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ABSTRACT

Quantitative metrics for successful image inpatpticurrently do not exist, with researchers instealging upon
qualitative human comparisons to evaluate theihodlogies and techniques. In an attempt to gethif situation, we
propose two new metrics to capture the notionsoditeability and visual intent in order to evaluatpainting results.
The proposed metrics use a quantitative measuvesioél salience based upon a computational modblofan visual
attention. We demonstrate how these two metripgatbly correlate with qualitative opinion in anfan observer
study, correctly identify the optimum uses for exdan-based inpainting (as specified in the origipablication), and
match qualitative opinion in published examples.
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1. INTRODUCTION

Over the past decade, a number of significant ath@im computer vision have been produced, citedijrstegrated into
other work on the basis of qualitative results. théels for automatic inpainting of missing imagevateo data have
been at the forefront of this trend, relying onsfig presentation and reader intuition in order fa mainstream
approval. Leading publications bemoan the lack gliantitative measure of inpainting succegst to date there has
been no concerted effort to produce a techniquentmaningful numerical comparison of inpainting fesuln order to
fill this need, we present two novel metrics fopamting success and visual intent preservatiod,d@monstrate their
use and correctness.

Although there does not exist prior art in thedief metrics for inpainting success, general ait@Abased metrics of
image fidelity > provide motivation for the proposed metrics. Higlemetrics, however, are not directly suitable fo
inpainting as they only seek to quantify the accyraf reproduction of the original image and thgrelo not allow for
visually plausible alternatives. Furthermore, thesethods have traditionally involved simplistic dets of human
attention in order to determine visually salientint® and regions, ignoring more complete and wedbgnized
psychophysical models due to computational comggar author unfamiliarity. We improve upon this adapting the
recently updated iLab Neuromorphic Vision ToolkYT)®’ to produce metrics for inpainting evaluation baspdn
relative pre-saccadic salience. In doing so, vaicate the general usefulness of saliency map septation§ *? for
inpainting analysis.

Throughout this paper, we demonstrate the effectige of our metrics with regard to exemplar-baspdinting™*® the
most popular modern variation of isophote-basedjeviapainting'*'® where image intensity and coloration is treated as
fluidic and neighborhood-based search is used terihne likely texture continuity surrounding extied structure.
Although a number of other inpainting methods exsemplar-based methods have proven popular iry tmaditional
and modern use®.§., painting restoration, text removal, object rem@valo provide an unbiased ground for applying
exemplar-based inpainting, we studied its metrid ajualitative scoring in pseudorandomized scenanbere
pseudorandomness is provided by way of the stroaglgriodic Mersenne Twister algoritifwith a comparison
against fast raster-order linear interpolationféother intuition of relative scoring.
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The remainder of this paper is structured as fatowa definition of the two proposed metrics (SmtR), a study of the
correlation between metric scores and qualitatpi@ion (Section 3), an analysis of the metrics $e (Section 4), and
our conclusions (Section 5).

2. DEFINITIONS

The first proposed metriddverage Squared Visual Salience (ASVS), corresponds to the normalized sum of squared
salience of inpainted pixels, computed as

IRl € (S'(P)Y) (1)

where S'(p) is the pre-saccadic saliency map value (a nontivegaipper-bounded number), as computed by a
computational human attention model, that corredpdn post-inpainting pixel in the set of inpainted pixel3. The
intent behind this non-linear metric is to provaléarger score for those regions that are of vagly kalience (indicating
more likely foveation targets, assuming that sakeis monotonically increasing with real observisual interest). As
inpainting is intended to go without notice by aital unprepared observer, ASVS provides a scodetermine if the
inpainted pixels are relatively noticeable as comgao the remainder of the scene. Rather thadlyistg only the
likelihood of any pixel being theglobal salience maximum and receiving observer atter@snwould be the case with
max ((S'(P)Y) ), ASVS identifies if there arene or more pixels that may be primargr secondary salience peaks and
therefore receive attention following (less-prealide) post-saccadic salience update. Normalizagipnovided to allow

for the comparison of ASVS across inpainting situa of varying size.

As salience computation contains a number of redatbmponentsi.€., feature contrast, center-surround effects), it is
possible to produce a low ASVS score by artifigiaticreasing the salience of uninpainted pixelsrelative effect. In
such cases, the inpainted regions themselves mayitout notice yet the resulting image will liketgceive a flow of
attention different from the original, thereby chang the creator-intended (in paintings) or humgidal (in
photographs) flow of attention and disrupting thobservers already familiar with the original. T¢exond proposed
metric, Degree of Noticeability (DN), is intended to identify noticeless inpainting ices as well as providing an
indication of attention change beyond the inpaimtgon; DN is computed as

L /(RIHIPID) (Ea (S'P)F+(Zs (S'(P)-S(P)) (2)

where S(p) is the saliency map value that correspondgrisinpainting pixelp in the set of non-inpainted pixeds.
Building on ASVS, DN will additionally identify reoved or added primary or secondary salience peatksnwthe
remainder of the image, and is similarly normalif@dcomparison across varied-size uses.

Metric precision was set at ANSI/IEEE Standard 1985 double precision (64 bits on a 32-bit architectu)the
purposes of this paper. Saliency maps were pradusing version 3.1 of iINVT at 1:16 discretizatioh scale-4
(noiseless) expected visual cortex stimulation Withms observation cutoff, 4 orientation channglsenter scales (2 to
4), and 2 center-surround channels (3 and 4).

3. OBSERVER STUDY

In order to verify that the proposed metrics matcheneral human opinion, we performed a seriesbeéver tests,
where qualitative scores were gathered for 15%@fetric-scored images pseudorandomly interspavithctopies of
the original images (introduced as 10% of vieweth@as as a control). Observation was for 5 seceagds, cued by
presenting the original (pre-inpainting) image foseconds prior to 3 seconds of pause (to counteration effects)
and the scoring of corresponding inpainting andtrabrimages presented at a fixed distance of apprabely 0.75 m
and with images approximately 20 cm in height. rBgpwas between 1 and 4, using the criteria pteseim Table 1.
The average quantitative score per qualitative evédushown in Table 2. Control images receivedemrl” scores
87% of the time, with the other 13% receiving & “2mages were pseudorandomly distributed to oleswith each



image scored exactly twice and a total set of fii@vers participating; we hope to perform additiorepetitions to
confirm our findings, and encourage related results

Although increased scoring appears to stronglyetate with increased observer notice (as expeeted,including
subjective evaluation of visual acceptability foNPa few high-ASVS images received a qualitativg’ fthdicating that
the inpainted region went unnoticed. As was cdnojed earlier, we found that these images wereethdsere high-
salience inpainted regions remained non-peak duecteased salience of non-inpainted regions. cAigh attention
was strongly directed, it was directed toward ragithat had not been changed, therefore causingbiderver to spend
the 5 seconds in scrutiny of original texture arglidve that there were not any significant altemrsdi This was
quantitatively confirmed by a DN score of at [ea€000, where “1” images with any lesser DN (avargdess than
1.0000 x 10%) resulted in an average ASVS score of 83.84; wtile not well-differentiable from “3” scorers, ithat
least widens the boundary with those receivingosesof “4” (whose identification is most usefulapplication).

Table 1. Criteria for Observer Scores

QUALITATIVE SCORES
1 — The inpainting region was not identifiable Wit/ seconds of continued viewing.

2 — The inpainting region was identified, but wasueally acceptable (would appear natural
if not cued, and was considered consistent withescentent).

3 — The inpainting region was identified and was visually acceptable, but was not
noticed (by the scorer) for at least 2 seconds.

4 — The inpainting region was identified withiné&ends and wasot visually acceptable

Table 2. Quantitative Values for each Qualitaticerg

AVERAGE METRIC PER QUALITATIVE SCORE

1 2 3 4
ASVS 97.04 69.50 35.31 334.
DN 1.247 2.244 3.088 18

Example images receiving each score are showrginlFi

As a result of this study, we conclude that theppsed metrics do correctly (but imperfectly) measine phenomena
that they are intended tdo.€, increased notice of the inpainted region, sigaifit attention change); this was further
confirmed by the full results of metric testing.



Fig. 1. Clockwise from top-left (originals appedariat right, with affected region outlined in rediypainted image receiving
a qualitative score of “1” (a), image receiving (b), image receiving a “3” (c), image receiviag4” (d).

4. METRICSIN USE

DN and ASVS scores were computed for exemplar-bageinting and fast raster-order linear interpolafto provide
intuition of relative scoring), where pixels werelected for inpainting pseudorandomly (Fig. 2b)pasudorandomly
placed squares (Fig. 2c), or as pseudorandomlggland sized “scratches(Fig. 2d). These applications were chosen
to mimic those typically discussed in the literaturs well as those selected for publication in kchoarticles on
exemplar-based inpainting, and will be further dised as metric results relate to studied quaitakamples.

Fig. 2. Clockwise from top-left: original imaga)( 10% of pixels pseudorandomly selected for imirag (b), pseudorandomly
placed square (48 pixels in width) selected fominping (c), 17 pseudorandomly placed scratchextsd for inpainting
(d). Shown is “A Tale of 1001 Nights” by GustavelBanger, with pixels selected for inpainting shawibright green.

" Each “scratch” is a vertical rectangle of pixelsni 1 to 5 pixels in width and 31 to 90 pixelsémdith (sized pseudorandomly).



In keeping with the inpainting literature, whereaiges are selected for traditional use.(painting restoration) or
modern usedg., object removal), our dataset consisted of twol-w@bwn paintings (“Mona Lisa” by Leonardo da
Vinci and “A Tale of 1001 Nights” by Gustave Boutgar) and two novel digital photographs (dubbéalf andWoman
to match their main subjects). Experiments werre far each image, using the above-mentioned mettmdslect
increasing numbers of pixels, with this procedueggrmed repeatedly in order to gather represesgtaverage results.

When inpainting pseudorandom pixels, consistenkiyated ASVS scorésand elevated-and-increasing DN scores
indicated that exemplar-based inpainting perforrpedrly (a fact confirmed by qualitative scores thare regularly
higher than for scratch- or square-removal of cawple numbers of pixels) and quickly rose to regt® or “4”
ratings. Exemplar-based methods did not fare fogmtly better or worse than linear interpolatteshniques (Fig. 3),
although they were noted to perform slightly woasehe percentage of inpainted pixels increasedrikty% due to the
increasingly small number of feasible “exemplaigpéinting-free fixed-sized blocks of pixels) tltan be used to fill in
the holes; continued experimentation identified I58% selection as resulting in frequent inpaintiagufe, where no
feasible exemplars are available. These findingsevexpected, as the large number of inpaintingpnsgand small
number of examples to draw upon results in an asmé likelihood of at least one obvious mistakes. hAs been noted
by Criminisi et al.”*!, curves are not guaranteed to have correct cdtyiag isophote extension is a linear process;
therefore, pseudorandomly selected pixels fallingcarved boundaries are likely to cause artifacticgrrectable by
precise neighborhood matching if a large numberxémplars is available, although this is not pdesib the
pseudorandom inpainting scenario). Given that sumiditions are likely to arise in general use,agaclude that an
exemplar-based approach to random pixel inpairigrg poor choice, and that the original authorsewsarrect in not
identifying this scenario as an area of method asgc

Fig. 3. From top to bottom: DN vs. percentageigéls pseudorandomly selected for inpainting; ASMSpercentage of
pixels selected for inpainting. From left to rightA Tale of 1001 Nights,” “Mona Lisa,Wolf, Woman. Metric
scores for exemplar-based inpainting appear ad kodis (with upright hashes), while metric scdi@msraster-order
linear interpolation appear as dashed lines (witiled hashes).

The results from inpainting of increasingly sizepiares are more revealing, as a number of publiskathples €g.,
“Removing large objects from images.” “ComparisoithwFragment-Based Image Completiort”§orresponds to
inpainting problems of similar form: medium-togarthick regions with varied protruding structurel dneterogeneous
data available for completion. Both metric scdmFssquare inpainting appeared as drastic pea#a imtherwise zeroed

" ASVS scores averaged at least 60.00 for all expgarisnfor each image.

" DN scores averaged at least 5.000 for all expettisnfem each image, and were monotonically increpairan average rate of
at least 0.5000 per increased percentile for enage.



plane (Fig. 4), where DN peak frequency and amgditincreased with problem size for all images testhile ASVS
displayed similar spiking but less clarity of spikending. These results matched observer comméngginting was
either subtle and reasonable, or contained largeome of copied texture that did not match locabeotation (and
therefore were immediately visible as well as alhadaays being considered visually unacceptab@@alitative scores
reiterate this: results of constant-valued thréihg for ASVS and DN are shown in the precisionalégraph of Fig.
5, indicating that simple threshold-based testiag loe used as a reasonable means of rejectingiimgaiesults that are
likely to contain noticeable artifacting.

The separation between exemplar and interpolatibhadd ASVS scores is as expected: exemplar-basttons
perform at least as well as the fast-but-impreaiserpolation process, as copied texture often hestche surrounds
better than splotches of blurred color. It is whiegion completion results in incorrect copyingddo similar linear
structures that appear in different textural neagzhbods) that threshold-detectable artifacting ogcthe relative rarity
of these occasions (occurring in less than 20%llofeault images) across the thousands of perforinedintings
encourages the continued use of exemplar-basedodetfor large region inpainting, confirming originauthor
sentiments of generalized success. However, waglyyr encourage the adoption of pre-output metriiesholding to
determine if a result is likely to contain (potetiff correctable) visual mistakes, as the introuncof a simple rejection
threshold can greatly reduce the frequency of Bighring images.
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Fig. 4. From top to bottom: DN vs. width of blos&lected for inpainting (in pixels); ASVS vs. widif block selected for
inpainting. From left to right: “A Tale of 1001ights,” “Mona Lisa,”Wolf, Woman. Metric scores for exemplar-
based inpainting appear as solid lines, while mettores for raster-order linear interpolation a@p@e dashed lines.

1

09
08
07
06 DN

0.5

Precision

0.4
03 ASVS

0 01 02 03 04 05 06 07 08 09 1
Recall

Fig. 5. Precision vs. Recall is shown, when attiamypto classify inpainted results as “bad” (redejvat least one score of “4”
during qualitative testing) vs. “good” (receivinglg “1” to “3” scores). Ground truth is 31% “bad39% “good.”



To further illustrate the use of DN and ASVS omglaregion inpainting results, we tested the burgeper
example of Fig. 6 (appearing as “Removing largectsj from photographs” in the exemplar method’srjau
publicatiort and originally appearing in an isophote continpiyper by Bertalmiet al.*¥). The exemplar-based
approach produces a DN score of 2.247 %at@l an ASVS score of 2.965 x?1®vhile raster-order linear
interpolation produces a DN score of 2.623 % 4ifid an ASVS score of 4.085 x“16ll easily appearing as metric
peaks and breaking the aforementioned thresh@dgen the strongly salient central building (arglithprecise
reconstruction), we consider it unsurprising thetwers gave both the exemplar-based and interpalagisults a
qualitative score of “4.”

Fig. 6. From left to right: original image (ajpiainting mask (b), exemplar-based result (c)glirieterpolation result (d). Pixels
selected for inpainting include the bungee jummet attached rope (shown selected in (b)).

Inpainting of “scratches” produced metric scoreat tappeared to trend in a manner related to baikettseen for
pseudorandom pixels and squares: a general imegetitend in DN and often-elevated ASVS, with wedifined local

peaks for both ASVS and DN (Fig. 7). This behawppears to be the result of a decreasing numbexesfiplars (as
with pseudorandom pixel selection) and medium-siedure mismatches (as with square selectionfy wéarly all

sampled results receiving a qualitative score df d8 “4.” These findings appear consistent withe thublished
examples €.g., “Comparison with ‘Texture and Structure Inpaigtih “Comparison with Jiaet al.,;’ ‘Image

Repairing™); including the growing likelihood and number of $hwsible artifacts with the increased number loint

lines removeddg., “Image restoration example®).

Of interest is the minimal separation between putation and exemplar-based results for this séenakWhile an

exemplar-oriented approach may be expected to pperbetter due to its promises of linear structusatinuity, the

rapid breakdown associated with small-scale stratgimilarity (as well as a decreasing numbenxamaplars) leading
to incorrect texture copying prevents its resuiterf appearing visually superior to the known bhgrartifacts of linear
interpolation. We suggest that larger exampég,(Fig. 8) indicate this situation more clearly those previously
published, and more strongly point out this impetrthmitation of exemplar-based inpainting when sidering the

inpainting of a large number of thin objects; tinsludes compensating for occluding grates, rengpldénge amounts of
overlaid text, and “looking around” foreground atiigwhen synthesizing stereo images from monosataii



Fig. 7. From top to bottom: DN vs. number of ‘@ches” selected for inpainting; ASVS vs. number'safratches” selected for
inpainting. From left to right: “A Tale of 1001ights,” “Mona Lisa,” Wolf, Woman. Metric scores for exemplar-based
inpainting appear as solid lines, while metric ssdior raster-order linear interpolation appeatashed lines.

Fig. 8. From left to right, up to down: originedage (a), inpainting mask (b), exemplar-basedltrés)y raster-order linear
interpolation result (d). Although artifacting ies between (c) and (d), both images received htafise score of “4.” Pixels
selected for inpainting are shown in bright grae(bi.



CONCLUSIONS

The two proposed metrics correctly identify visyalinacceptable inpainting results for a number arhmon uses,
providing a first step toward quantifying inpairgisuccess. For applications where original vigot&nt is not crucial,
ASVS indicates the presence of highly visible impiaig artifacts. For applications whereistimportant to maintain
original intended attention in addition to reducivigible artifacting, DN indicates when results @aliverged from this
goal.

Future work will include an expanded observer st{hyreconfirm initial findings for a larger numbef inpainted
images and a wider observer base), metric evahsid additional images.g., motion picture frames) and scenaria
(e.g., ovoid removal), and derivative metrics for specipplications.
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