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Abstract

The goal of this paper is to evaluate non-parametigorithms that achieve 3D
texture synthesis from a single 2D sample. Therdhgos under study are variants of
the algorithm proposed by Wei and Levoy [1]. Selverathors have proposed
different algorithms that intend to better repraglua the output texture, the diversity
learned in the input sample. Hence, we turn ciengébn to the improved algorithm
proposed by Kopf l. [2] and the particular histogram matching approatihen
and Wang [3]. In addition, we propose to visit thexels during synthesis according
to the 3D extension of space filling curves. Weeistigate the algorithms capability
to reproduce anisotropic textures. In particularare interested in laminar textures,
i.e. textures made of anisotropic sheets stackmiah given direction. Examples of
such textures are snapshots of dense carbons elsdsy high resolution
transmission electronic microscopy (HRTEM). Beyoiié traditional subjective
evaluation of the synthesized textures, we propogenuine quantitative benchmark
for the analysis of the synthesized textures witichsists in comparing input and
output gray level statistics and patterns morphplog

1 Introduction

Many tools in image processing, vision and compgtaphics involve image analysis and
synthesis, and especially textured images. Forré@son, the disciplinary field of texture
synthesis is particularly dynamic and very prodeetivith notable applications in image
compression, inpainting, image extrapolation otusx mapping. This research field has
led to the development of many 2D synthesis tecalesigbut their extension to the 3D
environment remains unstable proving itself as iy wemplex and computational issue.
3D textures are mainly used for texturing voluneetbjects trying to increase the realism
of the 3D scenario, but they can also be obsenv&@Division when exploring for instance
material structure or seismic data.
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The interest of the scientific community for salé&kture synthesis gave birth to various
families of algorithms. The procedural family of 3ynthesis algorithms models a solid
texture by adjusting some mathematical functionke Tange of applicability of the
procedural approaches [6, 9, 10] remains sparseling mostly to algorithms hard to
optimize [6, 22-24]. In opposition to the globalogth procedure involved in the
procedural methods, the local methods [1-4, 11gEBlerate the texture one voxel/patch at
a time maintaining the coherence of the local textwith its vicinity. Some of the most
underlined synthesis methods based on local optioiz are the exemplar-based synthesis
algorithms. These algorithms require only one semgxture as input image and
synthesize the solid texture guaranteeing the pessible similitude with the sample.
Allowing a smoother control during the synthesisqass, the pixel by pixel synthesis
algorithms [1-3, 8, 12] are among the most sucoéssEhniques mainly because of their
simplicity. To assure a reasonable computationahpiexity, most of the approaches
propose efficient searching algorithms combinedhwé multi-scale implementation
capable of capturing patterns at different scatesreot increasing the computational load.

In this article we are interested in the synthegignisotropic volumetric textures, in
particular textures with laminar structure. Some &amples of laminar textures from
quite different domains are provided in Fig. 1. T§mthesis of such textures from a
unique sample is however delicate. It means ta iBEe information from 2D information
only. This inference is possible only under somsuagtions of anisotropy. A recent
2D/3D extension of Portilla and Simoncelli’s pardritealgorithm [9] was proposed by
Da Costa and Germain [10], relying on the 2D to i@f2rence of the sland 2° order
statistics and on an original 3D pyramidal decorntps algorithm. The authors showed
that the 2D/3D inference was relevant and thatrthéorithm was able to produce
convincing 3D synthetic textures from a band-pdltsréd image sample. However, their
approach revealed some limitations on raw (unéligrimages, while showing high
frequency artefacts on filtered input samples.

In the following, we will investigate a few non-pametric approaches from the
literature for the synthesis of 3D textures fromrdgue 2D sample. We will carry out an
experimental study to evaluate their capabilityegproduce both low-level pixel statistics
and pattern morphology.

Figure 1: Examples of laminar textures:— seismic datab — ceramic material with
polymer infiltration (image from [18])¢ — wood profile,d — brodatz (D68 image from
[19]) ande — sedimentary rock.

2 Non-parametric volumetric synthesis techniques

In this chapter we are briefly exposing the norapzetric approaches on which we
focused our attention. The first one, the algoritiinwei and Levoy [1, 4], will serve as a
reference. The second one, namely Kop&let[2], is employed for the improvements
brought by its non-parametric global texture optiation procedure. Finally, the last one is
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Chen and Wang’s algorithm [3proposing a high quality texture synthesis by ira¢igg
in the texture optimization procesgo new kinds of matching histograt

2.1 Overview of Wei and Levoy’s algorithm

Based on the Markov field hypothesis, this methalibs on texture locality very pixel is
predictable from the few pixels in its neighbourtlp@nd stationarity (spatial statisti
invariance by translation), assumptions statedtjnThe 2D/3D extension that we put

here is an adaptation of the algorithm of textymrlsesisfrom multiple sources [ using a
single 2D image as source of synthessarting from a random initialization, v
synthesize voxel by voxel by examining the 2D nbilrhood of the current voxel fro
two orthogonal views of the 3D block (front andesidew)as shown in Fig.. This phase
implies a TSVQ (Tre&tructured Vector Quantization) search of the loestch for eacl
of these twoneighbourhoods in the input image. The output po@iresponds to tr
average of the two found voxels. The process tenaedseveral times until reaching tl
same neighbourhoods after 2 consecutive iteratibims. 2D/3D extension raises differe
downsides being constrained by the neighbourhopel @nd shape or the synthesis ¢
type. However, by including a multesolution scheme it proves to be a well adaptatde
largely applicable synthesis method. In spite sfviersatility and its good computatiol
properties, this algorithm is also known to prodocgput textures that are more regt
than the examples it tries to mimic.
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Figure 2: Principle of noparametric synthesis: extract two neighbourhoodsiénoutpu
block (front and side view), search the best twaghmgourhoods in the input imac
combine their central pixel values and modify tiupait voxel.

2.2 Overview of Kopf's algorithm

A critical issue of Wei and Levoy’s algorithm resides in theywf combining informatiol
from the front view and the side view. infle averaging leads to a loss of dynan
between the original and the synthesizexture. One possible answer is to replace
average with a better combination [2, 5] aimdthe same time, addingcolour histogram
matching mechanism [2, 6] in the texture optimizatprocedureKopf etal. [2] propose
to give weights to each of the tviound voxels and to mix them according to the rol
optimization proposed by Kwatra et. [5]. The colourhistogram matching works
adjusting the weight of each voxel engaged in tleghted average that could bri
differences between the colobistogram of the 3D result and the colour histogadrthe
2D exemplar. In this way the global statistics jareserved and the synthesis ¢ not rely
only on local decisions. The quality of the resuldivered witl this technique exceeds
that of manyother methods. Despite this, computing the redmtaising the weighte
average may produce blurry results if the variasfdbe exemplar voxels is too large
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2.3 Overview of Chen and Wang’s algorithm

Unfortunately, most of the non-parametric methods affected by blurring, missing
textural patterns or mismatched input/output histots. To ameliorate these drawbacks,
Chen and Wang [3] propose a new modus operandekture optimization approaches.
Mainly, it consists in using two new kinds of higtams — position and index histograms
[3] and in updating the output voxel using the dise solver as Han &l. [7]. Prior to
synthesis, for every pixel in the exemplar, khbest matches are found in the exemplar
idea inspired from the natural texture synthegi®hm proposed by Ashikmin [8]. The
set of candidates being constructed, a synthesceps is started, similar to Kopfaét[2].
However, instead of the colour histogram, the pamsihistogram is used to adjust the
weights. The position histogram records the nundfexccurrences in the solid texture of
the corresponding pixel in the 2D exemplar. Theghvts are adjusted to get a histogram as
uniform as possible. Once the position histogramchiag is achieved, the colour
histogram matching is achieved also. Index histegcaunts the frequency of the voxels
candidates in the volume texture. During the segsbhse, the choice of pixels is
modulated according to their index histogram fremye Having all the candidates
uniformly distributed means having a well presertedure.

2.4 Improving the pixel scan order
Whatever the method, a problematic issue is theehaf the neighbourhood system.

-

a n b o c. ) d
Figure 3: lllustration of different scanning typeés, 2-dimensions (the top column) and
their corresponding extensions to 3-dimensions i§titeom column): from left to righg -

lexicographic pathbh - random walkg - Z-curve andl - Hilbert curve.

The choice of a causal neighbourhood makes théasist of a pixel totally dependent
on previous pixels and leads in the case of lamédatures to a higher regularity of
synthesized results. The choice of a non-causghbeurhood can partly overcome this
determinism, but now the choice of the scan type/ ha challenged. Replacing the
lexicographical scan type with a completely randeaik allows the synthesis of a pixel
by freeing itself from its past and so multiplyitige possible configurations. However, the
convergence time can become prohibitive in thigecd® reconcile the deterministic part
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and the randomneskaracter we propose an alternative scan type, yaimeluse of spac
filling curves [17] extended to 3D, like Morton a@dZ-curve) or fractal curve (e.g.
Hilbert curve) illustrated in Fig. 3.

3 Experimentation background

We were able to implement different variants of tlwmparametric synthesis algorith
and apply them to the volumetric texture syntheségting from a single 2[sample.
Beyond the traditional subjective evaluation of #athesized textures, we propos
genuine quantitative benchméide the analysis of the synthesized textures wiimhsists
in comparing input and output image characteristics

We have provided some solid results in Fig.The results are obtaineafter 10
iterations, using the optimization approach prodoby Kopf, 5 pyramidal levels,
neighbourhood of size 7x7 pixels and random scanrimput images have a size
128x128 pixelsaand the produced blocks have a size of 128x12¢ pixels. It proves the
capacity of the non-parametric algorithm to syniteslifferent typs of textures, showing
the potential of this method in different domaiMore or lessthe synthesized results

resemble theource textures conserving the dynamics and thetate.
‘ \\\\\‘Y
d

h

Figure 4: Several solid resultssing as sources for synthesis images from Brod#xz
databaseq b, c, d, g, f), wood wall profile §) and sedimentary ro texture [).

But we have focused our attention to the snapsbbtdense carbons observed
microscopy [14] on which we have conducted experimental procedu. Four examples
of such laminar textures called lattice fringe imagre foundn Fig. 5a and 5c. They
show locally periodic patterns togetheith high and low frequency artefac Neither high
frequency nor low frequency components provide wisefformation about the atom
structure of the observed material. ghod compromise for analyzing theconsists in
using their filtered versions (Fig. 5b and 5d) Ipplging a radial and diictional band-pass
filter in the frequency domain [20]. Bunithe following, we havecarried out the
guantitative experimentation on the raw HRTEM ing@ge
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C
Figure 5: Samples of lattice fringe images of dgmsegraphitic carbons: HRTEM images
(a, ¢) and their filtered version®(d). Sample sizes are 12B28 pixels.

The near periodic structure observed in such textuages can be investigated in 2D, but
cannot be investigated in 3D for many technicatoea related to sample preparation and
HRTEM technology. The only way to access the thtieeensional structure is to infer it
from 2D by image synthesis [10].

d e f
Figure 6: Volumetric results: from top to bottormetf line represents the 3D views of the
solid textures obtained after 10 iterations from thw HRTEM sample in Fig. 5a using,
from left to right,a - Wei and Levoyp - Kopf, ¢ - Chen and Wang; thé'®line (d, e, f)
shows the blocks after applying the same algoritbmthe sample in Fig. 5c.

Fig. 6 contains some volumetric results obtainednfia single HRTEM texture using
non-parametric approaches. Fig. 6a and 6d showahenetric textures for Wei and
Levoy’s approach [1, 4] while Fig. 6b and 6e shbe tesults obtained using the backbone
of Wei and Levoy but optimized by using the weighteverage and the colour histogram
matching technique proposed by Kopfakt[2]. In Fig. 6¢c and 6f are represented the 3D
blocks obtained by using the discrete solver phes ihdex and the position histogram
matching technique of Chen and Wang [3]. The expentation framework consists in
using 5 pyramidal levels, non-causal neighbourhaddsze 7x7 pixels, Hilbert curve scan
type and, for Chen and Wang, a set of 15 candidatesach pixel.
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3.1 Subjective evaluation

The visual quality of the results is relatively gorting, in terms of dynamics al
structure. Measuring the results based on our hymeaception, we can say that the
results and the original images seem to have bested by the same unlying process
(see the image from Fig. 5a and the results in B&gc for analogy). The perceptu
comparison of the results in Fig. 6d-f with the déné=ig. 5creveals that, in some cas
the algorithms are not capable to preserve the tragls evenwhen the algorithms
involve histogram adjustments, while the structisrgoreservedin addition, taking intc
account the size of the structures in determinbrgg iumber of synthesis levels and
neighbourhood size is a critical point in termswfithesis quality.

3.2 Quantitative evaluation

The visual interpretation of the synthesis restgdtaains subjective, so we are constrai
to compare them objectively. This original quariva study evaluates the results tak
into account the results gray levifnamics (first order statistic and the morphological
properties like elongated pattern (fringe) lengtttstuosity and orientatic. It aims to
evaluate the algorithms capacity to reproduce at@Rure respecting the statistic
properties of the exemplar.

gray level histograms . standard deviation skewness coefficients
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Figure 7: Different indicators dhe objective comparison of the 3D textures obthing
synthesizing the HRTEM texture in Fig. 5a (ti€libe) and the sample in Fi5c (the 2¢
line): gray level histogramsa(d) and ' order statisticsh( e - standard deviatiorc, f -
skewness). The procedure consist in comparing inmatge statistics with the on
obtained after a multi-2D solid blocks analysis €, e, f) or by canputing Kullback-
Leibler divergence between the histograms of tlegtar and the output bloca, d).

The quantitative indicators from Fig. 7, Fig. 9 ahiy. 10 reveal the 3D textures
tendency towards the sarsucture observed on the HRTEM ima The comparison of
the results dynamics from Fig. 7 confiritige visual conclusion attributed some of the
algorithms not being able to conserve the contréike plots in Fig.7-c show that in
general the approach of Wei and Levoy takes mamne tb reachthe statistics of the inpi
image lecause of the averaging operation when combiniegw orthogonal viev. This
objective comparison of the evolution of the 3Ddbi® statistics towards the ones from
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2D sample strengthens the visual assumptiotadive to the significant improvemer
brought by the histogram matching techniques. Hawngke indicators in Fig. -f show
that using the index and thmsition histograms, proposed by Chen and Wdoes not
always improve the dynamics, by contratyjeviates the statistics frathe target.

+/2

Figure 8: Texture orientatiora — the original raw HRTEM sample from F 5a;b - the
correspondent orientation field and the colour baing the correspondence betwe
colours and orientations;—the orientation histogram computed from the oriéorefield.

As for the structural properties of the ®lbcks, we have compared in F9 the local
orientations of the mult?D block relative to the input sample based orractire tenso
estimated on axX7 neighbourhood inspired from Bigun at [15]. Fig. 8 exemplifies the
image orientation field and its associated oriémtathistogram Fig. 9 confirms the
impression that in some castige proposed algorithms tend to produce texturese
regular than that of the input imagad iterating more doesn’t rese the reproduction of
patterns.This phenomenon may be related to the determirgsticacter of the algorithm
based on local decisions, which tends to produesetrery regular or repetitive textur.
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Figure 9: Spatial structure variation indicatorse Kullback -Leibler divergence betwee
the orientation histograms of the exemplar andotltput blocks obtained tapplying the
algorithms on the sample in Fig.5a (pddtand o the sample in Figc (plotb).
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The comparison of the morphological properessists in trackinthe texture level
curves and describintipe elongated patterns contained within the texWe address the
orientation and pattern length measurement tecksiqs describealy Da Costa etal. [16]
and Raynal e8l. [21] to extract textural features (fringes) asaimpute thir lengths and
tortuosity. The procedure consists first in filteyi[20] the rawHRTEM images and then
counting the frequency of appearance of the fringe lengtid eassiying them as a
function of their lengths. Similarlywe built tortuosity classes and compare the toityc
values distribution. The results from Fig. 10 shtvat theproduced texture:contain
longer fringes than the input image (plot 1@ajyl in the same timthey are more regular
(plot 10b). Using largeimages on input and synthesizing bigger block®watput shoulc
impose a sufficient number of fringes capable @itdiing bettethe morphology
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Figure 10: Plots of the morphological structureigatbrs:a - the distribution of fringe
lengths in the input raw HRTEM image from Fig. Sadan the multi-2D synthesized
volumetric textures from Fig. 6a-6dy — the distribution of the tortuosity values
corresponding to the same input image and outpatkbl usedn a. The fringes were
retrieved by manipulating the front and the sidieesl in the 3D texture

Comparing the different types of pixel scannitgring synthesis, it seems t the
orientation histograms of the produced texturescéwser to the one of the input ima
when using the random scan or the space fillinge@s shown by Fig. ‘a), while the
lexicographical walk produces textures more regthlan the inputFig. 11b shows that the
scan type does not have a significant influencehergraylevel dynamics
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Figure 11: Comparing the synthesis scan types:theorientation histograms indica
andb — the gray level histograms indicator, correspogdi the synthesis of the image
from Fig.5a, using Kopf's approach.

4 Conclusions

In this paper, we have brought about several noametricalgorithms that achievwith
success solid texture synthesis starfiogn a 2D texture exempl. Results interpretation
was accompanied by aariginal experimental procedure marking a quaktatiand
objective evaluation.Wei and Levoy’'s approach is not able to preseres ¢gvels while
the learning phase associated to the set of caedidd Chen and Wang is time consurr
and increasing with the size of the sktproves to be more efficient to use Ko
approach and good compromise between the quality of the resuits the synthesis tin
is to use Hilbert space filling curve as scan typge.an application, e have addressed
these algorithms to the synthesislaminar textures, and more precisely anisotropic
HRTEM images of dense carbons. Apart from certamitdtions, the obtained results ¢
convincing in term of preserving texture gtayels and texture structt properties.
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