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Abstract

Background and Objectives: Estimating forest tree structural attributes such as height and diameter at breast height (DBH)
is crucial for understanding the structure and management of forest resources. One important method for estimating these
parameters is the individual tree detection (ITD) method using appropriate remote sensing data, such as airborne LiDAR data.
However, it should be noted that different ITD methods have various limitations and capabilities and react differently to
changes in forest tree species and the vertical structure of the canopy.

Methodology: This study presents a hybrid individual tree detection method that combines raster-based and point-based
methods in a multi-scale framework to identify single trees from LiDAR data. In this method, tree crown scale levels are
obtained from morphological filters in the canopy height model (CHM). Segmentation is then performed using a multi-scale
method, and the results are merged. To better separate adjacent and understory trees, the point cloud inside the segments is
analyzed using the probability density function, and tree crown segments are modified. After detecting single trees, DBH and
height parameters were estimated using ground control data and extracted features from LiDAR data with machine learning
algorithms, including random forest (RF), support vector machine (SVM), and cubist (CB), in the form of 10-fold nested cross-
validation (10-fold NCV). The Boruta feature selection algorithm was used to identify the most important metrics based on the
LiDAR point cloud, which played an effective role in improving the performance of machine learning algorithms. Due to
limited access to LiDAR and ground data from Iran’s forests, this study uses the NEWFOR single tree detection benchmark
dataset, collected from forests of the Alpine region with a combination of different tree species and vertical canopy structures.
Results: Although understory trees cannot be extracted with the same accuracy as overstory trees, the results of this study
showed that, on average, the developed multi-scale individual tree detection (MSITD) method detected 89% of the tree crowns
in the highest height layer and the highest number of small overstory trees with a detection rate of 48% in the lowest height
layer (2-5 meters). The analysis of the machine learning algorithms’ results in estimating forest structural attributes showed
that, despite slight differences in performance, the SVM algorithm performed better than the RF and CB algorithms in
estimating both height and DBH attributes. For the height attribute, the mean values of RMSE, rRMSE, and R? in the SVM
algorithm were 1.75 m, 9%, and 0.85, respectively. For the DBH attribute, the values obtained for RMSE, rRMSE, and R?
were 4.74 cm, 19%, and 0.78, respectively.

Conclusion: The evaluation of the results showed that the methods presented in this study for identifying single trees and
estimating forest tree structural attributes have high potential for practical applications.
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Table 1. General characteristics of the study areas and LiDAR data

Airborne LiDAR data Mean tree  Mean diameter . .

ArealD  Area name Sensor Point densiy __ height (m) (cm) Main tree species Forest type
1 Saint-Agnan Riegl LMS-Q560 13 17.1 30.1 Fir, beech ML/M
2 Cotolivier ~ Optech ALTM 3100 12 18.1 25.8 Scots fp’:‘; e"”‘”” ML/C
3 Cotolivier ~ Optech ALTM 3100 11 16.5 29.7 Scots pine, larch SL/C
4 Pellizzano  Riegl LMS-Q680i 95 13.7 16.7 Larch, spruce, fir, gy

sycamore, poplar
5 Pellizzano Riegl LMS-Q680i 121 25.6 40.9 Spruce, larch, fir SL/C
6 Asiago Optech ALTM 3100 11 16.9 23.7 Spruce, fir, beech ML/M
7 Asiago Optech ALTM 3100 11 13.9 16 Spruce, fir, beech ML/M
8 Asiago Optech ALTM 3100 10 23.6 29.5 Spruce, fir, beech SL/M

SL/C: Single-Layered Coniferous forest; SL/M: Single-Layered Mixed forest; ML/C: Multi-Layered Coniferous forest; ML/M: Multi-Layered Mixed forest.

Cotolivier —~——

4r9:dgigS

__5Germany
\ 5 oWl

Cololivier
sHlgisS

it 4
Samt-Agnan

Coiad

Austria |

ol B

Mbé)fﬁbw@y—\dgﬁl

Figure 1. Location of the eight study areas

Roussel e ) lidR sl 55 R 150 5 54 e sa
Silva et al., 2017; Silva et ) rLIDAR , (al., 2018
Dl slaesls (z3ls ) shtea a5 as eslixal (al., 2018
w5 )8 o oo Sl o S b Lo e slos 8 6l

]

G5 GR )
Sl suz aals plas ¥ J&&‘): OiBy s~ J_,.\f
BE w};.ﬁc\fw\wﬂg.&; .,\.:.a:\}.&- s bl s a8



3T s G, b SR 0l s il 5 gl 5T

e Sl aala

Airborne LiDAR data

DTM ; DSM s
DSM & DTM generation

CHM=DSM-DTM

A4

| 0 El: SAuanlsd 3pg :')'-ci
(andss a Jls Bl Ll IUT)
Refinement of tree crown segmentation
(Point cloud analysis within each segment)

ek saala 5 o108 2 -
ol s :__'-' Shaaalas .:\Lo.a‘ -

- Multi-scale fitering & segmentation

- Integration of tree crown segments

ban ey rleion T

Raster-based multi-scale analysis
(Tree crown scales estimation)

-

e ol s sl cladania -

- Structural attributes of reference trees

.,3\:..—.-3,..;_;-;;

Sl sl r__‘.: S

e s :_..'.:..- gt

Tree crown detection at
different scale levels

v

Mg L bl

Matched reference tree
arlad e gl Y Bl gl S5
u.L.-'-_#L-u 3
LiDAR-derived metrics for each
detected tree segment B TN <
Al
Matched detected tree

A ic tree matching

T i
1P Hc® e

Ground reference data

Boruta fiy szl o=, S
Boruta feature selection algorithm

v

i3 2 s el
a3 apnds
Performance evaluation
of ITD method

30 5 Sladae
ol S5l sl S
(SVM_RF, CB)

Regression models:
ML algorithms (SVM, RF, CB)

|t b Oy b

ok golemle gladasia s
(DBH) & fl , i -
(H) gl -
Estimation of tree structural attributes:
- Diameter at breast height (DBH)

R e
S s e g s
eeedes bl sl
(10-fold NCV) o 24

SI2

Performance evaluation

of ML algorithms within the 10-

fold NCV methodology

S sl Jol e Y IS

Figure 2. Workflow of the methodology

Lol age Dl s o ) C Y el Sl

sdidd g CHM &8s, w5 oo s 1 sbesdsl

Oy Sl AL LSl sam Sy aas cb 3

\Y-

DY esls La5ls i

OV Joas) solaial 5 50 SN ooy 5l ac gamma a6l 5

sy 5, e S wile &~L°’uz)"°j.u:‘=‘i !



YN

53 . sl o5 Sl sl 550 5 gt G 5y oS
el o3l 5550 sl eliie Jobowisa s s A e
Gl 5 el L oZb el Jae s gl
AT Gl Aol 53 288 Chpe mliies,
bacsy, sl gl sl 5l gl s CU ol C:lf“
cwlie o3l 5 Ka b golks e sl WI L opening
a ool (oS 53 28 Job U oSy 0) b e i)
slelis CHM s | diliie o5ll | plis s b
Cobe olan b ol 2U o3l i 4 | Lz
231l 05 5 cpaim Ll il 35 CHM 3 552 50 olids
Jlel 51 Jol> cu Geb 3,03 355 ol s Cb L
ol Wl ol 5 U8 b ety byl
b eIl e +/0 S8 2,08 L CHM (55, s
b i op S an 5o addllae 550 cilime bl s olis )
YA 5 (e 470 5 V/0) VA B0 (e 0/0 b ¥/0) 1)
S B A JuSy (20 NY/0 B N/0) YV
5 by (S5 8 ol U sl 4 e ol e
098 2 53 ke aeS (38l Lo S e S
oS YN 510 ccin ulidie rhan s 25 b o3l
oo bl cwa i ool Glses
D e S5 5 B e ( S S

ol 0wl eldens s s ¢ o >
Ao e 5o a8 Qs s £ ol 3290 Pl cals
5l e sama (V) dlaly gl ot oo el IUT
ol 53 i Jsl CHM oy, 5 ol b S slo ik
ko oolie e 5o eSS o osll (i
Gl 0 e 5 S kxk L, (k=7, 15, 21) JuSy
Ar g5 Sospo 4y e e SIS S
(Jing et al., 2012) xaz Sl JuSy 0.2%k

YaJu““ bglﬂ‘jﬂ}&@@;ﬁwﬁﬁ

sl Swelacs, s K sl ome )l s

ol,Sar s Zhang ias s 5 4S5 sb ol (progressive)
oSl Gl 5l e s sslizal il sl (Y14 1)
gauaih a8 Sl el b e B s bl
Hudak 5 Evans L g sacslgiin wlisns sl
5 o)) SY b aes e as pleliz (YY)
L& , (DSM) CE“ o5 Jae A sl (e
(DTM) e o585 Jde dd s (Sl siwn o3 g0l D
hosss Gy ol b e o /0 SIS SSE e8|
SDSM s 51t sslisad (TIN) tlae il oS
S S5, | (CHM) £b els)) Jus DTM
S ks Jsh ey Al s 2 a5 e /0
S sboaiiy 5 b5 0 % 0 6 o510l b il
A Bds CHM s gl s gbasle 51 ol slaal
sles Bl L Lol plil o s bE by
O e T P PO [ B R FES
sl gbalas b 5 claw YL osias 2)lse
35 skl Sl eamie (Sl @S L ki

.(Jakubowski et al., 2013)

ldodiz SO 0SS paduls (i
S AMSITD) wlidodin e 0SS olelis g,
Sy bl ) s CHM g;ﬂf)\S@jG::?A =S5 P.b")_?g\
oS gilss ol e S plalis 35 s )
CE S s L;sz,g),f\l\ Aldn 55 oS 3
o) el 5L aS e S b abas ) 5 4l e
S plianis Csmoler K3 ol Lsba i) 93
MSITD o) 3 .08 soline] o5 g 03l s aslsl s

Cad CHM a5 sl o ol ol o iy ol



SRCENE G PR N SO S e Js = T S P

dasdalon ol was 5L ol s pls 4 g S cal ol
anks L ol o |, (coarse-scale) wliecS )5 anks
53g hopls ksl (fine-scale) olieSs S blus
a.x.;:b;\acj.z S o) eslazl b s S aushs (circularity)
s CL“ L Lo e slaasks (Y-VY) oL\ 5 Jing s
cb oolsl 4 Lo slaadks U luwl j5 S5 sy
S Lol b Jolbs bl (e inz olesl b e
W.xurua\‘xm&?;w,;c\:c&.@bﬁf
Lok, 2t claaaks Lol LS azs 0y anl o)
(Jing et al., 2012) cuul & slize o3l

ol b sbadks 3,0 ol ozt >
ol S obuls) ol L alai ) 5, b sad]
S5 ol s sbaasks 51 oolaws a5 5505 35 Jlas|
cb als a4 by e slY bl ) s plesl sl
alaii ) ne 383 gabad 5 as el 2, s
a3 s ol B wph ) bt
AT 6y (1) aaly gl (pdf) bl J&s &b
s ool baaks |51y Lls )

n

1 P —Dp;
f) = > KE—E (1) abal,

i=1

sddgauankss 4B a5 Ll slaws Kilyn oo s &S

aws mb Kol gl saimaplis horizmen
2 e dalaze Joas 5l Gy Sl Klip s oo S
S& el oy S sddgauanks Ca sl p
K olyiea el (Unimodal) g s o Jloxs!
S& el Sgosern psie gl ca S
Az 32y Sl azl (Multimodal) g s Jlaxs!
L;K%GUMLAS@\M&,)JQA)J&

\YY

2 2
X“+
—( y

1
G(x,y,0) = 7m0 C 207 (V) o,

0 5 $ileolper s S b Ay sx ol 5s &S

a3 go o3limal e S el s b sl
Jlesl b olie LT Ao e 55 oS i b e
o8 D A o A el il sl 5
cilizes S SSE 508 L oo s CHM an cazes 5o
alie b IS 5 o3lul ) sl s JALNCJMJM«S.\M
¢l CHM Gz o SSE &,u8 ) eolina s 5
il O o lezw 5 bebie o Qs e
S rers bl o)) bdae cwl b
5 OS50 Wl S S 5 5ads ol
IR GUTCATS | A IER co2s bzl il sladas
ol A e o s e L1 S Slsle 51, JS
ol Zb Ss e At 2oy Sl eoland
ki b s s (marker) Klas o) siea (treetop)
R e GV IV VRPN CIVUA & U cIV- P W
marker-controlled ~ watershed ) 5L L
2zl =)l s SAuanks ¢l , (segmentation
walgys s eslina) allas sbay Gl ol
r\-&é\ p-ﬁ\e oxbide il CfL“ 2o ol o C\S slaasbs
Lol s 26 slaarss Jols s s 21 ass 5 xas
Al s (Jing et al., 2012) sz aJ g Solae sl
ng;f,}; 5| (top-to-bottom) b 4 YL 5, r\.’c;\
55 aakss plesl ) ohien o ool Wl op 5SS S
‘31}. olde o askd L..T 45(»:3\-& SV O CEN C:lf“
S b dSe Spls o 5l glasss Lol e S
b bl oo lgls 4 CHM s 525 o550

gl i Sl eSS ol Bl slas s S s



YN
o TP (F) ala,
TP + FN
L (F) s,
TP + FP
r X
F=2x_P (0) s,
r+p

Shoslad b e gl Gl Sns s T
oeile 58k éu&J;\jf
Sl MSITD 2, S L ol s aeits 5
5 gl Jols S s bl b S5 551
o eas glels can S gl lal DBH
5 gl moy (SaaS planl avan desdl S
sl i S a2 il Sl sl 5l 2y S
s S5s on e 2lelis 1 (Boruta) by, S5
sl 35 Uz i S b eolised Y alis ) s
S 5s cn e ol o), (Wrapper) sasla s ol i,
S cad ol mm sasliag o sy 50,8 e ) 3
Jae K B sazeslaal 4 gsbuf;u S ae sema 3 S
(e 335 03ls 3] assama s ol Sl sl
as ez b Jos u")'yj 5 edalcasny cb ol
Spdp B bS5y n ol iz glo S5,
g b S5y oLl (Kursa & Rudnicki, 2010)
orile S0k sz, s Shas 55 53 550 L2
5 eslial U sl 5 DBH (sbaaaminis calgss o)l
CtsS 5 SVM RF als ezl (6,850 slana,sSI
3550t gramdes 5505 e i, lizsl G 5o (CB)
o awglis ol c\w FRStERS
Sl seedos 505 Blime mieslsl ol 2l anl 3

b S el Y5 o i lael Giosel 4 olaws

YaJu““ bglﬂ‘jﬂ}&@@;ﬁwﬁﬁ

va-ﬁ» S osbee gl s (Jow anlS abi s Jlasl
S S i (S (JSsba sk Sl
i ys el laals adbte S5 5l i (s 0SS

SIS Adad LSS K lakis J\-{v posF

]

CS 3T pasts (i, 3 Ses b))
L (ITD) ci 508 paduis slabs, mls o Sas
Loy el 5l sas glllis cops p 8 Al
R RS IR TP RCE SO O
ol 5 e Jlasl gl il o canay slallas
0313 53 352 50 = ol 5 ITD (g, b oo plulis
st oslital 50 e L bl pﬁa.))f\” BINPY
S az Soslal glesls 1w, Sl el
cb A8 5 gl s GPS Olase alax )l gl
S 31 (Eysn er al., 2015) S o eslimal s o
e Tk A3l sas gl (Gt osba Ca s
2l ez plelis co o K 81U si s sl (TP)
— e il sad ool olasl ca s o S G 4 s
S 81 ssi e sl Omission glas | (FN) Lis
SY b ol beg bl oasl asls sy o
sla | (FP) Lk -z sl s plls
s Ses oLl Gy ss e sawl Commission
& Ji.b &S recall (r) cb,lae ITD b 2y,
S precision (p) «(tree detection rate) i 5 2vis
&S F-score (F) 5 sz gluls lis ;s ciés samsglas
5heslial b el (Overall accuracy) JS oo Sy
Sokolova et al., ) sias aclss (0) U (V) saalsla

:(2006



SRCENE G PR N SO S e Js = T S P

= ol s sluas Ji\.,.; N5 ) amdjnfaj\x\

T

ldedir SO ST pasds i) Sl Jeols
Sy slaesls U MSITD oy, gl «ide el 3
Oola (oS Sy skl @.UﬁJii—?' 5 2l
PAI TSR 5 AP M RRCHN RN
b b el sl Gl s eldons
e ol oa €1 g S 5 3y, Jlasl S
4o Jlsl L CHM 05 S 2 5 5 508 B 51 ey F S
YAXYY 5 V0%N0 VXV slae ety 031l b e S ild
Jae waz b alde U1 A e s &S S
Soz s dogte (S sS plis o a5 £l ol
gl CHM 55 o slaaintiy e 42 A5
o) o aniy 2 (ol esliad 5550 0, sSU K0
JeSs o i) e apam 5 (lidR S s "Imf”
s Jos diitiy G omita 6l 1 02 051l CHM
el 5l Sl <l (Roussel ef al., 2018) uS
Slbl Al rag 5l el olaal Jow claaa,
el Sy plls Gl gl s allas ol
S oy Slwlam ) e 358 e solizal oo
534S bl .,\,:r..,,lé.u'(,’;aY/AO)@-f s i)
S S a5l el (2l 3L s e saalie ¥ S
e sbaaniy sl (Son a4 e 5 B 4

8l el eas gl

\YY

Sl ol Gygoa osls 5l as,n Ve ((Som 4N
S il sy Laesls a5 a4 i i el
don Ae o Jals Y s mas el el oS5l
51 ealanad L Lﬁj.ij Sl Gl besls 51 emle 3L
e Glaasis leag 55 Uy w2,
P RIS IR A 3 R PP N
&S gbesls Slas,n Ve sleslial b onsas e Hule
Aom AN 53 25250 4oy Vo) Wog sl |
SSS a5 an LSS ag e Ve anl sl oL
4e 5 mieobae] ] Besls 51 Gilie ao55 V- Tz )
i ol e Jue sl (6 asls 3 Ciliies 4o s
s Shas :Kle itz 5 2, S S5 Shas e
) oo s Lasiae 5 S Vel oo aslasw s Joe Ve
(RMSE) o> Slay o Silie S dme lime aw (is s
e 3 URMSE) (g s Sl o 083k 5 5one
s Sdas 250l 6l (A B (F) sladlal; glae (RY) s

:(Chicco et al., 2021) xoz eslal

n _ 5.2
_ZiZI(yi yl) (;) %\)

R2=1 -
Z?=1(Yi - yi)z
RMSE — Xin (i — 92 (V) ala,
n
RMSE
rRMSE = . x 100 (A) alaf,
i

A

Pi oy ot So ) i Slade y; dapl s a8

J)JLGA gréL.A uJJ.b.)oL..u yl ‘u.)\.fa.))jp\ijg )\.MA



\Yo

Yookl ¥Y i o) e s SR s a4

¥

pt

(n

(a)
() ) adhate 31 i3y 55 S5 5 bau st (S5 S ol

loasks olesl b plis s S5 ay hgankd aid o 5 (@

(b)
e & ;> CHM S oz (o138 s () -y IS

oo id CHM 2 )3 Joe a5, L 030 20 S oLl

w@chum):;,l.:;ﬁcb

Figure 3. (a) Multi-scale filtering on CHM at the small, medium and large scale levels in part of study area
#1, (b) Detection of treetops of crown by local maxima method in each filtered CHM, and (c) Production of the
segmentation map of the single trees crown by merging the tree crown segments at three scale levels
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Figure 4. (a) LIDAR point cloud, (b) Tree segmentation results of the MSITD method levels in part of study area
#5. Matching of three reference and detected trees, (c) Three merged neighboring trees before segmentation
refinement, and (d) separating the three neighboring trees with probability density function
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Table 2. Performance evaluation of the MSITD method at the study areas

Area ID Nr. Ref. Nr. Det.

RMS H RMS V

(Forest type) trees trees e FPFN Com% - OmY% " p £ (m) (m)
1 ML/M) 352 281 251 30 101 10.68 28.69 0.71 0.89 0.79 1.91 1.63
2 ML/C) 22 28 19 3 32.14 13.64 0.86 0.68 0.76 1.79 1.35
3 (SL/C) 49 45 41 4 8 8.89 1633 0.84 091 0.87 1.61 1.01
4 ML/M) 47 43 37 6 10 1395 2128 0.79 0.86 0.82 1.65 1.03
5 (SL/C) 235 210 205 5 30 2.38 1277  0.87 0.98 0.92 1.52 0.95
6 (ML/M) 169 139 99 40 70 28.78 4142 0.59 0.71 0.64 1.75 1.36
7 ML/M) 107 92 73 19 34 20.65 3178 0.68 0.79 0.73 1.91 1.08
8 (SL/M) 79 97 68 29 11 29.9 1392 086 0.7 0.77 1.83 1.12
Overall 1060 935 793 142 267 1519 2519 0.75 0.85 0.79 1.76 1.22

SL/C: Single-Layered Coniferous forest; SL/M: Single-Layered Mixed forest; ML/C: Multi-Layered Coniferous forest; ML/M: Multi-Layered Mixed forest.
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Table 3. LIDAR-derived features for each single tree

Metric Definition Metric Definition
zpcum?2 Cumulative percentage of return in the 2th layer zmax Maximum height
zpcum3 Cumulative percentage of return in the 3th layer zmean Mean height
zpcum4 Cumulative percentage of return in the 4th layer zsd Standard deviation of height distribution
zpcumS Cumulative percentage of return in the Sth layer zskew Skewness of height distribution
zpcum6 Cumulative percentage of return in the 6th layer zkurt Kurtosis of height distribution
zpcum?7 Cumulative percentage of return in the 7th layer zentropy Entropy of height distribution
zpcum8 Cumulative percentage of return in the 8th layer pzabomean Percentage of returns above zmean
zpcum9 Cumulative percentage of return in the 9th layer pzabove2 Percentage of returns above 2
Plth percentage 1th returns zq5 5th percentile of height distribution
P2th percentage 2th returns zql0 10th percentile of height distribution
P3th percentage 3th returns zq20 20th percentile of height distribution
eigen_largest maximum eigen value zq30 30th percentile of height distribution
eigen_medium mean eigen value zq40 40th percentile of height distribution
eigen_smallest minimum eigen value zq50 50th percentile of height distribution
curvature Surface curvature zq60 60th percentile of height distribution
linearity Eigenvalues linearity zq70 70th percentile of height distribution
planarity Eigenvalues planarity zq80 80th percentile of height distribution
sphericity Eigenvalues sphericity zq90 90th percentile of height distribution
anisotropy Eigenvalues anisotropy zq95 95th percentile of height distribution
horizontality Eigenvalues horizontality zpcuml Cumulative percentage of return in the 1th layer
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Table 4. Performance evaluation of the ML algorithms for height and DBH estimation for all study areas

Evaluation metric Height (m) DBH (cm)
RF SVM CB RF SVM CB
RMSE 2.12 1.75 1.95 4.94 4.74 5.04
rRMSE (%) 12 9 11 20 19 20
R’ 0.79 0.85 0.81 0.73 0.78 0.75
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