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Near-Infrared Fusion via Color Regularization for
Haze and Color Distortion Removals
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Abstract— Different from conventional haze removal methods
based on a single image, near-infrared imaging can provide
two types of multimodal images: one is the near-infrared image
and the other is the visible color image. These two images
have different characteristics regarding color and visibility. The
captured near-infrared image is haze-free, but it is grayscale,
whereas the visible color image has colors, but it contains haze.
There are serious discrepancies in terms of brightness and image
structures between the near-infrared image and the visible color
image. Due to this discrepancy, the direct use of the near-infrared
image for haze removal causes a color distortion problem during
near-infrared fusion. The key objective for the near-infrared
fusion is therefore to remove the color distortion as well as the
haze. To achieve this objective, this paper presents a new near-
infrared fusion model that combines the proposed new color
and depth regularizations with the conventional haze degradation
model. The proposed color regularization sets the color range of
the unknown haze-free image based on the combination of the
two colors of the colorized near-infrared image and the captured
visible color image. That is, the proposed color regularization can
provide color information for the unknown haze-free color image.
The new depth regularization enables the consecutively estimated
depth maps not to be largely deviated, thereby transferring
natural-looking colors and high visibility of the colorized near-
infrared image into the preliminary dehazed version of the
captured visible color image with color distortion and edge
artifacts. Experimental results show that the proposed color
and depth regularizations can help remove the color distortion
and the haze simultaneously. The effectiveness of the proposed
color regularization for the near-infrared fusion is verified by
comparing it with other conventional regularizations.

Index Terms— Coloring, color correction, depth, haze removal,
regularization, multi-modal fusion, near-infrared imaging.

I. INTRODUCTION

ACCORDING to Rayleigh physical scattering model [1],
the intensity of the scattered light by the particles

(e.g., dust or mist) in the atmosphere is inversely propor-
tional to the wavelength of the incident light. Near-infrared
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Fig. 1. An example of captured visible color image, near-infrared gray image,
and fused image are shown in first row from left to right. The second row
illustrates fused image by using the dehazed version of the visible color image
and the near-infrared gray image in the first and second image from left, and
the main issue for the near-infrared fusion in the last row.

lights have relatively long wavelengths between 700 nm and
1100 nm, compared to the visible lights whose wavelength
ranges lie between 400 nm and 700 nm. As particles become
denser, the visible lights get more scattered. These scattered
lights called airlight [2] are blended with the reflected lights
from the objects in the scene, thus degrading the visibility,
contrast, or color fidelity of the captured visible color images.
However, the near-infrared lights are less sensitive to the
atmospheric scattering, in other words, near-infrared lights
can reach the image sensors directly, and thus haze-free near-
infrared gray images can be acquired. In addition, useful
features for saliency detection, tracking, and shadow removal
can be extracted from the near-infrared images [3]–[5].

Based on this scattering property, near-infrared imaging,
which captures the visible color image and the corresponding
near-infrared gray image consecutively, was introduced in [6].
In this paper, two filters each of which either passes or blocks
the near-infrared lights were used to capture both visible color
image and near-infrared image [6], [7]. In the first row of
Fig. 1, an example of the captured visible color image and
near-infrared gray image is provided. In the visible color
image, the contrast and details are almost lost in the haze
region of the mountain and the sky, whereas the near-infrared
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gray image is haze-free, due to the fact that near-infrared lights
scatter less. However, the captured near-infrared gray image
looks unnatural, especially in the grass and the tree regions.
This is because molecular structures cause the vegetation to
‘glow’ when viewed under the near-infrared lights. Also, the
intensity of the near-infrared lights reflected by plants varies
depending on the type of the plant; please refer to [6] for more
details.

A. Main Issue for Near-Infrared Fusion

As shown in Fig. 1, haze-free near-infrared gray images can
be captured via near-infrared imaging. Thus, for haze removal,
a naive fusion can be considered to combine the chrominance
planes of the visible color image with the near-infrared gray
image in an opponent color space (e.g., L∗a∗b∗ [8] and
decorrelated color space [9]). However, there are discrepancies
in the brightness and image structures between the visible
color image and near-infrared gray image, thereby resulting
in unnatural-looking colors (i.e., color distortion) on the fused
image, as shown in the rightmost image of Fig. 1. More
sophisticated fusion methods based on multiresolution rep-
resentation [10], [11] and principal component analysis [6]
can be adopted. However, they all lead to a color distortion
problem. Another approach is using single image dehazing
methods [12]–[16]. Given only the visible color image, some
constraints such as dark prior [12], total variation [13], [14],
gray world assumption [15], and color attenuation prior [16]
can be used to remove the haze. However, the quality of
the dehazed images is not satisfactory so that the haze
still exists, or dehazed colors are distorted [12], [15], [16].
An example of the dehazed version of the visible color image
with the dark prior method [12] is provided in the second
row of Fig. 1 where haze and edge artifacts are shown in the
red box. There is also some discrepancy between the dehazed
image and the near-infrared gray image, and thus the color
distortion problem cannot be avoided in the fused image.

In short, the new issue for the near-infrared fusion is to
preserve high visibility of the captured near-infrared image and
to remove color distortion that appears during image fusion.
The color distortion can also be generated through the haze
removal of the captured visible color image [12], [15], [16].
While fusing the haze-free near-infrared gray image with the
captured visible color image (or its dehazed version), the color
distortion and haze should be removed simultaneously.
Therefore, throughout this paper, a new near-infrared fusion
model is presented to remove the haze as well as the color
distortion on the captured visible color image.

B. Proposed Approach

To handle the main issue related to the near-infrared fusion,
this paper introduces a new near-infrared fusion model based
on the proposed color and depth regularizations. The concept
of the proposed color regularization is simple. If we can
generate unknown colors of the captured near-infrared gray
image, unknown haze-free image can have color information
(or color prior) from the colorized near-infrared image. Also,
since the captured near-infrared gray image is haze-free, high

Fig. 2. The proposed approach based on color and depth regularizations.

visibility and details of the colorized near-infrared image can
be utilized to remove the haze on the captured visible color
image. As shown in Fig. 2, to model the proposed color regu-
larization, we first generate unknown colors of the captured
near-infrared gray image via near-infrared coloring. Then,
we combine a new color regularization with the conventional
haze degradation model to provide the color prior for the
unknown haze-free color image. However, it should be noted
that not only the created near-infrared color image should
be natural-looking without color distortion, but it should also
preserve fine details and high visibility of the captured near-
infrared gray image. The newly added regularization term can
provide the color prior for the unknown haze-free image, so we
call it color regularization.

The proposed depth regularization transfers the natural-
looking colors and high visibility of the colorized near-infrared
image into the initial dehazed version of the captured visible
color image. Different from the conventional depth regular-
ization in [13] and [14] where smoothness constraint between
pixels in the depth map is used, the depth difference constraint
that forces the consecutively estimated depth maps not to be
largely deviated is adopted in this paper. By combining the
proposed color and depth regularizations with the conventional
haze degradation model, our goal of removing the color
distortion and the haze simultaneously can be achieved for
the near-infrared fusion.

C. Our Contribution

• This paper is the first work that attempts to address
the color distortion problem by combining a new color
regularization with the conventional haze degradation
model for near-infrared fusion. As shown in Fig. 1, there
are two causes that generate color distortion during near-
infrared fusion. One is that the used dark prior model [12]
is not appropriate for the estimation of unknown colors
of the haze-free image. The other is that the discrepancy
problem between the captured visible color image and
the near-infrared gray image leads to color distortion
during image fusion. To avoid this color distortion that
comes from these two causes, a color constraint is
introduced in this paper to limit the color range of the
unknown haze-free image. Although the color attenuation
prior [16] and the gray world assumption [15] are used
to improve the colors of the dehazed images, the color
distortion that comes from the discrepancy problem can-
not be removed. In addition, single image dehazing
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TABLE I

NOTATION

methods [12], [15], [16] have limitations in removing the
haze completely, although dark and color priors are
used. Therefore, throughout this paper, it is shown how
effectively the proposed color regularization can simul-
taneously remove color distortion and haze. It is also
shown that the color quality level of the proposed method
is much better than conventional single image dehazing,
image fusion, and near-infrared dehazing.

II. NOTATION

In this paper, bold lowercase is used to indicate column
vectors. For example, xv and xnir indicate the column vectors
that contain the pixel values of the captured visible color image
and near-infrared gray image, respectively. The superscripts
are used to differentiate between the two images. If the cap-
tured images are not grayscale, i.e., there are color channels,
the superscript c is additionally used to indicate the color
channel such as xv(c). To indicate vector elements (i.e., pixels),
the subscript i is used like xv

i . Table I summaries the used
notation throughout this paper.

III. HAZE DEGRADATION MODEL

We first look at the haze degradation model [13], which can
help us to understand how the haze in the images is formed.
The haze degradation model is given by

xv(c)
i = ki x

s(c)
i + (1 − ki )x

a(c)
i (1)

where xa
i is the atmospheric color light and it is a column

vector with the size of 3 × 1. Note that xa
i is a fixed column

vector independent of the pixel location (i), that is, xa
i = xa .

ki is a scalar value indicating the transmission, which describes
the portion of the light that is not scattered and reaches the
camera. Above equation indicates that the i th pixel value of the
visible color image (or haze image) xv(c)

i is given by blending
the i th pixel value of the haze-free image xs(c)

i with the
atmospheric color light xa(c)

i , according to the transmission ki .
When the atmosphere is homogenous, the transmission ki is

expressed by ki = e−ηdi , where η is the medium extinction
coefficient and d is the depth of scene. Here, it is noticed that
the transmission ki is related with the scene depth di .

For simplicity, (1) can be rewritten, as follows [13].

xv(c)
i − xa(c)

i = ki (x
s(c)
i − xa(c)

i ) (2)

ln(xv(c)
i − xa(c)

i ) = ln ki + ln(xs(c)
i − xa(c)

i ) (3)

where ln indicates the natural logarithm and it is used to avoid
the product term. (3) is further simplified as

us(c)
i = ud

i + uv(c)
i (4)

where us(c)
i and uv(c)

i are defined as ln(xs(c)
i − xa(c)) and

ln(xv(c)
i − xa(c)), respectively, and ud

i is equal to − ln ki . The
vector form of (4) is expressed as follows.

us(c) = ud(c) + uv(c) (5)

where us(c), uv(c), and ud(c) are the column vectors with
the size of N × 1. Here N is the image size. ud(c) has the
pixel value ud

i at the i th pixel position and it is identical
irrespective of color channel. Above equation indicates that
the unknown haze-free color image us(c) is the addition of
the depth map ud(c) and the captured haze image (or visible
color image) uv(c). In fact, uv(c) is not the captured visible
color image xv(c), however uv(c) can be regarded as another
expression of the visible color image in a log domain, and
thus we will call uv(c) the visible color image. Similarly,
us(c) and uo(c) will be called by the unknown haze-free
image and the colorized near-infrared image, respectively.
More details about the haze degradation model are provided
in [13].

IV. PROPOSED NEAR-INFRARED FUSION

To avoid the color distortion that comes from the two causes,
as mentioned in the Introduction, a color constraint is needed
to limit the color range of the unknown haze-free image.
There is no way of precisely knowing the original colors
of the haze-free image given only the haze image, due to
the ill-posed problem. Moreover, the colors of the original
scenes without the haze depend on illumination and weather
conditions. The only way to limit the range of the original
colors of the haze image is using the two captured images: the
visible color image and the near-infrared gray image. In this
paper, the original colors of the haze-free image are limited
by the color range, which is created by a combination of the
two colors of the colorized near-infrared image and the visible
color image.

In this paper, a contrast preserving mapping model is used
to estimate the colors of the near-infrared gray image [17]. The
contrast preserving mapping model finds the linear mapping
relation between the near-infrared gray image and the lumi-
nance plane of the visible color image. Therefore, the colors
of the near-infrared gray images can be generated, according
to the linear mapping relation. Although there is a serious
discrepancy in the brightness between the near-infrared gray
image and the luminance plane of the visible color image,
the colors of the near-infrared gray image can be induced from
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the visible color image. In other words, if the near-infrared
gray image is converted into the luminance plane of the visible
color image via the linear mapping relation, the colors of the
colorized near-infrared gray image become close to the colors
of the visible color image. Therefore, we can say that the
colors of the near-infrared gray image can be used to set the
range of the original colors by combining the two colors of
the colorized near-infrared image and the visible color image.

Assuming that the colors of the captured near-infrared
gray image are generated via near-infrared coloring [17],
the proposed near-infrared fusion for haze and color distortion
removals is modeled as follows:

min
us(c)

t+1,ud(c)
t+1

λ1

∥
∥
∥us(c)

t+1 − (uv(c) + ud(c)
t+1 )

∥
∥
∥

2

2
︸ ︷︷ ︸

Haze Degradation

+ λ2

∥
∥
∥us(c)

t+1 − uo(c)
∥
∥
∥

2

2
︸ ︷︷ ︸

Color Regularization

+
2

∑

j=1

∥
∥
∥f j ⊕ us(c)

t+1

∥
∥
∥

1
+ λ3

∥
∥
∥ud(c)

t+1 − ud(c)
t

∥
∥
∥

2

2
︸ ︷︷ ︸

Depth Regularization

(6)

= min
us(c)

t+1,um(c)
t+1

λ1

∥
∥
∥us(c)

t+1 − um(c)
t+1 )

∥
∥
∥

2

2
+ λ2

∥
∥
∥us(c)

t+1 − uo(c)
∥
∥
∥

2

2
︸ ︷︷ ︸

Color Regularization

+
2∑

j=1

∥
∥
∥f j ⊕ us(c)

t+1

∥
∥
∥

1
+ λ3

∥
∥
∥um(c)

t+1 − um(c)
t

∥
∥
∥

2

2
,

where um(c)
t+1 = uv(c) + ud(c)

t+1 (7)

The vectors us(c), uv(c), and ud(c) are the same as the ones
defined in (5), but the two vectors us(c) and ud(c) are iteratively
updated with an iteration number t . The vector uo(c) indicates
the colorized near-infrared image, as defined in Table I, and
it is fixed through the iteration. The symbol ⊕ denotes con-
volution operator and f j indicates the vertical and horizontal
gradient filters, which are defined as [1 −1] and its transposed
version, respectively. λ is a penalty parameter.

In (6), the first term indicates the conventional haze degra-
dation model, as defined in (5). This term imposes a constraint
that the unknown haze-free color image (us(c)) is the addition
of the captured haze image (uv(c)) and the estimated depth
map (ud(c)). The second term is the proposed color regular-
ization. If the unknown colors of the near-infrared gray image
can be generated via near-infrared coloring [17], the colors of
the unknown haze-free image can be in the color range created
by the combination of the two colors of the colorized near-
infrared image and the dehazed version of the visible color
image, which is modeled by the proposed color regularization
term and the haze degradation term, respectively, as shown
in (6). In other words, the colors of the haze-free image us(c)

can exist between the colors of the colorized near-infrared
image uo(c) and the colors of the dehazed version of the visible
color image uv(c) + ud(c). The third term in (6) is the gradient
regularization. It is well-known that the gradient distribution
of haze-free images can be modeled by Laplacian or hyper-
Laplacian probability distributions in a logarithm domain [18].
The total variation norm in third term can reflect the statistical
gradient distribution of haze-free images. The last term in (6)
is another proposed depth regularization which ensures that the

currently estimated depth map should not be largely deviated
from the previously estimated depth map. Different from the
conventional depth regularization [13], [14] where smoothness
constraint between neighborhood pixels in the depth map is
used, the proposed dehazing model adopts the depth difference
constraint between the consecutively estimated depth maps.
The role of the proposed depth difference regularization in (6)
is different from that of the conventional depth regularization,
which means that we cannot say that the proposed depth
difference regularization is better than the conventional depth
regularization. The conventional depth regularization is used
to smoothen abrupt gradients on the estimated depth map
according to the observed depth prior, which indicates that
the depth map has piecewise constant in a local region.
The conventional depth regularization is necessary for single
image-based dehazing. This is because the dark prior method
can produce block artifacts on the estimated depth map.
However, in this paper, image pair is used for near-infrared
fusion. Therefore, the proposed depth difference regularization
is necessary to transfer the natural-looking colors and high
visibility of the colorized near-infrared image into the initial
dehazed image; This effect will be checked later.

Meanwhile, the proposed model of (6) is equally expressed

by (7) by replacing ud(c)
t+1 + uv(c) by um(c)

t+1 . Here, um(c)
t+1 indi-

cates the dehazed version of the captured visible color image
(or hazed image). Therefore, (7) shows that the proposed depth
regularization is equal to the image difference constraint using
the consecutively dehazed images.

A. Advantages of the Proposed Color Regularization

• If λ2 is set with zero, (6) becomes the single image dehaz-
ing model. In this case, the only available information is
the captured haze image (uv(c)). The prior information is
the gradient distribution, as shown in the third term [18].
Thus, it is hard to estimate the unknown haze-free color
image, atmospheric color light, and depth map at the
same time. Even though dark channel prior [12] can be
used to estimate depth map and atmospheric color light,
in most cases, it fails to provide satisfactory results. More
specifically, the color distortion appears on the dehazed
images. However, the proposed color regularization can
provide color prior for the unknown haze-free color
image, thereby leading to reach a good solution.

• Instead of the proposed color regularization, other reg-
ularizations can be considered. For image-pair-based
restoration, gradient difference regularization has been
widely used [19], [20]. Recently, this regulariza-
tion was also used for the near-infrared fusion [21].
The gradient difference regularization is defined as

2∑

j=1

∥
∥
∥f j ⊕ us(c)

t+1 − f j ⊕ unir
∥
∥
∥

1
where unir

i is given by

ln( xnir
i − xa

i ), according to the haze degradation model
in (5). This gradient difference regularization forces the
gradients of the unknown haze-free color image to be
similar to those of the captured near-infrared gray image,
thereby increasing visibility on the dehazed images.
However, the used near-infrared image unir is grayscale,
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and thus color information cannot be provided. This
means that the color distortion can appear on the dehazed
images. In contrast, the proposed color regularization can
provide color and gradient information, which leads to
improvement in visual color appearance. In summary,
different from the conventional gradient [18] and gradient
difference regularization [21] which attempt to model
gradient distribution for the unknown haze-free color
image, the proposed color regularization models a color
constraint for the unknown haze-free color image. This
proposed color regularization is the first attempt to solve
the color distortion that comes from the discrepancy
problem and the inaccurate color estimation of the initial
dehazing [12] while removing the haze on the captured
visible color image.

V. IMPLEMENTATION

The equation (6) or (7) can be minimized by using variable
splitting technique in [22] as follows,

min
us(c)

t+1,ud(c)
t+1 ,w

λ1

∥
∥
∥us(c)

t+1 − (uv(c) + ud(c)
t+1 )

∥
∥
∥

2

2
+ λ2

∥
∥
∥us(c)

t+1 − uo(c)
∥
∥
∥

2

2
︸ ︷︷ ︸

Color Regularization

+
2

∑

j=1

∥
∥
∥w j

∥
∥
∥

1
+ β

2

2
∑

j=1

∥
∥
∥w j − f j ⊕ us(c)

t+1

∥
∥
∥

2

2

+ λ3

∥
∥
∥ud(c)

t+1 − ud(c)
t

∥
∥
∥

2

2
︸ ︷︷ ︸

Depth Regularization

(8)

where w is an auxiliary variable used to optimize (6). In (8),
if the value of the parameter β approaches to infinity, the
solution of (8) converges to that of (6). The proposed model
in (8) has the same form as [22, eq. (1.3)] except that there
is another variable (ud(c)

t+1 ) to be estimated. Therefore, (8) can
be solved in a similar way, as provided in [22].

A. Initializations

To solve (8), we first need to initialize three vectors: depth
map ud(c)

t=0 , atmospheric color light xa , and colorized near-
infrared image uo(c). First, to provide the ud(c)

t=0 and xa , dark
prior [12], [13] is utilized. The dark prior is a kind of statistics
on the haze-free outdoor images. In most non-sky patches of
the haze-free outdoor images, at least one color channel has
very low intensity value. Based on this observation, the dark
channel is defined as

xdark
i = min

c
min
j∈�i

xs(c)
j ≈ 0 (9)

where j indicates the neighborhood pixel index that belongs
to a local patch � centered at pixel index i . The above
equation indicates that the intensity values of the dark channel
vector xdark

i are distributed around zero. Based on this dark
prior, the transmission ki can be derived, as follows,

ki = 1 − min
c

min
j∈�i

(

xv(c)
j

xa(c)
i

)

(10)

where the atmospheric color light xa is given by picking and
averaging the top 0.1% brightest pixels in xdark

i ; please refer
to [12] and [13] for more details about the transmis-
sion and the atmospheric color light. Given the transmis-
sion ki , the initial depth map ud(c)

t=0 can be calculated based
on the relation between the transmission and scene depth,
i.e., ud(c)

i,t=0 = − ln ki . However, as discussed in [12] and [13],
the transmission ki is assumed to be a constant in a local
patch, and thus this leads to the edge artifacts on initial
dehazed images. To remove this edge artifacts, alpha matting
is needed [23], which is computationally complex, as indicated
in [13]. Therefore, in this paper, the alpha matting is excluded
during the dark prior method [12] for fast initial dehazing.

Second, to set the uo(c), near-infrared coloring [17] is
needed. As mentioned in Introduction, the near-infrared color-
ing should generate natural-looking colors and preserve high
visibility of the captured near-infrared gray image. To sat-
isfy this, we used recently introduced near-infrared coloring
method based on the contrast-preserving mapping model [17].
Given the colorized near-infrared image xo(c), uo(c) is calcu-
lated, according to the definition in Table I.

B. Numerical Solution

Equation (8) is well-known as total variation problem.
In this paper, alternating minimization technique, also known
as block coordinate descent, is adopted [22], [24]–[26]. In this
paper, us(c)

t+1 is first estimated with the auxiliary variable w, and

then ud(c)
t+1 is estimated as follows,

min
us(c)

t+1,w

λ0

2

{

w1

∥
∥
∥us(c)

t+1 − (uv(c) + ud(c)
t )

∥
∥
∥

2

2

+ w2

∥
∥
∥us(c)

t+1 − uo(c)
∥
∥
∥

2

2

}

+
2

∑

j=1

∥
∥
∥w j

∥
∥
∥

1
+ β

2

2
∑

j=1

∥
∥
∥w j − f j ⊕ us(c)

t+1

∥
∥
∥

2

2
(11)

where λ0w1/2 and λ0w2/2 correspond to λ1 and λ2 in (8),
respectively. w1 and w2 are weighting values and their sum
should be equal to one. In (11), there are two unknown vec-
tors us(c)

t+1 and w, which are iteratively updated via alternating

minimization. In other words, given a fixed w, us(c)
t+1 is min-

imized with a close-form solution, and then w is minimized
with a shrinkage operation for a fixed us(c)

t+1. This processing
continues until a stop criterion is satisfied. During the iteration,
the penalty parameter β should be increased for convergence.
Please refer to [22] and [24] for more details.

It is worth noting that the minimization of (11) fuses
the two images (uv(c) + ud(c)

t and uo(c)), thereby resulting
in us(c)

t+1. Therefore, the minimization of (11) can be regarded
as the multimodal image fusion [27]–[29]. However, compared
to the conventional multimodal image fusion, in this paper,
the haze degradation model is used for the near-infrared
fusion. In addition, as shown in [27], the guided image
filtering [29], [30] cannot remove the color distortion that
comes from the discrepancy problem.
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Fig. 3. Block-diagram of the proposed method.

After minimizing (11), ud(c)
t+1 is then updated with a closed-

form solution:

ud(c)
t+1 = 1

λ3 + 1

{

(us(c)
t+1 − uv(c)) + λ3ud(c)

t

}

(12)

This equation shows that the depth map ud(c)
t+1 to be updated is

the weighted average of the previous depth map ud(c)
t and the

currently estimated depth map (us(c)
t+1−uv(c)), as defined in (5).

If ud(c)
t+1 is replaced by um(c)

t+1 , as shown in (7), the closed-form
solution of (12) is changed like this,

um(c)
t+1 = 1

λ3 + 1

{

us(c)
t+1 + λ3 um(c)

t

}

(13)

This equation indicates that the dehazed version (um(c)
t+1 ) of

the captured visible color image (or haze image) is also
updated via the weighted average of the estimated haze-free
image us(c)

t+1 and the dehazed image um(c)
t .

To understand how the proposed method using (11)
and (12) or (11) and (13) can update the initial dehazed
image (or initial depth map), the block-diagram is provided

in Fig. 3. Given the initial depth map ud(c)
t=0 with the dark

prior [12], initial dehazed image um(c)
t=0 is obtained by the

addition of the initial depth map ud(c)
t=0 and the captured visible

color image uv(c), according to the haze degradation model
in (5). The initial dehazed image um(c)

t=0 has poor quality. More
specifically, edge artifact and color distortion appear on the
initial dehazed image. To improve the initial dehazed image,
the colorized near-infrared image uo(c) is used during the
multimodal fusion. The colorized near-infrared image uo(c) is
haze-free and it has also natural-looking colors. Therefore,
the initial dehazed image (um(c)

t=0 ) can be improved via the
multimodal image fusion in (11), producing the haze-free color
image us(c)

t+1. Then, the initial depth map is updated via (12),

which utilizes the estimated haze-free image us(c)
t+1. Given the

updated depth map ud(c)
t+1 , the initial dehazed image um(c)

t=0 is

updated by the addition of the updated depth map ud(c)
t+1 and

the visible color image uv(c). By doing this iteratively, high

visibility and natural-looking colors of the colorized near-
infrared image can be transferred into the initial dehazed
image um(c)

t=0 (or initial depth map ud(c)
t=0 ). As a result, the edge

and color artifacts on the initial dehazed image can be removed
simultaneously. From this block-diagram, it is concluded that
the role of the proposed color regularization is to provide the
color prior for the unknown haze-free image and the role of the
proposed depth regularization is to transfer high visibility and
natural-looking colors of the estimated haze-free images us(c)

t+1

into the initial dehazed image um(c)
t=0 . This is the key reason to

success of our method.
The proposed near-infrared fusion method is summarized

in Algorithm I. Given the colorized near-infrared image xo,
atmospheric color light xa , and transmission ki , the unknown
vectors us(c)

t+1 and ud(c)
t+1 are iteratively updated for each color

channel c. After reaching the maximum iteration of the inner
loop tmax , the dehazed image xs(c) for the channel c is obtained
by manipulating us(c). When outer loop finishes, the final
dehazed color image xs is obtained. In Algorithm I, cmax and
tmax are given by 3 and 7, respectively. The edge artifacts on
initial dehazed images can be removed after tmax = 7. The
parameters in (11) and (12) are set as λ0 = 105, w1 = 0.8,
w2 = 0.2, and λ3 = 1.

Algorithm 1 Proposed Near-Infrared Fusion Method

Input: Near-infrared gray image xnir and visible color
image (or haze image) xv

Output: Dehazed visible color image xs

Initialization:
• Generate the colorized near-infrared image xo via

near-infrared coloring [17]
• Find the transmission ki and the atmospheric color light

xa using (9) and (10)
• Define uo(c), uv(c), and ud(c)

t=0 from xo, xv , and ki ,
respectively, according to the haze degradation model
in (5)

• Initialize the parameter w1, w2, λ0, λ3
Near-infrared fusion:

for c = 1, 2, .., cmax

for t = 1, 2, .., tmax

• Update us(c)
t+1 via (11)

• Update ud(c)
t+1 , according to (12)

end
• Calculate xs(c) = xa(c) + eus(c)

End
Return xs

VI. EXPERIMENTAL RESULTS

In this paper, three types of experiments are conducted.
First, visual effects, according to the proposed near-infrared
fusion and the conventional near-infrared coloring [17], will be
compared. This experiment will give us the difference between
the proposed near-infrared fusion and the conventional near-
infrared coloring [6], [17]. Next, different regularizations will
be tested using our fusion model to confirm how the proposed
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Fig. 4. Proposed near-infrared fusion vs. coloring for ‘Mountain’ image; (a) captured near-infrared gray image, (b) captured visible color image, (c) dehazed
visible image with the proposed method, and (d) colored near-infrared image [17] (Please zoom in to the images to check details and colors).

Fig. 5. Proposed near-infrared fusion vs. coloring for ‘Lake’ image; (a) captured near-infrared gray image, (b) captured visible color image, (c) dehazed
visible image with the proposed method, and (d) colored near-infrared image [17] (Please zoom in to the images to check details and colors).

Fig. 6. Proposed near-infrared fusion vs. coloring for ‘House’ image; (a) captured near-infrared gray image, (b) captured visible color image, (c) dehazed
visible image with the proposed method, and (d) colored near-infrared image [17] (Please zoom in to the images to check details and colors).

color regularization is more effective than other regularizations
for color distortion and haze removals. Finally, visual quality
comparison for different fusion methods [10], [21] and the
dehazing method [12] will be followed.

A. Proposed Near-Infrared Fusion vs. Coloring

The proposed color regularization additionally uses the
colorized near-infrared image. Therefore, we have a ques-
tion whether there is a difference between the proposed
near-infrared fusion and near-infrared coloring [6], [17].
As shown in (6), the proposed fusion model tries to sat-
isfy both haze degradation model in the first term and the

color regularization in the second term. On the other hand,
near-infrared coloring [6], [17] excludes the haze degradation
model. Therefore, the visual appearances of the estimated
haze-free images are different from those of the colorized
near-infrared images. As shown in Figs. 4-7, the colors of the
dehazed images with the proposed method are vividly ren-
dered, however the colorized near-infrared images are slightly
diluted. In addition, the cloud, sky, and shadow descriptions
of the dehazed images are better than those of the colorized
near-infrared images: see the red boxes.

These results come from the difference between the near-
infrared coloring and the near-infrared fusion based on the
haze degradation model. The purpose of the near-infrared



3118 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 28, NO. 11, NOVEMBER 2018

Fig. 7. Proposed near-infrared fusion vs. coloring for ‘Village’ image; (a) captured near-infrared gray image, (b) captured visible color image, (c) dehazed
visible image with the proposed method, and (d) colored near-infrared image [17] (Please zoom in to the images to check details and colors).

coloring is to add colors to the captured near-infrared gray
images, and thus the visual appearances of the colorized near-
infrared images are mainly influenced by the overall bright-
ness of the captured near-infrared gray images. In contrast,
the purpose of the proposed near-infrared fusion based on
the haze degradation model is to remove the haze on the
captured visible color images. Even though the proposed color
regularization additionally utilizes the colorized near-infrared
images, the value of w1 is set larger than that of w2, which
means that the visual color appearances of the dehazed images
are dominantly influenced by the visible color images.

There are mainly two approaches of removing the haze.
One is to use the near-infrared coloring and the other is to
use the near-infrared fusion based on the haze degradation
model. The near-infrared coloring can be a good solution to
remove the haze, as shown in Figs. 4-7. The main difference
between the near-infrared coloring and the proposed near-
infrared fusion depends on the use of the haze degradation
model, which makes a difference in rendered visual color
appearances.

B. Visual Effects According to the Used Regularizations

Now let us look at how the used different regularizations
can influence the visual quality. Fig. 8 shows the dehazed
images using different regularizations: dark prior [12], gradient
regularization [18], and gradient difference regularization [21].
In Fig. 8, the first row shows the initial dehazed images using
the single image dehazing method where the dark prior was
used. However, the alpha matting algorithm [23] was not
applied to check pure visual effects, according to the used
regularizations. As shown in the figures, the visual qualities of
the dehazed images are not satisfactory. The overall brightness
of the dehazed images is very dark and the edge artifacts
arise, as shown in the yellow boxes. The reasons are already
discussed in [12] and [13]. The second row shows the dehazed
images using gradient regularization. In other words, λ2 is
set to zero in (6), which indicates that the proposed fusion
model becomes equal to the single image dehazing model.
In this case, the gradient regularization, that is, only the third
term is considered. The use of the gradient regularization
makes the initial dehazed images smooth, and the strength of
the edge artifacts can be further reduced. However, overall
sharpness can be decreased as well. The original purpose

of using the gradient regularization is to suppress the noise
amplified after image dehazing [13]. The last row shows
the dehazed images using gradient difference regularization.
In (6), the proposed color regularization term was replaced
by the gradient different regularization, which is expressed

as
2∑

j=1

∥
∥
∥f j ⊕ us(c)

t+1 − f j ⊕ unir
∥
∥
∥

1
. This regularization term can

force the gradients of the initial dehazed images to be close
to those of the captured near-infrared gray images. Thus,
the edge strength of the initial dehazed images can be
increased, as shown in the red boxes. However, the overall
color appearances cannot be changed significantly. In other
words, both gradient and gradient difference regularizations
are highly dependent on the visual quality levels of the
initial dehazed images. On the other hand, the proposed color
regularization can provide the color prior for the unknown
haze-free images. This can significantly improve the visual
appearances of the dehazed images. This is why the pro-
posed color regularization can provide better results, as shown
in Figs. 4(c), 5(c), 6(c), and 7(c). Particularly, the edge arti-
facts can be removed without using the alpha matting [23],
which has high computation complexity, as indicated in [13].
In addition, the color and details can be improved significantly.

C. Visual Quality Comparison

Figs. 9-12 show the dehazed images with the conventional
single image dehazing method [12], image-pair-based
dehazing methods [10], [21], and the proposed method.
The dehazed images with the proposed fusion method
are the same as the ones in Figs. 4-7. The single image
dehazing method [12] using the dark prior is the same as
the one used in the previous section, however the alpha
matting [23] was applied to refine the initial dehazed images
in the first row of Fig. 8. The use of the alpha matting can
improve the visual quality of the dehazed images, as shown
in Figs. 9(a), 10(a), 11(a), and 12(a). Particularly, the edge
artifacts can be significantly reduced. However, even though
the single image dehazing method is one of the state-of-the-art
methods, it cannot remove haze completely, as shown in the
red boxes of Figs. 11(a) and 12(a).

Figs. 9(b), 10(b), 11(b), and 12(b) show the dehazed
(or fused) images using the image-pair-based dehazing
method [10] where the near-infrared gray images and visible
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Fig. 8. Experimental results for the used regularizations; initial dehazed images using dark prior where alpha matting was not applied (first row),
dehazed images using gradient regularization (second row), and dehazed images using gradient difference regularization (last row).

Fig. 9. Dehazed ‘Mountain’ images; (a) single image dehazing using dark prior [12] where alpha matting was applied, (b) image-pair-based near-infrared
dehazing using multiresolution representation [10], (c) image-pair-based near-infrared dehazing using gradient difference regularization [21], and (d) proposed
method (Please zoom in the images to check details and colors).

color images are both utilized. In this method, the details of the
near-infrared gray images are combined with the visible color
images using multiresolution representation, which means that
this method does not reflect the haze degradation model.
Based on the multiresolution representation, haze is well
removed and fine details are preserved. However, the produced
colors are unnatural and diluted, as shown in red boxes of
Figs. 9(b), 11(b), and 12(b). This is caused by the discrepancy
problem between the near-infrared gray images and visible

color images. Please note that the objective of the near infrared
fusion method is to remove not only the haze, but the color
distortion as well.

Figs. 9(c), 10(c), 11(c), and 12(c) show the dehazed image
using another image-pair-based dehazing method [21] where
the gradient difference regularization is used to transfer the
edges of the near-infrared gray images to the initially dehazed
images with the dark prior method [12], which are shown
in Figs. 9(a), 10(a), 11(a), and 12(a). Note that the initial
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Fig. 10. Dehazed ‘Lake’ images; (a) single image dehazing using dark prior [12] where alpha matting was applied, (b) image-pair-based near-infrared
dehazing using multiresolution representation [10], (c) image-pair-based near-infrared dehazing using gradient difference regularization [21], and (d) proposed
method (Please zoom in the images to check details and colors).

Fig. 11. Dehazed ‘House’ images; (a) single image dehazing using dark prior [12] where alpha matting was applied, (b) image-pair-based near-infrared
dehazing using multiresolution representation [10], (c) image-pair-based near-infrared dehazing using gradient difference regularization [21], and (d) proposed
method (Please zoom in the images to check details and colors).

Fig. 12. Dehazed ‘Village’ images; (a) single image dehazing using dark prior [12] where alpha matting was applied, (b) image-pair-based near-infrared
dehazing using multiresolution representation [10], (c) image-pair-based near-infrared dehazing using gradient difference regularization [21], and (d) proposed
method (Please zoom in the images to check details and colors).

dehazed images are already refined via alpha matting, which
is totally different from the previous section. As expected,
the use of the gradient difference regularization can produce
sharp edges while preserving the visual color appearances of
the initial dehazed images. However, the visual quality of the
dehazed images with the gradient difference regularization is
highly subject to the visual quality level of the initial dehazed
images. In other words, the gradient difference regularization
can strengthen the edges of the initial dehazed images, how-
ever it cannot change the overall color appearances of the
initial dehazed images. For example, the edges in the green
boxes of the Figs. 9(c) and 11(c) are more strengthened.

However, the dehazed images are still so dark, which indi-
cates that the gradient difference regularization cannot change
the overall color appearances of initial dehazed images.
For these reasons, haze remains on the dehazed images;
see the red boxes of Figs. 11(c) and 12(c). In com-
parison, the proposed method can provide natural-looking
colors and fine details. In the supplementary material, addi-
tional resulting images are provided to show that similar
effects can be found on the dehazded images. From these
results, it is confirmed that the proposed color regulariza-
tion is effective to remove the color distortion and haze
simultaneously.
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TABLE II

DEFINITION OF THE TWO MEASURES

Fig. 13. Masked images to indicate haze regions, which are filled with black colors.

D. Quantitative Evaluation
Two types of measures: image structure similarity (ISS) [31]

and color difference (CD) [8] are used to evaluate the near-
infrared dehazing and fusion methods. The two types of the
measures are defined in Table II. As mentioned in Intro-
duction, color distortion and haze degradation are the main
issue for near-infrared fusion. To reflect this point, the two
types of measures are adopted. The ISS is used to measure
how well the haze is removed on the dehaze images. The
CD is used to examine how accurately the dehazed colors
are produced. The ISS and CD are the full-reference image
quality evaluations, in other words, reference images should
be provided to measure the ISS and CD. However, the captured
visible color images and near-infrared gray images cannot be
used as the reference images. This is because the captured
visible color images contain the haze degradation and the
captured near-infrared gray images have no colors. To solve
this issue, masked images to indicate the haze regions are
used in this paper. The examples of the masked images are
provided in Fig. 13, where the haze regions are filled with
black colors. The haze regions are manually specified by users.
As for the haze regions, the captured near-infrared gray images
could be used as the reference images to check how well
the haze is removed on dehazed images. As for the non-haze
regions, the captured visible color images could be used for the
reference images to check how the dehazed colors deviate from
the reference images. In other words, for the haze regions,
the ISS will be measured using near-infrared gray images
(i.e., reference images) and dehazed images (i.e., test images),
whereas for non-haze regions, the CD will be measured using
visible color images (i.e., reference images) and dehazed
images (i.e., test images).

In Table II, the ISS value ranges between 0 and 1.
Here, ‘1’ indicates the perfect match in the image structures
between input images, whereas ‘0’ indicates perfect mismatch.

Actually, the ISS defined in Table II is the same as the structure
function in SSIM (Structural SIMilarity) measure [31]. There
is serious discrepancy in the brightness between the captured
visible color image and the near-infrared gray image. This
indicates that the luminance function of the SSIM should be
excluded for visibility (or haze removal) evaluation. In other
words, the brightness of the captured near-infrared gray image
cannot be a reference. In addition, the contrast function is
also excluded because the local contrast is related to the
brightness [8]. Thus, only structure function (i.e., ISS) is
used in this paper. The CD value is greater than or equal to
zero. When the colors of input images are identical, the CD
value will be zero and it will increase as the colors become
more different. The CD value is calculated in the uniform
color space (i.e., L∗a∗b∗ color space), which means that
the perceived color difference is measured by the Euclidean
distance. Therefore, the CD can measure how the colors of the
dehazed image are different from those of the captured visible
color image.

As shown in the last column of Table III, the single dehazing
method using dark prior [12] has the lowest average ISS
value, which means that the single dehazing method fails to
remove the haze. The dark prior has a limitation in that it
is difficult to provide good initial points for the unknown
haze-free images. In contrast, the image-pair-based dehazing
method using multiresolution representation [10] results in
the highest average ISS value, along with good CD values.
However, for the additional test images, which are provided
in the supplementary material, its average CD score is the
worst among all methods, indicating that the produced colors
are highly distorted. This method simply combines the vis-
ible color images with the details of the near-infrared gray
images based on multiresolution representation. Additionally,
the haze degradation model is excluded; thus, it obtains the
highest ISS values. However, this method is not free from
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TABLE III

QUANTITATIVE EVALUATION

the discrepancies in brightness and image structure that can
be found between the visible color image and near-infrared
image. Thus, the produced colors are inevitably distorted.
Moreover, it should be noted that the colors produced are
unnatural and diluted. However, this unnaturalness cannot be
evaluated using the CD measure. The unnatural and diluted
colors, as shown in Fig. 9(b), 10(b), 11(b), and 12(b), degrade
the overall visual quality. Another image-pair-based dehazing
method using gradient difference regularization [21] has the
highest (or the worst) average CD value, which is caused by
the dark colors and enhanced colors in the dehazed images.
Compared to the single image dehazing [12], the ISS values
can be improved due to the use of the gradient difference
regularization. In contrast to the methods discussed above,
both the near-infrared coloring method [17] and the proposed
near-infrared fusion method can obtain good ISS and CD
values. However, the proposed method has smaller average
CD value than the near-infrared coloring. This is caused by
different goals of the near-infrared coloring and the proposed
near-infrared fusion. As discussed in the previous section,
the near-infrared coloring adds colors to near-infrared gray
images, and thus the visual appearances of the colored near-
infrared images are influenced by the overall brightness of
the captured near-infrared gray images. On the other hand,
the proposed method includes the haze degradation model,
thus the visual color appearances of the dehazed images are
derived from the captured visible color images. As a result,
the proposed method can have smaller CD values than the
near-infrared coloring. This is the main difference between
the near-infrared coloring and the proposed near-infrared
fusion. Also, the sky, cloud, and shadow descriptions of the
proposed method are better than those of the near-infrared
coloring, which cannot be evaluated by the two measures.
The proposed method has the smallest average CD value
and obtains high ISS values. This indicates that the proposed
color regularization is effective to remove the haze and color
distortion problems. The conventional and proposed methods
have their own merits and demerits. However, the conventional

methods, except near-infrared coloring, have the worst values
for ISS and CD, depending on the test image sets, which
significantly degrade the overall visual quality. Even though
the multiresolution representation [10] seems to obtain good
scores for ISS and CD, it has unnatural coloring. Moreover,
the multiresolution representation obtained the worst CD score
for the additional test set in the supplementary material.
In contrast, the proposed method can obtain good ISS and CD
values. In other words, the proposed method can remove haze
and preserve high visibility while avoiding color distortion.
This is the advantage of the proposed method.

In Table III, the multiresolution representation has higher
average ISS than the proposed method, whereas the proposed
method has smaller average CD than the multiresolution repre-
sentation. However, the visual quality of the proposed method
is better than the multiresolution representation, as shown
in Figs. 9-12 and in the supplementary material. This indicates
that the reduction in CD value seems more important than
the decrease in the ISS value. Thus, the scale of the CD
measure is not the same as that of the ISS measure. Therefore,
in the future, a new measure for near-infrared fusion must
be developed. More specifically, uniform scale in the CD
and ISS domains will be considered via a psychophysical
experiment or a new measure will be developed to connect
the CD and ISS measures to the subjective scores.

VII. DISCUSSIONS

A. Visual Effects, According to Initial Colorization Methods

The recently introduced state-of-the-art colorization [32]
based on deep learning is tested to evaluate how the initializa-
tion of the colorized near-infrared image influences the final
dehazed images. The colorized images via deep learning are
shown in Fig. 14. As shown in the middle row, the colorized
near-infrared images have serious color distortion. If the
colorized images are used as the initial colorized images to
model the proposed color regularization, the dehazed images
have unnatural-looking colors, as shown in the red boxes of the
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Fig. 14. Experimental results: near-infrared gray images (upper row), colorized near-infrared images with deep learning [32] (middle row), and dehazed
images with the proposed method where the colorized near-infrared images, as shown in the middle row, were used as the initial colorized near-infrared
images (third row).

TABLE IV

PERFORMANCE COMPARISON OF THE PROPOSED METHOD ACCORDING TO THE INITIALIZATION OF COLORIZATION

third row images. This is because the distorted colors of the
colorized near-infrared images are transferred into the initial
dehazed version of the captured visible color images. Although
the color distortion can be reduced on the dehazed images
owing to the setting of w2 = 0.2 in (11), which means that
the colors of the initial dehazed images are fused with the
colors of the initial colorized near-infrared images, there are
still unnatural looking colors on the dehazed images as shown
in the third row images. In addition, visibility is reduced on
the dehazed image as shown in the yellow box.

The performance of the proposed method using two differ-
ent colorization methods is compared. One is the near-infrared
coloring [17] and the other is the state-of-the-art colorization

based on deep learning [32]. As shown in Table IV, the CD
value of the proposed method using the colorization based on
deep learning [32] is larger than the CD value of the proposed
method using the near-infrared coloring [17]. This indicates
that larger color errors are generated when the near-infrared
coloring is replaced by colorization based on deep learning.
The colorization method based on deep learning [32] uses only
captured near-infrared gray image. It is difficult to estimate
the original colors from the given near-infrared gray image.
In contrast, the near-infrared coloring method [17] uses two
images: the captured visible color image and the near-infrared
gray image. Thus, the near-infrared coloring [17] can find the
linear mapping relation between the near-infrared gray image
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Fig. 15. Experimental results: w1 = 0.01, w1 = 0.3, w1 = 0.8, and w1 = 0.95 (left to right).

Fig. 16. Experimental results: initial depth map, estimated depth map with λ3 = 100, estimated depth map with λ3 = 1, fused image with λ3 = 100, and
fused image with λ3 = 1 (left to right).

and the luminance plane of the visible color image. This
means that the colors of the near-infrared gray images can be
generated according to the linear mapping relation. Although
there is a serious discrepancy in the brightness between the
near-infrared gray image and the luminance plane of the
visible color image, natural-looking colors of the near-infrared
gray image can be induced from the visible color image. This
can significantly reduce color errors on the dehazed images.

B. Visual Effects, According to Initial Dehazing Methods
In the proposed method, the colorized near-infrared image

is fused with the initial dehazed image, as shown in Fig. 3.
Therefore, overall color tones of the dehazed image are
affected by those of the initial dehazed image. This means that
the dehazed images with the proposed method cannot be same
if different methods are used for initial dehazing. However,
even though the visual quality of the initial dehazed images
are poor regarding visibility and colors, the proposed method
can guarantee high visibility and natural-looking colors on
the dehazed images, irrespective of initial dehazing method
applied. This is thanks to the proposed color and depth
regularizations, which can transfer high visibility and natural-
looking colors of the colorized near-infrared image into the
initial dehazed image. In the supplementary material, another
dehazing method [14] is tested to show the visual effects,
according to the used initial dehazing methods [12], [14].
In the supplementary material, it is shown that the proposed
method can produce high visibility and natural-looking colors
on the dehazed images, irrespective of the used initial dehazing
methods [12], [14].

C. Parameter Setting

First, λ1 and λ2 in (6) are also expressed by λ0w1/2
and λ0w2/2 as in (11). Here, w2 is equal to 1 − w1.

Therefore, w1 and w2 (or λ1 and λ2) determine which images
between (uv(c) + ud(c)

t ) and uo(c) should be weighted more
heavily. Note that these two images (uv(c) + ud(c)

t and uo(c))
are fused, as already shown in the block diagram of Fig. 3.
To check the visual effects according to w1 and w2, the value
of w1 is varied. The resulting images are shown in Fig. 15.
The resulting images are the fusion of the two images
(uv(c) + ud(c)

t and uo(c)) based on the assigned weight value
of w1. In other words, if the value of w1 approaches 0, the haze
degradation model (i.e., the first term in (6) or (11)) disappears,
therefore, the resulting image becomes close to the colorized
near-infrared image uo(c). On the other hand, if the value
of w1 approaches 1, the proposed color regularization model
(i.e., the second term in (6) or (11)) disappears, therefore,
the resulting image becomes close to the dehazed image using
the dark prior method. This indicates that the main difference
between the near-infrared coloring and the proposed near-
infrared fusion depends on the use of the haze degradation
model, which makes a difference in rendered visual color
appearances. In this paper, w1 was set to 0.8 to give more
weight to the haze degradation term.

Second, λ3 is related to the updating of the depth map as

described in (12), which indicates that the depth map ud(c)
t+1

to be updated is the weighted average of the previous depth

map ud(c)
t and the currently estimated depth map (us(c)

t+1−uv(c)).
Therefore, if the value of λ3 is large, the previous depth
map ud(c)

t significantly influences the depth map ud(c)
t+1 to be

updated, whereas if the value of λ3 is small, the currently
estimated depth map (us(c)

t+1 − uv(c)) influences the depth

map ud(c)
t+1 . The visual effects based on λ3 are shown

in Fig. 16. As shown in the resulting images, the initial depth
map includes serious depth errors, especially for the house,
as indicated by the red box. However, the use of the proposed
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Fig. 17. Relation between the ISS and CD values and their parameters.

depth difference regularization can reduce the depth errors,
as shown in the middle image where λ3 = 1. If the value
of λ3 is quite high, the estimated depth map appears similar
to the initial depth map. This is because the previous depth
map ud(c)

t significantly influences the depth map ud(c)
t+1 to be

updated. Also, since the estimated depth map appears similar
to the initial depth map, the fused image appears similar to the
initial dehazed image with the dark prior method, as shown in
the fourth image. If the λ3 is set to zero, the proposed depth
difference regularization term disappears in (6). In this case,
the dehazed version (um(c)

t+1 ) of the captured visible color image

is the same as the estimated haze-free image us(c)
t+1, as described

in (13). Therefore, the initial depth map (or the dehazed
version of the visible color image) is not updated anymore.
In other words, the fused image is just a weighted average

of the two input images (uv(c) + ud(c)
t=0 and uo(c)), which is

not considered in updating the initial depth map. In this study,
λ3 is determined heuristically and empirically. To the best of
our knowledge, it is difficult to determine the value of λ3 based
on mathematical analysis. However, it should be noted that the
visual effects according to the weighted averaging of the two

images (ud(c)
t and (us(c)

t+1 − uv(c)) or um(c)
t and us(c)

t+1) based on
the fixed λ3 are the same for all test images.

Fig. 17 shows the ISS and CD values, according to the
combination of the two parameters for the ‘house’ image.
In Fig. 17, w1 is set with 0.2 or 0.8, and λ3 is set with
1 or 100. This combination can also show how the ISS and
CD values are clearly different. As shown in Fig. 17, small w1
and small λ3 improve the ISS value, however, the CD value
also increased. This is because this setting makes the proposed
model closer to the near-infrared coloring. On the other hand,
a higher w1 and a small λ3 can significantly decrease the
CD value though the ISS value is slightly reduced. The setting
of a high w1 and a high λ3 makes the proposed model appear
closer to the single image dehazing. Therefore, the resulting
image becomes a close resemblance of the initial dehazed
image, which has a small ISS value and a high CD value.
Compared to the setting with a small w1 and a small λ3,
the increment in the λ3 resulted in the decrease in the ISS

and CD values. This is because the previous depth map
significantly influences the updated depth map, as already
mentioned in Fig. 16.

VIII. CONCLUSIONS

In this paper, a new near-infrared fusion model based
on the proposed color and depth regularizations is proposed
for haze and color distortion removals. The discrepancies in
the brightness and image structures between captured near-
infrared images and visible color images generate the color
distortion on the fused images. Therefore, the color distortion
and haze degradation should be considered during image
fusion. This motivates us to develop the new near-infrared
fusion model that combines the proposed color and depth
regularizations with the conventional haze degradation model.
The proposed color regularization models the unknown colors
of the haze-free image and the proposed depth regulariza-
tion transfers the details and natural-looking colors of the
colorized near-infrared image into the initial dehazed image.
Experimental results showed that the proposed color and
depth regularizations can remove the color distortion and haze
simultaneously. Also, it is shown that the proposed color
regularization can provide better visual appearances in colors
and details than the conventional regularizations: dark prior,
gradient regularization, and gradient difference regularization.
Furthermore, visual effects according to the haze degradation
model are provided to help understand the differences between
the proposed near-infrared fusion and the near-infrared
coloring.
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