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ABSTRACT:

The paper deals with a new sequential procedungetiorm unsupervised LIDAR points classification ibgratively studying
skewness and kurtosis for elevation and intensitgtpdistribution values. After a preliminary locsthape analysis of elevation and
intensity point distributions, carried out from tloeiginal discrete frequencies by a non parametstimation of the density
functions, the procedure starts by choosing thegoay of data (elevation or intensity) to analysdirat: the choice falls on the
category better showing by a testing procedurea ki multi clustering distribution. The first poicluster is identified by studying
the distribution skewness and kurtosis variaticafser removing at each step the largest data vallies selected cluster is
furthermore analysed by studying higher order mambehaviour of the complementary data categoris fifakes possible to find
out potential sub clusters of the original selecboee, permitting, in this way, a more effective miotlassification. Successive
clusters are identified by applying the same iteegprocedure to the still unclassified LIDAR poinEor complex point distribution
shapes or for the classification of large aregmogressive analysis method, based on the partifithe entire data set into regular
subsets, is proposed. Some real numerical expetsncenfirm the capability of the method proposelle Elassification total errors
in the experiments range from a minimum value 2#dto a maximum value of 8,9%.

1. BACKGROUND ©= % )
Up to now, a limited number of algorithms has bpeoposed
to perform unsupervised point classification bydsgtog the
behaviour of some statistical parameters of the ARDpoint
cloud distribution values. Bartels et al. (2006, @0have o= /2("1_"‘)2 (3)
introduced a “skewness balancing” algorithm ables¢parate N
by elevation ground and non ground points, wheesfitlst ones
can belong to both flat or sloped terrains. In baopaper Bao
et al. (2007) considered the kurtosis point distidn values
analysis, allowing a separation among ground, gkl and
vegetation. Antonarikis et al. (2008) subdivided thhole area
into cells of small dimension and for each cell toenputation
of skewness and kurtosis of the points first arstl paulses have
been computed. Final classification results frome th y
combination of several parameters. A further improent of ku = (leu4 x YN (x; —H)4) * (4)
the classification process was recently obtainea lrpmbined
analysis of skewness and kurtosis distribution fions for  The normal distribution has a kurtosis equal ta@ger values
elevation and intensity LIDAR point distribution uals (Bao et jndicate a peak distribution, while smaller valutsan 3
al, 2008; Yunfei et al, 2009; Liu et al, 2009). characterize a valley distribution. In the mengidriterature,
skewness and kurtosis are computed every timetligamost
elevated point and the point with the largest istigrvalues are
sequentially removed from the data set. For ingtanuy
performing the skewness and kurtosis analysis efirtitensity
. 1, sampled data, there is a good probability to wppiraximate
sk = (Nxzr3 x YN (x; —H)3) 1) the skewness and kurtosis values of a normal igtan in
case of a homogeneous cluster of data. The sarde fusla flat
where N is the number of the points of the cloud,the terrainin case its elevation values are considered
elevation or the intensity value of the i-th poiatis the mean
value of elevation or intensity computable from

o is the standard deviation of all points obtaindtben

A skewness value of zero indicates a symmetricibigton.

For elevation data, negative values indicate donueaof

valleys while positive values show dominance of ksea
Kurtosis (ku) is instead the fourth moment abowt thean. Its
value measures the relative flatness or peakedoésthe

distribution about its mean. It can be computedfro

As well known from statistics, skewness (sk) is tinérd
moment about the mean. Its distribution value regmes the
degree of asymmetry around the mean and is defised

For a bi or a multi modal intensity distribution,a@sian
parameters values for kurtosis are satisfied atastepart of the
procedure, when the original multi modal distribuatis reduced



to a single modal behaviour. For this reason thalyais is

sequentially carried out for all the sampled LIDARImS in

order to identify all the potential clusters. Isetonsider the
example reported in the Fig. 1a (red square).fthmnoted the
presence of ground points with homogeneous irterasid

some darker vegetation points. The diagrams ofsievness
and kurtosis values are reported in Fig. 1b.

Figure 1a. Example of an rea with homogeneous
ground points intensity and darker vegetation oint

Figure 1b. Skewness and kurtosis values after vergat each
step of the procedure the higher intensity valses Fig. 1a).

It is possible to note how during the running stépgcles),
when the ground intensity values are successivelgored,
skewness and kurtosis values continuously changbenw
skewness is zero and kurtosis presents the mininaloe, the
distribution is symmetric and the same number ofhtsois
expected for the two different clusters. At thisnteskewness
and kurtosis start raising and kurtosis reachexal Imaximum
(equal to 3) when vegetation points are only preseris fact is
also verified by a local maximum of skewness, awonifig the
only presence of vegetation points belonging taigue cluster.
As suggested by Liu et al (2009) this point segargtound and
vegetation. Vegetation points are on the right ¢t Fig. 1b)
while ground points are on the left side. This bédar is
mainly true for intensity data, not at all for ed¢ion data. In
this last case the object geometry deeply conditidhe
skewness and kurtosis values. As said before, ivegat
skewness values indicate dominance of valleys whilsitive
values show dominance of peaks. Anyway, also mahse it is
possible to identify clusters of homogeneous poifités can be
easily verified from the example reported in Fig.\Zhere two
different clusters of LIDAR data are shown. Theyresgnt
ground points and vegetation (white points).

Figure 2a. Example of two geometrical clusters
(ground and vegetation) differently coloured.

Analyzing the skewness and the kurtosis of the et

procedure, when all the vegetation points are r&upthe two
curves become and remain stable till the end optbeess (Fig.
2b). Similar results have been also provided bydtial (2009).
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Figure 2b. Skewness and kurtosis values after vergat each
step of the procedure the higher elevation valses Fig. 2a).

2. THE PROPOSED PROCEDURE

The sequential procedure allows to alternatively tiee most
effective values between intensity and elevatiancfassifying
an homogeneous cluster of points. If the graph loé t
distribution is such to prefer the intensity valpsonounced bi
or multi modal distribution), from skewness and tksis
behaviour analysis, the last part of the distriutvalues will
be classified as in Fig 1b. Points located at itet Iside of the
kurtosis local maximum are homogeneously classifietile
points located at its left part remain unclassifiéd similar
approach is still valid if the point classificaticarried out for
the elevation. Points satisfying for the last mdrskewness and
kurtosis function values a local flat condition are
homogeneously classified, while the others remaiclassified.
The same procedure can be applied again to thetsppist
classified, or not yet classified, using the compatary data
category; i.e. the intensity analysis is applietht® data already
classified by elevation and vice versa. The mixedcedure
allows to identify further sub classes, within tladready
classified ones, or allows to perform a reliablassification of
the points still unclassified.

A shape analysis of the point elevation and intgreintinuous
distributions is carried out at first. A non pardriteestimation
of the probability density functions can be obtdinky a
convolution process of a chosen kernel appliecatthesampled
value (e.g. Epanechnikov, 1969). Given a dataxsexy, ..., X)
sampled from a distribution having an unknown dgnsi
functionf, the problem is to estimate the shape of thistfand
from the following relationships:

faG) = 2T Ky (x—x) with Ky =K () ®)
where K(x/h) is the kernel, a non negative density function
with integral equal to 1h > 0 is a real positive parameter
defining the size of the sampling class (the defeaiue is 100).
Symmetrical density functions, with respect to trégin, are
usually applied(a normal function was applied in this case).
The procedure chooses the category of data (etevadr
intensity) to analyse at first: the choice falls thre category
better showing a bi or a multi modal distributidinthe clusters
are totally disjoined, the problem does not exighis is not the
case, further analyses are be carried out.

Hartigan J.A. and Hartigan P.M. (1985) proposeaply the
dip test to measure multimodality in a sample by itaximum
difference, over all sample points, between the iBogh

distribution function and the unimodal distributibmction that
minimizes that maximum difference. More recentlypfite

analysis was carried out by applying differenttsées like the
Bayesian Information Criterion (BIC) score (e.g. Yeowtal,



2001) and the variational Bayesian approach (e.gchiendorff
et al, 2005). Teschendorff et al (2006) proposethtegrate to
the previous models the analysis of the kurtosigeyTshowed
that in case of a bimodal distribution, a mixturé two
approximately equal mass Gaussians must have askuitalue
less than 3, whereas, in case of highly unequalsesasthe
kurtosis must be greater than 3. They also found &u
relationship among kurtosis, the standardized sdipar
between the two clusters and the minor cluster n{@ss
percentage of total). Practically, comparing twetmbution
functions, the best seems to be the one with th®sis value
much more less than 3.

According to what explained above, the iterativecedure can

be summarized by the following five sequential n&t&ps:

1. Non parametric estimation of the probability distition for
elevation and intensity point values.

2. Choice of the data category to start by testing imolality
of the respective probability distributions.

3. Skewness and kurtosis variation analysis follovitmg point
removal and identification of a significant poihaster.

4. Analysis of the selected cluster by the complemgndata
category. Identification of potential sub clusters.

5. Go to point 2. and repeat the process for theofetbte data.

The performance of this sequential procedure has berified
by some experiments, for different classificatioonditions,
onto an aerial LIDAR survey of a municipality neatitke.

3. SOME EXPERIMENTS

In the following, the results of two experiment® aeported,
evaluating at first the category of data to siaet,non calibrated
intensity or elevation. Thanks to the mixed sediaémbethod,

the classes obtained from the first classification have been
furthermore subdivided. Data are relative to gosbfithe aerial
laser scanning survey of the municipality of Taweapo, North
of Udine (Italy), carried out in 2007 with a Leiéd S50 sensor.
Forty strips have been acquired at a flight he@f#000 m with

a point density around 12 pts/sm. A manual poiassification

has been previously carried out by the program MARSlorer

6.1; four target classes have been manually idedtiground,
street, building, vegetation and other objectsqaes).

By analyzing the distribution functions both fotensity (Fig.
4a) and for elevation (Fig. 4b), it is possibles@e how it is
really hard to clearly distinguish some elevatiainp clusters,
while there exists a clear distinction for what cems the
intensity. This is confirmed by the values of thp test that
furnishes 0,0166 for elevation and 0,0543 for isign Thus the
choice falls on the computation of skewness antbkig for the
intensity values obtaining the graph reportedgrifi
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Figure 5. Skewness and kurtosis behaviour forritensity
values of the first experiment.

The decision is to classify the points in corregfmnte of the
maximum value of kurtosis, where a peak value efisiess is
also present (cycle 206), obtaining the classificatf Fig. 6a.

0

Figure 6. (a) Point inensity classification. (bis@Bibution
function for the elevation values of the pointsssified in red.

How it was logical to expect, the largest part bé tpoints
belonging to the asphalted area are correctly ifileds more
some points belonging to vegetation (upper rigint piFig. 6a)
and some sparse ground points. To all these paipt®visory
classification label was assigned, while the pointg yet
classified (gray in Fig. 6a) were considered ursifis.

The elevation analysis was then applied to thepadts in Fig.
6a, obtaining the graph in Fig. 6b.

3.1. First experiment. The experiment is related to one of the It seems evident that is possible to separate dirgspbelonging

main applications of the laser points analysist tisaroad
extraction. A small area of the municipality of Bawmacco
(UD), crossed by the highway, is taken into accdkig. 3).

Figure 3. Intensity of the afe of the Meriment.

Figure 4. (a) Intehsify distributidn function .art'lj Elevation
distribution function for the points of the firstgeriment.

to the small cluster at height 187 m, from thoset@imed in the

range 188 m — 191 m. Computing again the skewngds a

kurtosis coefficients for such points, considerthg elevation
values, the following behaviour is obtained (Fiy. 7

Figure 7. Skewness and kurtosis values for elevaifdhe
points classified in red in Fig. 6.

It was decided to classify the points accordinghi® elevation
following the cycle 2845, in correspondence of @aldlatness
of the kurtosis. The result makes possible to ektfilom the
red points of Fig. 6a those belonging to the tar(kig. 8).



Figure 8. Height classification of tmedpoints in Fig. 6a.

4.2 Second experimentThis experiment represents a v
significant synthesisf real situations (seFig. 9); we can see
the presence of groundegetation, road and of part of the r
of a building, besides sondlisturbing elements such as cars
the parking place (with intensity value similarth@ asphalt

Figure 9. Particlér by inten y tfe area interested by t
second experiment.

Analysing the point distribution by intensity ang blevaion
(Fig. 10a, Fig. 10y it is possible to see in the graph of
elevations the presence of more than tvasses, while in the
graph of intensities there are two clagsasially overlappet

Figure 10. (a) Intensity distribution futh@n and (b)elevation
distribution function for the points of trsecon experiment.

According to these results, it was cded to start the
classification process according to the elevataines(Fig.11).

Figure 11.Skewness and kurtosis behaviour for the |
elevation values of the secoexperimer.

From the kurtosis behaviour it is @itsle to clearly distinguis
a slip in correspondence of the cycle num1739 due to the
removing of the points belonging to the roof, ainé $uccessiv
drop around the cycle 245fue to a series of disturbing poi
(vegetation, cars). It is evidentattthe first significant drothat
may be seen in Fig. 1ébuld be avoided as the If points are
totally isolated.The analysis could be carried out only
vegetation, cars and ground points. The authorsrtegp &
complete analysis to show the readbesskewness ancwrtosis
behaviour for all the data séfccording to these consideratiol
the authors decided to classify the points stafftiom the cycle
2856 (flat area of the kurtosiggcognizin¢ the majority of the
groundpoints (red) from all the others located over ig. 12).

Figure 12. Point classifit@n by elevation for the seco
experimen

Then, it was deided to classify again the grot points
proceeding with the intesity values, with the ai to identify the
points belonging to the road. Fig3 reports the behaviour of
the ground points distributicanalysed b intensity.

Figure 13Distribution function of the intensity values fdret
ground point®f the second experime

After performing the computation of skewrs and kurtosis
indexesthe behaviour reported Fig. 14 was obtained.

D Skew_| Kurt_|
3 152 -0.516261 | 2.4863235

153 -0,556879 |2,4878475
2486574

25 154 -0,593806

Figure 14. Behaviour afkewnes:and kurtosis for the intensity
values of the ground poit.

The points are classified according to the cycle3, in

correspondence of adal maximum of kurtosis. In th way it
waspossible to separate the points belonging to thd end tc

the near parking area (see Fig..15)

\\LE.

L
Figure 15 Classification by intensity of trground points.

Points not yet classified are naaken into account and their
distribution is evaluated. Fig. &6hows the intensity values:
two partially overlappingfamilies can be distinguished. .
16binstead reports, the point elevation distributibat put in
evidence two distinamnain clusters, one around 201 m, ano
one around 211 m.



Figure 16.(a) Intensity distribution functidn and (b) elewati
distribution function for the unclassified pointsFag. 12.

Of course, the cluster relative to a mean elevatibr2l1l m
corresponds to the roof points while the othertelusonsiders a
small residual number of ground points and dishghbpoints
close to the ground, like vegetation, cars andrpra
According to these results, it was decided to campihe
skewness and kurtosis to the elevation valueseofititlassified
point cluster, neglecting the roof points (Fig 17).

1

Figure 17. Behaviour of skewness and kurtosis fer th
elevations of the unclassified points, neglectimgoof points.

According to the behaviour (Fig. 17), it was dedide classify
the point in correspondence of the cycle 778, abtgi the
result reported in Fig. 18.

Figure 18. Classification according to the skewragstskurtosis
values as in Fig. 17.

In this figure it is possible to immediately see tloof coloured
in pink, corresponding to the point cluster witmaan elevation
of 211 m, and some small red areas representingueds
ground points, not completely identified at theyioes iteration
(see Fig. 12), and the points of the ramp. In thégy, it was
possible to separate the roof of the building fritva residual
ground points, the ramp and a series of disturpoigts relative
to the cars and low vegetation.

4. EXTENSION TO COMPLEX SITUATIONS

The classification method here proposed works ¥Yegllsmall

areas, where the presence of only a few modalilalision

values can be expected for intensity and elevafitve. method
becomes prohibitive when applied to large, not hgeneous
and complex areas, where a wide multi modal belaviould

be present for intensity and elevation values.

This is the reason for which the classification gedure was
thought as a progressive multi analysis method, revitbe
whole area is subdivided into regular sub areasfandach of

these the interactive classification is carried. dsome first
experimental results confirm the extendibility b&tinteractive
classification method to complex situations.

Figure 19. Example of a point classification faranplex area.

The experiment was carried out for the complex agparted in
Fig. 19. The area is characterized by two flat pddcated at
different height, connected by a sloped terraineced by trees
and other kind of vegetation.

Figure 20. First subdivision of the entire aredoir parts.

The whole area was subdivided into four zones (#jy.and for
each zone the intensity and the elevation distobutalues
were computed (see Fig. 21). According to the idistion
results of the zones 1 and 3, it was decided tthéamore
divide these zones in four parts.

Figure 21. Distribution functions r intensit aaktvation for
each of the four main areas.

Proceeding in this way, that is after having aradythe shape
of the distribution functions for intensity and \e¢ion, the
whole area was finally subdivided according to #aheme
reported in Fig. 22.

Flgre 22. Fllsubdiismn of the entire area.

Performing the skewness and kurtosis analysisléwagon and
intensity of each of the unitary zones, the restiprogressive
and interactive classification is finally reportedrig. 23.



Figure 23. Final classification result.

The performance of the algorithm is measured byparing the
classifications against the same referenced datzineiol by a
manual classification with the program MARS Explofed.

The total error (i.e. number of misclassified psiras a
percentage of all the points) results equal t0%8,9ype | error
(i.e. number of misclassified ground points as ecgeage of
all the ground points) corresponds to 4,8%, whilgetll error

(i.e. number of misclassified vegetation pointsagsercentage
of all the vegetation points) is equal to 22,0%.céwcling to

these preliminary results it seems that the algoritvorks very
well for filtering ground points, also for heavilyegetated
slopes, that, according to some results reporteSitmole and
Vosselman (2005) are not usually correctly clasdifiwith

standard packages. In any case, the Il type ealoewvould be
significantly reduced in case of buildings and othend of

man-made objects. The error values obtained in tthiee

experiments are summarized in Table 24.

First exp. | Second exp Complex ar¢a
Total error 5,6% 1,2% 8,9%
Type | error 6% 0,4% 4,8%
Type Il error 20% 0,7% 22%

Table 24. Error values in the three experiments.

5. CONCLUSIONS

The paper proposes a new LIDAR point classificatioethod

based on the sequential skewness and kurtosis simaby

elevation and intensity point distribution valuafier removing
at each step of the process the largest data vakissggested
by Liu et al. (2009). After a preliminary shape lgses of

elevation and intensity point distribution, the n@nocedure
starts by choosing the category of data showinigrficant bi

or multi clustering distribution. The method extsathe first

data cluster that is furthermore analysed by shglgkewness
and kurtosis behaviour of the same points belondginghe

complementary data category. This makes possikiteratively

find out potential sub clusters of the original es¢¢éd one.
Successive clusters are identified applying the esanixed

procedure to the unclassified LIDAR points, sequalyti

avoiding those points classified at the last iferat

A progressive multi analysis extension of the psgsbmethod
was also proposed for performing point classifaatiin

complex or large areas. Some real numerical expeertisn
confirm the good applicability of the method alsw fyround

point filtering in case of vegetated slopes.
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