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Using point cloud data for tree organ classification and real leaf surface construction
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Terrestrial Laser Scanning (TLS) enables easy and fast Point Cloud Data (PCD) acquisition from objects, and it has
been widely used in complex scene survey. However, trees have seriously irregular and complex morphology, and
scanning process always be influenced by external environment variation and have occlusion effect, so quantifying the
3-D morphology structure and assessing parameters of forest stands by TLS is challenging. In order to solve these
problems, we applied computer technique to improve Terrestrial Laser Scanning (TLS) performance in forestry
measurement. Here, new PCD feature vectors, including shape, orientation, normal vector distribution and normal
vectors of tangent plane, was proposed, and Supervised Locally Linear Embedding (SLLE) algorithm and Gaussian
Mixture Model (GMM) were adopted for the feature dimensionality reduction and PCD classification as well. Hence,
the algorithm efficiency was improved and various tree organs could be automatically identified. Moreover, a leaf
modeling method using polynomial fitting method and Moving Least Squares (MLS) were presented to depict real
foliage silhouette and eliminate ghost points, yielding accurate reconstruction of complex foliage surface. As detailed
experimental comparison stated, the recognition rate remained higher than 87.51 % while our classification method was
applied to different tree PCD, and accurate 3D morphological reconstruction of leaf models have similar leaf area
versus manually LI-3000C measurement results. Thus, our method show promise in further exploration of utilizing TLS
as an effective tool for forestry parameter retrieval.

Keywords: Terrestrial Laser Scanning (TLS), Point Cloud Data (PCD), Tree organ classification, Leaf surface
reconstruction.

INTRODUCTION to classify different plant species. 3D reconstruction
model of plant was utilized to characterize tree
structures, light interception within the canopy and
leaf photosynthetic capacity [3,4,5]. Moreover, a
multitude of computer software, including
YPLANT [6], Arbaro [7], VegeSTAR [8] and
Speedtree [9] were designed for bio-simulation.
Secondly, laser scanning shows incomparable
advantages in tree measurement in recent years.
Many researchers selected Terrestrial laser scanner
to obtain spatial explicit points representing target
trees, and proposed a plethora of methods on basis
of scanning data to retrieve ecological parameters.
These achievements include developing PCD
feature histograms to reflect plant geometrical
information [10], reflecting changes in the deep
oxidation state of the xanthophylls cycle from TLS
return intensity [11], presenting voxel-based
method with line quadrat direction to retrieve the
biophysical characteristics of the forest canopy
[12,13] and modeling laser-vegetation interactions
probabilistically based on Poisson gap model [14],
and so on. Besides, airborne laser scanning (ALS)

The forest has an irreplaceable status and role in
regulating the earth's environment for human
survival and slowing down and even curbing the
global environmental degradation trend. Moreover,
forest measurement science and  forestry
information research have become an important
issue in recent years, we have to face the task that
exploring the fine measurement of forest trees and
providing an effective way to improve the accuracy
and efficiency of forestry data collection for
forestry surveying.

In recent years, quite a few methods of
analyzing plant structure and measuring plant
parameters was proposed, which could be divided
into two types.

Firstly, tree measurement method based on the
image processing and computer graphics theory is
designed to calculate ecological parameters of the
plants. Image recognition methods [1,2] was
adopted to analyse numerous leaf images in order
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previously been available. Commercially-available
equipments, such as aircraft and drones, loaded
laser scanners and was manipulated by engineers to
rapidly generate point-cloud data of vegetation.
Corresponding algorithm were proposed for a broad
range of forestry and environment management
applications, such as forest biomass estimation [15],
delineation of individual tree crown [16],
aboveground biomass and carbon storage
evaluation [17,18] and tree species recognition [19].

Although a number of researches have done
considerable work on agricultural and forestry
measurement, three challenging questions still
remained in forestry parameters acquisition from
scanning data. 1) How do we extract and
distinguish every leaf from the flourishing tree’s
PCD with enormous variation in leaf inclination
angle and azimuth angle? 2) The scanning data
exists noise and deviation caused by occlusion
effect and external environment interferences [20].
How do we eliminate deviation and design
appropriate algorithm to construct real foliage data?
3) The presentation of scanned leaf is in the discrete
points and not 3D surface model. How do we
design a reasonable algorithm realizing the
transformation from scanned point to leaflet surface.

Based on the above issues, here, two meaningful
works have been done on basis of PCD. Firstly,
original feature vector composed by normal vector,
normal vector distribution and normal vectors of
tangent plane was proposed, and supervised
manifold learning method was designed to process
these feature vectors for principal component
analysis and dimensionality reduction. Then,
Gaussian Mixture Model (GMM) and Expectation-
Maximization (EM) method were adopted to the
processed features in order to realize PCD
classification and automatically recognize tree
organs. Secondly, we established polynomial
equations to fit leaf boundaries based on PCD, and
manipulated MLS algorithm to eliminate noise
points caused by external interference. Then,
Delaunay triangulation method was introduced to
generate numerous triangle meshes composing real
leaf surface.

MATERIALS AND METHODS

Data collection by TLS

Our experimental trees were chose on the
campus of Nanjing Forestry  University

(32°08'N,118° 81’E), including many well-isolated
individual trees such as Michelia trees and Sakura
trees. Assuming that the shape of target tree crowns

is ellipsoidal, each scan was obtained in
azimuthally symmetric location and target tree
located in the centre of the experimental plot. Every
TLS placed in turn at different lateral side and kept
several meters away from target tree. After TLS
scanning procedure finished, every scan of different
angle was finally integrated into a single coordinate
system through registration process to acquire full
coverage of objective trees.

Extraction of PCD feature

The features we employed include color, shape
and orientation information. For every point
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equation (1), where g denotes the mean normal
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Consequently, Eigenvalue Decomposition on
this covariance matrix Vv, was performed to get

three eigenvalues I IF 17 of Vv . For isotropic

spatial distributions (corresponding to fruits),
always

I°~1'~1?> ; for predominantly linear
distributions  (branches), I°>1'~I> ; and for
roughly planar distributions (leaves), I’ =1 >17 .
Next, we calculated local tangent space feature
of every point cloud. Assuming that the set of data
points are sampled from a d-dimensional affine
subspace, i.e.,
p;=c+Q0f+5 (1<j<k) (2
where ¢, € R® represents noise vector, ¢, eR" is
projection coordinates about p; on the local

tangent space, O, =[6,,6,,...6,] and d <3. ¢ R’
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is the origin coordinates of the tangent space and
Q, eR* is a matrix which forms an orthonormal

basis of the affine subspace. The problem of linear
manifold learning amounts to seek ¢.Q.6;, to

minimize the reconstruction error, i.e.,

min i"pj -, —Qiej"z = min ||pj -c —Qi®||z 3)

[ ,Q,ﬂj 0 [ ,Q,,BJ
The matrix of p, neighborhood is also denoted
as  X,=[p.p,..p] ., and we extract local
information by calculating the eigenvectors and
eigenvalue of the correlation matrix
T 1 .

X —pi") (X, == o, zis a k-
( I pI ) ( 1 k;pj 14
dimensional column vector of all ones. i.e.,
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- ), where b,

where U, =[uf,u’,..uf | is orthogonal matrix, and
the diagonal elements of the diagonal matrix A, are

monotone decreasing, so the local tangent space
information for the sample point p, is calculated:

o =1xiz
k
Q :[ufufu,"] (5)
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From the above derivation, we can calculate the
column vector u" which is corresponding to the

smallest diagonal element of A, and u" is also the
normal vectors of local tangent space on p,.

We represented the features of a given point p,
using the color information (r,g;,b, ), normal vector
e’, normal vector distribution I° 111> and normal
vectors of tangent plane u" to form 12-dimensional
feature vector c, ={r,g,.b.e/, I’ I'I7,u"} for each

point in the cloud. Consequently, these features
were taken into the supervised manifold learning
method to extract the principal component for
realizing dimensionality compression.

Feature optimization by supervised LLE

Sam [21] proposed nonlinear dimensionality
reduction algorithm by Locally Linear Embedding
(LLE), which include unsupervised LLE and
supervised LLE algorithms. Here, supervised LLE
was introduced to deal with PCD features for
improving algorithm efficiency.

Specific steps of the SLLE are as follows:
Firstly, we separated whole PCD into training
samples and testing samples, The features of
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training samples denote as C_,, . Through the LLE
projection we can get Y, , where q is original

dimension of training samples, t is output
dimension of training samples, H is the numbers of
training samples; Let C' be the set of testing
samples, and choose one test sample c,,, c,,, €C’.

is taken into the matrix C then the matrix

Chn qxH ?
size of C,,,, becomes qx(H +1). Afterwards, try to

finding K nearest neighbors of c,,, in testing

samples. The Dijkstra distance is used as a
similarity measure, but for the testing samples, the
priori category information cannot be taken into
account. Secondly, find weight coefficients of c,, ,

and its k-nearest neighbor points, which satisfy the
following conditions:
2

min gn , where

Z H+1,j

j=1

k
dwit=1.c¢,,;, (j=12..k) are the neighbor
j=1

H+1

points of the c,,,, w™ is the weight coefficients
between c,,, and ch . Thirdly, the LLE algorithm

is used to find low-dimensional embedding features
of the testing samples, which preserve the
geometries inalterability in a low-dimensional
space. Through the SLLE transform, training
samples and testing samples of PCD are projected
into the low dimensional space with the invariance
of main characteristics, the original features c, of

point p, reduce to low-dimensional vectors 3

PCD classification based on GMM

Our tree PCD data set was manually labeled as
two semantic classes (branch and leaf). Using a
portion of the data, Gaussian Mixture Model
(GMM) classifier was used to classify tree PCD.

A Gaussian mixture model is a weighted sum of
A component Gaussian densities as given by
following equation.

p(S,12) = ng( ol o) (6)
where 3, is processed PCD features.
9(3,|%.0;) . i=1.,A , are the component

Gaussian densities. Each component density is a
Gaussian function of the form, with mean vector g,

and covariance matrix o;, and o is the weight
coefficient of each class. The expansion formula of

g Is:

g(3p|ﬂilo'i):

1 1. '
—)Mexp{—i(\sp -l )

(270 o (3 -4 )} "



Ting Yun et al.: Using point cloud data for tree organ classification and real leaf surface construction

The mixture weights satisfy the constraint that
" @ =1. The mean vectors, covariance matrices

i=1 !
and mixture weights from all component densities
parameterize  GMM. These parameters are
collectively  represented by the notation,
A={w, 4,0} ,i=1..,A . Then the Expectation
Maximization (EM) algorithm is proposed to
maximize the likelihood p(3,|4) of the data 3,

drawn from an unknown distribution. Specific
formula is expressed as follows:
n A
[:argmfleZa)kg(Sm,ﬂy) (8)
j=1 k=1
where n represents the number of whole PCD. The
output of the SLLE, GMM and EM generated an
integrated classification for scanning points based
solely upon their feature vectors.

Foliage surface reconstruction

TLS scanned data always be interfered by plant
swaying in the wind and perspective occlusion.
This section addressed accurate leaf boundary
detection and 3D leaf surface reconstruction on
basis of discrete points.

Foliage boundary depiction

TLS rangefinder system was based upon the
principle of time-of-flight measurement of short
infrared laser pulses. A rotating polygon mirror
wheel realizes the line scan measurement and the
frame scanner mechanism relies on rotating the
optical head together with the fast line scan
mechanism. Both the vertical scan and tilt scan
covering the whole field of tree can produce global
scan with a line scan angle. Thus, the tree PCD
obtained by TLS show linear characteristics and
can be represented by linear function y, =k x +b,

on horizontal (X-Y) plane. After each scan line
equation was obtained, we can easily determine the
endpoints of every scanning line, which represent
the edge points of scanned foliage. These edge
points at left and right sides can be denoted as

Pledge = {(Xu: Y|1vZ|1)l(X|2: Yios ZIZ)""(XIn'yIn'ZIn )} )

Preage ={(Xetr Ve Zea ) (X2 Voo Ze0 ) oo (Xen Yenn 2 )p
respectively. Under the guidance of polynomial
fitting, we firstly proposed fitting algorithm to
locate the true leaf boundary points based on each
half-side edge points. To the end points

Pese ={X. .2}, the magnitudes of y, was taken

as input parameters to calculate the corresponding
fitting x/ and z values. Polynomial fitting was

adopted to find the polynomial coefficients

v*(x,,y,) with term number n’ that make the data
X/ close to X, , ie.,

Xy, N1 Xy,N'-2

X=X =V vy vy
where x/ is calculated value to substitute x, .
Likewise, Polynomial fitting was also used to
obtain fitted z/ substituting initial z,. The specific
formula is as follows:
L7 =V, () =V VYT VY Y Y
Thus, smooth outer contour of each foliage could
be delineated when the fitted boundary points

Pie = {X ¥1.2/;X,y,, 2, } are connected in sequence.

X X
Foa VLY, +V :

Leaf surface fitting based on MLS

In this step, we smoothed and re-sampled data
for each leaf point cloud using the Moving Least
Square (MLS) method [22]. The algorithm fitted a
2D manifold to the 3D point cloud data and re-
sampled the points to place them on the estimated
surface. The method also provided surface normal
and curvature estimates and up-sampled or down-
sampled the point set appropriately. After MLS
fitting  processing, foliage scanned  point

P = (%Y%) \yas transformed into P = (%:%:2).
Delaunay triangulation was applied to convert
every point p/ into smooth leaf surface as

triangular mesh.

As shown above, we extended method to deal
with foliage silhouette delineation and smooth
surface reconstruction on basis of PCD. Our
method is intuitive and well suited for processing
deviations caused by leaf jitter in wind and
perspective occlusion. Visually important aspects
of foliage appearance such as posture and smooth
boundary be easily captured and described. Next,
the experiments were conducted to demonstrate the
effectiveness of our approach.

RESULTS AND DISCUSSION

Every target trees including Michelia tree and
Sakura tree on our campus was scanned from three
side-lateral locations with a middle sampling
resolution and three markers were used as reference
to align the three scans. Then, the ground points
were removed and each individual tree was isolated
for analysis.

Plant organs classification

After applying our algorithm to TLS point cloud
data of an individual tree, we obtained a promising
classification result as shown in Fig 1.
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(e)

Fig. 1. Visualization of final classification of
different components being to an individual tree. (a)
Original point cloud data of Michelia tree. (b) Partially
selected PCD was manually labeled as two classes
(branch and leaf), which was taken as training samples

of SLLE and wused in GMM. (c) Preliminary
classification with linear class points in blue color (i.e.,
branches and stems), surface class points in red color
(i.e., leaves and shoots) and undetermined class points in
green color. (d) Adjusted classification of Michelia tree
after adapting algorithm parameters. (e) Final
classification of Sakura tree after correcting
misclassified points by our method.
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Fig. 2. Comparison with various algorithms and
feature sets. (a) Recognition rates of different classifiers.
(b) Recognition results using different feature sets. (c)
Computation time of different classifiers.

The misclassification of minor points was
occurred while leaves and shoots were
misclassified as linear class due to perspective
occlusion. Besides, small branches shaded by
surrounding leaves always be misclassified as
planar class. However, for most of scanned data,
our method can identified photosynthetic and non-
photosynthetic components using color, orientation
and geomantic information. These salient features
make the proposed method robust to lighting and
inevitable color changes as the plant matures. Thus,
obtaining better non-destructive measurements of
foliage from tree PCD are realized for convenient
leaf area estimate.
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Consequently, we conducted a comparison with
different classifiers and feature sets. Fig. 2 (a)
shows that our SLLE + GMM classification method
achieved a significant improvement in tree organ
recognition. There are 92.38 % and 87.51 %
recognition rate on the Michella tree and Sakura
tree, respectively. The result is higher than other
similar algorithms such as SVM and GEPSVM?,
which is shown in Fig. 2(a). Color, normal vector,
normal distribution and normal vectors of local
tangent plane of PCD features were respectively
adopted to address the recognition rate of our
method. It is clearly visible from Fig. 2(b) that all
feature combination gives the highest recognition
rate, with an average recognition rate of higher than
85.01 %. Due to the interference of external
environment light, the minimal average recognition
rates depending upon the color features only
achieve average 50.27 %. In terms of time
consuming, our algorithm takes similar time with
GEPSVM method, but less time than other semi-
supervised SVM classification methods, which is
shown in Fig. 2 (c).

Plant leaf reconstruction

In order to test validation of our leaf surface
construction algorithm, we preliminarily measure
real Michelia leaf by L1-3000C portable area meter,
which can displays and stores plant parameters such
as: individual leaf area, accumulated area, leaf
length and width. The practical experiment
conducted by our student was shown in Fig 3(a).

Consequently, 3D watershed algorithm was
designed to separate each leaf from whole leaf PCD
and the classification results were shown in Fig
3(b).

We randomly chose some classified foliage data
for 3D reconstruction, and Fig. 4 illustrates tree
leaves modeling process on basis of PCD. Fig 4(a)
shows classified scanned points of one leaf, where
the green points are the original scanning PCD with
noise and deviation and show linear arrangement
along laser beam emitting angle. The linear
equation was adopted to fit each scan line that likes
blue lines in Fig 4(a). Preliminary leaf silhouette
was labeled by the endpoints of each line. Then, we
focused on the half side endpoints of every blue
line and adopted polynomial curve fitting method to
draw two fitting surfaces, and the x, and gz

magnitude of these points were modified to define
smooth and real leaf boundary through the
intersection algorithm of these two surfaces. The
process was shown in Fig 4(b). After the detection
of leaf boundary, we discarded outlier points
outside the leaf silhouette, and then the Least

Squares (LS) estimation and Moving Least Squares
(MLS) method were adopted to the residual foliage
points for eliminating deviation caused by wind.
Fig. 3(c) is the result of foliage surface fitting
through the LS method (blue color) and the result
of the MLS method (red color). The comparison
between LS and MLS methods were carried out in
Fig. 4(d), where original scanning points, fitted
results by LS approach and by MLS approach were
shown by green, blue and red color, respectively.
Due to the global convergence performance, the LS
method cannot reflect local curvature of the leaf
surface. MLS can achieve partial optimal solutions
of the equations, so the MLS surface fitting scheme
can describe the local geometric information of
foliage. Seen from the Fig. 4(e), the MLS method
gives a better result than the LS method as MLS
fitted results are closer to the original topological
properties of real foliage surface. Finally, after leaf
silhouette extraction, Fig. 4(f) gives polygon-based
representations and curled meshes of leaf surface.
Then the transform from discrete scanning points
into 3D leaf surface was realized and visualization
of Michelia and Sakura leaf by our method were
achieved.

We compared the area of our reconstruction leaf
model with the precise measurement value by LI-
3000C. Specific comparison data was shown in
Table 1. For the experimental leaves such as
Michelia and Sakura tree with different size and
curvature, measured results from LI-3000C and our
method got similar value, which proved our method
is versatile and effective enough to apply for a
much larger variety of plant leaf modeling.

Table 1. Leaf area estimation from meter and our 3D
model.

Leaf

Number of Deviation
Area of the area
tetrahedron - . between
. reconstruction  using
composing leaf model LI- two
leaf model 3000C methods
Mesophyll
Michelia (3212) 61.13 63.03 o
leaf Vein (cm?) (cm?) 3.02%
(487)
Sakura  Mesophvll 14.93 15.72
leaf (879) (cm?) (cm?) 503 %
Vein (148)
CONCLUSION

In recent years, TLS has been used for forestry
parameter measurement, but the topology structure
of tree is irregular. The scanning results always be
interfered by external environment, such as wind
and illumination variation, so deviation often exists
in the scans and results in failing to capture
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accurate 3D structural information of forest stands.
Meanwhile, TLS using LiDAR popular tools is
capable of producing 3D PCD about scanning trees,
but extracting structural and biophysical parameters
directly from discrete PCD is a problem to be
solved.

Fig. 3. Schematic to illustrate the (a) practical
experiment using LI-3000C portable area meter and (b)
separation of each leaf using 3D watershed method from
scanned data.

In this paper, we have used computer graphics
and vision theory to quantitatively identify the tree
structure and accomplished the foliage surface
reconstruction from discrete PCD. The main
contributions of our research were as follows:

1) We demonstrated the feasibility of
recovering fine-scale plant structure in 3D point
clouds using features extraction and pattern
recognition theory. The proposed feature extraction
method employs a combination of color, shape,
normal vector distribution and normal vectors of
tangent plane to model the local neighborhood
about given 3D point in terms of its spatial
distribution. Consequently, the dimensionality of
PCD features reduced by SLLE were brought into
the GMM and EM classifiers, which enabled us to
label each point as the fruit (isotropic distribution),
leaf (planar) or branch (linear). Our experiment
results on different tree PCD show that our method
can automatically detect tree leaves and branches
with high accuracy.
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Different

Fig. 4. stages of foliage surface
reconstruction through our method. (a) Original scanned
points of one leaf, which shows linear arrangement on
X-Y plane. (b) Smooth edge points generated through
the binary polynomial fitting. (c) The points with blue
and red color are the fitted results through LS and MLS,
respectively. The points in green color are the original
scanned points. (d) Visualization results through LS and
MLS processing from different viewpoints. (e)
Triangulation based on the LS and MLS fitted points. (f)
Final construction model of 3D foliage surface using our
method.
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2) In the multi-location scanning process of TLS,
foliage jittering in the wind and perspective
occlusion always occurred to lead to inadequately
representation of target object surfaces. Thus,
scanned PCD can not reflect integrated information
of real canopy leaves. In our work, the bilateral
edge points of foliage elements were extracted
through calculation of bilateral endpoints of spatial
lines, which were arranged along with the scanning
angle of TLS increasing. Based on these extracted
edge points, polynomial curve fitting method was
adopted to obtain two fitting surfaces with original
Y magnitude. Consequently, the intersection
algorithm of this two fitting surfaces was proposed
to determine smooth foliage silhouette. For the
inner points of leaf surface, MLS approach was
designed to remove deviation caused by tree
joggling in wind and preserve the localized biologic
deformation characteristics. Finally, Delaunay
triangulation algorithm was designed to realize the
transform from the discrete PCD into real leaf
surface.

In brief, this paper used the latest measurement
technology (TLS) to extend the traditional
approaches of tree index acquisition. The main
contributions include combining pattern recognition
theory to identify different plant organs and
accurate leaf surface reconstruction based on the
computer graphics technique. After this subject
study, we can provide more useful information
about canopy structure and enhanced the capability
of terrestrial LiDAR for characterizing forest
canopies. With further development of our methods
for extracting biophysical and ecological
parameters from TLS data sets, long-term forest
ecosystem monitoring will benefit from our
techniques assuring data for sustainable forest
management practices.
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N3ITOJI3BBAHE HA TOUKOBU JIAHHU B OBJIAK 3A KITACUOUKALUATA HA
OPI'AHUTE U PEAJIHMA CTPOEX HA JINCTATA HA ABPBETA

Tun 0825, Bankuan Ysn?, Vaiimxen JIn®, I0an Cyn?, Jlangwsa Crol**
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[ocrpnuna 18 nexemspu, 2015 r.; kopurupana Ha 17 centemspu 2016 r.
(Pesrome)

HaszemuoTto na3epro ckanupane (TLS) mo3BossiBa 1eCHOTO W Obp30 ChOMpaHe Ha TOYKOBHU aaHHM B 001ak (PCD) ot
pa3nyHKu 00EKTH U Ce M3M0J3Ba MacoBo. [IbpBerara obaue UMAT ChIECTBEHO HE-peryssipHa U CII0KHA MOPQOIIOTHs 1
CKaHMPAHETO BHHArM Lie ObjAe IHOBIWSHO OT BHHIIHM INPOMEHHM M e(eKTH Ha BKIIOYBAHE. 3aTOBAa KOJMYECTBEHOTO
omnpenensine Ha 3D mopdonorusTa M oneHkaTa Ha napaMmerpuTe B ropure upe3 TLS e mpeausBukaTenctBo. 3a ja
pemrM To3u npoOIieM, HUE MPHIOKHUXME KOMITIOThPHA TEXHHKA 32 MO0A00psBaHEe HAa Ha3eMHOTO JIa3ePHO CKaHUpaHE
(TLS) 3a uamepBanusi B ropcka cpena. [Ipemmoxenu ca HoBu PCD-BeKTOpH, BKIIOYHTETHO (GopMa, OpHUCHTALHS,
HOpPMaJIHO paslpeselieHue Ha BEKTOPUTE W HOPMalHUTE BEKTOPH B paBHMHATA Ha TAaHICHTHTE W ajrOPUTHM 3a
KOHTPOJIUPAHO JIOKaJHO JnHeiHo BriouBaHe (SLLE). T'aycoB cmecen monen (GMM) e Bw3mpuer 3a HamasiBaHe
pa3MepHOCTTa Ha 3amadara, kakto u PCD-kmacupukammsara. Taka ehekTHBHOCTTa Ha andropuThMa € MOIOOpeHa |
pa3MuHK OpraHd Ha JbpBerarta ce uaeHtuduuupar. OCBeH TOBa, METOJBT 3a MOJCIMPAaHE Ha JIMCTATa HM3I0JI3Ba
MONMHOMHAJTHA ANPOKCHMALMS | C ,,IOABIKHUTE Haii-manku kBagpatu® (MLS) ce ommcBaT MCTMHCKHMTE CHJIyeTH Ha
JcTara, M30ArBaT ce ClydallHUIIETHA, BOJCHKH JOTOYHA PEKOHCTPYKIMS Ha CJOXKHATA MOBBPXHOCT HA JIMCTATA.
[MompoOHNTE eKCTIEpIMEHTH ITOKa3BaT, Ue Pa3llO3HaBAEMOCTTa OcTaBa MO-BHcoka oT 87.51 %, kaTo HAmMAT METOX €
npuioxkeH 3a pasanuau PCD Ha gppBerata, a Tounara 3D-mopdoornyna peKOHCTPYKIKSA Ha JINCTATa JaBa MMoJA00Ha
wromy Ha ppuyHO ompereneHute 1mo LI-3000C—meromnka. Taka HammsT MeTox AaBa oOOEIIABAIIN pe3yNTaTH 3a
n3non3BaHeTo Ha TLS kaTo eukacHO CpeJCTBO 32 HAMUPAHE Ha MapaMeTPH Ha PaCTCHUSATA.
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