547 0.6263 0.6208 | 0.6310
Coralreef 1 [ 0.4977 | 0.5463 | 0.5795 0.5285 0.6582 0.6218 0.6342 | 0.6523
Diver | 0.4125 | 0.4486 | 0.4920 0.5236 0.6140 0.5624 0.5925 | 0.6347
Coral reef2 | 0.4263 | 0.4753 | 0.5427 0.6035 0.6677 0.6532 0.6361 | 0.6755
Damselfish | 0.6899 | 0.6948 [ 0.7140 0.6521 0.7307 0.7276 0.6784 [ 0.7352
Coral Reef3 | 0.6126 | 0.6121 | 0.6002 0.5915 0.6407 0.6854 0.6482 | 0.6915
Diver 2 0.4908 | 0.5479 | 0.5843 0.5569 0.6423 0.6152 0.5904 [ 0.6433
Average 0.5190 | 0.5494 | 0.5801 0.5859 0.6583 0.6417 0.6287 [ 0.6662

considers the extreme cases observed in turbid sea water
with the nonuniform artificial illumination condition [9],
[25], where the images appear quite low contrast and non-
uniformly yellowish due to a strong attenuation of the
blue channel. Our proposed approach performs better than
previous approaches in terms of contrast improvement and
color correction.

C. Applications

Table IV shows that our nonuniform light source map
strategy yields significant improvement in estimating trans-
mission based on the well-known DCP [26]. As can be seen
in Fig. 13, the methods estimating the transmission maps
with the uniform light source assumption yield poor esti-

"

ol

Fig. 12. The average angular error (in terms of RAE) of gray-scale
patches measured for different values of & and m. The five color charts are
numbered and annotated on the images. The panels on the right column
show the RAE for each chart (averaged over the gray-scale patches in
the chart). The red stars indicate the locations of the values of k& and m
automatically determined by our adaptive neural mechanisms.

TABLE 1V
EACH ROW SHOWS THE PEARSON CORRELATION COEFFICIENT p
BETWEEN THE ESTIMATED TRANSMISSION MAPS AND THE GROUND
TRUTH DISTANCE FOR A METHOD. SINCE THE DISTANCE IS
CALCULATED IN METERS, WE CALCULATE THE CORRELATION
BETWEEN THE DISTANCE AND —log(t) [15].

Image R3008 | R4376 | R5478 | R4491 | R5450 | R4485 | R5469 | R3204 | R3158
Drews et al. -028 |-0.71 |-040 |-0.45 |-046 |-0.59 |-043 [-0.30 |-0.26
Peng et al. 0.72 0.43 0.16 0.06 0.15 0.44 0.13 0.68 0.63
Ancuti et al. 0.01 0.12 0.13 0.06 0.39 0.06 0.04 0.11 0.20
Embertonetal. | -0.04 | -0.87 | 0.11 -0.54 1-0.04 [-0.74 [-0.05 |-0.12 |0.06

Bermanetal. |0.93 [0.75 |0.66 |0.80 |0.87 [0.73 [0.90 |0.89 |0.81
DCP (uniform) | -0.02 | -0.62 |-0.41 |-0.27 |-045 |-025 |-0.32 |-0.07 |0.09
DCP (ours) 079 10.74 |0.51 066 047 072 [036 |0.60 |0.81

mates. In contrast, the underwater processing approaches
[15] employing the space-dependent color properties of
images outperform other algorithms in terms of transmis-
sion accuracy. The performance of our method using the
nonuniform color properties is preceded only by the method
proposed by Berman et al. [15]. However, their method
relies on the specific prior of the water types.

Finally, we employed the SIFT [86] operator to extract
the keypoints, and compared the keypoint computation and
matching processes for the original and dehazed images.
We used the original implementation of SIFT applied
exactly in the same way for both cases. The promising
improvements in Fig. 16 demonstrate that by enhancing
the global contrast and the local features of the underwater
images, the number of the matched pairs of keypoints can
be significantly increased.

D. About the robustness

We all know that the robustness of an underwater image
enhancement method is significant because the underwater
images have various quality degradation issues, and the ro-
bustness seems a most serious problem of current methods
[71, [18], [27], [28]. However, the introduced mechanisms
and strategies make our method roughly insensitive to the
parameter settings. For example, in order to automatically
set the parameters k£ and m involved in the DOG models
for the bipolar cells and ganglion cells, we proposed an
adaptive way imitating the contrast-based center-surround
cortical interaction mechanisms [33], [59] to overcome the
need for ad-hoc or dataset-dependent parameters. Specifi-
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Fig. 14. The results of our approach (the second row) on the underwater images taken with different cameras (the first row). The images are provided
by the authors of [9], which were captured approximately one meter away from the subjects using seven different cameras, namely, Canon D10,
FujiFilm Z33, Olympus Tough 6000, Olympus Tough 8000, Pentax W60, Pentax W80, Panasonic TS1.

cally, the parameters k£ and m are inversely proportional to
the contrast of images, which can adaptively enhance the
color contrast for the underwater images with low contrast
or low color saturation, as indicated by Fig. 8, Fig. 10,
Fig. 11, Fig. 12, Fig. 14 and Fig. 15. For example, from
the results presented in Fig. 10, Fig. 11, Fig. 14 and Fig.
15, with the automatic setting of £ and m we can observe
that our proposed method can effectively remove various
color bias contained in these scenes and thus preserve
quite consistent color appearance. In addition, our approach
also performs quite robust to the images taken by different
camera settings (i.e., Fig. 14).
V. CONCLUSION

In this work, we proposed a new underwater image
enhancement model by carefully considering the features
of the underwater environments and the adaptive mecha-
nisms of the teleost fish retina. Extensive experiments on
different underwater datasets show that our method can
simultaneously eliminate the haze and the nonuniform color
bias. Compared to the SOTAs, our technique produces very
competitive performance in terms of both qualitative and
quantitative evaluations. Moreover, for the first time, we
demonstrate the values of modeling the visual mechanisms
of underwater creatures for the challenging underwater
image processing tasks [1], [24].

We attribute the promising results of this work to the
following differences between this work and other existing
methods for underwater image processing. i) We introduced
a nonuniform color correction algorithm, which could well
handle the nonuniform color cast in underwater images
compared to the existing methods that were usually built

on the uniform color cast condition. ii) We imitated the
adaptive retinal mechanisms to control the model parame-
ters of each low-level filter according to the global contrast
of a given image, which overcomes the need for ad-hoc or
dataset-dependent parameters (and in this sense, it is fully
automatic). iii) We exploited the color-opponent mecha-
nisms to flexibly adjust the color appearance of underwater
images during image enhancement. iv) Our algorithm intro-
duced the complementary fusion of luminance information
given by the ON and OFF pathways of the retina, which is
different from those fusion based methods [9], [14] using
various weights (e.g., Laplacian contrast weight, saliency
weight, saturation weight).
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