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model. In the transmission model, the initial transmission map
is obtained with the help of atmospheric light which is called
as scattered light traveling through air and boundary
constraints [21]. But the initial transmission map contains
unwanted details. The edge-preserving smoothing process is
used to refine this initial estimation. There are two types of
refinement method. One is local filtering which is very simple
and time-consuming method but produces the halos artifacts
in the final image. Another method is global optimization
based filters which refine the initial transmission map by the
objective function which is a combination of data fidelity and
a regularization term. The sharp edges are preserved in
regularization based method as compared to local filtering
method. In the recovery model, most of the existing methods
use the inverse formula to obtain the enhanced image when
the transmission and atmospheric light is known. But in this
work, after applying inverse formula, the adaptive weight and
NLTV regularization are used in the recovery model.There are
different types of fusion methods are available [1], [2], [3].
This paper focuses the image fusion based on Total variation
(TV) method in multisensory images that means the same
image is taken at different sensors. The main objective of
Image Fusion (IF) is to produce a single image with more
information than any of one of the input images via
combining the multisensory, multitemporal and multiview
image information. There are many methods for image fusion.
The TV method is a multiscale decomposition based image
fusion method [5] which gives good result than other
methods. The detail layers of corresponding input images are
obtained by TV decomposition. The Tailed Rayleigh
Distribution (TRD) parameters α and γ were calculated to fuse
the detail layers which are derived from Mellin transform.
This work provides a better fusion method as well consider
the image enhancement by NLTV and TV methods. The
image enhancement process based on NLTV is first
performed. The resultant enhanced images are used as input
images for image fusion based on TV. The final enhanced
fused image has high quality and clear details than the original
images.

Abstract
Now a days, quality of the image is very important to gather
the information or data to processing and to get updates
regarding the details of the desired scene. Due to different
image capturing techniques or varying the focus of the lens
and changing climate, noises are added in an image which
decreases the quality of an image. Meanwhile, a single image
does not have sufficient information. These two problems are
addressed by image enhancement and fusion techniques. The
Nonlocal Total Variation (NLTV) is a tool used in image
enhancement methods. In this process, the transmission
adaptive regularized recovery method based on NLTV is
present to suppress the artifacts in the final resultant image. In
the image fusion field, most of the existing methods need at
least one of the input images must have more details. This
condition fails in most of the situations if all input images are
containing low details or blurred. This is solved in Total
Variation (TV) based image fusion method which is more
effective for producing a single image with more information.
In this procedure, the detail layers are got by decomposing the
input images via TV. The Tailed Rayleigh Distribution (TRD)
based salience and match measures are used to fuse the detail
layers. The base layers are obtained from input images and
fused with the help of weight averaging. Finally, the proposed
method has been applied to multisensory image pairs. The
proposed enhancement and fusion method provide more
information in terms of edge details even if the input images
have less information.
Keywords: Image enhancement and fusion, Total Variation,
Tailed Rayleigh distribution, Nonlocal Total Variation,
Transmission map.

INTRODUCTION
The image enhancement is one of the pre-processing
techniques in digital image processing which helps to enhance
the image. Different image enhancement techniques are
available. The poor visibility of the image extremely affects
the human and many other vision systems. This is due to
varying weather conditions and absorption and scattering of
light toward the image capturing devices like camera and
sensors which leads to adding unwanted things in a particular
scene. It also degrades the color of an image. The main aim of
image enhancement is to remove the effects of weather from
images and reconstruct the image with clear visibility and
original color. This paper focuses on image enhancement via
Nonlocal Total Variation (NLTV) [4] in multisensory image
pair. The NLTV method has two models. One is the
transmission model and another one is a scene recovery

MATHEMATICAL THEORY
This section gives introduction of the basic theories related to
the image enhancement and fusion method.
Imaging model
Generally used imaging model [4] is mathematically
expressed as,
𝑰(𝒙) = 𝑱(𝒙)𝒕(𝒙) + 𝑨(𝟏 − 𝒕(𝒙)
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where I is the input image, J is wanted scene radiance, A is
atmospheric light, t is the transmission map.

Regularization Process
The regularization is used for noise reduction and
reconstruction of the main features of an image. The design of
regularization term on transmission map is very complicated.
The optimization algorithm based on variable splitting is used
to solve this problem. This introduces several supplementary
variables and split the problem into sub-problems that are
finally integrated to obtain the optimal solution. The term
𝜵𝒘 𝒕(𝒙) the nonlocal gradient in equation (7) is replaced as
new variable d(x). The optimal value of d(x) is obtained by
performing a fast shrinkage operator [18].

Atmospheric light and Initial Transmission map
The minimum filter is used for calculating the atmospheric
light of an image. The minimum filter is applied in an image
and then the maximum value is taken as atmospheric light.
The estimation of the initial transmission map is very
important. The NLTV method is used to recovering the
wanted scene from the noisy image. It is very hard if both
atmospheric light A and initial transmission map t are
unknown. The boundary constraints were used to obtaining
the initial map t. A simple constraints for t: 0 < t < 1. The
lower bound of the transmission is expressed in equation (2).
𝒕=

𝑨𝒄 −𝑰𝒄
𝑨𝒄 −𝑱𝒄

≥ 𝟏 − 𝒎𝒊𝒏
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𝟐

𝟐

𝝀
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𝝁

𝝁

( 𝑬 + 𝑵′ . 𝑵) 𝒕 = 𝒕𝟎 + 𝑵′ . 𝒅

(10)

This function is solved with the help of Pre-conditioned
Conjugate Gradient method (PCG). For convergence purpose,
this process is repeated for 3 to 5 times for getting a better
result.

(4)

Most of the methods use direct inversion for getting the output
image. The wanted scene radiance is recovered by inverting
the image model in equation (1).
𝑱(𝒙) =

(8)

The above function is used to get the sparse linear system
which is expressed in the below equation.

(3)

, 𝟏 − 𝒎𝒊𝒏

𝝁

𝒕𝒌+𝟏 = 𝒎𝒊𝒏 ( ‖𝒕 − 𝒕𝟎 ‖𝟐 + ‖𝒅𝒌+𝟏 − 𝑵. 𝒕‖ ) (9)

Where, c 𝝐 (r, g, b) indicates the index of color channels. The
proposed boundary constraint for the scene radiance recovery
J: B0 ≤ J ≤ B1. The mathematical expression for boundary
constraint is given in equations (3) and (4).
𝟎 ≤ 𝒕𝑳 ≤ 𝒕 ≤ 𝟏

𝟏

𝒎𝒂𝒙 (|𝜵𝒘 𝒕𝒌 (𝒙)| − , 𝟎)

The optimal t value is obtained by fixing d value and
minimizing the below function.

(2)

𝑨𝒄

𝜵𝒘 𝒕𝒌 (𝒙)
|𝜵𝒘 𝒕𝒌 (𝒙)|

Algorithm 1: Refined transmission map via NLTV
regularization

(5)

Input: Image I, Parameters μ, α, λ, Iteration number K,
Patch size p × p.

This work uses an adaptive weight map and NLTV
regularization after the direct inversion to reduce the artifacts
in an image without degrades the fine details.

Output: Refined transmission map t
1.

Estimate the atmospheric light (A) using a
minimum filter.

Nonlocal Total Variation (NLTV)

2.

In NLTV, the weight map is obtained by searching the
nonlocal similar patches for each pixel with fixed patch size p
× p. The weight map is expressed in equation (6).

Estimate the initial transmission map t0 using
equation (4).

3.

Find the nonlocal weights w(x, y) by block
matching using equation (6).

4.

Initialization: d0 = 0, t0 = t0

5.

For k = 0 to K-1 do

6.

Update dk+1(x) using (8)

7.

Solve for 𝒕𝒌+𝟏 in equation (10) by PCG method.

𝒘(𝒙, 𝒚) = 𝒆

−𝟏

( 𝟐 ∗‖𝒑(𝒙)−𝒑(𝒚)‖𝟐 )
𝝈

(6)

where σ is a global filter parameter which helps to controls the
decay of the exponential expression. The main idea of NLTV
is to generalize the local gradient and divergence concepts
into nonlocal. The nonlocal gradient is expressed as,
𝜵𝒘 𝒕(𝒙) = [𝒕(𝒚) − 𝒕(𝒙)]√𝒘(𝒙, 𝒚), ∀𝒚 ∈ 𝑵

(7)
Adaptive Weight Regularization Recovery Model

where, y is the nonlocal neighbor of x, N indicates the number
of nonlocal neighbors that used to search on the initial
transmission map. The NLTV is expressed as the norm of the
nonlocal gradient. The NLTV is applied in both the
transmission and recovery model.

Most of the existing methods obtain the scene radiance by
applying the direct inverse formula. This work uses the
adaptive weight map calculated via refined transmission map.
The presence of noise is indicated by small t pixel value at
that time a large weight is imposed to smooth that region.
When the t pixel is large that indicates it is closer to the
wanted object at that time small weight value is imposed to
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avoid the over smoothening. The weight map is calculated by
equation (11).
V (x) = exp (-α.t2(x))

pixel is dominated by the noise. However, if a pixel lies on an
edge of an object, the total variation is dominated by the edge.
In [9], a TV method successfully applied for image
decomposition which uses generalized nonlinear Eigen
functions to explain forward and inverse TV transform. On
the basis of this process, the TV method is used to conduct
image fusion. The scale space approach is defined as,

(11)

where α is a parameter to control the decay of the exponential
expression. The scene radiance is recovered by minimizing
the below function:
𝜷

𝒎𝒊𝒏 𝑯𝒘 (𝑱) + ‖𝒕. 𝑱 − [𝑰 − 𝑨(𝟏 − 𝒕)]‖𝟐

𝑢𝑡(𝑡;𝑥)= − 𝑝(𝑡; 𝑥)

(12)

𝟐

𝑱

𝑝(𝑡; 𝑥) ∈ 𝜕𝑢 𝐽(𝑢)

This function also uses the optimization method which is
similar to Algorithm 1 that replace the nonlocal gradient
𝜵𝒘 𝒕(𝒙) by introducing a new variable h(x).
𝒃 = 𝑰 − 𝑨(𝟏 − 𝒕)

where 𝜕𝑢 𝐽(𝑢) is the subdifferential of some regularizing
functional J (u). The regularizing functional J (u) is defined
as,

(13)

𝐽(𝑢) = ∫Ω |𝐷𝑢|

The initial scene radiation is obtained by direct inverse in
equation (5).
𝑱(𝒙) =

𝑰(𝒙)−𝑨
𝒎𝒂𝒙(𝒕,𝟎.𝟏)

+𝑨

𝒉

=

𝜵𝒘 𝑱𝒌 (𝒙)
|𝜵𝒘 𝑱𝒌 (𝒙)|

𝒌

(14)

𝒎𝒂𝒙 (|𝜵𝒘 𝑱 (𝒙)| −

𝒗(𝒙)
𝝁

, 𝟎)

𝜕𝑢
𝐷𝑢
= 𝑑𝑖𝑣 (
) , 𝑖𝑛(0, ∞) × Ω
|𝐷𝑢|
𝜕𝑡
𝑢(0; 𝑥) = 𝑓(𝑥), 𝑖𝑛 𝑥𝜖 Ω

(15)

𝜷

𝜷

𝜼

𝜼

(19)

where Ω denotes the image domain. The TV transform can be
defined as

The optimal J value is obtained by solving the below function
via PCG method.
( 𝑻′ . 𝑻 + 𝑴′ . 𝑴) 𝑱 = 𝑻′ . 𝒃 + 𝑴′ . 𝒉

(18)

where Du is the distributional gradient of u. the corresponding
gradient descent can be formally written as

The optimal h value is obtained by performing the iterative
process on equation (15).
𝒌+𝟏 (𝒙)

(17)

𝜙(𝑡; 𝑥) = 𝑢𝑡𝑡 (𝑡; 𝑥)𝑡

(20)

where t is time parameter range from 0 to ∞, 𝑢𝑡𝑡 denotes the
second derivative with respect to the variable u. The
reconstruction formula is defined as

(16)

Algorithm 2: Recovery
model via Transmission
Adaptive NLTV regularization

∞

𝜔(𝑥) = ∫0 𝜙(𝑡; 𝑥)𝑑𝑡 + 𝑓

Input: Image I, Atmospheric light A, Refined transmission
map t, Parameters η, β, α, λ, Iteration number K, Patch size
p × p.

(21)

where 𝑓 is the mean value of the initial condition. The
spectrum S (t) of the input signal f(x) is defined as follow:
𝑆(𝑡) = ∫Ω 𝜙(𝑡; 𝑥)𝑑𝑥

Output: Enhanced image J

(22)

1.

Calculate b using (13)

2.

Calculate J0 using (14)

Mellin Transform

3.

Find the nonlocal weights w(x, y) by block
matching using equation (6).

4.

Initialization: J0 = J0, h0 = 0

The Mellin transform is an integral transform that may be
regarded as a multiplicative version of the two-sided Laplace
transform. Mellin transform is defined as

5.

For k=0 to K-1 do

Φ(𝑠) = 𝑀[𝐹(𝑢)](𝑠) = ∫0 𝑢 𝑠−1 𝑓(𝑢)𝑑𝑢

6.

Update 𝒉𝒌+𝟏 (𝒙) using equation (15)

where s is the complex variable of the transform. The inverse
transform can be expressed as
𝑐+𝑗∞
1
𝑓(𝑢) = 𝑀−1 [Φ(𝑠)](𝑢) =
(24)
∫𝑐−𝑗∞ 𝑢−𝑠 Φ(𝑠)𝑑𝑠

7.

𝒌+𝟏

Solve for 𝑱

∞

in equation (16) by PCG method.

(23)

2𝜋𝑗

The function Φ(𝑠) and f(u) are called a Mellin transform pair.
The second kind statistical functions can be defined based on
the Mellin transform.

After performing algorithm 1 and algorithm 2 for 3 iterations,
the final output is an enhanced image. For getting a single
with more information, these two enhanced images are given
as input for image fusion process.

1) Second-kind first characteristic function:
+∞

Φ(𝑠) = ∫

TV method

𝑥 𝑠−1 𝑝(𝑥)𝑑𝑥

(25)

0

2) Second-kind second characteristic function:
𝜓(𝑠) = log(Φ(𝑠))

Total variation is the sum of absolute gradients of the image.
If a pixel consists of pure noise, the total variation of that
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3) r-th order second-kind cumulants:
𝑘𝑟 =

𝑑 𝑟 𝜓(𝑠)
𝑑𝑠 𝑟

|

The first two second-kind cumulants are obtained by
integrating Eq. (31) into Eq. (26) and Eq. (27)
1
log 𝛾
̂𝑘1 = 𝜓(1) ( − 1) +
+ log 2 (32)
𝛼
𝛼
𝜓(1,1)
𝑘̂2 = 2
(33)
𝛼
where 𝜓 is the digamma function and 𝜓 (r,.) is the
polygamma function i.e. the r-th derivative of the digamma
function). The digamma function defined as the logarithmic
derivative of the gamma function.
𝑑
Γ ′ (𝑥)
𝜓(𝑥) =
ln(Γ(𝑥)) =
(34)
𝑑𝑥
Γ(𝑥)

(27)

𝑠=1

The first two second-kind cumulants (r = 1, 2) can be
derived based on N samples𝑦𝑖 , 𝑖 𝜖(1, 𝑁).
𝑁

1
∑ log( 𝑦𝑖 )
𝑁

(28)

1
2
𝑘̃2 = ∑[log(𝑦𝑖 ) − 𝑘̃1 ]
𝑁

(29)

𝑘̃1 =

𝑖=1
𝑁

𝑖=1

The TRD parameters are modeled based on these properties.
TRD

THE PROPOSED METHOD

The probability density function (PDF) of TRD is defined as

This section explains the processes involved in the proposed
image enhancement and fusion in the NLTV and TV
domain. The image is enhanced by NLTV method. In the
transmission model, the atmospheric light was estimated by
3 × 3 sliding window of a minimum filter. The maximum
value was taken as an atmospheric light component. The
initial transmission map is described as light portions not
scattered and reach the camera. It was obtained by estimated
atmospheric light and boundary constraints. This
transmission map was refined with NLTV based
regularization process. In the recovery model, the direct
inversion was performed to obtain the scene radiance. To
obtain a better quality image, additionally, Adaptive Weight
Map was calculated based on the value present in the refined
transmission map. Also, NLTV based weight map was got
by a similar patch search method. These two weight maps
were used in Transmission Adaptive NLTV regularization
function to remove the artifacts present in an image. The
final output was enhanced image. This produce was applied
on each of the input images.

∞

𝑝𝛼,𝛾 (𝑥) = 𝑥 ∫ 𝑠 × exp(−𝛾𝑠 𝛼 )𝐽0 (𝑠𝑥)𝑑𝑠 (30)
0

where α is the characteristic exponent (0 < α ≤ 2), 𝛾 is scale
parameter or the dispersion of the distribution (𝛾 > 0), 𝐽0 is
zeroth order Bessel function of the first kind. TRD is a
generalized form of the classical Rayleigh distribution and it
has thicker tails. TRD is treated as Gaussian distribution
when α = 2 i.e.𝑝2,

𝛾 (𝑥)

=

𝑥
2𝛾

exp(−

𝑥2

4𝛾

distribution when α = 1 i.e. 𝑝1, 𝛾 (𝑥) =

) and as Cauchy
𝑥𝛾
3

(𝑥 2 +𝛾2 )2

. Based on

the Mellin transform, the parameters α and 𝛾 of TRD are
calculated. The second-kind first characteristic function of
TRD can be obtained by integrating Eq. (30) into Eq. (25)
𝑧 + 1 (𝑧−1)
1−𝑧
2𝑧 Γ (
)γ 𝛼 Γ(
)
2
𝛼
Φ(𝑧) =
(31)
1−𝑧
Γ(
)𝛼
𝛼

Fig. 1: Schematic diagram for image enhancement process
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Fig. 2: Schematic diagram of the image fusion

The output of NLTV method is one enhanced image. These
images are given as input to the fusion process to produce a
single image with more information as well as high quality.
The total processing flow has been divided into four parts.
They are,

2022

1.

Multiscale Decomposition based on the TV
Method

2.

Detail Layer Fusion based on TRD

3.

Base Layer Fusion based on Local Energy

4.

Multiscale Image Restoration
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The modified covariation 𝐶𝑜𝑟𝑟𝛼′ (𝑋, 𝑌) is bounded which
takes values from -1 to 1. This is used to calculate the match
measure of random variables X and Y. The shape of the
Rayleigh distribution is gentle with increases γ. Always γ >
0. The TV decomposition contains edge details. Therefore,
the TRD parameter γ can be adopted as a salience
measurement.

Multiscale Decomposition based on the TV Method
The source images are decomposed into multiscale
representations using the TV method:
𝜙𝑚 (𝑡; 𝑥) = (𝐼𝑚 )𝑡𝑡 (𝑡; 𝑥)𝑡

(19)

where 𝐼𝑚 is the mth source image, x is a pixel in the image,
𝜙𝑚 (𝑡; 𝑥) is the spectral components of 𝐼𝑚 , t denotes the time
parameter, (𝐼𝑚 )𝑡𝑡 is the second time derivative of 𝐼𝑚 . The
edge details of different scales represented by 𝜙𝑚 (𝑡; 𝑥) and
𝑛
denoted
as
detail
layer
𝐷𝑚
⊂
{𝜙𝑚 (1; 𝑥), 𝜙𝑚 (2, 𝑥), … 𝜙𝑚 (𝑁, 𝑥)}, where n 𝜖 [1, N]is the
number of spectral components of the mth source image. The
remaining part is defined by the base layer and represented
by
𝐵𝑚 = 𝐼𝑚 − ∑𝑁
𝑛=1 𝜙𝑚 (𝑛; 𝑥)𝑡

Detail Layer Fusion
Detail layer fusion method is summarized in Algorithm 1
by using the salience and match measures based on TRD.
Generally, generalized Gaussian distribution (GGD) and
Laplacian distribution (LD) have tailed features and used
for detail layer fusion method. Therefore, LD is only
appropriate for thick edge representation, and GGD is
only appropriate for the texture representation, whereas
TRD is appropriate for both the thick edge and texture
representations. Because of this reason, TRD is used for
calculating the match and salience measures to achieve
optimal image fusion performance.

(20)

This mainly contains large-scale variations in intensity.

Detail Layer Fusion based on TRD
The image fusion approaches mainly concentrate in two
steps:

Algorithm 3: Detail Layer fusion based on match and
salience measure via TRD

(1) A match measurement between sub bands of the
source images to determine which coefficient will be
assigned a larger weight.

Input: Spectral decomposition
and 𝜙2 (𝑖; 𝑥), i𝜖[1: 𝑁].

(2) A salience measurement is used to determine which
coefficient will be copied in the fused sub band.

The covariance between two random variables plays an
important role in TV decomposition. Let X and Y are the
joint random variables. The covariation of X and Y can be
defined as:

[𝑌, 𝑋]𝛼 =
[𝑌, 𝑌]𝛼 =
[𝑋, 𝑋]𝛼 =

E(XY〈p−1〉 )

𝛾𝑌

(21)

𝛾𝑋

(22)

𝛾𝑌

(23)

E(|Y|)p
E(Y𝑋 〈p−1〉 )
E(|𝑋|)p
E(YY〈p−1〉 )
E(|Y|)p
E(XX〈p−1〉 )
E(|X|)p

1.
2.
3.

For i = 1 : N
Compute the salience measure of the ith component:
𝛾1𝑖 and 𝛾2𝑖
Compute the match measure of the ith
component: 𝑐𝑜𝑟𝑟𝛼′ (𝜙1 (𝑖; 𝑥), (𝜙2 (𝑖; 𝑥))).

-

𝛾𝑋

Weight calculation according to the match
measure
4. If Mi > T
5.

[𝑋,𝑌]

𝐶𝑜𝑟𝑟𝛼 (𝑋, 𝑌) = [𝑌,𝑌]𝛼. 1≤p<α
𝛼

(25)

However, the covariation coefficient is unbounded. Thus,
the improved covariation coefficients of X and Y can be
obtained as
[𝑋,𝑌] [𝑌,𝑋]

𝐶𝑜𝑟𝑟𝛼′ (𝑋, 𝑌) = [𝑋,𝑋]𝛼 [𝑌,𝑌]𝛼
𝛼

𝑤𝑚𝑖𝑛 = 0.5 (1 −

1−𝑀𝑖
1−𝑇

) 𝑎𝑛𝑑 𝑤𝑚𝑎𝑥 = 1 − 𝑤𝑚𝑖𝑛

6. Else
7. 𝑤𝑚𝑖𝑛 = 0 and 𝑤𝑚𝑎𝑥 = 1
8. End If
- Weight selection according to the salience
measure
9. If 𝛾1𝑖 > 𝛾2𝑖
10.
𝑤1 = 𝑤𝑚𝑎𝑥 and 𝑤2 = 𝑤𝑚𝑖𝑛 .
11. Else
12.
𝑤1 = 𝑤𝑚𝑖𝑛 and 𝑤2 = 𝑤𝑚𝑎𝑥 .
13. End If
- Detail layer fusion
14. Calculate the fused component using the
formula 𝜙𝑓 (𝑖; 𝑥) = 𝑤1 𝜙1 (𝑖; 𝑥) + 𝑤2 𝜙2 (𝑖; 𝑥).
15. End For

(24)

where 𝛾𝑋 and 𝛾𝑌 are the discrete degree parameters, α > 1 is
the characteristic exponent of TRD, p indicates the moment
order. The covariation coefficients of X and Y can be
obtained by

𝛼

𝜙1 (𝑖; 𝑥)

Output: Fused spectral TV decomposition components
𝜙𝑓 (𝑖; 𝑥), 𝑖𝜖[1: 𝑁].

Match and Salience measurements

[𝑋, 𝑌]𝛼 =

components

(26)
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of the guidance image, respectively; and 𝜖 is a smooth
factor. Guided image filtering is performed to refine each
weight map by

Basic Layer Fusion based on Local Energy
Mainly, the basic layer contains intensity information. First,
mean filtering is applied to each base layer to get the local
energy images as follows:
𝐸𝑚 = 𝐵𝑚 ∗ 𝑍
(33)
where 𝐵𝑚 defines the base layer of mth source image and Z is
a mean filter with a sliding window of size 3×3. Next, the
local energy is compared to obtain weight maps as follows:

̃𝑚𝑖 = ∑𝑗 𝑘𝑖𝑗 (𝐼𝑚 )𝑊𝑚𝑗
𝑊

where
is the refined weight value of the pixel I in the
mth weight map, 𝐼𝑚 is the mth source image. Finally, the base
layer of different source images are fused together by
weighted averaging as follows:

𝑘
𝑘
𝑘}
𝑘
𝑊𝑚𝑘 = { 1 𝐸𝑚 = 𝑚𝑎𝑥{𝐸1 , 𝐸2 , … , 𝐸𝑀 (34)
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑊𝑚𝑘

̃
𝐵𝑓 = ∑𝑀
𝑚=1 𝑊𝑚 𝐵𝑚

𝑘
𝐸𝑚

where M is the number of source images, and
and
are
the weight and energy values of the kth pixel of the mth source
image. The weight value of pixel k is set to 1 if its energy
value is the highest among the energy values of the pixel k of
all the source images shows in Eq. (31) and weight maps are
computed for each source images respectively. The weight
maps are typically noisy so that guided image filtering [14] is
performed on each weight map which is used to smooth the
weight maps based on local energy instead of edge details.
The filtering output at pixel i is expressed as a weighted
average
𝑞𝑖 = ∑𝑗 𝐾𝑖𝑗 (𝐼)𝑝𝑗

1

The total fused image F can be obtained based on TV
reconstruction theory, i.e.
𝑓

𝐹 = ∑𝑁
𝑛=1 𝐷𝑛 + 𝐵𝑓

𝜎𝑘2 +𝜖

)

(39)

𝑓

Where 𝐷𝑛 is the fused detail layers and 𝐵𝑓 is the fused base
layer.
RESULT

(35)

(𝐼𝑖 −𝜇𝑘 )(𝐼𝑗 −𝜇𝑘 )

(38)

Multiscale Image Restoration

Three different databases of images are used for
experiments such as the Visible and Infrared Image (VII)
database, Medical Images (MI) database, and Remote
Sensing Image (RSI) database. First Image enhancement
process is performed to obtain the enhanced image by
NLTV method. Those enhanced images are given as input to
image fusion process to obtain a single image with more
information and high quality.

where i and j are pixel indices, I indicate a guidance image,
p and q are a filtering input image and an output image
respectively. The kernel weight 𝐾𝑖𝑗 is expressed by
𝐾𝑖𝑗 (𝐼) = |𝜔|2 ∑𝑘:(𝑖,𝑗)𝜀𝜔𝑘 (1 +

(37)

̃𝑚𝑖
𝑊

(36)

where |𝜔|the number of pixels in the window is, 𝜔𝑘 is the kth
kernel window, 𝜎𝑘2 and 𝜇𝑘 variance and mean in the window

(a)
(c)
(d)
(b)
Fig. 3 (a) Infrared image 1, (b) Visible image 1, (c) Enhanced Infrared image 1, (d) Enhanced Visible image 1

(b)
(a)
(c)
(d)
Fig. 4 (a) Infrared image 2, (b) Visible image 2, (c) Enhanced Infrared image 2, (d) Enhanced Visible image 2
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(a)

(b)
(c)
(d)
Fig. 5 (a) CT image 1, (b) MRI image 1, (c) Enhanced CT image 1, (d) Enhanced MRI image 1

(a)

(b)
(c)
(d)
Fig. 6 (a) CT image 2, (b) MRI image 2, (c) Enhanced CT image 2, (d) Enhanced MRI image 2

(d)
(a)
(b)
(c)
Fig. 7 (a) High resolution image 1, (b) Low resolution image 1, (c) Enhanced High resolution image 1, (d) Enhanced Low
resolution image 1

(a)
(b)
(c)
(d)
Fig. 8 (a) High resolution image 2, (b) Low resolution image 2, (c) Enhanced High resolution image 2, (d) Enhanced Low
resolution image 2
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(b)
(a)
Fig. 13 Fused result for RSI database using (a) TV method
[5], (b) proposed method

(b)
(a)
Fig. 9 Fused result for VII database using (a) TV method
[5], (b) proposed method

(a)

(b)
Fig. 14 Fused result for RSI database using (a) TV method
[5], (b) proposed method

(b)
(a)
Fig. 10 Fused result for VII database using (a) TV method
[5], (b) proposed method

Quantitative Evaluation
The detailed quantitative results are reported in this
subsection. Two metrics are used to evaluate the proposed
method [20].
Average Gradient (AG)
It is used to reflect the presentation abilities of the
image to details and textures, which is always used to assess
the image sharpness which is defined as,
1

𝑁 √
𝐴𝐺 = 𝑀×𝑁 ∑𝑀
𝑖=2 ∑𝑗=2

(b)
(a)
Fig. 11 Fused result for MI database using (a) TV method
[5], (b) proposed method

2

2

[𝐼𝑓 (𝑖,𝑗)−𝐼𝑓 (𝑖,𝑗−1)] +[𝐼𝑓 (𝑖,𝑗)−𝐼𝑓 (𝑖−1,𝑗)]
2

(40)

where i and j are pixel indices, If indicates the fused image.
Information Entropy (IE)
It is widely used to show the average amount of information
of images which is defined as,
𝑬 = − ∑L−1
i=0 Pi log 2 (Pi )

(41)

where L is gray level of an image, pi stands for the ratio of
the pixel number Ni of the gray value i and the total pixel
number N, which is defined as,
𝑝𝑖 =
(a)

(b)
Fig. 12 Fused result for MI database using (a) TV method
[5], (b) proposed method
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𝑁𝑖
𝑁

,1 ≤ 𝑖 ≤ 𝐿 − 1
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Table 1 Quality Metrics of different image fusion methods
on two image pairs from VII dataset.
No.

1
2

Metric

AG
IE
AG
IE

Existing method
( only TV) [5]
4.5949
6.2289
2.6706
5.8239

REFERENCES
[1]

Proposed method
( Combination of
NLTV and TV)
4.7282
6.5240
4.3519
6.9545

[2]

[3]

[4]

Qi Liu, Xinbo Gao, Lihuo He, Wen Lu, “Single
Image Dehazing With Depth-aware Non-local
Total Variation Regularization”, IEEE Transaction
on Image Processing, vol. xx, no. xx, 2018.

[5]

Wenda Zhao, Huimin Lu, Dong Wang, “Multisensor
Image Fusion and Enhancement in spectral Total
Variation Domain”, IEEE Transactions on
Multimedia, 2017.

[6]

M. Benning, M. Moller, R.Z. Nossek, M. Burger, D.
Cremers, G. Gilboa, and
C. B. Schonlieb,
“Nonlinear Spectral Image Fusion”, International
Conference on Scale Space and Variational Methods
in Computer Vision, pp.41-53, 2017.

[7]

Y. Maa, B. JunChen, C. ChenChen, A. N. FanFan
and J. Maa, “Infrared and visible image fusion
using total variation model”, Neurocomputing, vol.
202, pp. 12-19, 2016.

[8]

D. Horesh and G. Gilboa, “Separation Surfaces in
the Spectral TV Domain for Texture
Decomposition”, IEEE Transctions on Image
Processing,vol. 25, No. 9, 2016.

[9]

Guy Gilboa, “A Total Variation Spectral
Framework for Scale and Texture Analysis”,
SIAM Journal on Imaging Sciences, vol. 7, no. 4, pp.
1937-1961, 2015.

[10]

Guy Gilboa, “A Spectral Approach to Total
Variation”, pp. 36–47, 2013.

[11]

Z. Sun and C. Han, “Heavy-Tailed Rayleigh
Distribution: A New Tool for the modeling of SAR
Amplitude Images”, IEEE IGARSS, PP. 1253-1256,
2008.

[12]

K. He, J. Sun and X. Tang, “Guided Image
Filtering”, IEEE Transction on Pattern Analysis and
Machine Intelligence, vol. 35, no. 6, 2013.

[13]

Dhirendra Mishra and Bhakti Palkar, “Image
Fusion Techniques: A Review ”, International
Journal of Computer Applications (0975 – 8887) vol.
130, no. 9, 2015.

[14]

Mamta Sharma, “A Reviwe: ImageFusion
Techinques and Application”, International Journal
of Computer Science and Information Technologies
(IJCSIT), vol. 7 (3), pp. 1082-1085, 2016.

Table 2 Quality Metrics of different image fusion methods
on two image pairs from MI dataset.
No.

Metric

Existing method
( only TV) [5]

1

AG
IE
AG
IE

8.6912
3.9111
8.8709
5.1215

2

Proposed method
( Combination of
NLTV and TV)
10.4428
6.6717
7.4537
6.2688

Table 3 Quality Metrics of different image fusion methods
on two image pairs from RSI dataset.
No.

1
2

Metric

Existing method
( only TV) [5]

AG
IE
AG
IE

10.893
3.2397
6.4521
3.8402

Proposed method
( Combination
of NLTV and TV)
19.4554
6.9199
11.6728
6.0444

CONCLUSION
The NLTV method uses all pixels of an image to calculate
the gradient instead of using neighboring pixels only. A
weighted graph is also used in calculating the gradient
which allows the NLTV regularization to efficiently remove
noise without destroying the fine features of the input
image. Because of this reason, NLTV method is used to
enhance the image. The TV decomposition method is used
in an efficient manner for image fusion. The decomposition
detail layers are modeled via TRD method to obtain good
salience and match measures. Base layer fusion based on
spatial intensity information effectively preserves the energy
information of the source images. The visual appearance of
the resultant image via the proposed method is better
compared with the existing method. The performance
metrics show that the proposed method is better than the
existing methods. Both Subjective and Objective evaluations
of the enhanced fused image obtained from the proposed
method show better performance.

2027

S. Li, X. Kang, L. Fang, J. Hu and H.yin, “Pixel-level
image fusion: A survey of the state of the art”,
Information Fusion, vol. 83, pp. 100-112, 2017.
H. Ghassemian, “A review of remote sensing image
fusion methods”, information Fusion, vol. 32, pp. 75–
89, 2016.
P. James and B. V. Dasarathy, “Medical image fusion: A
survey of the state of the art”, Information Fusion, vol.
19, pp. 4–19, 2014.

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 8 (2019) pp. 2018-2028
© Research India Publications. http://www.ripublication.com
[15]

Shutao Li, Xudong Kang and Jianwen Hu, “Image
Fusion with Guided Filtering”, IEEE Transaction
on Image Processing, Vol. X, No. X, January 2013.

[16]

Q. Liu, X. Gao, L. He, W. Lu, “Haze removal for a
single visible remote sensing image”, Signal
Process, vol. 137, pp. 33-43. Aug. 2017.

[17]

Yunan Li , Qiguang Miao , Ruyi Liu , Jianfeng Song ,
Yining Quan , Yuhui Huang, “A multi-scale fusion
scheme based on haze-relevant features
for
single image dehazing”, Neurocomputing, 2018.

[18]

X. Zhang, M. Burger, X. Bresson, and S. Osher,
“Bregmanized
nonlocal
regularization
for
deconvolution and sparse reconstruction”, SIAM
J. Imag. Sci., vol. 3, no. 3, pp. 253-276, 2010.

[19]

H. Koschmider, “Theorie der horizontalen
sichtweite”, in Proc. Beitrage Phys. Freien Atmos.,
1924, pp. 33-53.
Guangmang Cui, Huajun Feng n, Zhihai Xu, Qi Li,
Yueting Chen, “Detail preserved fusion of visible
and infrared images using regional saliency
extraction and multi-scale image decomposition”,
Optics Communications, pp. 199–209, 2015.
G. Meng, Y. Wang, J. Duan, S. Xiang, and C. Pan,
“Efficient image dehazing with boundary
constraint and contextual regularization” in Proc.
IEEE Int. Conf. Comput. Vis., pp. 617-624, 2013.

[20]

[21]

2028

