Noise Analysis and Synthesis for 3D Laser
Depth Scanners

Xianfang Sun®® | Paul L. Rosin?, Ralph R. Martin 2,
Frank C. Langbein?

aSchool of Computer Science, Cardi University, UK

bSchool of Automation Science and Electrical Engineering, Bihang University,
China

Abstract

This paper analyses the noise present in range data measurdxyy a Konica Minolta
Vivid 910 scanner, in order to better characterise real scaner noise. Methods for
denoising 3D mesh data have often assumed the noise to be Gaien, and indepen-
dently distributed at each mesh point. We show via measuremats of an accurately
machined almost planar test surface that real scanner data des not have such prop-
erties: the errors are not quite Gaussian, and more importatly, exhibit signi cant
short range correlation. We use this to give a simple model fogenerating noise
with similar characteristics. We also consider how noise vaes with such factors as
laser intensity, orientation of the surface, and distance fom the scanner. Finally,
we evaluate the performance of three typical mesh denoisinglgorithms using real
and synthetic test data, and suggest that new denoising alggthms are required for
e ective removal of real noise.

Key words: 3D laser scanner, scanner noise analysis, noise modelind) 3urface
denoising

1 Introduction

Surface mesh models built using data obtained from 3D laser dépscanners
necessarily contain some noise. To remove such noise from surfacslnmeod-
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els, many mesh denoising algorithms have been developed|see 18] and
other references therein. In evaluating the e ectiveness sfich denoising al-
gorithms, both visual and numerical comparisons are used [12]JorFmeshes
corresponding to real scanned data, however, in most cases onigual com-
parisons are performed, because exact ground truth data arevalst always
unavailable. However, more objective evaluation requiresumerical compar-
isons, and this is generally done using synthetic datalknown mesés to which
noise has been added, following a simple model. Better chamgsation of real
scanner noise would allow more realistic arti cial test data to b produced for
such purposes.

Many authors have assumed, either when formulating mesh denaigialgo-
rithms [1,5], or testing them [2,8,12,18,19], that the measement noise is
Gaussian white noise (independently distributed per measurentepoint).
However, real 3D laser scanner noise is, as we will show later, nottguGaus-
sian, and more signi cantly, is strongly correlated at adjacenmesh points.
Shen [20] has previously observed that real measurement noiseedgesdoes
not exactly follow a pattern expected based on a random numbegenerator,
and gave a method for generating synthetic edge noise. More estly, Van
Gestel et al [21] evaluated the performance of laser line scarmenounted
on coordinate-measuring machines (CMMs). They mainly analydehe in u-
ence of various factors on random and systematic errors of theasoer; they
tested a di erent scanner arrangement to the one we use, which iged in
position rather than being mounted on a CMM. In this paper, wedcus on
characterising scanner noise from the point of view of denoising

One approach to characterising system noise is to combine noisedals for
the components of the measurement system. For example, an optisensor is
used, and intensity noise models for optical sensors have been aésed in the
literature [22]. However, depth values are not computed dicdy from intensity
values, but instead triangulation is used after locating pixsl of maximum in-
tensity. Other sources of noise potentially include optical eoponents such as
the lens, the mirror (and its actuators), and laser, as well asedtronic noise.
Furthermore, numerical errors may arise in the proprietary dtware used to
calculate positions. Ultimately, we do not have access to all theomponents
of a commercial system, and even if we did, the noise due to some pom
nents may not be well understood. Thus, a component-wise noise aeding
approach is not practical.

Instead, we analyse overall noise in the measurements providgdab3D range
scanner, taken over aat area. The main aim of this paper is to bring the
attention of the mesh processing community to the fact thateal scanner
noise is not independent Gaussian noise per mesh vertex . Algorithm
evaluation and development should be based on more realistic asgions
about 3D scanner noise. We also discuss the di erent results obtaith when



applying various denoising algorithms to real scanner data drsynthetic data
with added Gaussian noise. We furthermore give a method to syntiee noise
with similar characteristics to that observed.

This paper is an extended version of a paper presented at the SO8 confer-
ence [23]. Here, we additionally analyse the variation of noigath respect to

ambient lighting conditions, scanner laser intensity, surfaceistance from the
scanner, and orientation of the surface. We also present a lineeorrelation

analysis to add further evidence of autocorrelation in the nee. Denoising ex-
periments using synthetic noise generated by our model are alsmegented,
and a further denoising algorithm is tested, making the expenental results
more representative.

The remainder of this paper is organised as follows. Section Balsses ac-
quisition of data for our experiments, considering choice of 4& specimens,
data preprocessing procedures, and the shape of the underlyirgstt surface.
Section 3 analyses noise in the test data using a quasi-statisticaiproach; we
also employ the discrete Fourier transform to characterise the aaner noise.
Section 4 describes synthesis of arti cial noise based on this &ms, using
the inverse discrete Fourier transform. Section 5 demonstratése di culties
of removing real scanner noise, as opposed to synthetic Gaussianta/hoise,
for three typical mesh denoising algorithms. Section 6 concles the paper.

2 Data Acquisition and Preprocessing

2.1 Data Acquisition

We now describe the scanner used, the test piece, and our methoftigaguiring
data.

The scanner used in our tests was a Konica Minolta Vivid 910 with HLE'

lens (focal distance = 25mm), which has a specied accuracy oD@ m in

the z (depth) direction in "FINE' mode. Boehnen and Flynn [24] evailated

several di erent 3D scanners, and found that Konica Minolta Vivil 910 was
the most accurate for use in a face scanning scenario. Here we takas a
representative commercial scanner using optical triangulain of a laser stripe
to capture range data.

Clearly, the higher the precision of the test specimen, the mooertain we can
be that any measured noise is due to the scanning process and notface
roughness of the specimen. We rst considered use of a standard gaundpck
as the specimen. While very at, it was too polished and almost nor-like,



and the scanner was unable to acquire satisfactory measuremeristead, a
slightly rough surface was needed to obtain satisfactory measurementshél
standard alternative, coating the test part with a white powde, would lead
to an unacceptably uneven surface due to the nature of the poerdspraying
process).

We chose to use as our main test surface the N1 specimen from a Micr68d5
set of test surfaces produced by Rubert & Co Ltd. Such test platesepro-
duced for the purpose of testing surface roughness measuring maeh. This
specimen is a 25mm 15mm rectangular at metal plate with mean rough-
nessR, = 0:025 m and mean roughness deptR, = 0:29 m (see later). To
give con dence that the results obtained were not speci c to tis particular
test specimen, we also tested the N8 specimen from the same Microsurd 3
set, which is much rougher than N1 withR, = 3:2 mandR, = 15:6 m. Anal-
ysis results were similar to those from the N1 specimen, so we do ngbog
details, but simply show its noise surface in Fig. 3. This visuallyemonstrates
that the noise from this specimen has similar characteristics, thbugh the
correlation length appears shorter. While it might have beemseful to also
consider curved test pieces, we did not do so because of the di cyltn ob-
taining one machined to a known roughness. However, we measurée tat
plate at di erent orientations, which gives some insight into vinat might be
expected when scanning a curved surface.

Ra and R, are parameters of surface roughness as de ned by ISO Standard
4287/1:1984 [25]R, is the arithmetic average of the absolute values of the
roughness pro le ordinates, andR; is the arithmetic mean value of the single
roughness depths, taken over consecutive sampling lengths [Z6]e sampling
length for these test pieces was.®nm. Note that for the N1 specimen, both
R, and R; are signi cantly smaller than the depth accuracy of 100m claimed
for the Konica Minolta Vivid 910 scanner. Henceforth, we simplyansider any
sub-area on the test surface with diameter smaller than the sampgj length
as planar, and ignore noise due to the surface roughness. Howeweser sub-
areas larger than @mm in extent, we must be careful not to assume that the
surface is exactly planar|on the scale of the whole test piecetimay exhibit
non-negligible curvature.

We collected measurement data as follows. During scanning, ttest plate was
xed at about 585mm from the focus of the scanner, with its normal approx-
imately aligned with the scanner's optical axis (unless statedtherwise), and
the centre of the test plate approximately on the optical axis(Although we
did not use an instrument to align the optical axis precisely, th actual angle
between the optical axis and the normal to the test plate coulde computed
accurately from the test data itself). Unless otherwise stated, waligned the
long side of the N1 specimen with thex direction|the N1 specimen is pro-
duced by grinding, so its surface nish is anisotropic, albeit om very ne



scale. For each complete scan we obtained an array of 3D poinbodinates
fXi;Vi;zgin the scanning coordinate system, whene and z axes are aligned
with scan lines and the optical axis, respectively, and thg;y;z axes form a
right-hand coordinate system. Thef x;;y;g coordinates lie on a grid, andz
measures distance of a surface pointto the focal plane of the scanner.

We captured data from the test plate in several di erent ways. Hstly, in or-

der to test the repeatability, we xed the test plate in the same face and
repeatedly scanned it several times. Test results showed that theise prop-
erties were repeatable in the statistical sense that the standaakviation of
the noise varied little between scans (see Section 3.1.1), ansiually, the scans
had similar raised and sunken areas as are apparent in Fig. 1. Wsatried

scanning under di erent ambient lighting conditions, and age the results
were similar. This repeatability justi es the use of a single setfdest data in

our analysis, except as speci ed later.

Secondly, to analyse the e ect of surface orientation on noiseg rotated the
test plate through varying angles about thex-axis before scanning it. The
results showed that varying orientation had little e ectlonl y minor changes
were found in standard deviation of noise and correlation, anabvious raised
and sunken areas still existed. We thus only present our main agals for data
measured with the test plate approximately orthogonal to the jtical axis.

Thirdly, to assess the e ect of the scan line direction on the noisgiven that
our sample was anisotropic, we took two scans with the test platdigned
so that rst its long side ran approximately in the x-direction, then in the
y-direction. This allowed us to verify that the anisotropy of he test surface
did not have a signi cant e ect on the noise.

2.2 Data Preprocessing

After capturing the raw measurement data we preprocessed the dato sepa-
rate the noise from the background surface, using the followirggeps:

S1: Trim o measured data near the edges of the test piece, as theise in such
regions has quite di erent characteristics from that at inteior points, and
needs to be analysed speci cally [20]. Our primary trimmed dat consists
in each case of 9375 gridded points with 125 columns in tkedirection and
75 rows in they-direction, with intervals between successive points in the
x- and y-directions of Q1735mm and @1L733mm, respectively.

S2: Fit a smooth surface around each measured surface poinin 3D using
the measurement data in its neighbourhood\;, f(X;;y;;z) :j 2 N;g. The



tted surface is represented as

z=f(xy;p); (1)

wherep is a parameter vector de ning the surface. Choice of surface ohal
and neighbourhood size are discussed below.
S3: Estimate the measurement noise corresponding to each surface pointas

e=1z f(xy;p): (2)

The second preprocessing step requires choice of a surface modd| size
of surface tting neighbourhood. We considered three possiblessumptions
about the shape of the underlying test surface:

Al: A plane gives an adequatglobal t to the data;

A2 : A quadratic surface gives an adequatglobal t to the data; or

A3: No assumption is made about the global shape. Instead a proceduraodel
is used based on iterative tting of planes to the data in localegions, taking
into account how the 1ISO standard characterizes noise.

Under Assumption Al, we t a plane to the whole set of measurement data
Function f in Eq. (1) is then becomes

f(x;y;p) = a+ bx+ cy: (3)

and the parameter vector ig = [a; b; g.

Fig. 1 shows the estimated measured noise using Eq. (2) togetheithwAs-
sumption Al. To help visualise the noise surface, we have magni ele noise
valuese 50 times, and used Phong shading to produce Fig. 1(a¢tual noise
heights (in mm) are given by the associated colour bar: shadingeets have
been exaggerated while the colouring is unalterated. A sirail technique has
also been used later for other Figures. Fig. 1(b) simply shows tiseggn of the
noise, black being negative. Fig. 1 shows that the noise surfacasbd on this
assumption has obvious raised and sunken areas, and is clearlyvedlits
top-right and bottom-left corners are higher than other pats of the surface.

Firstly, we note that bumps of the magnitude indicated by the wise surface
would easily be seen by anyone visually examining the test platiéthey were

actually present. The test plate does not show an appearance #myg like

that in Figure 1, but instead, a very ne pattern of x-direction scratches at a
much smaller size (due to the grinding process used to make the tgsate).

Thus, the local structure visible in Figure 1 must be due to measument

errors, and not surface bumps in the test plate. This deductiorsibacked up
by noting that the measured bumps are much greater than the mafacturer's

claimed roughness of the test plate.
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Fig. 1. Extracted noise for N1 sample given Assumption Al, sbwn with Phong
shading: (a) measured noise (colour scale in mm), and (b) thesign of the noise:
positive, white; negative, black.

Secondly, the apparent curvature of the noise surface may beealto actual
curvature of the test surface (which is only guaranteed to blecally at), or
due to systematic error over a long scale produced by the scanner.

To resolve this issue, we rotated the specimen by 9@round the z-axis, and
obtained another data set. Fig. 2 shows the extracted noise inighcase, again
under Assumption Al. It can be seen that while the detailed noise patn

is somewhat di erent, the overall curvature in the noise surfaz has also ro-
tated with it|its top-left and bottom-right corners are now higher. Thus, the
curvature of the noise surface comes from the specimen itselfdas not due
to systematic errors produced by the scanner|in the latter casethe noise
distribution would not have rotated. We also conclude that Assumjon Al is

unsatisfactory, and a better surface model is needed.



() (b)

Fig. 2. Extracted noise for N1 sample given Assumption Al (secimen rotated 90
relative to Fig. 1 before scanning), else as per Figure 1.

A further observation is that, while in Fig. 1 the noise shows a dgonal struc-
turing tendency, in Fig. 2 this is less clear, and even in someagks tends
perhaps more to a horizontal structuring. This is probably da to interaction

between the laser striping system and the anisotropy of the test sade. Apart

from this question of directionality, however, the generatructure of the noise
appears similar in both orientations. Thus, subsequent experimes were re-
stricted to data measured with the long side of the specimen aligd with the

X-axis.

Fig. 3 shows the noise for the N8 test piece under Assumption A1. The N8
specimen is clearly curved in a di erent way to the N1 specimen. Agn, there
are obvious bumps on the noise surface, with a similar generaltigan as for
the N1 noise surface, although the characteristic size and spaciofjbumps

is smaller than for the N1 sample. We thus concentrated solely ome N1
specimen in our further analysis.

Next, we considered Assumption A2 as a potentially better model fahe
shape of the N1 test piece, and tted a quadratic surface to the whm set of
measurement data. In this case the functiof takes the form

f(x;y;p)= a+ bx+ cy+ dx®+ exy + fy? (4)

and the parameter vector ip =[a;b;c;d;e;f.
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Fig. 3. Extracted noise for N8 sample given Assumption Al, ager Figure 1.

Fig. 4 shows the estimated noise using Assumption A2. Again, the noise sur
face again has obvious large scale raised and lowered areas witsimilar
distribution to that seen in Fig. 1, except that the overall cuvature in Fig. 1

is no longer present. Using the same reasoning as before, we agkimcthat
the magnitude of the noise is due to the scanner.

We still needed to decide whether a quadratic surface could suiently repre-
sent the underlying surface of the N1 specimen. To answer this quest, we
also tted higher order surfaces, e.g. cubic surfaces, to the measment data,
and extracted the noise using Eq. (2). Visually, the distributiorpattern of the
extracted noise in each case is similar to that shown in Fig. 4. Rinermore,
the di erences in the residual errors when tting quadratic,and cubic or other
higher order surfaces, are less than the speci ed roughness h&sdgR, and R,
of the test specimen. Thus, we can safely say that a quadratic suréasu -

ciently represents the underlying surface of the specimen, atite estimated
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Fig. 4. Extracted noise for N1 sample given Assumption A2, ager Figure 1.

noise surface with this assumption is close to the real noise due keetscanner.

We also used assumption A3 as an alternative method of verifyingghabove
assertion: A3 makes no assumptions about the global shape of the arlging

test surface. Under Assumption A3, we only need to consider the paratees

of roughness. As the roughness of the specimen (measuredRyyand R,)

is signi cantly smaller than the scanner accuracy, the true suaice can be
e ectively considered to be planar over regions with diametesmaller than

the sampling length used to de neR, and R,.

The sampling length is @mm. Thus, for each measured point on the surface,
we tted a local plane to the measured data within a circular nghbourhood
of diameter Q8mm. The measured point was then projected onto the plane,
and the projected point was taken as the estimated position ohé real point
on the underlying test surface. However, because the surface deo the
noisy measured points has a roughness exceeding the range desagh by
Ra and R, it is not a good approximation to the true surface. Thus, we

10
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Fig. 5. Extracted noise for N1 sample given Assumption A3, ager Figure 1.

iteratively used the approximate points to t local planes am provide new
projected approximate points until the roughness of the surée formed by
the new approximate points reached the range designated By and R, (this

required 323 iterations). The nal approximate points can beconsidered to
be good approximations to the real surface points: the di eraxe between
each measured point and the corresponding approximate poirttén gives an
estimate of the noise. Note that because of the iteration proces$et surface
may exhibit a global shift|in fact, the mean of the di erences is 2:3 m, so
we subtract the mean from each di erence, to get the nal estim@d noise
with zero mean.

Fig. 5 shows the extracted noise surface using the above methoheTnoise
pattern is clearly very similar to that estimated using AssumptionA2, shown
in Fig. 4, although actual values di er slightly. The indeperent assumptions
made for approaches A2 and A3 give us con dence that the similaesults
obtained are useful estimates of the actual scanner noise, andthhis noise

11



Fig. 6. Di erences between Fig. 4 and Fig. 5, in mm.

really does contain the structures visible in Figs. 4 and 5.

We also determined the standard deviation of the di erences heeen noise
values estimated using A2 and A3 to be:@ m, which is only 10% of the
speci ed accuracy of the scanner. While these di erences aretnmegligible,
the di erence surface is slowly varying over a long distance viitow amplitude
(see Fig. 6). We also computed the standard deviations of the sei based on
A2 and A3, which are 1682 m and 166 m, respectively. They are very close
and both are less than the speci ed accuracy of the scanner.

For purposes of analysing correlations in noise iy, both Assumptions A2
and A3 provide reasonable models of the real scanner noise; haveissump-
tion A2 leads to a much simpler computation, so in the rest of the geer, our
analysis is based on Assumption A2.

We now make perhaps the most important point in the whole papewhich is
clear from a visual inspection of Figures 4 and %1o0ise at each measure-
ment site is not independent . There is a clear correlation between noise
at adjacent measurement sites, and indeed on longer length ssal®o. This
is contrary to a common assumption adopted by many papers on mede-
noising, which often assume scanner noise to be independent Gaussiaise
at each measurement point [1,2,5,8,18,19].

3 Noise Analysis

We now analyse the properties of the estimated noise. We carry toooth
a statistical analysis, and a Fourier analysis of the noise. Becaugse only
have an estimate of the scanner noise (based on assumption A2), we cat
analysis aquasi-statistical analysis of the real scanner noise.

12
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3.1 Quasi-Statistical Analysis

3.1.1 Noise Variation under Di erent Scanning Conditions

We start our quasi-statistical analysis with a discussion of how theaise varies
with di erent factors, including ambient light, distance of specimen to the
camera, scanner laser intensity, and orientation of the speciméde ned by

, the normal-optical axis angle: see Fig. 7). We assess this by qauting
the standard deviation of the noise at all sample points, as thesanous
factors change. Many other environmental factors, such as t@®rature, may
also in uence the level of noise, but because the user typicallyp€ds not have
control over such factors, we do not analyse variation with respeto them in
this paper.

Firstly, we tested whether typical changes in ambient light hee any signi cant
e ect on the standard deviation of noise. (Again, we did not conder subtle
changes under controlled lighting, but rather the gross e @s of large changes
in lighting.) To do so, we aligned the sample with 24 di erent cbices of , and
for each we scanned the sample rst 5 times with the uorescent digig lamp
on (giving normal "o ce' lighting conditions), and then 5 times with it o
(giving a more-or-less darkened room). We calculated the st@dard deviation
in noise for each such set of scanned data, denoted by, wherei corresponds
to a di erent orientation and j numbers the datasets at a given orientation.
For each orientationi;i = 1;:::;24, we calculated the mean ? and standard
deviation ? of the above standard deviations themselves;; ;j = 1;:::;10,
and then calculated the relative variation: %= °. The result shows that the
relative variation for i = 1;:::;24 lies between #6% and 205%. Thus, for a
given orientation, the variation in level of noise is very smilirrespective of
the ambient light conditions. This result also implies that themagnitude of

13
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scanner noise has a high repeatability for a given set of conaitis.

Secondly, we adjusted the distance between the scanner and tlesttpiece, to

assess its in uence on the standard deviation of noise; we attengpt to keep

the the normal-optical axis angle almost constant at zero degges. (Because
we did not have a precision instrument to x the angle, we could dy keep

the angle approximately unchanged and check it was satisfacyoafter scan-

ning). Fig. 8 shows the variation of standard deviation of noiseith respect

to distance: the standard deviation increases with distance.

Thirdly, we considered the in uence of scanner laser intensitynothe standard
deviation of noise, for the sample in a xed position. See Fig. ®rovided that
the intensity is kept within a suitable range, the variation innoise level is very

14
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small|the relative variation over the intensity range from 45 to 85 (using the
manufacturer's units) is only 52%. However, if the intensity is inappropriately
chosen, the standard deviation can become much larger. In tr@gample, when
the intensity is set to 175, the standard deviation reaches 348. Looking in
detail at the data captured under these conditions, we found tb contain many
outliers, and such data would not be useful for any practical agipation. This
emphasises the need to correctly set up the laser scanner to obtsatisfactory
results, following the manufacturer's procedures. Note that cect choice of
intensity depends on the color and re ectance of the surface ing measured.

Fourthly, we considered the in uence of the normal-optical @is angle on
the standard deviation of noise. See Fig. 10. The dashed line sisatlie noise
estimated with assumption A2. Unfortunately, it was not possible tqick a
single laser intensity which would both capture a full set of dataand avoid
outliers, over this complete range of angles. We thus processad taw scans to
remove the outliers, and the solid line in Fig. 10 shows the stanahdeviation
of noise after outliers in the data have been discarded. To reme outliers,
we iteratively removed those points with noise greater than tiee times the
standard deviation of the whole data set. After doing so, the vaation of
standard deviation of noise with becomes much smaller. In particular for
angles of less than 15 degrees, which has fewer outliers, the noise varies little
with angle (the relative variation is 8%). Overall, there isa trend to increasing

noise with increasing normal-optical axis angle, although ¢hvariation is not
smooth.

As a nal comment, we note that the measurements above show thahe¢
scanner does indeed meet the manufacturer's claimed accyrat 100 m.

15
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3.1.2 Is the Noise Gaussian?

We next discuss the distribution of the estimated noise for a padular scan.
Fig. 11 shows a histogram of the magnitude of the estimated noisaken at
all points of the test surface, together with a zero-mean Gausaialistribu-

tion with the same standard deviation as the estimated distribubn. This
histogram has 80 equally spaced bins. The noise histogram appe@rsagree
fairly with the Gaussian distribution, but to decide this issue mee de nitely,

a statistical test is necessary.

We need to verify the null hypothesis:

2

Ho: f(x)= pzlfezxj

with the alternative hypothesis

x2
2

Hy: f(x)6 pzlfe 2

where f (x) is a Gaussian function of appropriate standard deviation. The
standard deviation of the estimated noise is = 16:2 m. For this we use
Pearson's chi-square test [27]. Consider the statistic

1 X" n?
K=—- & N: (5)

where N is the number of observations (measurement point®l = 9375), m
is the number of bins in the histogram (discussed later)); is the number of
observations in thei" bin, and p; is the probability content of the i™" bin.

16



Under the hypothesisHg, the distribution of K is generally accepted as close
enough to ?(m 1) provided that we ensure that the expected numbers of
events per bin,Np;, is greater than ve in each case [27]. If the probability
P( 2(m 1) > K) < , the null hypothesis is said to be rejected at the
signi cance level . Commonly used values are 5%, 1%, and:0%. The
smaller the , the stronger the conclusion. We use the = 5% signi cance
level.

we combined neighbouring bins with small expected numbers efents into
larger bins so that each bin was expected to have more than vevents. m
was the number of bins after merging small bins.

We then used Eg. (5) to computeK, and computed the probability that
2(m 1) > K . The result shows that except for the cases, = 4;5;7;8;10
(corresponding tom = 4;5;5;6; 7, respectively), the probabilities are all less

then 0:05, and furthermore, except fom =4 (mg=4) and m =6 (mg = 8),
there always exists another division o bins which has a probability of less
than 0:05. This means that except for two special choicesmof, we should reject
Ho at the = 5% level of signi cance. In simple wordswe should reject
the hypothesis that the estimated noise distribution is Gau ssian. The
test does not tell us what the true distribution is. Nevertheless, i§. 11 makes
it clear that the distribution of the estimated noise is quite Gaissian-like.

We must caution that, as well as the direct interpretation tha the noise it-
self is not Gaussian, other explanations are available. Errons the estimated
noise due to the estimation procedure, or the presence of smalinpos on the
surface, may also explain the small deviation between the estited noise and
a Gaussian model.

3.1.3 Noise Correlation
We now consider noise autocorrelation in the- and y-directions. We use

the j row, and &(i;j ) to denote the estimated noise at this pointN, = 125
and Ny = 75 for our data.

We rst discuss the linear autocorrelation. Linear autocorreltion coe cients
are de ned by

P P .. . .
2 M Fe(ihj el + kij)
PNy P N

k oy K . B : (6)
i1 am e)) 2 A teli+ ki)
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(k) \.1-\ _ i=1 \
y I-’. PNy Kk I-’i:Xll-’Ny ke2(|J+k)

(7)

Having obtained the autocorrelation coe cientsf ,(k);k = 1; ;Ny 19
andf y(k);k=1; ;Ny 1g, we consider the null hypothesis that the noise
at each measurement location is uncorrelated, correspondita

«(i)=0; fi=1; ;Ny 1g;

and similarly for y. The alternative hypothesis is that the noise at each mea-
surement location is correlated, corresponding to

x(1) 6 0;

and similarly for y.

If the noise distribution were Gaussian, we could use thetest to assess the
correlation [28]. However, as we have shown above, the noise rilisition is
not strictly Gaussian, and we can only conservatively borrow theonclusions
from performing at-test. Nevertheless, the noise distribution is quite close
to Gaussian{at least visually{from the histogram shown in Fig. 11which
suggests that thet-test results will be useful.

Given a correlation coe cient , ( could be either (k) or (k)), the statistic

P :
T="M 2%1 (8)

should be close ta(M  2) (a t-distribution with M 2 degrees of freedom)
under hypothesisHg, wereM is the number of sample points used to compute

. Thus, if the probability P(t(M  2) > jTj) < , the null hypothesis is to
be rejected at the signi cance level .

Fig. 12 shows how the probabilityP (t(M  2) > jTj) varies with k; the green
line is set atP = 5%. From the gure it can be seen thatP(t(M 2) >
jT]) < 5% for all correlation lengths less than 11 in the-direction and 46
in the y-direction, respectively; other correlation lengths grear than these
values also havd® (t(M  2) > |Tj) < 5%. Thus we conclude that the noise is
autocorrelated in bothx- and y-directions, at various length scales.

Because the above hypothesis test is based on an assumption of Gaussia
statistics, which the estimated noise does not exactly exhibit;, is more appro-
priate to use a non-parametric test. We used Spearman rank-orderrelation
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Fig. 12. Linear autocorrelation showing probability P(t(M  2) > jTj) in x- and

y-directions.
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Fig. 13. Spearman autocorrelation showing probabilityP (t(M 2) > jTj) in x- and
y-directions.

coe cients, which do not require knowledge of the probabily distribution of
the noise [28].

Let k =1;:::;Ny 1 be the autocorrelation length to be considered in the
x-direction, and Ry« (i;] ) and Ry (i;j ) be the rank values ofe(i;j ) among
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mean of the rank value in either square area, given byN¢ k)N, + 1) =2.

De ne Ryk(i;J) = Ruw(i;j)  Ru and Ryxk(i;j) = Ryaxk(isj)  Ru. Then
the rank-order autocorrelation coe cient in the x-direction is computed by
Pn, P . . .

M Ry (i )Rk (i + ki)

Sx(k) = 4p N, P 9P = :
k s Ny F K . .
]=y1 I=)§|. R)2(:|.|((Iil ) J:y]_ |:>§|_ R)Z(Zk(l + k,])

(9)

Similarly in the y-direction, the rank-order autocorrelation coe cient is mm-
puted by

P P .. ..
M Ry )Rya(isj + K)

pNyk > P PNyk > i :
iz =2 Ron(i)) i3 2 ROx(i + k)

(10)

Given the rank-order correlation coe cients, we can again usthe statistic T
de nedin (8) ( now is either s4(k) or sy(k),) to evaluate the autocorrelation
of the estimated noise. Fig. 13 shows how the probabilitP (t(M  2) >
jTj) varies with k. From the gure it can be seen that this test yields very
similar results to those obtained with the linear autocorrelabn coe cients:
the probability that P(t(M  2) > jTj) in this case is less than 5% for all
correlation lengths less than 11 in the-direction and 47 in they-direction,
respectively. We can rely on the robustness of the non-paramiettest [28] to
conclude from the above results thathe estimated noise shows signi cant
autocorrelation

3.2 Fourier Analysis

The above section provides a quasi-statistical analysis of tlestimated noise.
Because this analysis is based on Assumption A2, and hence an estinaite
the noise, we can only state that the above analysis provides aajative
analysis. In this section, we perform an alternative Fourier alysis of the
measurements themselvewhich does not require any assumption concerning
specimen shape.

We rst performed 1D Fourier analysis on themeasurement dataor a partic-
ular scan (not the extractednoise). Fig. 14 shows a log-log scale plot of the
power spectrum for thex- and y-directions respectively. It can be seen that
the measurement data are correlated, since the power spectra aot constant
in any band. However, the correlation here could be from eithéhe measure-
ment noise, or from the surface signal itself of the specimen. Caiesiing that
the specimen surface is quite smooth and its uctuations are geismall, such
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power spectrum ( x )

power spectrum (y )

frequency (unit: 1/mm)

Fig. 14. Power spectrum alongx- (top) and y- (bottom) directions; the green vertical
lines are at a frequency £0:8mm.

a signal will mainly exist at low frequencies, and the high-fregency compo-
nents will mainly consist of measurement noise. The vertical gre line shown
in Fig. 14 is at the frequencyf = 1=0:8mm, corresponding to the roughness
sampling length. Above this frequency, surface shape e ects anegligible,
and we can assume the surface is at. Thus, the spectral power foefjuencies
f > 1=0:8mm (to the right of each green line) is certainly due to scannaoise.
(It may also be mainly due to scanner noise below this cut-o , butve cannot
guarantee this). Since the power spectra are not constant abotlgs cut-o,
the measurement noise is nowhite noise

To consider the noise as a 2D process, we also performed a 2D Fowaralysis
of the measurement data. Fig. 15 shows its 2D discrete Fouriematisform. As
for the 1D Fourier transforms, the magnitude of the 2D Fourier ransform
decreases with frequency, varying less at high frequenciescéin also be seen
that the phase of the 2D discrete Fourier transform varies ranaaly with
little reqgularity. The 2D Fourier transform shown here again élls us that the
measurement data are correlated, and furthermore, the measunent noise is
not white noise.

4 Noise Synthesis

We now know that the noise is not white and its distribution is no quite
Gaussian, so we cannot generate realistic synthetic noise using ghaforward
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Fig. 15. 2D discrete Fourier transform (zero-frequency at the centre). Top: logarith-
mic magnitude of the spectrum. Bottom: phase of the spectrumin degrees.

pseudo-random noise sequences. However, using the Fourier anglyssults
from Section 3.2, we may generate synthetic noise by using therénse Fourier
transforms.

The Fourier transform of the measured data represents both theorse, and
an underlying signal (due to non-planarity of the test specimgnBecause the
signal is potentially signi cant mainly at low frequencies, noise represents
most of the amplitude of the transform at high frequencies, so weay simply
set the lowest frequency components of the Fourier transform tero, and use
the remaining components to approximately model the noise. Nile a sharp
cut-o Iter can introduce ringing artifacts, these were neglgible in practice.

The top of Fig. 16 shows the inverse Fourier transform of the oiigal scan
data with the lowest 5 frequency components in botl- and y-directions set
to zero. Clearly, using the inverse Fourier transform in this wapreserves the
general structure of the original noise seen in Figs. 1, 4 and 5, Mhremoving
the obvious curvature of the specimen surface visible in Fig. 1.

Having obtained the Fourier transform of the measurement dataye can use
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Fig. 16. Generating noise by inverse Fourier transform withlow frequency compo-
nents zeroed. Top: original magnitude and phase except foolw frequencies; Middle:
synthetic noise with tted magnitude and original phase except for low frequencies;
Bottom: synthetic noise with tted magnitude and random pha se except for low

frequencies.
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a simple model to t the magnitudes with respect to frequency. W tried
several models, and selected that particular model which gavemmum tting
residual among those models. The model we use is

8
§a0+ boi + Coj + doi2+ €ij + foj2i60;] 60;

Z(i;j)7 = _ ay+ byi + dyi? j=0; (11)
Tapt by + 12 i =0;
where Z(i;j ) is the magnitude at frequencyf, = i=Ly, fy = j=L, and Ly

and L, are the specimen side lengths in the- and y-directions respectively.
The parameters giving a best t areay = 1:5600,lh = 0:0185,c0 = 0:0176,
do = 0:0001,e, = 0:0003,fp = 0:0000,8; = 1:9134,,, = 0:0417,d; = 0:0005,
a, =1:8352,b, = 0:0530,f, = 0:0008; with these values, the squared sum of
the residual errors is 2% of the squared sum of the noise magnitudes. Fig. 16,
middle, shows the result of computing an inverse Fourier trangim using the
modelled magnitude together with the original phase data. Tik generated
noise has a structure quite close to the original structure, véying the utility

of this model.

Because the phase spectrum is rather unstructured|see Fig. 15|wecannot
easily ta modelto it, but we do not wish to store it as a table of vdues, either.
Instead, we suggest the use of random phases to generate synthetise.
Fig. 16, bottom, shows noise synthesised by inverse Fourier transfoof the
modelled amplitudes and random phases. The synthetic noise irgltase has a
slightly di erent structure to the original one, which is to be expected as there
is some structure in the phase of the noise|again see Fig. 15. Nevertheless,
the structure of this synthetic noise is quite similar to that of the original
noise at least with respect to the magnitudes, sizes, shapes and dignsf
the bumps. In practice, synthetic noise is not necessarily an examopy of
any original noise, and we consider the noise generated usingerse discrete
Fourier transforms of tted magnitudes and random phase as aeptable. It is
certainly closer to real scanner noise than white Gaussian noise.

5 Denoising experiments

As demonstrated, scanner noise is neither strictly Gaussian, nordependent
at each location or white in nature, contrary to the most commi assumptions
adopted by many papers considering denoising or other procegsof scanner
data. We compare denoising results by various algorithms on re sets of
data: real scanner data, data generated by adding synthetic ise described
in Section 4 to the best quadratic surface tted to the scanning ata, and
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Fig. 17. Denoising using Laplacian smoothing [14]: real scaer data (left), data
with synthetic noise (middle), and data with Gaussian white noise (right). Top:
original data. Other rows: denoising results after 5, 20, ad 50 iterations.

data obtained by adding Gaussian white noise with the same stanahdevi-
ation as that of the scanned data, again to the best tted quadriac surface.
Gaussian noise has often been used in the past to assess denoisingitigs.
Three representative denoising algorithms were chosen: theginal Laplacian
smoothing algorithm [14], the bilateral Itering algorithm [6], and our own
feature-preserving denoising algorithm [12].

Fig. 17 shows the denoising results obtained for each kind of seiusing the
original Laplacian smoothing algorithm [14] with 5, 20, and & iterations, as
commonly used in the literature. The Figure shows that fewer dérations are
needed to remove Gaussian white noise than to remove the syntleetioise
generated by our method, and real scanner noise requires yetrmderations.

Furthermore, although the original Laplacian algorithm ca e ectively remove
Gaussian noise, it is less successful at completely removing the lpynstruc-

tures present in real scanner noise, and to a lesser degree, in thatlsgtic

noise generated by our method.

Figs. 18 and 19 show comparable denoising results for the bilakrlter-
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Fig. 18. Denoising using bilateral Itering [6]: real scanner data (left), data with
synthetic noise (middle), and data with Gaussian white noi® (right). Rows: results
after 5, 20, and 50 iterations.

Fig. 19. Denoising using feature-preserving denoising [12teal scanner data (left),
data with synthetic noise (middle), and data with Gaussian white noise (right).
Rows: denoising results after 5, 20, and 50 iterations.

ing algorithm [6] and our feature-preserving denoising algttm [12]. Both
algorithms show similar results to those obtained for Laplaciasmoothing:
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Gaussian noise is easiest to remove, then our synthetic noise, andlly real
scanner noise. However, because these two algorithms are desidgoguteserve
features, unlike Laplacian smoothing [14], these algorithmsale more di -
culty than Laplacian smoothing in removing the structured fetres (bumps)
due to correlations in real scanner noise and our synthetic noisgompared
to our algorithm, bilateral ltering is slightly more e cien t in removing such
structural features of the noise.

From these experiments, we see that although the synthetic noisergrated
by our method does not behave exactly in the same way as real s@jiit more
closely resembles real noise than does Gaussian noise, and it is sdmé
better at predicting how algorithms will perform in removirg real noise.

We have shown that denoising algorithms, whether feature-preseng or not,
cannot e ectively deal with the structured nature of real scaner noise. We
thus conclude thatmany previous papers claiming good denoising re-

sults based on experiments with synthetic Gaussian noise ar e over-
optimistic in their assessment of the ability of algorithms to remove
real scanner noise . Synthetic noise of the type generated by our method
described in Section 4 would be a better basis for evaluating satbing algo-
rithms.

There would seem to be plenty of scope to carefully design new @ighms

which take into account the real, rather than assumed, naturefoscanner
noise. This does not necessarily require precise modelling of fcanner noise.
Instead, by just assuming the noise to be non-Gaussian and correldteve may
be able to make better generic algorithms than if we assume umcsated

Gaussian noise, even if the optimal Iters would involve too man specic

parameters dependent on the precise scanning conditions.

6 Conclusions

We have investigated the noise characteristics in measuremerdtd obtained
by a Konica Minolta Vivid 910 scanner. We have found that theresi little
systematic variation in noise resulting from di erent scanning enditions, pro-
viding that care is taken in choice of laser intensity.

Consideration of careful estimates of the noise has shown thatatescanner
noise is not quite Gaussian, but more importantly, neither is itindepen-
dently distributed. Fourier analysis has further demonstratd that such noise
is not white noise. Based on the Fourier analysis, we have proposzaoise
synthesis method which applies the inverse discrete Fourier trsform to a
model-generated power spectrum with random phase. Such syribenoise
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has broadly the same visual structural features as real scannesise. Exper-
imentally, our synthetic noise behaves in a qualitatively sinar way to real
scanner noise in denoising algorithms, and thus is more suitablean Gaussian
white noise for algorithm evaluation.

Our above analysis is based on scanning an N1 specimen from a Micrb8a5

set of test surfaces. An N8 specimen from the same set was also tested and
gave qualitatively similar results are similar, so we do not repbthe details
here. Note, however, that the precise numerical results, and seged syn-
thetic noise model, only hold for this speci ¢ type of surface marial and this
speci c laser scanner. For other types of surface material or ah kinds of
laser scanners, the results may be quite di erent.

We have also tested the e ectiveness of three typical mesh denagialgo-
rithms against real measurement data, Gaussian synthetic whiteoise, and
our synthetic noise. The results have shown that it is more di cut to remove
noise from real measurement data than from data with our synthe&t noise,
and it is easiest to remove Gaussian white noise.

New denoising algorithms are required which take into accourhe real na-
ture of scanner noise; we intend to investigate such methods inetHuture.
Improvement on robust estimation algorithms such as robust mawy least-
squares tting [29] may be of use here.
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