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Inpainting of Dunhuang Murals by Sparsely Modeling

the Texture Similarity and Structure Continuity
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Ancient mural paintings often suffer from damage such as color degradation, pigment peeling, and even large-area shedding.

Image inpainting techniques are widely used to virtually repair these damages. Generally, the inpainting task can be very

challenging when structures are totally missing within a large area. In this article, we study mural image inpainting by

incorporating structure information collected from line drawings, and propose a line-drawings-guided inpainting algorithm

for repairing the damaged murals of Mogao Grottoes, Dunhuang. Unlike traditional methods that use one single patch to

inpaint the target area, the proposed method constructs the target patch with a linear combination of multiple candidate

patches. These candidate patches are selected by a sparse model, where two special constraints have been introduced to

guarantee the texture similarity and structure continuity. Experimental results demonstrate the effectiveness of the proposed

method.
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1 INTRODUCTION

Ancient murals are the visual representation of human civilization in history, and are an important medium for
culture exchange all over the world (Chen et al. 2017; Gao et al. 2015). However, due to the natural weathering
and man-made destruction, ancient mural paintings often suffer from damage such as color degradation, pigment
peeling, and large-area shedding, which makes them less informative and less beautiful. Figure 1(a)–(c) show
three typical damage murals from Mogao Grottoes of Dunhuang—a world heritage site located at northwest
China. Although modern inpainting techniques can be helpful in repairing the mural, no technique can guarantee
a non-harmful operation to the mural itself. To this end, most countries and museums are inclined to digitalize
the murals into painting images, and perform the repairing work by using image inpainting algorithms.

These inpainting tasks can be very challenging if the structure information is missing in the damaged area,
especially when there are not enough paintings of the same style to support a learning system or an expert system
to infer out the structures. In such case, the structure information is of vital importance for making a successful
inpainting. Then, the next problem is where we can get the structure information in the missing region.

Fortunately, for Dunhuang murals, a project has been performed for years to create the line structures of the
murals. A number of painters working at the Dunhuang Research Academy create the line drawings of murals
in each cave at Mogao Grottoes. These painters not only make the line drawings align to the sketch strokes of
the remaining paintings in the cave, but also create the line structures in the damaged area. Three examples of
line drawings have been shown in Figure 1(d)–(f).

With the structure information provided by the line drawings, we develop an image inpainting algorithm to
repair the damage of Dunhuang murals. As an important topic in the field of computer vision and image process-
ing, image inpainting has been studied for many years, in which a number of algorithms have been proposed,
e.g., the geometry-based method (Bertalmio et al. 2000; Roth and Black 2005), the patch-based method including
the exemplar-based method (Criminisi et al. 2004; Xu and Sun 2010; Wang et al. 2014), the hybrid method (Rudin
et al. 1992), the energy-based method (Komodakis and Tziritas 2007), the sparsity-based method (Aharon et al.
2006; Mairal et al. 2007), and so forth. In this article, we mainly focus on the patch-based inpainting algorithm,
considering that the patch-based method is good at repairing damaged paintings that have large areas lost (Zou
et al. 2014b). In the implementation of this method, how to select the patches and how to inpaint the patches
are the two key procedures. In patch selection, a patch with the highest priority on the missing region boundary
is selected to determine the filling order. Traditionally, the patch priority is defined based on the inner product
between isophote direction and the normal direction of the damaged areas boundary (Drori et al. 2003). In patch
inpainting, the target patch is pasted by copying the best match candidate patches in the known region.

To better address the problems of patch selection and patch inpainting, we add missing structure information
in damage areas according to the manual line drawings produced by Dunhuang painters. Based on the alignment
of murals and line drawings, a novel patch selection scheme from texture patch to structure patch is designed.
For texture patches located at fill-front, we first randomly select them without computing their priorities, and
then define a patch structure complexity (PSC) to better determine the filling order for structure patches. Finally,
we fill one patch with a combination of multiple exemplars by modeling the texture similarity and structure
continuity in a sparse-representation framework.

The contribution of this work is threefold: (1) a novel patch selection scheme is proposed which inpaints
the selected patches from easy to hard and guarantees the texture smoothness; (2) an index—patch structure
complexity—is presented for structure patch selection which enhances the structure coherence; and (3) a sparse
linear combination of candidate patches is constructed for better representation of the target patch. With the
above virtues, the proposed method shows a higher performance than several other state-of-the-art methods in
the experiments.

The rest of this article is organized as follows. Section 2 introduces the related work. Section 3 describes the
proposed method. Section 4 reports our experimental results on inpainting the Dunhuang murals, and Section 5
concludes the work.
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Fig. 1. Three damaged mural paintings and their corresponding line drawings.

2 RELATED WORK

Image inpainting is an important topic in image and signal processing. In the past two decades, a number of
methods have been proposed in this field. Generally, the image inpainting methods can be divided into three cat-
egories: the geometry-based methods, the patch-based methods, and the learning-based methods. In this section,
we briefly introduce each of them.

2.1 Geometry-Based Methods

The geometry-based methods are built on the smoothness priors, and mainly use partial differential equations
(PDEs) to propagate local structures from the exterior to the interior of the hole (Bertalmio et al. 2000; Chan
and Shen 2001; Bornemann and März 2007). In the pioneer work of Bertalmio et al. (2000), the PDEs were used
to handle the anisotropic diffusion, where the inpainting was iteratively performed based on the given mask of
degraded area. As an extension of the PDEs, Total Variation (TV) was also employed in inpainting. In Shen and
Chan (2002), the TV model and its minimization procedure were designed for the purpose of local deterministic
inpainting. This work invoked another type of inpainting algorithm—curvature driven diffusions (CDDs) (Chan
and Shen 2001). In Masnou (2002), a variational approach was proposed to complete straight lines in the image.
Some methods assisted the PDE-based inpainting by learning image priors. For example, in Roth and Black
(2005), a statistic model and its minimization design were proposed to obtain image priors for the inpainting
task. Whereas, in Bornemann and März (2007), a coherence transport was applied to the whole image, which
improves the computing speed and leads to a fast image inpainting algorithm.

The above methods are generally well suited for repairing straight lines, curves, and small holes, but are not
good at inpainting textures of large area.

2.2 Patch-Based Methods

The patch-based methods stemmed from the ideas of texture synthesis (Efros and Leung 1999; Wei and Levoy
2000), which exploit the texture’s statistical patterns or the self-similarity priors. The statistics of image textures
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are assumed to be stationary or homogeneous (Zontak and Irani 2011). Generally, the patch-based inpainting
methods can be divided into three classes: exemplar-based methods, energy-based methods, and sparsity-based
methods.

2.2.1 Exemplar-Based Methods. The core idea of exemplar-based methods is to select the patch located at
the fill-front with highest priority, and meanwhile to search a best match exemplar in the known region of
the whole image. In the study of exemplar-based inpainting, three works have made important contributions
(Bornard et al. 2002; Drori et al. 2003; Criminisi et al. 2004), where Criminisi’s algorithm has been widely used as
a baseline for comparison by a number of literatures. In the past 10 years, a lot of works have made improvements
to the exemplar-based inpainting in different ways, e.g., the confidence term (Xu and Sun 2010; Wang et al. 2014;
Xiao et al. 2015; Li et al. 2014, 2015), the data term (Meur et al. 2011; Martłnez-Noriega et al. 2012), the priority
function (G. Patel et al. 2014; Strobel et al. 2014; Zou et al. 2014b; Siadati et al. 2016), and the searching space
(Daisy et al. 2015; Patel and K. Sarode 2014). The exemplar-based methods can often produce visually plausible
results (Cornelis et al. 2013) when the missing area contains simple structures, even for inpainting a large area.

2.2.2 Energy-Based Methods. Energy-based methods reconstruct the missing areas via energy minimization
models, which often require an iterative inpainting procedure (Wexler et al. 2007; Komodakis and Tziritas 2007;
Szeliski et al. 2008; Barnes et al. 2009; Connelly Barnes et al. 2010; He and Sun 2014; Dang et al. 2014; Ge et
al. 2016), and sometimes perform in a multiscale fashion (Darabi et al. 2012). In Wexler et al. (2007), a pixel-
based inpainting algorithm was proposed through minimizing the measure of coherence between two patches
based on a Gaussian function. In Szeliski et al. (2008), smoothness-based priors were analyzed and concluded by
energy minimization using Markov random field (MRF). In Komodakis and Tziritas (2007), the problem of image
completion was cast into a discrete global MRF optimization problem. In order to quickly find the approximate
nearest neighbor matches in the known regions (Barnes et al. 2009), a randomized algorithm was integrated
into the “Content Aware Fill” tool in Photoshop CS5 (Connelly Barnes et al. 2010). In Darabi et al. (2012), a new
patch-based energy function based on mixed L2/L0 norms for colors and gradients was proposed, which fills the
missing regions from multiple photos. In He and Sun (2014), it matches similar patches in the known regions
and obtains their offsets, and then minimizes the MRF energy corresponding to these dominant offsets. In Dang
et al. (2014), a fast image inpainting algorithm by combining both a greedy strategy and a global optimization
strategy is proposed. In Ge et al. (2016), the completion problem is formulated as a global discrete optimization
problem, which defines an energy function that evaluates the image consistency globally.

2.2.3 Sparsity-Based Methods. Sparsity-based methods are also introduced to handle the inpainting problem.
In Aharon et al. (2006) and Elad and Aharon (2006), the K-SVD algorithm was proposed for image inpainting,
which trains an overcomplete dictionary that best suits a set of given signals. Based on this innovative work,
many algorithms have been derived (Türkan and Guillemot 2013; Guillemot et al. 2013; Takahashi et al. 2012;
Guleryuz 2006; Fadili et al. 2009; Mairal et al. 2007, 2010; Shen et al. 2009; Peyr and Gabriel 2009). In Türkan and
Guillemot (2013) and Guillemot et al. (2013), locally embedding methods were introduced into the framework of
sparse representation to improve the performance. Some other methods were also exploited to enhance sparse
representation, e.g., matrix rank minimization (Takahashi et al. 2012), orthonormal transformation (Guleryuz
2006), and matrix factorization (Mairal et al. 2010). In Mairal et al. (2007) and Shen et al. (2009), improved
dictionary-learning algorithms were proposed to improve the efficiency. Sparse representation was also exploited
in other related applications such as image zooming (Fadili et al. 2009) and texture synthesis (Peyr and Gabriel
2009), and showed good performances.

Compared with the geometry-based methods, the patch-based methods can obtain plausible results for in-
painting large missing areas. However, there exists a general problem for the patch-based method. That is, once
the textures and/or structures in the missing area cannot be found in the reference region of the image, the
inpainting results are usually not good.
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Fig. 2. The flowchart of the proposed method.

2.3 Learning-Based Methods

Recently, deep learning and GAN-based approaches have emerged as a promising paradigm for image inpainting
(Pathak et al. 2016; Yang et al. 2016; Li and Wand 2016; Iizuka et al. 2017; Song et al. 2017; Yu et al. 2018; Liu
et al. 2018). Pathak et al. (2016) is one of the first works that applys deep neural networks for image inpainting
which exploit the texture’s statistical patterns or the self-similarity priors. Yang et al. (2016) takes the result from
Content Encoders as input and then improves the texture by using style transfer techniques (Li and Wand 2016)
to propagate the high-frequency textures from the boundary to the hole. Iizuka et al. (2017) extends Pathak et al.
(2016) by defining both global and local discriminators. Song et al. (2017) uses a refinement network in which a
blurry initial hole-filling result is used as the input, then iteratively replaced with patches from the closest non-
hole regions in the feature space. Yu et al. (2018) refines the network powered by the contextual attention layers.
Liu et al. (2018) propose the use of a partial convolution layer with an automatic mask updating mechanism and
achieve state-of-the-art image inpainting results.

However, learning-based methods need a large number of samples and much more time to train the network.
CNN-based methods often create boundary artifacts, distorted structures, and blurry textures inconsistent with
surrounding areas.

2.4 Summary

In order to inpaint a large damage area, we build our method under the patch-based inpainting strategy, and use
line drawings to provide the structure information of the missing region. Specifically, an index—PSC—is defined
and used to enhance the structure coherence, and a linear combination of multiple candidate patches is presented
for better target-patch generation.

3 METHOD

In this section, we will first overview the proposed method, and then introduce the key steps of the mural
preconditioning procedure, the patch-selection strategy, and the construction of the sparse model for mural
inpainting.

3.1 Method Overview

We propose to inpaint damaged murals under the guidance of the corresponding line drawings. The flowchart
of this method has been shown in Figure 2. It contains the following key steps:

(1) Mural image preconditioning. The damage area in the color mural image is annotated, and the line struc-
tures in the mask, i.e., missing region, are added by referring to the line drawings corresponding to the
mural image.
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Table 1. Symbols and Their Descriptions

Symbol Description Symbol Description
I damage mural M number of texture patches
Id damage mural with line drawings Ψtc candidate texture patch
Ω missing region K number of candidate texture patches
Ωc known region Ψs structure patch to be inpainted
∂Ω the fill-front N number of structure patches
Ψp patch to be inpainted Ψsc candidate structure patch
L number of target patches V number of candidate structure patches

T texture patch set Ψ̂p estimated patch
S structure patch set Ic inpainting result
Ψt texture patch to be inpainted

Fig. 3. Image preconditioning for the inpainting task.

(2) Patch selection. All patches to be filled on the fill-front are classified as texture patches and structure
patches. Different patch selection strategies are designed for them.

(3) Patch sparse representation. To construct the target patch, a sparse model with constraints of texture
similarity and structure continuity is built to select a number of candidate patches.

In the following, we first introduce the damaged mural preconditioning, and then elaborate on the patch
selection for the filling order and the patch sparse representation for patch inpainting. Table 1 lists all the symbols.

3.2 Damaged Mural Preconditioning

As shown in Figure 3, before inpainting, the original mural images need to be preprocessed by a preconditioning
step. First, under the guidance of the experienced experts on repairing Dunhuang mural images, the green masks
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Fig. 4. Line structures annotated based on line drawings.

are filled in the damaged areas to make sure of where it should be inpainted. Then, we utilize human-computer
interaction techniques to complete the missing structure information in the damaged areas according to the line
drawings. Finally, we can get the damaged mural images with human labeled structures.

To better explain this step, we choose a mural image from Zou et al. (2014a) for illustration, as shown in
Figure 4. In Figure 4, the top left shows the original image I . We aim to get Id after image preconditioning.
Obviously, Ωc is the known region and Ω1, Ω2, and Ω3 are regions to be inpainted. We add some black lines into
Ω3 to guide the structures since there are structures in this mask. In the top right of Figure 4, we use mathematical
morphology to get ∂Ω1, ∂Ω2, and ∂Ω3, i.e., the boundary of Ω1, Ω2, and Ω3, which displays as the red lines in Id .

3.3 Patch Selection

The priority function is a key component of the exemplar-based image inpainting methods, which determines
the filling order that directly influences the inpainting results. In our work, we present a novel strategy for target
patch selection. First, all patches to be filled on the fill-front ∂Ω are classified and put into the texture patches
set T and structure patches set S . For T , we choose Ψt randomly without computing their priority functions to
improve the efficiency and texture coherence. For S , we define a new PSC to enhance the structure coherence.

3.3.1 Classification of Patches into Textures and Structures. We propose to inpaint the texture part and then
the structure part. This classification procedure will determine filling order in a general way. In Figure 5, there
are three damaged regions Ω1, Ω2, and Ω3, in the mural image Id . All patches to be filled centered at pixel p on
their fill-front ∂Ω1, ∂Ω2, and ∂Ω3 are selected. We must make sure whether there are human labeled structures
in these patches or not; if they do, put them into structure patches set S , otherwise, they belong to texture patches
set T .

To verify that this strategy can enhance the texture similarity or structure continuity, we compare it with the
other three strategies as used in Criminisi et al. (2004), Wang et al. (2014), and Xu and Sun (2010). The degraded
image is inpainted by using different patch-selection strategies of the above four methods. For each method, the
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Fig. 5. Classification of images patches on the boundary.

patch size is set to 5 × 5 and the SSD (Sum of Squared Distance) criterion (Criminisi et al. 2004) is applied to
search the most similar patch for filling the missing region.

Figure 6 illustrates the effect of different inpainting orders. According to Criminisi et al. (2004), Wang et al.
(2014) and Xu and Sun (2010), the patch with the most complex structure is selected at the beginning of inpaint-
ing, as shown in the first column of Figure 6(a)–(c). Under the iterative inpainting procedure, more and more
incoherent structures, broken edges, and improper extension of texture components can be observed in the three
methods, which are shown in the second to the last column in Figure 6(a)–(c). The reason is that the three meth-
ods have an inpainting order from structure patches to texture patches. The structure patches are more difficult
to inpaint than texture patches. Thus, in this order, it may easily get bad results when a bad patch is used.
Figure 6(d) demonstrates that the proposed strategy achieves the sharpest and the most consistent inpainting
results.

3.3.2 Random Selection for Texture Patch. Traditionally, patch priority should be computed to determine
which patch is to be repaired first, which is a time-consuming process. To improve the running efficiency, a
random-selection manner is employed for texture-patch selection. In the previous step, the patches at the fill-
front have been classified into textures and structures. Among the texture patches to be inpainted, we randomly
select one Ψt that does not contain any line-drawing structures to process. In the texture-then-structure inpaint-
ing strategy, this simple selection operation improves the running efficiency while not affecting the inpainting
results.

3.3.3 PSC. For the structure parts, we need to find the first structure patch Ψs in set S to inpaint. The patch
Ψs to be inpainted is supposed to have less line-drawing structures while holding more known information.
Therefore, we define a PSC as a metric for the selection, as formulated by Equation (1),

PSC (s ) =
1

2
· exp

(
−
∑

s ∈Ψs

⋂
Ωc Γ(s )

|Ψs |

)
, (1)
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Fig. 6. Comparison of different strategies of filling order. (a)–(d) show the inpainting processes of Criminisi’s strategy of

filling order (Criminisi et al. 2004), Wang’s strategy of filling order (Wang et al. 2014), Xu’s strategy of filling order (Xu and

Sun 2010), and our proposed strategy of filling order, respectively.

where
∑

s ∈Ψs

⋂
Ωc Γ(s ) is the number of pixels of human labeled structures in the structure patch Ψs , and |Ψs | is

the number of pixels in the Ψs . Then, the final priority function is defined as

P (s ) = PSC (s ) ·C (s ), (2)

where C (s ) is the confidence term, the same as that defined by Criminisi et al. (2004).
To avoid the “dropping effect” (Wang et al. 2014), we introduce a regularized factor in the confidence term as

C (s ) = (1 − ω)C (s ) + ω, (3)

where the ω is set as 0.2. To verify that the PSC (s ) can better measure the confidence of a patch locating at the
structure region, we compare the proposed priority function PSC with Criminisi’s priority function (Criminisi
et al. 2004), Wang’s priority function (Wang et al. 2014), and Xu’s priority function (patch structure sparsity,
PSS) (Xu and Sun 2010). Figure 7 shows the results obtained by using different priority functions. From the last
column of Figure 7(a)–(d), we can see the inpainting result obtained by the proposed PSC holds the highest Peak
Signal-to-Noise Ratio (PSNR) values among all priority functions.

3.4 Patch Sparse Representation

As discussed above, the proposed inpainting is a patch-based method. To better illustrate the patch selection and
patch representation, we use Figure 8 as illustration. In Figure 8(a), Ψp is a patch to be filled on the fill-front ∂Ω.

Let {Ψci
}Hi=1 be the candidate patches set, which are the top H most similar patches searched with SSD distance

criterion (Criminisi et al. 2004) from the known region; let H be the number of similar patches, where H is
empirically set between 10 and 50, and its influence will be analyzed in Section 4; then, the Ψp can be estimated
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Fig. 7. Performance comparison for different patch-priority functions. Rows (a)–(d) show the inpainting processes using

Criminisi’s (Criminisi et al. 2004), Wang’s (Wang et al. 2014), Xu’s (Xu and Sun 2010), and the proposed priority functions,

respectively. Note that PSNRs are given for the final results.

Fig. 8. An illustration of the patch-based inpainting method. (a) Construct the target patch with multiple candidate patches

for the inpainting. (b) Check the neighboring smoothness within a window.
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by the sparse linear combination as

Ψ̂p =

H∑
i=1

αci
Ψci
. (4)

Let E and Ē be the logic matrices indicating the missing region and the known region of Ψp , then the missing

pixels in patch Ψp are replaced by the corresponding pixels in Ψ̂p ,

EΨp = EΨ̂p . (5)

The coefficients of the linear combination �αc = {αc1 ,αc2 , . . . ,αc j
} can be solved by minimizing a constrained

optimization problem in the sparse model. It is supposed that the patch Ψp is the sparsest linear combination of

{Ψci
}Hi=1. Then we discuss how to obtain the �αc = {αc1 ,αc2 , . . . αc j

} in the following.

In the sparse model, the objective is to minimize the l0 norm of �αc , i.e., the number of non-zero elements in

�αc . To get better inpainting results, two constraints are introduced for Ψ̂p .

(1) The sum of the coefficients �αc = {αc1 ,αc2 , . . . αc j
} equals to 1:

H∑
i=1

αci
= 1. (6)

Under this constraint, when only one element in �αc is non-zero, the coefficient of that element must be
one. Then this sparse model will degrade to the same as Criminisi’s (Criminisi et al. 2004), where a best
match patch is searched in the known region for filling the target patch.

(2) To better enhance neighborhood continuity, the local patch consistency constraints are produced. On one

side, the estimated patch Ψ̂p should be similar to the inpainted patch Ψp over the already known pixels:

‖ĒΨ̂p − ĒΨp ‖22 < ε, (7)

where ε is a parameter controlling the error tolerance. On the other side, the newly filled pixels EΨ̂p should
be consistent with the neighboring patches in appearance, which can be formulated as

β

�������EΨ̂p − E
∑

qj ∈Ws (q )

ωp,qj
Ψqj

�������
2

2

< ε, (8)

where β balances the strength of the constraints in Equations (7) and (8), which is set to 0.8.

As shown in Figure 8(b), Ψp is the patch to be inpainted, andW (p) is a sliding window centered at p; generally
the size of this sliding window is larger than the size of patch Ψp , then the center points of the candidate patches
inW (p) can be formulated as a set Q (p):

Q (p) = {qj |qj ∈W (p) and Ψqj
⊂ Ωc }. (9)

And then the similarity between Ψp and the neighboring Ψqj
can be formulated as

ωp,qj
=

1

Z (p )
· exp ��−

d (ĒΨp , ĒΨqj
)

σ 2
�� , (10)

where d (·, ·) denotes the mean squared distance, σ is set to 5.0, and Z (p) is a normalization constant such that∑
qj ∈Q (p )

ωp,qj
Ψqj
= 1. (11)

Then, Equations (7) and (8) can be rewritten in a more compact manner:

ϕ = ‖DΨ̂p − ΨT ‖22 < ε, (12)
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where

D =

[
Ē√
βE

]
, ΨT =

⎡⎢⎢⎢⎢⎢⎢⎣
ĒΨ̂p√

βE
∑

qj ∈Q (p )

ωp,qj
Ψqj

⎤⎥⎥⎥⎥⎥⎥⎦ . (13)

Finally, we optimize the following constrained optimization equation to obtain the coefficients �αc for the sparse
model:

min{‖ �αc ‖0} s .t . ‖DΨ̂p − ΨT ‖22 < ε,
H∑

i=1

αci
= 1. (14)

Details for calculating the sparse linear combination coefficients can be found in Xu and Sun (2010). Equa-
tion (14) is to represent the inpainted patch sparsely from several non-zero candidate patches, which refer to the
patches with non-zero coefficient values. In each iteration of Equation (12), we just select non-zero candidate
patch(es) and obtain only one patch with best local patch consistency. Once the selected patch satisfies the lo-
cal patch consistency constraint Equation (12) and the value of ϕ increases gradually, the selected patch will be
treated as a non-zero candidate patch. When the iteration stops, the selected non-zero candidate patches will be
used to represent the target patch by using Equation (4).

Based on the above design, the proposed mural inpainting method can be detailed by Algorithm 1.

4 EXPERIMENTS AND RESULTS

In this section, we first introduce two different datasets used in this work, namely, the Dunhuang damage mu-
ral dataset and Dunhuang660 dataset, and then describe the experiment setup. After that, we investigate the
inpainting performance of the proposed approach.

4.1 Datasets

The Dunhuang damage mural dataset includes three damage murals and the corresponding line drawings, as
shown in Figure 1(a)–(c) and Figure 1 (d)–(f), respectively. The line drawings are provided by the Dunhuang
Research Academy at Mogao Grottoes, Dunhuang. The mural shown in Figure 1(a) was painted on the south
wall of Mogao cave #112 in middle Tang dynasty (AD 781-848). The mural shown in Figure 1(b) was painted on
the east wall of Mogao cave #320 in Yuan dynasty (AD 1271-1368). The mural shown in Figure 1(c) was painted
on the north wall of Mogao cave #263 in North Wei (AD 439-534). Eight murals from Dunhuang660 (Zou et al.
2014a; Li et al. 2018) are also selected for experiments, namely, the beiliang-272-1s (AD 421-439), beiwei-435-1b
(AD 439-534), beizhou-290-1c (AD 557-581), beizhou-299-a (AD 557-581), shengtang-148-1a (AD 705-781), sui-
420-1g (AD 581-618), wudai-061-1b (AD 907-960), and xiwei-249-r (AD 534-556), which are shown in the top row
of Figure 9.

4.2 Experiment Setup

To verify the performance of the proposed image inpainting algorithm, extensive experiments are conducted.
Firstly, the influence of the patch size and the number of candidate patches for sparse representation on the
performance of inpainting are analyzed. Then the overall performance of the proposed method is compared with
Criminisi’s (Criminisi et al. 2004), Wang’s (Wang et al. 2014), Content aware fill’s (Connelly Barnes et al. 2010),
Darabi’s (Darabi et al. 2012), and Xu’s (Xu and Sun 2010) methods. In the comparison, the parameters for the
proposed method are set based on the analysis. Specifically, the patch size is set as 5×5, the number of candidate
patches is set as 20, and the balance coefficient is set as 0.8. For the comparison methods, the parameters are set
the same as in their papers.
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ALGORITHM 1: Mural Inpainting Algorithm

Input: Id : damage mural with line-drawing structures, and Ω: missing regions;

Output: Ic : inpainting result.

1 % Classify the patches at the fill-front into textures and structures:

2 ∂Ω ← ComputeFillFront(Ω);

3 for (p=1 to L) do

4 % S : structure patch set, T : texture patch set, L=M+N

5 Ψs ,Ψt ← patchClassify(Ψp );

6 S = {Ψs |s = 1, 2, . . . ,M };T = {Ψt |t = 1, 2, . . . ,N };
7 end

8 % Inpaint texture patches:

9 if (T � �) then

10 % Choose Ψt randomly in T as target patch:

11 Ψt ← randomSelect(T );

12 % Search K best candidate patches in Ωc :

13 TC = {Ψtc }Ktc=1 ← globalSearch(Ωc );

14 % Estimate texture patches by sparse model:

15 Ψ̂p ← sparseModel(Ψt ,TC );

16 Ψt ← patchReplace(Ψ̂p );

17 goto step 2;

18 end

19 % Inpaint structure patches:

20 if (T = �, S � �) then

21 % Compute all structure patch priorities:

22 for (s=1 to M) do

23 C (s ) ← confidenceTerm(Ψs );

24 PSC (s ) ← patchStructureComplexity(Ψs );

25 P (s ) ← priorityFunction(C (s ),PSC (s ));

26 P = {P (s ) |s = 1, 2, . . . ,M };
27 end

28 % Choose the patch with maximal priority in P to inpaint:

29 Ψs ← maximalChoose(P );

30 % Search V best candidate patches in Ωc :

31 SC = {Ψsc }Vsc=1 ← globalSearch(Ωc );

32 % Estimate structure patches by sparse model:

33 Ψ̂p ← sparseModel(Ψs , SC );

34 Ψs ← patchReplace(Ψ̂p );

35 goto step 2;

36 end

All the experiments are performed on Matlab R2017a on a Windows 10 platform, with a 3.3GHz CPU and a
16GB RAM.

4.3 Influence of Parameters

We analyze the influence of two parameters on the performance of the proposed method. One is the patch size
for inpainting, and the other is the number of candidate patches selected from sparse representation.
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Fig. 9. Preprocessing of eight sample mural paintings. Top row: the original murals. Middle row: murals with simulated

damage areas (masks in green). Bottom row: murals with masks and structures.

Fig. 10. Inpainting performances under different patch size. (a) The PSNR curves generated by varying the patch size when

inpainting the eight murals in the last row of Figure 9. (b) The average PSNR curve.

4.3.1 Patch Size. In this subsection, we will empirically investigate the influence of the patch size on the
inpainting results. Eight images in the last row of Figure 9 are adopted to perform the experiment. The inpainting
was conducted by varying the patch size from 5 to 13 at an interval of 2, the PSNR curves and SSIM curves have
been plotted in Figures 10(a) and 11(a), and the average PSNR curve and average SSIM (Wang et al. 2004) curve
are plotted in Figures 10(b) and 11(b). From the results, we can see that the increasing of patch size generally leads
to decreased PSNR and SSIM to the inpainting results. The reasons are as follows: (1) A larger patch size would
result in fewer texture patches to be inpainted. In other words, a large patch will easily contain structure lines,
which will be a structure patch. However, inpainting a structure patch is commonly more difficult than a texture
patch. (2) A larger patch commonly contains more complex information, which will increase the difficulty in
searching for a good matched patch from the known region of the image. According to Figures 10(b) and 11(b),
as the average PSNR and SSIM gets its peak at a patch size of 5, we apply it to the further experiments.

4.3.2 Number of Candidate Patches. The influence of the number of candidate patches on the inpainting is
also examined. The experiments and evaluations are also performed on the eight murals shown in the last row
of Figure 9. The number of candidate patches is varied from 5 to 50 at an interval of 5 in the experiments. For
comparison, we also run the inpainting by tuning the patch number to 1. The PSNR curves and SSIM curves are
plotted in Figures 12(a) and 13(a); the average PSNR curve and SSIM curve are shown in Figures 12(b) and 13(b).
From Figures 12(b) and 13(b) we can see that the inpainting performance gets a large jump when the number
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Fig. 11. Inpainting performances under different patch size. (a) The SSIM curves generated by varying the patch size when

inpainting the eight murals in the last row of Figure 9. (b) The average SSIM curve.

Fig. 12. Influence of the number of patches on the inpainting performance. (a) The PSNR curves generated by varying the

patch number when inpainting the eight murals in Figure 14(1). (b) The average PSNR curve.

Fig. 13. Influence of the number of patches on the inpainting performance. (a) The SSIM curves generated by varying the

patch number when inpainting the eight murals in Figure 14(1). (b) The average SSIM curve.

of patches is tuned from 1 to 5. It indicates that the combination of multiple candidates is better than using
only one most similar patch for generating the target patch. From Figures 12 and 13 we can also see that the
performance is relatively stable when the number of patches is increased from 5 to 50. It is because, although the
number of candidate patches further increases, only a limited number of them will place a significant influence
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Fig. 14. Comparisons of inpainting results on eight simulated damage murals. (1) Simulated damage murals with line-

drawing structures. (2) Criminisi’s (Criminisi et al. 2004) results. (3) Wang’s (Wang et al. 2014) results. (4) Content aware

fill’s (Connelly Barnes et al. 2010) results. (5) Darabi’s (Darabi et al. 2012) results. (6) Xu’s (Xu and Sun 2010) results. (7)

Results obtained by the proposed method.

on the construction of the target patch. Empirically, we set the number of candidate patches to be 20 according
to Figures 12(b) and 13 for the further experiments.

4.4 Performance on Simulated Damage Murals

In this subsection, we compare the proposed method with five other competing methods by running them on
eight simulated damage mural images as shown in Figure 14. The five comparison methods include the Crimin-
isi (Criminisi et al. 2004), Wang (Wang et al. 2014), Content aware fill (Connelly Barnes et al. 2010), Darabi (Darabi
et al. 2012), and Xu (Xu and Sun 2010). In Criminisi’s method, the exemplar-based inpainting algorithm was
proposed for repairing missing regions with composite structures and textures, in which the priority function
encourages filling the structure parts before the texture parts. In Wang’s method, a regularized factor was intro-
duced in the priority function to solve the descending effect on the confidence term. In the method of content
aware fill, a randomized algorithm was proposed for efficient searching of match patches. In Darabi’s method, a
patch-based energy minimization was used to reconstruct the damage image. In Xu’s method, a structure sparsity
was adopted to determine the filling order.
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Table 2. PSNR and SSIM Obtained by Different Methods on the Eight Images in Figure 14(1)

Painting Criminisi Wang Content aware fill Darabi Xu Proposed

beiliang-272-1s 25.67 0.9490 25.63 0.9471 27.38 0.9333 27.26 0.9539 25.94 0.9495 28.39 0.9600

beiwei-435-1b 27.52 0.9512 25.49 0.9496 28.51 0.9370 30.17 0.9569 29.34 0.9526 30.63 0.9575

beizhou-290-1c 27.38 0.9585 27.15 0.9537 24.46 0.9380 26.15 0.9601 26.17 0.9576 27.91 0.9620

beizhou-299-a 24.16 0.9561 24.11 0.9552 26.81 0.9539 25.35 0.9606 26.37 0.9607 27.52 0.9640

shengtang-148-1a 28.03 0.9758 29.09 0.9762 30.84 0.9747 29.96 0.9804 31.45 0.9812 32.31 0.9826

sui-420-1g 27.72 0.9665 27.01 0.9651 28.69 0.9398 31.98 0.9709 31.67 0.9786 32.58 0.9714

wudai-061-1b 30.35 0.9789 31.14 0.9799 33.51 0.9741 33.05 0.9823 31.79 0.9818 34.19 0.9828

xiwei-249-r 28.59 0.9702 26.07 0.9753 23.98 0.9580 29.31 0.9799 30.77 0.9813 32.02 0.9846

Mean 27.43 0.9633 26.96 0.9628 28.02 0.9511 29.15 0.9681 29.19 0.9679 30.69 0.9706

Table 3. Running Time of Inpainting Algorithms on the Eight Mural Images (Units)

Image Image size Missing ratio (%) Darabi Xu Proposed
beiliang-272-1s 466 × 233 4.68 881.97 3,727.39 594.65
beiwei-435-1b 424 × 469 5.41 1,378.22 13,114.62 1,090.86
beizhou-290-1c 369 × 322 4.79 836.90 5,410.79 645.23
beizhou-299-a 402 × 273 4.01 802.48 3,718.14 706.24

shengtang-148-1a 800 × 419 3.14 2,740.10 11,217.37 875.23
sui-420-1g 796 × 588 3.66 3,292.89 26,704.38 776.58

wudai-061-1b 800 × 753 3.39 4,583.82 29,548.83 991.20
xiwei-249-r 371 × 405 3.79 1,000.14 3,735.54 206.46

In Figure 14, row (1) shows eight murals with simulated damage and line-drawing structures, and rows (2)–(7)
show the inpaint results of the six comparison methods. The PSNR values, SSIM values, and running time have
been listed in Tables 2 and 3, respectively. Figure 14(2) shows the results of Criminisi’s method. It can be observed
in Figure 14(2-b), (2-c), and (2-e), that Criminisi’s method introduces unwanted textures, as marked by the rectan-
gles. There is also some structure incoherence, as shown in Figure 14(2-a), (2-d), and (2-f). Although making some
improvement over Criminisi’s method, Wang’s method almost suffered from the same problems, as can be ob-
served in Figure 14(3). This is because it utilizes just one candidate patch to replace the target patch. Figure 14(4)
displays the results of Content aware fill’s method, which is considered among the current state-of-the-arts in
terms of both visual effect and computing speed. However, some obvious visual inconsistences occurred for the
regions with complex structures. One possible reason may be that it does not consider the constraint of local
consistency. Some unwanted textures are also brought by Darabi’s method, as shown in Figure 14(5-f). Xu’s re-
sults are much better than the Criminisi’s, Wang’s, Content aware fill’s, and Darabi’s methods. However, some
structure incoherence is still produced, as shown in Figure 14(6). It is because the PSS in Xu’s approach cannot
well measure the confidence of a patch located in the structure regions. Figure 14(7) shows our results. By using
the proposed strategies of patch classification, patch selection, and the patch construction, the proposed method
overcomes the drawbacks of other methods in the line-drawings-assisted mural inpainting task and achieves
relatively better results.

Table 2 shows that the proposed method achieves the highest PSNR value and SSIM value among all six
methods on each mural image. The average PSNR of the proposed method is 30.69, much higher than the values
of 27.43, 26.96, 28.02, 29.15, and 29.19, and the average SSIM of the proposed method is 0.9706, higher than the
values of 0.9633, 0.9628, 0.9511, 0.9681, and 0.9679, which are obtained by Criminisi’s, Wang’s, Content aware
fill’s, Darabi’s, and Xu’s approaches, respectively. Table 3 presents the running time of Darabi’s, Xu’s, and the
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Fig. 15. Performance comparisons of different inpainting methods on three real damage murals of Dunhuang.
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proposed method. Since Criminisi’s and Wang’s methods find one best match patch for the inpainted patch, the
running time is about several seconds. Since the Content aware fill is done on the Photoshop, it is difficult to
make a precise record of its running time. Hence, we do not list it in Table 3. From Table 3 we can see that
Xu’s method holds the largest time consumption as it searches the candidate patches in the whole image. Our
inpainting efficiency has some advantage when compared with Darabi’s. The reason is that this method needs
to solve an energy function, which requires several iterations to converge. In summary, the results demonstrate
both effectiveness and efficiency of the proposed algorithm.

4.5 Performance on Real Damage Murals

Performance comparisons are also made on three real damage murals. Figure 15(a)–(c) show the results of the
proposed method and the comparison methods on the three murals, respectively. For each mural, the line draw-
ings have been used for the preconditioning. From the inpainting results we can see, for Criminisi’s method,
some unwanted structures and inconsistent phenomena would appear in the texture region, especially when the
missing region is large. For Wang’s method, similar drawbacks can be observed in all three murals as shown in
Figure 15.

For the Content aware fill’s method, most of the inpainted structure regions have been converted into flat areas
after the inpainting. The inpainting results do not look good since many neighborhood patches are selected as the
matched patches to fill the missing regions. For Darabi’s method, the inpainting results are better than the above
three methods. However, some unwanted structures appear in all of the texture regions after the inpainting. For
Xu’s method, it produces serious texture incoherence and inaccurate structure extension as can be observed in
Figure 15. For the proposed method, it does not have the defects of the above five methods and obtains relatively
better inpainted results. Specifically, the proposed methods handle the structure patches better than the texture
patches. It produces smooth structures while being tolerant to some small texture inconsistency as that shown
in the upper left corner of the yellow rectangle in Figure 15(b).

5 CONCLUSION

This article proposed a line-drawings-guided mural inpainting method under a sparse-representation framework.
Specifically, line drawings corresponding to the color murals were utilized to maintain the structure coherence
in the inpainting, a patch structure complexity index was presented to rank the structure patches, and a sparse
representation model was constructed to select candidate patches. In the sparse model, the constraints of texture
consistency and structure continuity were placed. Experiments on simulated and real damage murals collected
from Mogao Grottoes of Dunhuang were carried out, and comparisons were made between the proposed method
and five other competing methods. The results demonstrated the effectiveness and efficiency of the proposed
method. Also, the influence of parameters on the inpainting was investigated. In the future, we will investigate
registration methods to align the line drawings to the color image automatically. Meanwhile, we will investigate
some unified objective quantitative evaluation criteria for mural or image inpainting.
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