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Abstract. Improved digital image inpainting algorithms could provide
substantial support for future artwork restoration. However, currently,
there is an acknowledged lack of quantitative metrics for image inpainting
evaluation. In this paper the performance of eight inpainting algorithms
is first evaluated by means of a psychophysical experiment. The ranking
of the algorithms thus obtained confirms that exemplar based methods
generally outperform PDE based methods. Two novel inpainting quality
metrics, proposed in this paper, eight general image quality metrics and
four inpainting-specific metrics are then evaluated by validation against
the perceptual data. Results show that no metric can adequately predict
inpainting quality over the entire image database, and that the perfor-
mance of the metrics is image-dependent.

1 Introduction

Digital inpainting refers to techniques used to reconstruct areas of missing infor-
mation in an image, by filling the gaps with visually plausible content. In the field
of artwork restoration, inpainting algorithms can be employed for digital restora-
tion, by reversing the damage (i.e. torn canvas, scratches, stains) in a painting
converted to a digital form. Digital inpainting algorithms can be grouped into
two main categories. Partial differential equation (PDE) based algorithms [1–4]
fill in gaps by extending isophote lines from the source region into the target
region via diffusion. Their drawback consist of introducing blur artifacts that
become more visible when inpainting larger areas. Exemplar-based inpainting
algorithms [5–7] overcome this drawback by reconstructing large image regions
from sample textures. Some approaches try to achieve better performance in
terms of running time [3, 7, 8].

As the goal of inpainting is to reconstruct the damaged regions in a visually
plausible way and a reference image might not always be available for com-
parison, inpainting quality evaluation is a challenging task, that has been only
narrowly researched. Mahalingam [9] and Ardis et al. [10] propose the use of
visual-saliency based metrics. However, these metrics are not commonly used
by researchers to assess new inpainting techniques. Instead, qualitative human
comparisons are currently and frequently used. Other image quality (IQ) metrics
simulating the human visual system (HVS) and taking into account structural
information in an image might be useful in the field of image inpainting.
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This paper will evaluate the performance of eight representative inpainting
algorithms [1–8] by means of a psychophysical experiment. The obtained percep-
tual data will be used to establish a ranking of the inpainting methods, described
in Section 2. Based on the same data, the correlation between a selection of ex-
isting IQ metrics and perceived quality will be investigated. Furthermore, two
novel metrics will be introduced in this paper and included in the evaluation.

2 Psychophysical Experiment for Subjective Rating

2.1 Image Database

A common practice when evaluating the performance of inpainting algorithms
is to use predefined inpainting regions. In this paper, modified digitally acquired
images of real damaged paintings will be used as test images. In the manual
restoration process there are a number of steps that proceed the filling in of
missing areas. Instead of completely simulating gaps, this paper proposes the
simulation of these steps, using the original degraded and manually restored
versions of a painting. The resultant image replicates the regions containing miss-
ing or corrupted information from the digitally acquired image but has identical
content with the manually restored image in the region outside the area to be
inpainted. Figure 1 shows an example of a modified digitally acquired painting,
as a result of the simulation process.

(a) (b) (c)

Fig. 1. Preparing an image for inpainting. (a) Original degraded painting (b) Manually
restored version (c) Modified image with artefacts (i.e. water stain) from the degraded
image and similar appearance to the manually restored image. (a-b) - image courtesy
of R. Pillay at C2RMF.

Six test images (Figure 2) have been chosen for the psychophysical experi-
ment. For each of them, eight inpainted images corresponding to the algorithms
proposed by Bertalmio et al. [1], Telea [2], Tschumperle and Deriche [3], Borne-
mann and März [4], Criminisi et al. [5], Zhou and Kelly [6], Barnes et al. [7]
and Oliveira et al. [8] have been included in the database. Additionally, for each
of the test images, the digitally acquired image of the manually restored paint-
ing (further on referred to as manually inpainted image) has been considered.
The manually inpainted images have been included to verify the reliability of
the observers, by checking their behaviour when degraded/manually inpainted
image pairs are presented. Finally, the image database used for the experiment
consisted of 54 images.



Evaluation of Digital Inpainting Quality for Artwork Restoration 563

(a) (b) (c) (d) (e) (f)

Fig. 2. Modified digitally acquired paintings corresponding to: (a) ”Ange” by Raphael
(angel) (b) ”Vue de Drontheim” by Peder Balke (boat) (c) ”Cléopâtre” - anonymous
(cleopatra) (d) Detail of ”Cléopâtre” (detail) (e) ”Self-portrait” by Margarete Depner
(lady) (f) ”Invention of painting” by Ariton (man). (a-d) - image courtesy of R. Pillay
at C2RMF, (e,f) image courtesy of R. Tataru at Brasov Art Museum (Romania)

2.2 Experimental Setup

The experiment was carried out as a web-based experiment. Observers were
presented with a pair of two images at a time and asked to judge the overall
quality of the inpainted image using the ITU-R five grade quality scale [11]
labelled with the adjectives: Excellent, Good, Fair, Poor, Bad. Figure 3 shows an
example of such an image pair presented during the experiment. On the left the
degraded image is shown and on the right the inpainted image. This positioning
was kept throughout the whole experiment. Participants were asked to complete
the experiment, which consisted of viewing and rating a total of 54 pairs of
images. The screening of the observers was carried out by implementing the
procedure recommended in Rec. ITU-R BT.500-13 [11]. Furthermore, observers
were rejected if their scores indicated Fair, Poor or Bad quality for manually
inpainted images, or if failing to complete the experiment. Consequently, from
a total of 91, results of 22 participants were rejected and only 69 considered for
further evaluation.

2.3 Psychophysical Results

Perceptual data obtained from the experiment was converted to z-scores, in-
dicating the performance of the considered inpainting methods. Figure 4 gives
a graphical representation of the obtained results. As expected, the manual in-
painting method received the highest score, indicating the best perceived quality
among the studied methods. Moreover, the high z-score value associated to it
is an indicator of the large consensus among the participants about the high
performance of this method. Among the analysed digital inpainting methods,
the algorithm proposed by Barnes et al. [7] has the highest score. Worth notic-
ing is the low visual difference between the inpainted images obtained by the
inpainting algorithms proposed by Criminisi et al. [5], Zhou and Kelly [6] and
Tschumperle and Deriche [3]. The latter is inferred from the overlapping confi-
dence intervals corresponding to the three methods, and implies a difficult task
for the observers to judge IQ.
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Fig. 3. Exemple of pair of images presented during the experiment. (left) Damaged
painting (right) Inpainted version with the method proposed by Oliveira et al. [8].

Based on the obtained perceptual data, a ranking of the inpainting meth-
ods can be established (Figure 4). PDE-based methods are, generally, outper-
formed by exemplar-based methods. An exception is inpainting algorithm by
Tschumperle and Deriche [3], which uses a vector valued regularization PDE.

Fig. 4. Z-scores from observers based on 69 observers and 6 images, with 95% CI. The
algorithm proposed by Barnes et al. [7] is rated as the best among digital inpainting
methods.

3 Objective Quality Evaluation

Before discussing methods for objective quality evaluation, the notation conven-
tion must be defined. The area of missing information in an image will be re-
ferred to as the gap and will be denoted by Ω. Its complementary area, referred
to as the source region, will be denoted by Θ. Furthermore, when discussing
saliency based metrics, the pre-inpainting saliency map intensity corresponding
to a particular pixel, p, will be denoted by S(p). Similarly, the corresponding
post-inpainting saliency map intensity will be denoted by S′(p).

3.1 ASVS and DN

Ardis et al. [10] define two types of observable artifacting in an inpainted im-
age, referred to as in-region and out-region. The former accounts for artifacts
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belonging to the gap, Ω, while the out-region artifacting considers the com-
plementary area, Θ. In order to quantify the quality of the reproduction and
based on the two artifact classes, Ardis et al. propose two metrics, the Average
Squared Visual Saience (ASVS) and the Degree of Noticeability (DN), that re-
late the visual saliency map of an image with the perceived quality of the same
image.

The first metric, ASVS, needs no reference image and equates to in-region
artifacting. Thus, inregion = ASV S, where ASVS is computed as:

ASV S = (1/||Ω||)(
∑

p∈Ω

(S′(p))2). (1)

In-region artifacting occurs when the inpainted pixels cause a modification in the
flow of attention specific to an image, by increasing the saliency of the inpainted
region. Ardis et al. [10] relate in-region artifacting to distinct colouration or
structure that is introduced after inpainting, that can not be observed elsewhere
in the image.

Out-region artifacting occurs when an inpainting algorithm fails to extend
a locally repeating colour or structure inside the gap. The latter causes a de-
creased flow of attention for otherwise salient areas and increase of attention in
the neighbouring area of the inpainting domain. Out-region artifacting is com-
puted as outregion = (

∑
p∈Θ (S′(p)− S(p))2)/|Θ|. Combining in- and out-region

artifacting, the Degree of Noticeability (DN) metric is computed as:

DN =
|Ω|

|Ω|+ |Θ| inregion +
|Θ|

|Ω|+ |Θ|outregion. (2)

As suggested by Ardis et al., higher scores for ASVS and DN can be interpreted
as an indicator of highly visible artifacts and thus a poor inpainting performance.
The psychophysical study conducted by the authors proposing the metrics shows
a good correlation between perceived and calculated quality. However, their find-
ings required confirmation by further larger scale experiments, as they use only
five observers.

3.2 GDin and GDout

Mahalingam [9] proposes two visual saliency-based metrics for quantifying in-
painting quality. He shows that if there is any change in the saliency maps
corresponding to the inpainted and original image, this change is related to the
perceptual quality of the inpainting.

According to Mahalingam [9] the gaze density within and outside the gap in
an inpainted image is computed as:

GDin =
∑

p∈Ω

S′(p), and GDout =
∑

p∈Θ

S′(p). (3)
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The gaze density measures given in Equation 3 need to be normalized before
indicating the presence of artifacts:

GDin =

∑
p∈Ω S′(p)

∑
p∈Ω S(p)

, and GDout =

∑
p∈Θ S′(p)

∑
p∈Θ S(p)

. (4)

For simplicity, further discussion referring to the normalized metrics will use the
notation GDin and GDout.

Mahalingam [9] uses saliency maps generated from an eye tracking experi-
ment. In this paper the SaliencyToolbox version 2.2 developed by Walther [12]
is used to generate the saliency maps.

3.3 Proposed Metrics: BorSal and StructBorSal

Previous work by Mahalingam [9] and Ardis et al. [10] considers separately in-
and out-region artifacting. In the latter, the authors show that out-region arti-
facting changes the flow of attention in the area outside the gap, but concentrated
around the gap’s neighbourhood. Hence, the saliency map values corresponding
to a border region around the gap should be able to accurately capture the
saliency change. This paper introduces the Border Saliency (BorSal) metric,
which accounts for both in- and out-region artifacting by considering a Border
region that extends three pixels inside and outside the gap. The BorSal metric
is computed as a normalized gaze density measure, similarly to the GDin and
GDout metrics [9]:

BorSal =

∑
p∈Border S

′(p)
∑

p∈Border S(p)
. (5)

The second inpainting quality evaluation metric proposed, denoted by Struct-
BorSal, combines the BorSal metric with the SSIMIPT measure [13]:

StructBorSal = BorSal + SSIMIPT . (6)

3.4 Image Quality Metrics

In addition to the inpainting quality evaluation metrics discussed in the previous
Section, eight other metrics from different categories (i.e. image difference, image
fidelity, image quality) have been selected for evaluation in terms of correlation
with the percept. A brief introduction of the selected metrics will be given here.

MSE and PSNR : image difference metrics applied for grayscale images. Cal-
culate the Mean Squared Difference and Peak Signal to Noise Ratio. Math-
ematically based, easily to implement and previously used for quantifying
inpainting quality.

S-CIELAB [14]: image difference metric applied for colour images. Frequently
considered a reference when evaluating IQ metrics, having wide acceptance.
Simulates the HVS.
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SSIM-IPT [13]: IQ metric applied for grayscale images. Colour version of
SSIM, takes structural information in an image into account and works on
local neighbourhoods.

VSNR [15]: image fidelity metric applied for grayscale images. Based on con-
trast filtering and simulating the HVS.

SHAME and SHAME-II [16]: IQ metrics applied for colour images. Based
on the hue angle algorithm [17] and the S-CIELABJ [18] metric. They latter
differs from S-CIELAB only in terms of spatial filtering, which makes also
the difference between SHAME and SHAME-II; Both metrics weight the
output based on colour differences and region-of-interest. Simulate the HVS.

ABF [19]: image difference metric applied for colour images. Implementation of
bilateral filtering that preserves edges and simulates the HVS.

4 Evaluation of Quality Metrics

The objective quality metrics presented in the previous section need to be evalu-
ated against the results obtained from the psychophysical experiment in order to
ensure the correspondence with perceived quality. The evaluation methodology
refers to statistically analysing the ratings given by observers and corresponding
to the 48 digitally inpainted images. Based on raw perceptual data, the Mean
Opinion Score (MOS) is calculated for each image in the database and then
converted to a corresponding z-score. The Pearson product-moment (PCC) [20]
and Spearman’s rank correlation coefficient (SCC) [20] between the z-scores and
the objective scores (i.e. results from the IQ metrics) are calculated in order to
evaluate the performance of the metrics considered.

4.1 Overall Performance

The overall evaluation of a metric is done by calculating the correlation between
the observers z-scores and the metric raw scores over the entire image database.
The obtained results, presented in Table 1, indicate that all the considered met-
rics have a low correlation with the perceived overall quality. The two newly
proposed metrics, BorSal and StructBorSal have a very low correlation. How-
ever, they achieve a better performance than the GDin and GDout [9] metrics.
The DN metric [10], designed for inpainting quality evaluation, provides the
highest correlation among all metrics, but with a value equal to -0.36 it still
indicates a low performance over the entire image database.

A visual inspection of the relation between observer and metric z-scores de-
picted in Figure 5 shows very spread data points, due to scale differences between
images, resulting thus in a low overall correlation. It can be concluded that, for
the considered image database, the objective evaluation methods can not accu-
rately predict perceived overall IQ. However, it is worth noticing that the DN
metric provides a better fit for individual images, as shown in Figure 5.
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Table 1. Performance of the metrics over the entire image database

MSE PSNR DN ASVS GDin GDout S-CIELAB SHAME SHAME-II SSIMIPT ABF VSNR BorSal StructBorSal

PCC -0.13 0.28 -0.36 -0.11 -0.01 -0.01 -0.26 -0.15 -0.25 0.22 -0.32 0.06 0.06 0.12
SCC -0.28 0.28 -0.39 -0.11 0.07 -0.06 -0.19 -0.17 -0.19 0.31 -0.27 -0.02 0.08 0.13

Fig. 5. Observer z-score plotted against DN [10] z-score for all images in the dataset.
PCC = -0.36. The red linear regression line fits all data points; the black linear regres-
sion lines fit data points corresponding to individual images.

4.2 Image-Wise Evaluation

Hardeberg et al. [21] relate the performance of different metrics to certain char-
acteristics of an image. This motivates the choice to evaluate the performance
of metrics with respect to individual images. Table 2 gives the PCC and SCC
for the 14 metrics considered in this study, applied to the six test images used.

Data in Table 2 shows a great variation between the scores obtained for the
14 metrics corresponding to a single image, but also between scores of the same

Table 2. Comparison of metrics performance image-wise. The score for best performing
metric is highlighted in bold font for each image.

Metric boat cleopatra angel lady man detail
PCC SPP PCC SPP PCC SPP PCC SPP PCC SPP PCC SPP

MSE -0.63 -0.31 -0.48 -0.67 -0.37 0.33 0.09 0.17 0.57 0.28 -0.98 -0.93
PSNR 0.62 0.31 0.53 -0.67 0.20 0.33 -0.13 0.17 -0.37 -0.57 0.90 0.98
DN -0.81 -0.66 0.25 0.43 -0.46 0.11 0.39 0.29 -0.54 -0.46 -0.59 -0.77

ASVS -0.77 -0.64 0.51 0.50 -0.48 0.07 0.39 0.29 0.88 0.92 0.27 -0.19
GDin -0.60 -0.64 0.49 0.43 -0.52 -0.02 0.51 0.60 0.89 0.93 0.27 -0.19
GDout -0.48 -0.36 0.53 0.43 0.34 0.55 -0.28 -0.29 0.76 0.71 0.26 -0.14

SCIELAB -0.32 -0.21 -0.62 -0.88 -0.29 0.10 -0.16 -0.12 -0.06 -0.19 -0.90 -1
SHAME -0.43 -0.29 -0.30 -0.40 -0.55 -0.14 -0.14 -0.24 -0.15 -0.31 -0.84 -0.99

SHAME-II -0.35 -0.40 -0.42 -0.69 -0.55 -0.14 -0.15 0 0.09 -0.14 -0.89 -0.79
SSIMIPT -0.19 -0.26 0.58 0.76 -0.60 -0.45 0.03 -0.19 -0.16 -0.19 0.87 0.95
ABF -0.39 -0.43 -0.58 0.76 -0.51 -0.14 -0.22 -0.55 -0.09 -0.19 -0.90 -0.71
VSNR 0.49 0.60 0.20 0.14 0.70 -0.45 0 0.12 -0.66 -0.81 -0.82 -0.93
BorSal 0.09 0.07 0.48 0.64 -0.57 -0.50 0.37 0.29 0.87 0.98 0.27 -0.19

StructBorSal 0.05 0.07 0.54 0.64 -0.77 -0.67 0.40 0.19 0.82 0.95 0.31 -0.19
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metric for different images. However, for four out of six images (i.e. boat, angel,
lady, man) results show that inpainting specific metrics perform better than IQ
metrics. The DN [10], GDin [9], BorSal and StructBorSal metrics provide good
correlation with perceived quality, whereas only the S-CIELAB [14] and MSE
among the IQ metrics indicate a better performance, in the specific cases of
cleopatra and detail images. Considering the above, it can be concluded that
both the inpainting-specific and IQ metrics are image-dependent and thus their
performance will depend on the characteristics of the image for which they are
applied. Several metrics that evaluate different aspects (i.e. structure reconstruc-
tion, colour, blur, etc.) could be used for the same image, for better results.

5 Conclusion

In this paper, eight different digital inpainting algorithms were qualitatively
evaluated by conducting a psychophysical experiment. The obtained subjective
data determined a ranking of the inpainting algorithms, showing that exemplar
based methods generally outperform PDE based methods. The latter verifies the
theoretical analysis of digital inpainting methods, as exemplar based inpainting
algorithms can reconstruct both texture and structure in an image, as opposed
to PDE based algorithms.

Furthermore, extending the work of Ardis et al. [10] and Mahalingam [9], two
inpainting-specific quality metrics have been proposed. Along with four other
inpainting-specific and eight image quality metrics, they were considered for
performance assessment, measured as the degree of correlation with the percept,
against a database of 48 images. To our knowledge, this evaluation is one of the
most extensive carried out in the literature, with respect to inpainting quality.
The obtained results show that none of the metrics have a high performance
over the whole image database, but certain metrics perform well for specific im-
ages. Results indicate that inpainting specific metrics outperform image quality
metrics when applied for images with small-sized gaps (i.e. man, lady ), or for
images that don’t require complex structure reconstruction (i.e. boat).

Future work will include an expanded psychophysical experiment that will
consider more recently proposed inpainting algorithms and a larger number of
inpainted images, in order to reconfirm initial findings. Extensive research should
be conducted with the aim of developing a no-reference inpainting quality metric.
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