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Layer-Based Approach for Image Pair Fusion
Chang-Hwan Son and Xiao-Ping Zhang, Senior Member, IEEE

Abstract— Recently, image pairs, such as noisy and blurred
images or infrared and noisy images, have been considered as a
solution to provide high-quality photographs under low lighting
conditions. In this paper, a new method for decomposing the
image pairs into two layers, i.e., the base layer and the detail
layer, is proposed for image pair fusion. In the case of infrared
and noisy images, simple naive fusion leads to unsatisfactory
results due to the discrepancies in brightness and image
structures between the image pair. To address this problem,
a local contrast-preserving conversion method is first proposed
to create a new base layer of the infrared image, which can
have visual appearance similar to another base layer, such as
the denoised noisy image. Then, a new way of designing three
types of detail layers from the given noisy and infrared images
is presented. To estimate the noise-free and unknown detail
layer from the three designed detail layers, the optimization
framework is modeled with residual-based sparsity and patch
redundancy priors. To better suppress the noise, an iterative
approach that updates the detail layer of the noisy image is
adopted via a feedback loop. This proposed layer-based method
can also be applied to fuse another noisy and blurred image
pair. The experimental results show that the proposed method
is effective for solving the image pair fusion problem.

Index Terms— Near-infrared imaging, multi-exposure imaging,
image fusion, layer decomposition, sparse regularization.

I. INTRODUCTION

IN LOW lighting conditions, high camera gain or long
exposure time can lead to noise or blurring artifacts

on captured images, respectively. Even with state-of-the-art
denoising and deblurring methods [1], [2], high-quality image
acquisition in low lighting conditions remains a challenging
problem. To solve this issue, various types of image pairs that
are captured twice consecutively for the same scene have been
widely used [3]–[5]. Noisy and blurred images [3], noisy and
flash-produced images [4], and noisy and infrared images [5]
have been considered for the image pairs. First, noisy and
blurred image pairs [3] can be acquired by controlling the
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amount of exposure; in other words, by using relatively
short and long shutter speeds during shooting. In this way,
an image captured with a short exposure will contain some
noise but can avoid blurring artifacts, while an image captured
with a long exposure will have blurring artifacts due to
camera shake but will have clean color tones. Even though
these two images are both degraded, the use of the image
pair can improve the restored image quality via accurate
kernel estimation (i.e., camera motion) and removal of ringing
artifacts compared to the single-image-based deblurring and
denoising methods [1], [2].

The second image pair [4] consists of noisy and flash-
produced images. A flash is often utilized in low lighting
conditions to add artificial light to the scene, thereby producing
a sharp and noise-free image. However, the color tones of such
image are different from those of the no-flash image captured
under ambient light due to the color temperature difference
between the ambient light and the flash. Thus, the color tones
in a flash image need to be adjusted to be similar to those
of the no-flash image via the color transferring method [6] or
illumination removal technique [7]. The simple naive fusion
method can also provide good results in such circumstances.
The use of a flash has disadvantages in that its use is
prohibited in some places, such as museums or churches, and
it can generate unwanted red eye artifacts and can dazzle the
eyes during shooting [4]. As a result, near-infrared imaging,
which can provide a visible color image and an infrared gray
image [8], is being considered as an alternative.

In normal photography, a hot mirror is used to eliminate
the near-infrared part of the electromagnetic spectrum ranging
from 750 nm to 1400 nm, to which CCD/CMOS sensors
are sensitive. Thus, the exclusion of such a mirror leads to
contamination on visible color images. However, if the hot
mirror is replaced by a piece of clear glass, and a pair of lens-
mounted filters is used to control the infrared exposure [8], one
visible color image and the corresponding infrared gray image
can be produced. Also, near-infrared flash [5] can be used to
capture infrared gray images. In low lighting conditions, the
visible color image can be degraded by noise; however, the
infrared gray image can contain clean tones and fine details.
Thus, the use of the infrared gray image can improve the
restored image quality. However, there are some discrepancies
in the brightness and edge gradients between such visible
color images and the infrared gray images [9]. For this reason,
simple naive fusion, which simply combines the infrared gray
image with the denoised chrominance components of the
visible color image, is not always a good choice, indicating
the need for more elegant fusion methods.

A. Motivation
Figure 1 shows two types of captured image pairs: noisy

and infrared images [5] in the top row and noisy and
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Fig. 1. Noisy, infrared, and restored images (top row) and noisy, blurred,
and restored images (bottom row).

blurred images [3] in the bottom row. The corresponding
restored images are presented in the rightmost part of Fig. 1,
respectively. The images in the top row contain discrepancies
in the brightness and image structures between the noisy
and infrared images. In particular, the red lines near the
brim of the bowl are clear in the noisy image but are
unclear in the infrared image. Also, brightness differences are
illustrated in the chart’s patches. Due to these discrepancies,
the naive fusion method [10] leads to an unnatural restored
image, as shown in the rightmost figure. Even though the
restored image is noise-free, the lines near the brims are
poor and the chart’s colors are unrealistic. In the bottom row,
the image restored using the residual approach [3] contains
unwanted ringing artifacts on the edges of the table due to
the single-image-based deconvolution to identify the unknown
detail layer [3], [11].

The primary goal of this paper is to develop a new method
for fusing the noisy and infrared images. More details will be
provided to show how well the proposed layer-based approach
overcomes the discrepancy problem and provides high-quality
images with low noise and sharp edges. The secondary goal
is to show that the proposed layer-based approach can also
be applied to another type of image pair, i.e., noisy and
blurred images. It is particularly noteworthy that the ringing
artifacts are better mitigated by the proposed model than
by the conventional residual model [3]. However, the fusion
of a noisy and flash-produced image pair was not tested in
this paper because the naive method and color transferring
method [6] produce satisfactory results for such image pairs.

B. Contributions
• In this paper, a layer-based approach is proposed in order

to avoid the discrepancy problem while fusing noisy
and infrared images. Unlike the conventional residual
approach [3], which is restricted to only noisy and blurred
image pairs, the proposed layer-based approach can also
be applied to noisy and infrared image pairs. Moreover,
the proposed approach can remove ringing artifacts.

• In this paper, a local contrast-preserving image conversion
method is introduced in order to create a new base layer

of the infrared image. This conversion method enables the
appearance of the new base layer of the infrared image to
be similar to that of another base layer, i.e., the denoised
noisy image, so the discrepancy problem can be avoided
during base layer fusion.

• A method for designing the detail layers of noisy and
infrared images is provided in this paper. The detail
layer of the noisy image is generated based on the
difference between the noisy image and its denoised
version. In contrast, the infrared image has two types of
detail layers due to the newly created base layer. One is
created using the difference between the infrared image
and its denoised version, and the other is based on the
difference between the new base layer and its sharpened
version. This detail layer design method can not only
effectively reduce the noise in the detail layer of the
noisy image, but also amplifies the fine details in the
detail layer of infrared images.

• The statistical properties of image patches, such as
sparsity [12] and non-local redundancy [13], have
been widely used for image prior modeling. Patch
sparsity refers to the representation of natural patches
by the linear combination of the basis vectors and
the corresponding coefficients. During this process, a
constraint is imposed so that most of the coefficients are
zero. Non-local patch redundancy indicates that there are
often many repetitive patches throughout a natural image.
However, the proposed method adopts the residual-based
scheme, and thus the conventional intensity-based
sparsity and redundancy prior models [12], [13] need
to be changed to residual-based models. In other words,
in this paper, residual-based sparsity and redundancy
regularizations are introduced with the learned residual
dictionary to estimate the original detail layer.

• An earlier study [14] showed that two blurred images can
improve the restoration quality compared to using only
a single blurred image. Based on this result, an iterative
scheme of updating the detail layer of the noisy image
is adopted in the present paper in order to effectively
suppress the noise in the detail layer of the noisy
image.

II. RELATED WORK

The use of additionally captured images, such as noisy,
flash-produced, or infrared images, enables the kernel
prediction to be more accurate, the sharp edges and fine
details to be more preserved, and unwanted noises to be
effectively removed, thus providing higher quality images
than those obtained using single image-based restoration.
Various image fusion models have been developed according
to the sort of image pair, as shown in Table I, where ⊗ and �
denote convolution and the discrete wavelet transform, and
i , k, x, xn , xn,d , xb, xir , x f , and f j indicate the pixel
index, kernel, unknown original image, captured noisy image,
denoised noisy image, captured blurred image, captured
infrared image, captured flash image, and the horizontal or
vertical derivative filter, respectively. Similar notations are
used, as in [3], [15], [11], and [9].
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TABLE I

IMAGE PAIR FUSION MODELS

A. Fusion Model for Noisy and Blurred Image Pairs

For noisy and blurred image pairs, models based on
residual deconvolution (RD) [3], multi-resolution (MR) [15],
gradient different constraint (GDC) [16], and artificial blurred
image generation (ABIG) [17], [11] have been used. The
RD model [3] identifies the unknown original image (x)
by adding the lost detailed layer (�x) to the base layer,
i.e., the denoised noisy image (xn,d ). This model is
effective in restoring the fine details; however, it requires
single-image-based deconvolution to identify the detail layer,
and thus it is susceptible to ringing artifacts [11]. In contrast,
the GDC [16] and ABIG [17] models utilize the noisy image
as the regularization and data fidelity terms, respectively, and
then combine them in the transform or spatial domain. Thus,
the ringing artifacts that result from the deconvolution with the
captured blurred image (xb) and the inaccurate kernel (k) can
be mitigated by fusing the sharp noisy image. The difference
between GDC and ABIG is that the captured noisy image is
used as the prior in the GDC model, whereas the captured
image is used as the data fidelity term in the ABIG model.
In other words, the GDC model makes the gradients of the
unknown original image similar to those of the noisy image.
However, the ABIG model produces two types of blurred
images: one is the captured blurred image, and the other
is the artificially created blurred image, which is obtained
by denoising the noisy image (xn,d ). The artificially created
blurred image is updated with the corresponding estimated
kernel (kg) via a feedback loop. This is based on a related
work [14], which showed that two blurred images yield a
better restored image compared to the use of only one blurred
image. In the GDC and ABIG models, the alpha value (α)
indicating the prior can be fixed at 0.5 or 1.0, or it can
be spatially varied [11]. The MR method [15] combines the
wavelet coefficients of the noisy image, �(xn), with those of
the blurred image, �(xb) based on the assumption that the
absolute differences between two images are typically larger
and closer to the edges of the images. This indicates that
the value of λ is inversely proportional to the absolute value
of �(d). In Table I, λ can be a scalar value or a function
depending on the model, and the value of λ can be constant or
spatially varied. However, this assumption fails in the presence
of severe noise in the captured noisy image. Thus, this
MR model is more appropriate for high dynamic range (HDR)

fusion [18], infrared coloring [8], or dehazing [19], where the
input images contain little noise.

B. Fusion Model for Noisy and Infrared Image Pairs

For noisy and infrared images, the weighted least
square (WLS) [5] and GDC [20] models have been used.
The WLS model utilizes the infrared image to determine the
weights (λ) of the regularization term; in other words,
the infrared image is regarded as a guidance image used in
the adaptive filtering [21]. In Table I, the GDC model needs
to be modified for noisy and infrared image fusion. In other
words, k should be the delta kernel, and xb and xn should
be replaced by xn and xir , respectively. This illustrates that
the GDC model produces an unknown image x that is similar
to the noisy image xn; however, it has a constraint that the
gradients of x are similar to those of the clean infrared image,
xir in order to enable restoration of the details. Recently,
a more advanced scale map approach [9] has been introduced.
In the last row of Table I, the scale map (s) is additionally used
to predict the gradients of the unknown original image (x) from
the given guidance image (y). In other words, different from
the GDC model, the SM model can handle gradient direction
and magnitude discrepancy by using the scale map, although
it needs to estimate the unknown scale map and the original
image at the same time. The ABIG model is not appropriate for
noisy and infrared image pair fusion due to the discrepancies
in the brightness and gradients between the noisy and infrared
images. For this reason, the GDC model is preferred over the
ABIG model. If there are slight discrepancies between the
two images, however, the naive fusion method [10], which
just combines the infrared gray image with the denoised
chrominance components of the noisy image, can be a good
choice.

C. Fusion Model for Noisy and Flash Image Pairs

Unlike the noisy and infrared image pair, there are no
discrepancies in the gradations or image structures between
noisy and flash images. However, the color appearance differs
between these images [4] due to the color temperature
difference between the ambient light and the flash. Therefore,
the color appearance of the flash image needs to be adjusted
to be close to that of the noisy image. Color transfer [6] or
illumination removal [7] can be used to adjust the color tones
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Fig. 2. Basic concept and flowchart of the proposed layer-based image fusion
method: (a) basic concept, (b) flowchart for noisy and infrared image pair,
and (c) flowchart for noisy and blurred image pair.

of the flash image. It is also expected that the naive fusion
method, which combines the luminance channel of the flash
image with the denoised chrominance channels of the no-flash
image, will provide good resulting images. The WLS, GDC,
and ABIG models discussed in the previous subsection can
be considered with little modification. In other words, in the
WLS model, the flash image (x f ) will be used as the guiding
image to determine the weights (λ) of regularization. A similar
concept underlies joint bilateral filtering [22]. In the GDC
model, k is the delta kernel, and xb and xn are replaced by
xn and x f , respectively [4]. In the ABIG model, xb is replaced
by x f .

III. A NEW LAYER-BASED IMAGE PAIR FUSION METHOD

The key point of this paper is to show how to design the base
and detail layers from different types of image pairs for high
quality image acquisition, as shown in Fig. 2(a). As mentioned
in the Introduction, noise, discrepancy, and ringing artifacts
should be removed. Also, edges and textures should be well-
preserved. In this paper, these issues will be considered
during layer generation. Recently, a similar approach was
introduced based on guided image filtering (GIF) [23].
However, GIF [21] is closer to edge-preserving smoothing
filters (e.g., bilateral filter), which was not designed to
overcome the discrepancy problem between image pairs. This
indicates that the conventional layer based image fusion
approach [23] is different from ours. In other words, the fusion
method focuses on image pairs without serious discrepancies.
Therefore, its layer generation is naturally different from ours.

More details of creating each layer are provided
in Figs. 2(b) and (c). Assume that the input image pairs
are gray-scale images. In the proposed method, the input
image pair is decomposed into two layers: the base layer
and the detail layer. In the case of a noisy and infrared

image pair, the nonlocal means denoising method [24] is
first applied to the noisy image (xn) to create the base
layer (xn

base), and then the created base layer is subtracted from
the noisy image to produce the detail layer (�xn). Second,
the nonlocal means denoising method is again applied to the
infrared image (xir ) to obtain the denoised image, and
then the proposed image conversion method is conducted
to create a new base layer (xir

base) of the infrared image,
which will have an image appearance similar to that of
another base layer (xn

base). Next, the sharpened version (xir,s
base)

of the newly created base layer is predicted to create the
detail layer (�xir,s

base) of the infrared image. Also, another
detail layer (�xir ) is additionally generated from the denoised
infrared image (xir,d .) The two created base layers and the
three types of detail layers are combined, respectively, and
then added to reconstruct an unknown original image (x).
The estimated detail layer (�x) feeds back into the detail
layer (�xn) of the noisy image to effectively suppress noise.

Similarly, for a noisy and blurred image pair, the base
layer (xn

base) of the noisy image is created by denoising the
noisy image, and the detail layer (�xn) is obtained using
the difference between the noisy image and the base layer.
However, to generate the detail layer (�xb) of the blurred
image (xb), the base layer is first convoluted with the estimated
kernel to provide the blurred version (xn,b

base), and then the
detail layer (�xb) is obtained by subtracting the blurred

image (xb) from the convolved base layer (xn,b
base). The detail

layer (�xn) of the noisy image is then replaced by the
estimated detail layer (�x) via the feedback loop for improved
noise removal.

A. Noisy and Infrared Image Pair Fusion

1) Base Layer Generation: As briefly introduced in the
previous paragraph, two types of base layers for the noisy and
infrared images, respectively, are generated. In other words,
the base layer of the noisy image is produced by applying
nonlocal means denoising to the noisy image, whereas the base
layer of the infrared image is generated using the proposed
image conversion method. The goal of the proposed image
conversion method is to generate a new base layer of the
infrared image that is similar to another base layer of the noisy
image; however, the local contrast of the infrared image can
be preserved, thus avoiding the discrepancy problem between
the noisy and infrared images, as illustrated in Fig. 1. The
proposed image conversion method can be modeled as follows.

min
α

∥
∥
∥W1/2

i (pi − Qiαi )
∥
∥
∥

2

2
+ λb

∥
∥
∥αi − α0

i

∥
∥
∥

2

2
(1)

where ‖·‖p indicates p-norm, and pi and Qi contain the pixel
data of the extracted patches from the denoised noisy and
infrared images at the i th pixel location, respectively. Assume
that the extracted patch has the size of m × m (e.g., 5 × 5),
then pi and Qi can be defined as follows.

pi = Ri xn
base and Qi = [Ri xir,d 1] (2)

where Ri is a matrix that extracts the patch at the i th pixel
location from an image [1]. If xn

base and xir,d are image vectors
with sizes of N ×1, the matrix Ri has the dimensions m2 × N .
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Fig. 3. The denoised noisy image used for the base layer of the
noisy image, denoised infrared image, resulting image with the proposed
contrast-preserving conversion method, which corresponds to the new base
layer of the infrared image, and resulting image from GIF [21] (left to right).

In (2), 1 indicates that the column vector is filled with one.
Thus, the dimensions of Qi and pi are m2 × 2 and m2 × 1,
respectively. In (1), W is a diagonal matrix including the
weighting values that are inversely proportional to the distance
between the center pixel location, i , and its neighbor pixel
location. αT

i = [αi (1) αi (2)] contains the two elements that
indicate the slope and bias, respectively. Here, T denotes the
transpose operator. In addition, the number in the parentheses
is used to index the vector element. Therefore, the data fidelity

term,
∥
∥
∥W1/2

i (pi − Qiαi )
∥
∥
∥

2

2
, in (1) can be regarded as a linear

mapping. In other words, the denoised infrared patch Ri xir,d

will be mapped to the denoised noisy patch Ri xn
base without

any constraints. To prevent this, the local contrast-preserving

regularization term,
∥
∥
∥αi − α0

i

∥
∥
∥

2

2
, is additionally used. α0

i

is determined with
[

Ri xir,d (ic)/avg(Rixir,d )0
]T

, where ic

denotes the center location of the vector Ri xir,d and avg
indicates the averaging function. This means that the center
pixel value of the extracted denoised infrared patch is divided
by the averaged value, which has been used as a local contrast
measure [25], and thus the slope αi of the linear mapping,
Qiαi , to be estimated here is similar to the local contrast (α0

i )
of the denoised infrared patch. By adopting this local contrast
regularization, the newly created base layer of the infrared
patch will be similar to the denoised noisy patch with more
improved contrast and edges. The closed-form solution of (1)
and the pixel value of the newly created base layer at the
i th pixel location are given respectively as follows.

αi =
(

QT
i Wi Qi + λbI

)−1 (

QT
i Wi pi + λbα

0
i

)

(3)

xir
base(i) = xir,d (i)αi (1) + αi (2) (4)

Figure 3 shows how effectively the proposed contrast-
preserving conversion method avoids the discrepancy problem
between the noisy and infrared images. In the leftmost
two figures of Fig. 3, the image structures differ between
the denoised noisy image and the denoised infrared image,
especially around the brims of the bowl. Also, a brightness
discrepancy between the two images exists in the color chart,
so simple naive fusion of the denoised infrared image and
the denoised noisy image leads to bad results. For reference,
in Fig. 3, the same parameter, e.g., the noise level, was set with
nonlocal means denoising [24] for a fair comparison. However,
as can be seen in the third figure, the proposed contrast-
preserving conversion method produces a new base layer
image that is similar to the denoised noisy image. In particular,
the brim of the bowl that was almost removed in the infrared

image can be reconstructed in the newly created base layer.
Also, the edges of the flower and branches painted on the bowl
are sharpened. The overall brightness of the newly created base
layer is similar to that of the denoised noisy image, i.e., another
base layer. The discrepancy problem between two images
can be solved via the proposed image conversion method.
However, the lines of the bowls cannot be restored using GIF,
as shown in the last figure of Fig. 3. This reveals that GIF is
closer to edge-preserving smoothing filters which are not
designed to overcome the discrepancy problem. However, if
the discrepancy is small, GIF can be a good solution for
image pair fusion. Even though the proposed image conversion
method and the GIF have similar mathematical forms based
on the linear transformation, the used regularization terms
are completely different. The proposed regularization term is
more appropriate for solving the discrepancy, as already shown
in the Fig. 3. In conclusion, the proposed image conversion
method is not the same as that of GIF.

2) Detail Layer Generation: Given the base layers of the
noisy and infrared images, three types of detail layers can be
designed as follows

�xn = xn − xn
base (5)

�xir = xir − xir,d (6)

�xir,s
base = xir,s

base − xir
base (7)

The first detail layer, �xn , is derived from the noisy image,

whereas the second and third detail layers, �xir and �xir,s
base ,

are produced from the infrared image. In other words, the
first detail layer is the difference between the noisy image and
its base layer, whereas the second and third detail layers are
the differences between the infrared image and its denoised
version, or the newly created base layer and its sharpened
version. It is interesting that the infrared image has two
types of detail layers compared to the noisy image. This is
possible due to the newly created base layer. The existence
of the new base layer of the infrared image implies that
there is an unknown original image. Since the newly created
base layer is considered as the denoised image, its sharpened
version, xir,s

base , can be defined as a deblurred image with a
specific kernel. In this paper, a simple Gaussian kernel with an
isotropic property was used. Other sharpening techniques [26]
may be considered. The sharpened version, xir,s

base , can be
obtained by minimizing the following cost function:

min
xir,s

base

∥
∥
∥xir,s

base ⊗ k − xir
base

∥
∥
∥

2

2
+ λs

∥
∥
∥xir,s

base ⊗ f
∥
∥
∥

2

2
(8)

where f and k indicate the Laplacian derivative and Gaussian
filters, respectively. In this paper, the standard deviation of the
Gaussian filter is set to 0.8, and the regularization parameter λs

is 10−3. A larger standard deviation leads to overemphasized
edges on the restored images. The closed-form solution of (8)
can be found in [17] and [26].

Figure 4 shows an example of the three types of detail
layers created. Since the pixel values of the detail layers are
very small, piecewise contrast stretching [26] was separately
conducted to visualize them, so it is meaningless to compare
the absolute pixel values between the detail layers. As shown
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Fig. 4. The detail layer of the noisy image, the detail layer of the infrared
image, and the detail layer of the newly created base layer (left to right).

in Fig. 4, the detail layers created from the noisy, infrared,
and newly created base layers have different characteristics.
The detail layer of the noisy image, as shown in the leftmost
figure, contains both fine details and noise, and thus this detail
layer needs to be updated through the feedback loop in order
to suppress the noise, as shown in Fig. 2. In contrast, the detail
layer created from the denoised infrared image preserves the
fine details, especially for the background region, as shown in
the middle figure. However, due to the discrepancy problem,
this detail layer does not always contain all of the details. The
detail layer from the newly created base layer has thick edges;
however, the fine details in the background are lost, as shown
in the rightmost figure because this detail layer is created by
sharpening the already degraded image, i.e., the newly created
base layer. It seems that the detail layer of the noisy image is
unnecessary; however, this detail layer can include edges and
textures that are not present in the infrared image. Also, the
noise levels are not always high. Thus, the detail layer of the
noisy image needs to be considered. Importantly, there can be
gradient discrepancies between the infrared and noisy images.

3) Layer-Based Image Fusion: We next introduce a method
of generating unknown original base layer and detail layer,
respectively. First, the two created types of base layers are
easily combined via a weighted sum to identify the original
base layer, as follows.

xbase = wxn
base + (1 − w)xir

base (9)

where w indicates the weighting value for the base layer
fusion. In this paper, the weighting value, w, is determined
as the edge strength ratio between the two base layers at each
pixel position. As mentioned in subsection III.A.1, the use of
simple fusion of the two base layers in (9) is achieved through
the proposed image conversion method.

Second, the unknown detail layer is estimated by
minimizing the following cost function:

min
�x,αi

λ1

2

∥
∥�x − �xn

∥
∥2

2 + λ2

2

∥
∥
∥�x − (γ1�xir + γ2�xir,s

base)
∥
∥
∥

2

2

+λ3

2

N
∑

i=1

‖Ri�x − Dαi‖2
2 +

N
∑

i=1

‖αi‖0 (10)

where λ determines the weight ratio between the data fidelity
and regularization terms, and γ determines the fusing ratio
for the two detail layers, �xir and �xir,s

base. In (10), � is
used to indicate detail layers. The first two terms indicate the
data fidelity terms. In other words, the original detail layer to
be estimated here should not deviate from the designed three

detail layer types, according to (5)-(7). The third and fourth
terms are the regularization terms. As briefly mentioned in
the Introduction, natural patches are statistically sparse [12].
This means that natural patches can be represented by the
linear combination of the basis vectors and the corresponding
coefficients. In such cases, most of the coefficients are zero,
and the set of basis vectors is called the dictionary. In the past,
mathematical functions such as wavelets or discrete cosine
functions were directly used as the dictionary; however, it
has recently been recommended that the learned dictionary
from the training patch set be used in order to achieve better
sparse representation [12]. In (10), the third and fourth terms
correspond to the sparse regularization. In other words, the
extracted i th patch, Ri�x, can be approximated by the linear
combination of the dictionary D and the coefficient vector αi .
Here, D contains basis vectors for the columns, and αi has the
constraint that it is �0-norm, i.e., ‖αi‖0 should be minimized.
It has been proved that the sparse regularization term is very
effective to remove noise [1]. However, the extracted patches,
Ri�x, are different from the patches containing intensity
pixel data, which have been used to learn the dictionaries
for the image restoration problem [1], [27], [28]. In other
words, the extracted patches, Ri�x, are some parts of the
detail layer to be estimated, and thus the dictionary D in (10)
should be learned from the detail layers. To differentiate our
dictionary from the conventionally used dictionary, we call
our dictionary the residual dictionary hereafter. More details
regarding preparation of the learned residual dictionary will
be introduced in the next subsection.

Assuming that the learned residual dictionary is already
given, (10) can be solved via the alternating minimization
scheme, similar to the K-SVD learning algorithm [12]. In other
words, (10) has two unknowns of �x and αi , and thus the
minimization of (10) can be performed by alternating between
the two steps in which �x is solved given the fixed αi and
vice versa, as follows.

min
αi

‖Ri�x − Dαi‖2
2 subjec to ‖αi‖0 ≤ T H (11)

min
�x

λ1

2

∥
∥�x − �xn

∥
∥

2
2 + λ2

2

∥
∥
∥�x − (γ1�xir + γ2�xir,s

base)
∥
∥
∥

2

2

+ λ3

2

N∑

i=1

‖Ri�x − Dαi‖2
2 (12)

Equation (11) is an �0-norm problem with respect to the
coefficient vector, and thus one of the matching pursuit
algorithms [1], [12], [29] can be used. In (11), T H is a scalar
controlling the sparsity. In this paper, T H is set to 3. More
details about parameter setting can be found in [1] and [12].
On the other hand, (12) is an �2-norm problem, so it can have a
closed-form solution by differentiating (12) with respect to �x
as follows:

(

λ1I + λ2I + λ3

N
∑

i=1

RT
i

Ri

)

�x

= λ1�xn + λ2(r1�xir + r2�xir,s
base) + λ3

N
∑

i=1

RT
i

Dαi (13)
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�x =
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⎝

λ1�(�xn)+λ2�(γ1�xir +γ2�xir,s
base)+λ3�(

N∑

i=1
RT

i
Dαi )

λ1+λ2+λ3β

⎞

⎟
⎟
⎟
⎠

(14)

where � and �−1 indicate the forward and backward fast
Fourier transforms, respectively. In (13), I is the identity
matrix, and the term

∑N
i=1 RT

i Ri is a diagonal matrix,
the diagonal entries of which are equal to the number of
overlapping patches [1], [28]. Thus, the term

∑N
i=1 RT

i Ri can
be replaced with βI, where β is the number of overlapping
patches. By inserting βI into the position of

∑N
i=1 RT

i Ri

and then applying the fast Fourier transform, the closed-form
solution can be obtained, as shown in (14). The parameters
are set to λ1 = 1, λ2 = 10, λ3 = β−1, γ1 = 1.3 and
γ2 = 0.7. In (14), γ controls which detail layers will be more
emphasized, resulting in sharpening. The detail layer of the
noisy image is iteratively replaced by the estimated detail layer
through a feedback loop, as shown in Fig. 2(a), thus producing
high-quality restored images.

4) Residual Dictionary Generation: To learn the residual
dictionary in (10), a training image set including 200 natural
images is first collected from Internet websites, and then the
nonlocal means image denoising method [24] is applied to
the training image set to provide the corresponding base layer
set. Next, the detail layer set is generated by subtracting the
base layer set from the paired training image set. It can be
assumed that the detail layers of the infrared gray images can
be sparsely represented using the residual dictionary learned
from the natural gray images. Given the detail layer set, the
residual dictionary can be obtained by solving the following
cost function.

min
D,A

‖�X − DA‖2
2 subject to ∀ j, ‖A(:, j)‖0 ≤ T H (15)

where the matrix �X contains the patches extracted from
the detail layers for the columns. D and A indicate the
residual dictionary and the representation coefficient matrix,
respectively. The constraint term, ‖A(:, j)‖0 ≤ T H , indicates
that each column vector ‖A(:, j)‖0 of the matrix A should
be sparse. The minimization of two unknowns D and A
in (15) can be alternatively solved with the K-SVD learning
algorithm [12].

Figure 5 compares two types of dictionaries that are
learned from the natural images and the detail layers. In this
figure, non-overlapping 6 × 6 patches correspond to the
column vectors, i.e., the basis vectors in the dictionaries. The
total number of basis vectors is 1024. Each basis vector is
reshaped as a block and is then normalized for visualization.
Figure 5 shows that the dictionary learned from the detail
layers, i.e., the residual dictionary, is different from the
dictionary learned from the natural images with intensity pixel
data. In other words, the conventional dictionary that is learned
from the natural images tends to have relatively gradual
gradients, whereas the residual dictionary that is learned from
the detail layers has abrupt gradients. This indicates that the

Fig. 5. Comparison of the learned dictionaries from the natural images and
the detail layers (left to right).

conventional dictionary is more appropriate for the sparse
representation of natural images [1], [27]. Conversely, the
residual dictionary provides the best sparse representation for
the detail layers.

B. Noisy and Blurred Image Pair Fusion

The proposed layer-based approach described in Section
of III.A can be applied to a second noisy and blurred image
pair. Unlike the noisy and infrared image pair, the noisy and
blurred image pair has one base layer and two detail layers,
which are defined as follows.

xn
base = xn,d (16)

�xn = xn − xn
base (17)

�xb = xb − (xn,b
base = xn

base ⊗ k) (18)

where xn
base , �xn , and �xb indicate the base layer and

two types of detail layers, respectively. xn,b
base is defined

as xn
base ⊗k, where k indicates the kernel corresponding to the

blurred image xb, and the kernel can be accurately estimated
based on the patch pair [17]. Equation (16) indicates that
the base layer is the same as the denoised noisy image with
the nonlocal means denoising method. The detail layer of the
noisy image is the difference between the noisy image and the
base layer. On the other hand, the detail layer of the blurred
image is the difference between the blurred image and the
convolved base layer. Given the detail layers, the unknown
and noise-free detail layer can be found by minimizing the
following cost function:

min
�x,αi

λ1

2

∥
∥�x − �xn

∥
∥2

2 + λ2

2

∥
∥
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∥
∥

2

2
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N∑

i=1
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+λ4

2

N∑

i=1

	∑

j=1

ωi, j
∥
∥Ri�x − R j�xn

∥
∥

2
2 (19)

The equation above is the same as (10), except that the data
fidelity term of the detail layer is defined differently due
to the image pair difference, and the nonlocal redundancy
regularization is newly added, as shown in the last term.
Unlike the noisy and infrared image pair, the noisy and blurred
images are both degraded, and thus nonlocal redundancy
regularization is helpful to suppress noise and ringing artifacts.
As mentioned briefly in the introduction, non-local patch
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Algorithm 1 Image Fusion for Noisy and Infrared Image Pairs

redundancy indicates that there are often many repetitive
patches throughout a natural image, and thus this can be
modeled by Ri�x ≈ ∑	

j ωi, j R j�x [13], [24]. In other
words, the patch, Ri�x, that is extracted from an image at
the i th pixel location can be approximated by the weighted
sum of the neighborhood patches at the j th pixel locations,
∑	

j ωi, j R j�x. The weight, ωi, j , is proportional to the patch
similarity between Ri�x and R j�x. In the case of the noisy
and blurred image pair, the neighborhood patches can be
extracted from the noisy image; in other words, Ri�x ≈
∑	

j ωi, j R j�xn . In this case, (19) can be differentiated with
respect to �x, in a similar way to that shown in (13), thereby
providing a closed-form solution. Given the estimated detail
layer, �x, the unknown original image can be constructed by
adding the base layer to the estimated detail layer. The detail
layer of the noisy image is then iteratively updated through
a feedback loop, as shown in Fig. 2(b), thereby providing
high-quality restored images. In (19), the parameters are set
to λ1 = 1, λ2 = 30, λ3 = β−1, and λ4 = β−1.

Compared to the RD model in Table I, the proposed method
can reduce ringing artifacts due to the use of the detail layer
of the noisy image, �xn , as shown in the first and last
terms of (19). In contrast, the RD model only uses the detail
layer of the blurred image in the data fidelity term, and thus
ringing artifacts can be generated during the deconvolution,
as shown in Table I. This indicates that another detail layer
without ringing artifacts, such as the detail layer of a noisy
image, is a possible solution. However, the detail layer of a
noisy image includes noise and fine details. Therefore, some
regularization procedures are needed. In this paper, residual
sparse and nonlocal redundancy regularizations are adopted
based on the proposed layer-based scheme. Moreover, the
detail layer of the noisy image is updated via the feedback
loop to effectively suppress the noise.

C. Algorithms

The proposed methods for the two types of image pairs are
summarized in Algorithms I and II, respectively. For the noisy
and infrared image pairs, the nonlocal means denoising method

Algorithm 2 Image Fusion for Noisy and Blurred Image Pairs

is first used to provide the base layer of the noisy image,
and then the base layer of the infrared image is generated
using (1)-(4). Next, three types of detail layers are designed,
according to (5)-(7). Then, the unknown original detail layer
is estimated using (11) and (14). The estimated original detail
layer feeds back to the detail layer of the noisy image. This
feedback continues until a stop criterion is satisfied. Finally,
the two created base layers are then combined using (9),
and then added to the estimated original detail layer, thereby
producing the final fused image. Since the infrared image is
noise-free and clean, only a small number of iterations are
needed to provide satisfactory results. A maximum iteration
number of two is adopted in this paper.

Similarly, for the noisy and blurred image pair, the nonlocal
means denoising method is first conducted to provide the base
layer of the noisy image, and then the kernel of the blurred
image is estimated [17]. Next, two types of detail layers are
designed, according to (17) and (18), and the unknown detail
layer is restored by solving (19). The detail layer of the noisy
image is then replaced by the estimated detail layer, and then
iteratively updated via a feedback loop until a stop criteria is
satisfied. Finally, the estimated detail layer is added to the base
layer, thereby completing the fused image. Unlike the noisy
and infrared images, the noisy and blurred images are both
degraded; thus, more iterations are required. Given the fixed
maximum number of iterations, a noise level threshold can be
additionally used to stop the iterations in the early stages. The
maximum number of iterations is empirically set to 10, and the
noise level threshold is 2.0. Moment-based noise estimation is
used in this paper [30].

IV. EXPERIMENTAL RESULTS

A. Noisy and Infrared Image Pairs

For image pair fusion, testing images from [8] including
visible color and gray infrared images, are used. From these
image pairs, Gaussian noise with the standard deviation of 20
is added to the visible color images using Adobe Photoshop.
Then, the created noisy color images and gray infrared images
are inputted into the proposed method. However, the noisy
images are the color images, whereas the infrared images are
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Fig. 6. Experimental results: (a) visible color image, (b) created noisy image, (c) gray infrared image, (d) restored image with the naive fusion, (e) restored
image with the nonlocal means denoising, (f) restored image with the BM3D method, (g) restored image with the WLS model, (h) restored image with the
GDC model, (i) restored image with the GIF, (j) restored image with the proposed method, (k) denoised infrared image, (l) new base layer of the infrared
image, (m) base layer of the noisy image, (n) detail layer of the noisy image, (o) detail layer of the infrared image, (p) detail layer of the newly created base
layer, (q) fused base layer, (r) restored detail layer, and (s) close-up comparison (nonlocal means denoising, BM3D, WLS, GDC, GIF, and proposed methods:
left to right).

the grayscale images. To address this problem, the noisy color
image is first separated into Y, Cb, and Cr images [26], and
then only the Y image is fused with the gray infrared image
via the proposed method. The remaining Cb and Cr images
are denoised with the nonlocal means denoising method.
Moreover, the real captured images [5], [9] are downloaded
and then tested. To analyze the performance of the proposed
method, the conventional methods [5], [10], [20], [21], [24]
are compared. The testing environment is a Windows system
with Intel Core i7-4702, 2.2 GHz CPU, and the testing image
size is 512 × 512.

Figure 6 shows the visible color image, the created noisy
image, the gray infrared image, the restored images, the base
layers, and detail layers. In the visible color image of Fig. 6(a),
pixel saturation occurred around the glass window due to
the limited camera dynamic range. See the red box. Thus,
some information has been lost compared to that in the gray
infrared image of Fig. 6(c). However, the gray infrared image
has been darkened in contrast to the visible color image. The
captured visible color image and the infrared gray image have
different edges and brightness. This reveals that the original
visible color image without the pixel saturation is unknown,
and thus full-reference image quality evaluation cannot be
conducted [31]. However, for noisy and blurred image pairs,

a quantitative evaluation is possible. For the noisy visible color
and infrared gray images without discrepancy, simple naive
fusion can be a good choice because the luminance channel of
the noisy image is directly replaced by the noise-free infrared
image. This is demonstrated in Fig. 6(d), where there is little
noise and superior sharpness compared to those of the other
restored images. However, the overall brightness is decreased,
which indicates that the naive fusion method cannot be
applied to image pairs suffering from the discrepancy problem.
Fig. 6(e) shows the denoised image with the nonlocal means
denoising method [24]. As shown in Fig. 6(e), undesirable
noise still remains on the flat regions and some designs on
the wall are seriously blurred. However, the BM3D [32], one
of the state-of-the-art denoising methods, can improve the
visual quality significantly, as shown in Fig. 6(f). However,
the lost visual information in the saturation region cannot
be restored. The WLS fusion model [5] uses the infrared
image as the guidance image to control the weights of the
regularization term, as shown in Table I. As a result, the
designs on the wall are more sharpened and the noise in
the flat regions is highly suppressed, which can be checked
by comparing Figs. 6(e) and 6(g). Note that the nonlocal
means denoising method is used to provide xn and xb in
the Table I. This means that the WLS, GDC, and the proposed
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methods are influenced by the restoration quality of xn and xb.
In general, it is known that the performance of the BM3D is
better than that of the nonlocal means denoising method, and
thus the visual quality of the BM3D can be better than that
of the WLS method. See the Figs. 6(f) and 6(g). However,
the WLS method can be better than the BM3D for real-life
noisy images because the BM3D is weak to non-Gaussain
noise, which will be checked later. In addition, if the BM3D
is used to provide xn and xb in Table I, the performance
of the WLS can be better than that of the BM3D. Meanwhile,
the GDC model [4], [16], [20] includes the infrared image
in the regularization term. In other words, it produces gradients
of the restored image that are close to those of the infrared
image, and thus the lost information in the saturation region
can be recovered, as shown in Fig. 6(h). Fig. 6(i) shows
the image restored with the GIF [21]. The visual quality
is comparable to that of the proposed method, as shown
in Fig. 6(j). However, the information in the saturation region
is not restored. In addition, the sharpness is not better than
the proposed method. Furthermore, GIF is a good solution
only if the discrepancy between input image pairs is small,
which can be checked for the real-life noisy images. For detail
comparison, close-up images are provided in Fig. 6(s).

The image restored with the proposed method in Fig. 6(j)
is a combination of the fused based layer and the estimated
detail layer, as shown in Figs. 6(q) and (r), respectively.
Figures 6(l) and (m) show the created base layers of the
infrared and noisy images, respectively. The denoised infrared
image in Fig. 6(k) is changed to the new base layer in Fig. 6(l).
As shown in Fig. 6(l), its appearance becomes closer to that
of the base layer in Fig. 6(m). Figures 6(n)-(p) show the
three types of detail layers. The detail layer of the noisy
image includes both noise and image structures, as shown
in Fig. 6(n). On the other hand, the detail layer of the infrared
image contains fine details, as shown in Fig. 6(o); however,
some information, such as the bars on the window, has been
lost. The detail layer of the newly created base layer, shown
in Fig. 6(p), has strong edges including highlights. Also, the
bars on the window that was removed in Fig. 6(o) can be
detected. As mentioned in subsection III.A.2, the detail layers
are separately enhanced with contrast stretching [26], and thus
it is meaningless to compare the absolute pixel values. Even
though there is brightness discrepancy between the denoised
noisy and infrared images, as shown in Figs. 6(k) and (m), the
proposed image conversion method overcomes this problem,
thereby producing the fused base layer, as shown in Fig. 6(q).
In addition, the clean detail layer, shown in Fig. 6(r), can
be estimated via the proposed residual dictionary and sparse
regularization. The updating of the detail layer of the noisy
image can improve the restoration quality; however, the
improvement is small for the noisy and infrared image pair.
Thus, the updated detail layers are not provided in this paper.
However, the effectiveness of the iteration will be assessed
for noisy and blurred image pairs. As shown in Fig. 6(j), the
noise can be effectively removed, and the fine details can be
preserved with the proposed layer-based approach. Also, the
saturated regions in the red box of the Fig. 6(a) can be nicely
recovered.

Fig. 7 shows additional experimental results for the created
noisy and infrared images. Slight blurring occurred in the
leftmost side of the visible color image, as shown in the
red box of Fig. 7(a). Naturally, the created noisy image
accompanies the blurring. Moreover, the fine details on the
wall have been removed due to noise, as shown in Fig. 7(b).
However, the infrared image has no blurring in that region
and captures the fine details on the wall. The naive fusion
method provides the cleanest image, as shown in Fig. 7(d);
however, the restored colors are unnatural due to the brightness
discrepancy between the noisy and infrared images. The
restoration quality of the denoised noisy image in Fig. 7(e)
is poor due to the severe noise. The BM3D can improve
the restoration quality significantly, as shown in Fig. 7(f).
However, the representation for the designs of the wood
furniture is still poor. The use of the infrared image for
guidance with the WLS model leads to improvements in
the noise removal and edge representation, especially for the
chairs and the wall, which can be checked by comparing
the Figs. 7(e) and (g). However, since the gradients of the
infrared image are not combined with those of the noisy image
in the WLS model, the blurred region remains. In contrast
to the WLS model, the GDC model enables the fusion of
the infrared image with the noisy image according to the
gradient difference constraint, so that clear lines are recovered
on the designs of the wood furniture and chairs. In addition,
the blurred region is recovered, as shown in the leftmost
side of Fig. 7(h). Similar restoration quality can be obtained
with GIF, as shown in Fig. 7(i). In contrast, more fine
details on the wall are restored with the proposed method,
as shown in Fig. 7(j), due to the layer-based approach.
As shown in Figs. 7(k)-(m), the denoised infrared image can
be combined with the denoised noisy image via the proposed
image conversion method, thereby avoiding the brightness
discrepancy problem and producing the fused base layer, as
shown in Fig. 7(q). Also, the clean detail layer of Fig. 7(r)
is obtained by applying residual sparse regularization to the
designed detail layers, as shown in Figs. 7(n)-(p).

Figures 8 and 9 show the experimental results for the
captured noisy and infrared images, respectively. By comp-
aring the noisy images to the infrared images, respectively, as
shown in Figs. 8(a) and (b) and Figs. 9(a) and (b), structure
discrepancies are noted, especially for the brim of bowl and
the “Lipt” text. Therefore, the naive fusion method naturally
produces unrealistic images, as shown in Figs. 8(c) and 9(c).
The BM3D generates visual artifacts, as shown in the green
box of Fig. 8(e). Also, the visual quality is poor. Different
from the synthetic noisy images of Figs. 6 and 7, the visual
quality of the WLS method is better than that of the BM3D,
as shown in Figs. 8(f) and 9(f). The GIF cannot overcome
the discrepancy problem, as shown in Figs. 8(h) and 9(h),
especially for the brim of the bowl and “Lipt” text regions.
The restoration qualities of the nonlocal means denoising,
BM3D, WLS, and GIF methods are not better than those
of the GDC and proposed methods. In particular, the details
in the background of Figs. 8(d), (e), (f) and (h) and the
text on the paper box of Figs. 9(d), (e), (f) and (h) are lost.
In contrast, the GDC and proposed methods can recover
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Fig. 7. Experimental results: (a) visible color image, (b) created noisy image, (c) gray infrared image, (d) restored image with naive fusion, (e) restored
image with nonlocal means denoising, (f) restored image with the BM3D method, (g) restored image with the WLS model, (h) restored image with the GDC
model, (i) restored image with the GIF, (j) restored image with the proposed method, (k) denoised infrared image, (l) new base layer of the infrared image,
(m) base layer of the noisy image, (n) detail layer of the noisy image, (o) detail layer of the infrared image, (p) detail layer of the newly created base layer,
(q) fused base layer, and (r) restored detail layer.

Fig. 8. Experimental results: (a) captured noisy image, (b) captured infrared image, (c) restored image with naive fusion, (d) restored image with nonlocal
means denoising, (e) restored image with the BM3D method, (f) restored image with the WLS model, (g) restored image with the GDC model, (h) restored
image with the GIF, and (i) restored image with the proposed method.

the edges. As shown in Fig. 8(g), the GDC model restores the
edges of the flowers and branches on the bowl; however, the
fine details on the background are lost. On the other hand,
the edges of the flowers and branches that are restored
with the proposed method are not better than those obtained
with the GDC method; however, the fine details in the
background are restored, as shown in Fig. 8(i). Also, the text
visibility with the proposed method is better than that with
the GDC method, as shown in Figs. 9(g) and (i). Since the

GDC model can produce gradients of the restored image that
are similar to those of the infrared image, the fine details in
the background of the Fig. 8(g) can be recovered by assigning
a larger value to the regularization parameter, λ, as shown
in Table I. However, the edge strength of the brim of the bowl
will be lost due to the edge gradient discrepancies between
the noisy and infrared images. This problem can be solved
by the proposed layer-based approach. In other words, the
detail layer of the infrared image can preserve the textures of
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Fig. 9. Experimental results: (a) captured noisy image, (b) captured infrared image, (c) restored image with naive fusion, (d) restored image with nonlocal
means denoising, (e) restored image with the BM3D method, (f) restored image with the WLS model, (g) restored image with the GDC model, (h) restored
image with the GIF, and (i) restored image with the proposed method.

TABLE II

BIQE COMPARISON

the background, whereas the detail layer of the newly created
base layer can preserve thick edges. Moreover, the proposed
method controls the edge strength of the detail layers by
adjusting the gain parameters (γ1 and γ2) in (10). For the real
captured images, the SM method in Table I was compared
to the proposed method. We also observe that the visual
qualities of the proposed method are comparable to those of
the SM method (see the supplementary material at the
website: https://sites.google.com/site/changhwan76son/).

The performance of the proposed method depends on the
restoration quality of the base and detail layers. The restoration
quality of the base layer depends on the used denoising
method. Since the BM3D is a state-of-the-art denoising
method, it is expected that the restoration quality would be
improved if the nonlocal means denoising method is replaced
by the BM3D for the base layer generation.

There may be a question whether the image-pair-based
denoising methods including WLS, GDC and the proposed
methods are truly better than single-image-based denoising
methods, especially BM3D. However, since the image-pair-
based denoising methods use additional information
(e.g., edge and texture) contained in the captured infrared
images, restoration quality can be better than that of the
single-image- based denoising methods [1], [24], [32].

In Table II, the scores of the blind image quality
evaluation (BIQE) for different methods are provided for
comparison. Original versions of the captured infrared and
noisy visible color images cannot be defined, and thus
BIQE was conducted. The recently introduced state-of-the-art

BIQE method that does not require any human subjective
scores for training—i.e., opinion-unaware method—is
used [33]. This method models the natural statistics of the
local structures, contrast, multiscale decomposition, and
colors, and then it measures the deviation of the distorted
images from the reference statistics. It can be noticed that
the naïve fusion method has good BIQE scores. This is
because the infrared images with little noise and blurring
are directly used for the luminance channels of the fused
images. In other words, the resulting images with the naïve
fusion contain little noise and blurring. For this reason,
the naïve fusion method can obtain lower BIQE scores.
However, the BIQE method cannot find the discrepancies
in the brightness and image structures between the infrared
and visible color images. It can reflect only the statistics of
natural colors. Until now, no BIQE methods have focused
on measuring these kinds of discrepancies. Table II shows
that the proposed method obtains the smallest average BIQE
score, which indicates the best visual quality among those
methods. For Fig. 6, the GIF obtains the best BIQE score
except for the naïve fusion method. However, the BIQE
score of the GIF is almost the same as that of the proposed
method. Actually, the detail representation of the proposed
method is better than that of the GIF. Moreover, some
information around the saturation regions is lost with the GIF,
as shown in Fig. 6(s). Due to some noise in the flat region,
the BIQE score of the proposed method becomes slightly
higher than that of the GIF. However, from this result, it can
be concluded that the GIF can be a good solution only if the
discrepancy between input image pairs is small. For other
real test images with significant discrepancies, the BIQE
scores of the GIF are relatively high, indicating that the GIF
performance is inferior to the performances of the GDC and
the proposed methods. This shows that the GIF is closer to
edge-preserving smoothing filters and it is not designed to
overcome the discrepancy problem. Additional computation
of the BIQE scores of the SM method [9] indicates that the
BIQE performance of the SM method is not better than those
of the GDC and the proposed methods (see supplementary
material). However, the visual quality of the SM method is
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Fig. 10. Experimental results for the ’Text’ image: (a) original image, (b) created noisy image, (c) created blurred image, (d) denoised image [24], (e) restored
image with the ABIG model, (f) restored image with the RD model, and (g) restored image with the proposed method.

Fig. 11. Experimental results for the real captured image: (a) captured noisy image, (b) captured blurred image, (c) denoised image [24], (d) restored image
with the ABIG model, (e) restored image with the RD model, and (f) restored image with the proposed method.

comparable to those of the GDC and the proposed methods.
The use of the scale map can solve the discrepancy problem,
which leads to nicely recovered image structures.

B. Noisy and Blurred Image Pairs

In this subsection, the viability of applying the proposed
layer-based approach to other noisy and blurred image pairs
is investigated. Especially, the proposed method is compared
to the conventional RD method [3] in terms of ringing
artifacts. Test images from [11] are used for visual comparison.
Figures 10 and 11 show the experimental results for the
produced and real captured image pairs. The right side
of Fig. 10(f) shows the ringing artifacts generated around
the text. This is due to the single image deconvolution,
which is required to identify the unknown detail layer, as
shown in Table I. For the deconvolution, the estimated kernel
using a patch pair is used [17]. On the bottom-left of
the blurred image in Fig. 10(c), the original and estimated
kernels are arranged from left to right. One way of reducing
the ringing artifacts with the RD model is to assign a
larger value to the regularization parameter. However, this
will reduce the overall sharpness. In contrast, the ringing
artifacts can be removed with the proposed method, as shown
in Fig. 10(g), through the use of the detail layer of the
noisy image, �xn , as shown in the first and last terms
of (19). In other words, the noisy image without ringing
artifacts can be combined with the deconvolved version of the
blurred image, thus reducing the ringing artifacts. Also, the
residual-based sparse and nonlocal redundancy regularizations

can effectively remove the noise in the detail layer of the
noisy image. Similar results are shown in Figs. 11(e) and (f).
For further comparison, the restored images obtained using
the RD-based and proposed methods are provided in Fig. 12.
In the top row, ringing artifacts are observed, especially on
the left boundary of the butterfly and the side of the car.
However, the ringing artifacts are removed, as shown in the
bottom row. Moreover, the texts in the ‘Garage’ image are
clearly recovered with the proposed method. For reference,
the images restored with the nonlocal means denoising
method and the ABIG-based method [11], [17] are shown
in Figs. 10 and 11, respectively. However, the single image
deblurring method [34] and the MR-based method [15] are
excluded in this paper. As discussed in [11], the MR-based
method is more appropriate for HDR fusion, and single
image deblurring is much more prone to ringing artifacts.
The ABIG model uses the denoised noisy image in the data
fidelity term, as shown in Table I, and thus ringing artifacts
can be reduced. However, since the denoised noisy image is
mixed with the deconvolved version of the blurred image,
it is not easy to recover the fine textures and details that
have already been removed with denoising. For example, the
grid texture patterns are degraded, as shown in the left side
of Fig. 10(e). Also, the text sharpness is decreased, as shown
in Fig. 11(d). The nonlocal means denoising method uses only
the noisy image, so the color tones of the denoised image
can be different from those of the blurred image, as shown
in Figs. 11(b) and (c). In Fig. 12, the images obtained using
the ABIG and the nonlocal means denoising methods are
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Fig. 12. Experimental results for ‘Garage’, ‘Butterfly,’ and ‘Car,’ images;
RD-based method (top row) and proposed method (bottom row).

Fig. 13. PSNR values according to iteration number.

not provided because the resulting images have been already
provided in [11].

This paper focuses on showing that the proposed layer-based
approach can not only be applied to noisy and blurred image
pairs, but also reduce unwanted ringing artifacts compared to
the RD model. As verified in Figs. 10, 11, and 12, the proposed
method accomplishes these goals. Additional test results for
images with complex structures show that the restoration
quality of the proposed method is better than those of the
other methods: BM3D, ABIG, and RD (see supplementary
material).

Figure 13 shows the values of the peak signal-to-noise
ratio (PSNR) according to iteration number. Unlike the
noisy and infrared images, the noisy and blurred images
are both degraded, and thus several iterations are needed
to obtain satisfactory results. As shown in Fig. 13, as the
number of iterations increases, the PSNR values also increase.
In addition, the PSNR differences between two successive
iterations become smaller. This indicates that updating the
detail layer of the noisy image via a feedback loop can
effectively suppress noise, and the alternating minimization
results in a converged solution. In Table III, the PSNR values
for the proposed and conventional methods are given, and
the PSNR values of the proposed method are higher than
those of the conventional methods. This illustrates that the
proposed method work well for noisy and blurred image
pairs. In Table III, the PSNR values of the proposed method

TABLE III

PSNR COMPARISON

correspond to the sixth iteration. The PSNR values at the final
iteration are given on the right side of Fig. 13.

V. DISCUSSION

A. Parameter Setting

1) Noisy and Infrared Image Pair Fusion: In (1), λb controls
the tradeoff between the data fidelity and regularization terms.
For example, if the value of λb is set to zero, a newly created
base layer will be the same as the base layer of the noisy
image. If the value of λb approaches infinity, the newly created
base layer looks like a contrast map. This is because the slope
of α indicates the local contrast. In this paper, λb is fixed
at 2500, which enables the details (contrasts and edges) of
the infrared image to be transferred to the base layer of the
noisy image. In (10), λ1, λ2, and λ3 adjust the relative weights
between the data fidelity and regularization terms. λ1 and λ2
specifically adjust the relative weights between the two data
fidelity terms. In other words, λ1 controls the weight of the
detail layer (�xn) of the noisy image, and λ2 controls the
weight of the two types of detail layers (�xir and �xir,s

base)
created from the clean infrared and denoised noisy images.
Therefore, λ1 can be changed based on the noise level while
fixing λ2 and λ3. In other words, λ1 can be scaled inversely
proportional to noise level. Also, since the two types of detail
layers (�xir and �xir,s

base) contain very little noise, λ2 can be
set at a larger value than λ1.

2) Noisy and Blurred Image Pair Fusion: In (19), λ1, λ2, λ3,
and λ4 determine the tradeoff between the data fidelity and
regularization terms. λ1 and λ2 specifically adjust the relative
weight between the two types of data fidelity terms. In other
words, λ1 controls the weight of the detail layer of the noisy
image, whereas λ2 controls the weight of the detail layer of
the blurred image. Therefore, the relative weight of λ1 and λ2
can be assigned according to noise and blurring levels. The
noise level can be estimated from the input noisy image. The
blurring level can be measured from the kernel size. However,
the noise level and kernel size are not always proportional
to perceptual degradation. Measuring the relative perceptual
degradation between blurring and noise levels may be a topic
of interest. A simple way of controlling those parameters is
to scale the value of λ1 according to noise level while fixing
λ2, λ3, and λ4, or the value of λ2 can be adjusted while fixing
the other parameters.

B. Computational Cost

Table IV shows the computation time of the conventional
and proposed methods for grayscale noisy and infrared image
pairs with the size of 512 × 512. In this paper, the WLS and
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TABLE IV

COMPUTATION TIME FOR NOISY AND INFRARED IMAGE PAIR

GDC models used the nonlocal means denoising method to
provide the xn and xb in Table I. Therefore, in Table IV,
the computation time of the WLS and GDC methods include
that of the nonlocal means denoising. Also, the computation
time of the nonlocal means denoising and WLS can vary
depending on the size of the search window (e.g., 17 × 17)
and optimization techniques (e.g., steepest descent method),
respectively. As shown in Table IV, the computational speed
of the proposed method is relatively slow. This is mainly due
to the residual sparse coding and nonlocal means denoising,
which take about 99% of the total computation time. In this
paper, the sparse coding (i.e., matching pursuit) and nonlocal
means denoising algorithms are required to solve (11) and
generate base layers. The complexity for the sparse coding and
nonlocal means denoising algorithms was already discussed
in [24] and [35]. Other processes for solving (3), (8), and (14)
take minor portion (about 1%) of the total computation time.
It is known that the complexity for the fast Fourier transform
to solve (14) and (8) is O(N log N) and the complexity for
the matrix inversion in (3) depends on the algorithms used,
e.g., O(n3) for Gauss–Jordan elimination. Here, N is the total
number of pixels of the input image and n is the number of
elements of the input matrix. In Table IV, the computation
time for noisy and blurred image pairs is not provided. In the
case of RD model in Table I, the base layer is given via the
nonlocal means denoising and the detail layer is estimated by
using the GDC model. Therefore, the computation time of the
RD model is almost same as the GDC method in Table IV.
For the proposed method, the computation time is increased
because more iterations are required to estimate the original
detail layer. The computation time of the ABIG model in
Table I was provided in [17].

As mentioned in the Introduction section, the contribution
of this paper lies in the creation of the base and detail
layers for image pair fusion. The main focus is not to
improve the computational speed of the sparse coding and
nonlocal means denoising. Nevertheless, we note that there
are a number of ways to reduce the computation time of
the proposed layer-based method. For examples, the first is
to replace the residual sparse regularization in (10) with
other regularizations. In [11], it is shown that using the
spatially varying norm is effective to remove noise and
preserve textures. This type of regularization can be used
for the estimation of the unknown detail layer. Moreover, it
can be implemented via fast Fourier transform. Therefore,
the computation time can be reduced for estimation of the
unknown detail layer. Note that in this paper, sparse coding
and learned dictionary are used to estimate the unknown detail

layer because of their outstanding performances [1], [12]. The
second is to adopt the fast version [36] of the nonlocal means
denoising method. This can shorten the computation time to
generate base layers. In conclusion, while the focus and the
main contribution of this paper is to show how to design the
base and detail layers for image pair fusion, there are a number
of ways of optimizing the computational performance of the
proposed method.

VI. CONCLUSION

A new layer-based image pair fusion method was proposed.
To solve the discrepancy problem between noisy and infrared
images, a local contrast-preserving conversion method was
developed, thereby enabling the appearance of the base layer
of the infrared image to be close to that of the noisy image.
In addition, a new way of designing three types of detail layers
that contain different information, e.g., highlights, edges, or
textures, was introduced. This detail layer design leads to
improvement in the edge and texture representations. Also, the
proposed residual-based sparse coding effectively suppresses
the noise in the detail layer of the noisy image through a
feedback loop. Furthermore, the experimental results showed
that the proposed layer-based method can also be applied to
noisy and blurred image pairs.
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