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Comparative Analysis of DTM Generation Method for Stream Area Using UAV-Based LiDAR and SfM
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ABSTRACT

Gaining an accurate 3D stream geometry has become feasible with Unmanned Aerial Vehicle (UAV), which is crucial for better understanding stream
hydrodynamic processes. The objective of this study was to investigate series of filters to remove stream vegetation and propose the best method for
generating Digital Terrain Models (DTMs) using UAV-based point clouds. A stream reach approximately 500 m of the Bokha stream in Icheon city
was selected as the study area. Point clouds were obtained in August Ist, 2023, using Phantom 4 multispectral and Zenmuse L1 for Structure from
Motion (SfM) and Light Detection And Ranging (LiDAR) respectively. Three vegetation filters, two morphological filters, and six composite filters which
combined vegetation and morphological filters were applied in this study. The Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) were
used to assess each filters comparing with the two cross-sections measured by leveling survey. The vegetation filters performed better in SfM, especially
for short vegetation areas, while the morphological filters demonstrated superior performance on LiDAR, particularly for taller vegetation areas. Overall,
the composite filters combining advantages of two types of filters performed better than single filter application. The best method was the combination
of Progressive TIN (PTIN) and Color Indicies of Vegetation Extraction (CIVE) for SfM, showing the smallest MAE of 0.169 m. The proposed method
in this study can be utilized for constructing DTMs of stream and thus contribute to improving the accuracy of stream hydrodynamic simulations.
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Digital Terrain Model (DTM)©] 21t} (Chen et al., 2017). DTM
& 8- 42 mo) 9 Eokpys 24 Sof 0] 4 9o
o, DSMoj|4] DTMo| Z}ol& o]-§-3f| A2 ufo] QujAs 5=
Aet 4= )T} (Giineralp et al., 2014; Gabiri et al., 2018; Morgan
et al, 2021). o534 5P A2 wid HHgE= T2
sl A&al wistel s ) 8] e 2Eo| s
W §0) B A PAR S8 - 42 molo] Jag v
A7) Rt (Lee et al., 2023). whebA] a1 9] gt o7 -
G e BolE SN shale] Ae A A
339 54 A Ak Bk

Electronic Distance Measurement (EDM)S 0|83 -5 =
e 5h S e slerdt 4 glo] B sk S
RO e AR Qitk e o] WiRE: A7k Blgo]
o] 51, 1442l HolES 5T 5 glovl, sl 9w
o] ZAstct (Suh and Choi, 2017). ¥HH, Unmanned Aerial
Vehicle (UAV)= & A7k} n]g-0.2 & ajieo} A=)
42 77 Q14749) DIME Ae 4= slof 5131 A wisig
271240 g wtgdslr|of| Aglkslt} (Bhatnagar et al., 2021).
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Detection And Ranging (LiDAR) B3} Structure from Motion
(StM) =Rio] itk LiDARE= o)A ] Higl A o5 Als}o]
ZOE et s AASI= HXlo g AlAe oH Edlst
4= Uth= A ool B tollA DTM Aol de] ARg-
w]o] gkt (Klapsts et al., 2020). SIM AFE H]AH dueE
5 st o2 Ao S AN EAFE Skl 7t
mete] YAYRE Higro g 7k E4%9] 324 1A E Fof
3t ZOlE Fahor 2 §AJsh= eka1g]Zolt} (Nadal-Romero
et al, 2015). LIDARL: SIMET} ZolE Zato o] ur7}
432 7}240] SPER: S0 5121 (Tang e o, 202, 512
7} Zro] AM YT} =0 o Ale] DTM AJA-L o] 73] o]e
<07 FolQlt} (Kovani¢ et al., 2020). SIMS 2 8-S E1}5)
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(Mlambo et al., 2017) 22 H]-80 2 =2 AL ZQJE
Zeb9.55 AT 4 9ol LIDAR®) tjeko 28y o)
t} (Barba et al., 2019).
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(NIR), Red-Edge = F5o& AASH AR5 o]8-35]o]
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Morgan et al. (2021)2 SIM ZQ1E Zako-tof AJAx]4=2]
Excess Green (ExG) 5 ARE3to] 7 ST 524 DIMS
AAgsto] Hiolemjio] 45 A5k LIDAR 2J1E
25 O 2= Park and Lee (2021)7} Excess Green
minus Red (ExGR), ExG, Color Indices of Vegetation
Extraction (CIVE) 52 ©]&3}¢] 3hd Aol 4] DTMES 284
st A el v)w A 7k 22202 AR1S F A
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and Cheein, 2022), A2 o= A2 SH w7} Ho} A835]7]
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Pl Bels TAUE Fek9s 710) Py S olgs
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o] CSF, Progressive Triangulated Irregular Network (PTIN)
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Fig. 1 Locations of GCP, measured cross—section, and study site with photos of riparian vegetations

29 Fhetol= BRlo], S0k A9 Aol 5T 18 m, Aul&
90%2 ‘gﬁ,‘ialg (Phragmites japonica Seud)o] H-3Z3}%icth
(SROCM, 2011).

SIM Z5F2 DJIA}S] Phantom 4 multispectral-& ©]-8-3}%1
t}. 7} 2k= Red, Green, Blue, NIR, Red-Edge 5714 =S
At F9L AT 5 envpixel, F FHE 75%, 3 5H
= 6%z AHsigon, A4E EE Feere Urt
760.5 points/m*o]ct. H]3ulct 47§ o]A+e] Ground Control
Point (GCP)7} 94 4~ == 1 m x 1 m 279 GCPE
At 14 o= AA|5k3iH (Fig. 1). ZF GCP= Trimble AR
GeoXR-S 0]-8-3}o] RTK (Real Time Kinematic) 4] 0.2 7
T A% MRS SESISItE FAEES PixdDALY
Pix4Dmapper (ver. 4.8.4)5 A3l 0 H, A3 A] GCPE 9|
g3to] YAE BAsIGh

LiDAR 2o DH/\}PJ Matrice 300 E2& 0]2319 o,
Zenmuse L1 2ho|t} RS FASIATE A &4 A+
100 m 3 cme] A7} MY 4 glon, vl BA 5
Zt) 3749 QS A1 4= Qltk DIT Terra (ver. 3.7.6)&

o] g3dt] TATF o, ZJE FehPE U £5, X
E Zoh9E A 712He 300 me AHIC AAE E9lE
Zekeco] Wrl 384,67 points/m’o]T}.

\‘E

LiDAR= ©d <541 Hutof| sl H=2) =4l 4125 st
b8, J7te] wet ZRIE Seke-Ee] Uk Zjo|7} WAe 4
oItk (Li et al,, 2023). A2 Al7He
UwE ALsHA THE7] ffel] ofd AtelAetde] 7k, Al
25 om ZAof o7k 7 W2 A& FE3te] Down-
Z3Y3HATh (Zhao et al,, 2016; Li et al,, 2023). ©]=
23] ZolE ek WrE A ulEd EAo|
Table 10 UERH A3} Zro] ZOlE Zalos o] 22 [iDAR
L 42.2%, SIME 38.3% ZraAlZ 4 Qiqlch

O]-L:'E U= =497

Scaling&

Table 1 Changes in the number of point clouds before and after
preprocessing

MlersurEs The number of point clouds
method Before preprocessing | After preprocessing
SfM 79,858,837 46,160,062
LiDAR 47,263,235 29,172,531
3. DTM 4 7|H

B AP A A7 e el
ﬂaa 71 % ofa] AT 4%50] ¢
oo A-gst7] ol Jef L (PTIN CSF)}F 4138 JEJ
(ExG, ExGR, CIVE)E AA35}9itl (Anders et al, 2019;
Morgan et al., 2021; Park and Lee, 2021; Stroner et al., 2021;
Tan et al., 2018). =3}, e LE|Q} A e & Z3lst 23t

Fesetee=Rd A6l A3, 2024 ¢ 3
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CSF+= Zhang et al. (2016)0] 2J3) 1QtE]glom, ZE
2E9ES Solz HUT BE He T, wojE Homn
E] 44 A o] 2RIEE AHOR ERdl= gaeE
o]t} CSF+= Resolution, Rigidness, Threshold, Max iteration,
Slope processing % THl 714 B g So) A5,
Resolution> 9] :LFJE 7]E, Rigidness= o] F|ojx]=
=5, Thresholdi= H.OJ¥ 2R ¥ "ol #ejof whe}

A AHE I A et (Cai et al,
2019; Zhang et al., 2016). Max iteration-S W.0] 0] HHE 3145,
Slope processing2 booleand W2 Z|GAFe] u]A| =32
x]sﬂ Hko] o] HE AASE 4| 0|85 = X420t} (Zhang et

., 2016). Resolution®} Rigidness+= Z+&<4=%, Threshold 2}
Max iterationt= Z<~5, Slope processing> True®|'H & %+
o A9 WIS HARI.

H o] A= Python (ver. 3.8.18)2] CSF fo]H 22| (ver.
LLD)E o]-3to] CSFE A-8-5131th olu, Rigidness+= 7}
£ BAHAA = AR EE 912 1= skl en, Max
iterationS HAZEl 50032 ATt (CloudCompare,
2016). Slope processing% True 274 A] Ao 2 I3}t 23

Ago] F3o QHFHE 497} dAlste] False 43}
It} Table 29} QO] Resolution2 0.20~1.00 m, ThresholdS
0.01~0.05 m 7ol thsff A|=3}gich ofuf, AL A7ke &
0]7] 9J3f ResolutionS 0.20 m 7FA OS2 AA|SIFITh

PTIN-Z rapidlassoAol| 4] 7HEr3t LASground 2 12]0f A
AMESh= 4a18]& 0 2, Initial ground pointE = A1}
Progressive Tin Densification (PTD) ¥} 2 Ut} (Asghar,

2017). PTIN-2 Step, Sub, Bulge, Spike, Offset, Stddev o341
7HA) o fE Sel sk WA, Sepd 3wl Aol
S 2P FA% & 225 oA kvt 7P R
72 coarse ground point® Z&3tch 0|5 Sub AA o] wet
subgridE& WH=9] initial ground pointE 2=t} PTD+= initial
ground pointE l==8 dh= TINS FAsHL o5 2Uslele
p7golck. ofuf Bulge mi7fHE 53 TINo| Huji} F-Eof
Q57| Ak, Spikeo] sz 4L oldo® AUAIA §
% i ofojgol] FAT TING| 1ES Al7ghh PID 21
& vhEsluA 2% TING 348 7, 7 TING] Tploay
] A 2|7} Offset gk ofsl, E=HAP7F Stddev g o]5kql 221

E L E Ayo g BE3r) (rapidlasso, 2023). =, Step
o] Z-34~%, Sub, Bulge, Spike, Offest, Stddev7} 45 2%
3 A% wisle mARgh

H Lo 4= Python ©]-&3}o] batch scriptE Z2Hd5}o]
ARk WA 02 U ReS 25k PTING 285Hick
ol AgiHTtof| A Aekst thZ Bulge?} Stddevi= Default 2
AAstal, Bt 2§ HSkE Whslr] $15] Subi= extra-fine
07 A9 0, Step, Spike, Offset+= Table 29} o] z+z}
1.00~9.00 m, 0.20~1.00 m, 0.02~0.10 m F-7tof] T3] A=
31t} (Green, 2015; Asghar, 2017). o], Spike2} Offset->
oAk AR Z0)7] Y8l 2471 020 m, 0.02 m 7HA O 2 A%
314 th. Bulged] Default 272 Step2] 1/100]1, 1.00 m<}
2.00 m Afo]2 17 E]7] wiitof 2 Akl -8 Bulge
1.00 mo]t}. Stddev®] Default A4S no_stddev (212314 &

ﬂJ

Table 2 Applied morphological filters and applied parameter values for trial and error process

Method Parameter Values
Step (m) 1,2,3,4,56,7,8,9
Bulge (m) 1
BTIN Spike (m) 0.2, 0.4, 0.6, 0.8, 1.0
Offset (m) 0.02, 0.04, 0.06, 0.08, 0.1
Sub extra fine
Stddev no_stddev
Resolution (m) 0.2, 0.4, 0.6, 0.8, 1.0
Rigidness 1
CSF Threshold (m) 0.01, 0.02, 0.03, 0.04, 0.05
Max iteration 500 times
Slope processing False
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ExG=2Xg—r—> (Woebbecke et al., 1995) (1)

ExR=14Xr—g (Meyer et al., 1999)

ErxGR= ExG— ExR (Neto, 2004) ?2)

CIVE = 0.4412 X r—0.811 X g+ 0.384 X b (Kataoka et al., 2003) 3)
R/ Ryay

" RIRp+ G/ G + B By

G/ Ginay
R/ Ry + Gf G + B/ B
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>
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I O & Ng et al. (2013)©] A|QF3F Gaussian Valley Emphasis
(GVE) & AHgstict (Bq. (4). 35 e wepe) A
o T WS HATSIL SIAETH Aol B2 Ao]
of Aol sidshe dAlRES BA o= ARt o= it (Ng
et al, 2013). 2 AT HE G2 sV whrie] S A

&0 i
T e R TR
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of sl ZolET} —%Aﬂo}ﬂ ol s HE AlASH

A7\M P=

2
£
~
5
;
2
rr ruﬂi
ﬂ 0::.
>~
>
u
il g
2
>
1o
b
RS
%
B
o
Ei

gy,

Eu)

iz}
o
f
)
e

AHollM ARSRE Eeh ZE V]2 FH 2

. . Composite filter
Measured method Single filter : :
M. filter V. filter
M. filter® PTIN @
CSF PTIN EXGR
S ExG CIVE
ExG
V. filter™ ExGR CSF EXGR
CIVE CIVE
. PTIN ExG
M. filter CSF PTIN ExGR
LiDAR ExG CIVE
) ExG
V. filter EXGR CSE ECR

' M. filter represents Morphological filter
"V, filter represents Vegetation filter,
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=

slol 22 i) o H3S FEsisick 1e)3 2t 2
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Z}5 Mean Absolute Error (MAE) (Eq. (5))2} RMSE (Root
Mean Square Error) (Eq. (6) APgto] eheg p7}ekl
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> Non-V 7 atl
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Fig. 2 Threshold analysis using histograms of vegetation indices for point clouds generated by LiDAR: ExG (a—

and StM: ExG (a—2), EXGR (b—2), CIVE (c—2)
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b Ao PeE A1 e AgSch £ o 11
oA ol 4] MAESE RMSES]

Ae 7] = Qe e oA 7
Zjol A BrolH ASleAc

MAFE = %iﬂz,—m )
RMSE = %‘” (z;—m;) 6)

A7) 2 EJAE Z2H-EQ Tl 2,2 A/dE DIME]
T Ak (m)E oo

T YA Roja k. ol el Hguo] AN &
HErt e Ao 184 g A(ER D F )l B
TEHE Aoz yEhyth ot Fig 2(b-2)9F 2ol StM
19] ExGR HE|9] 749 AP -t mapy o] Ay
fehaos BetstA FEEA otk AAISTE o
Aoz HFshz CIVES Agd o] Aax4s
LIDARZ =¥ gho] ©f &=3kth o2 QI8 GVEE &3f 4t
ZE WARE SMEL o 2 A% Btk

o o ol

1>

Least MAE (0,196 m)
0.3 |

asess|l | |*egaa

MAE (m)

0.1
Resolution (m) 02 04 06 08 10

Threshold (m) 001,005 0.01...005 001...005 0.01...005 0.01..005

(a)

1) CSF w7l 2%

Fig. 32 CSF ZE| 9] ufj7i 4> ghofl w2 MAE W35 &
=31 Qlth Fig. 394 & 4= §15%©] Resolution®] Threshold
Ht} MAES] ¢ 2 %3RS n]%t}h LIDARE Resolution 0.60 m,
Threshold 0.01 m, SIM-2- Resolution 0.80 m, Threshold 0.01 m
o off 7P A2 MAEZ} =5 537] wiol sie mifaeE
g3t} CSFE &3t

2) PTIN wi7i4= 274

PTIN & 9] ufj7]jHof w2 MAE WH3}E Fig. 40f| e}
it Stepo] A& wl= Offset} Spike”} MAES|| 7]2|=
o] =g oL, Stepo] YA = ol AHR|H Spike
ol AFh. Stepo] A0 H AXI TINO| FAJE]7] w2
o] 2h2 Spike gk A-8-3l TING| AX FE-2 AASHL ¢
22 OffsetS 282l o] 42 AJE Zet9Eg AHS
ook itk ZLEut Fig. 4(b)9}F o] Stepo] =L kgl
TINo| &/J=]o] Spike7} AH EZIgH ob3 AP HASH|
o] A7) o E HQlt}. LiIDAR ZRIE Zete-Eol=
Step 9.00 m, Spike 0.20 m, Offset 0.02 m, StM EJE Z}-$-
T o= Step 4.00 m, Spike 0.40 m, Offset 0.02 m Z-& A] MAE
7F 7¥ 271 whiol] s viZfaE A-8-5ke] PTING

el

%
K

Least MAE (0.250 m)
0.4 f

MAE (m)

0.2

Resolution (m) 0z 0.4 0.6 0E 1.0

Threshold {m) 0.01...005 0.01...005 001...005 001...005 0.01...005

(b)

Fig. 3 CSF parameter analysis for LiDAR (a) and SftM (b) point clouds. Black lines and dots represent resolution and threshold values
respectively, Threshold values increase incrementally from 0,01 m to 0,05 m from left to right. The digits in red color highlight the

smallest MAE values
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Fig. 4 PTIN parameter analysis for LiDAR (a) and SfM (b) point clouds. Vertical solid and dotted lines delineate step and spike values,
respectively, Threshold values increase incrementally from 0,02 m to 0,10 m from left to right, The digits in red color highlight the

smallest MAE values

2, o

Table 4= T LEIE %43t DTMS| MAE®} RMSES

Ho]3Ea1 9tk MAES} RMSE Aol Z3HH 17k B9,

258 A 7E (Ground) 2, A4, o], A4S

52 E3ok= HIAW #7F (Non ground)o|m, ZQIE Zahe-

=7 RAEA] 2 = g o)A of syl ik
A 23t 3Act.

e FEl= PTINT} CSF 25 LiDAR7} SIME T} A50]
$<ra}odch. CSFi= LIDARS} STM 7H H|X|H 271o] MAE}
RMSEZ} Z+2F 0.196 m, 0.188 m&Z = x}o|2 E 4t} PTINS
ZA| 7t MAE= LiDAR®} StMo| 7 9] dajgloLt, 4|
J-7F RMSES} H]A ™ 1719] MAE, RMSE 2% LiDAR7}
StMETE S=gict uhd, 44 TE = ExGRE Al 9]skal StM

oI ™M Zin}

=

o] LiDAR®ch H8w7} 39)e}. 53] SIMe| CIVES 283+
710] LDAR®] 2183 Zne} 4] 7:2F MAEL= 0068 m, 1]
2™ L7 MAES= 0.096 m ©] ZH9kch that SfMel] ExGRS:
1§37 A9 A4 Belol v]s) Y=t ol Hiw), BGRe]
AR 2 A ATl el AA BREE 9
o Az} (Fig 2b-2)

7+, EEf ZE

Fe| YEE 2835 DTMO] T@H-S Fig. 50 el 2ich
Fig. 5(a)¢} Fig. 5(c)oll= Section 15 UFEFY S0, Fig. 5(b)
9} Fig. 5(d)ofl= Section 2& UER} QL) Fig. 5(a)e} Fig. 5(b)
+ LIDAR XRIE Ze}¢-Eof #8353t Auto|d, Fig. 5(c)<}
Fig. 5(d)i= SIM XQIE Zehe-Tof &85t Axtolct.

Table 4 The MAE and RMSE of DTMs generated by applying single filters to SftM and LiDAR point clouds

(Unit: m)
] LiDAR SfM
Filters Accuracy
Total Non Ground Ground Total Non Ground Ground
BTIN MAE 0.208 0.335 0.123 0.211 0.390 0.091
MLilt RMSE 0.184 0.217 0.086 0.258 0.322 0.080
filter
CSE MAE 0.196 0.341 0.099 0.250 0.494 0.087
RMSE 0.188 0.209 0.078 0.304 0.350 0.075
CIVE MAE 0.255 0.442 0.103 0.187 0.346 0.080
RMSE 0.246 0.273 0.103 0.213 0.251 0.075
MAE 0.261 0.460 0.093 0.194 0.364 0.080
V filter EXG
RMSE 0.251 0.277 0.093 0.249 0.312 0.079
EXGR MAE 0.254 0.445 0.080 0.248 0.492 0.084
RMSE 0.246 0.280 0.080 0.314 0.373 0.074
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Fig. 5 Cross—sectional views with morphological filters applied to the LiDAR and SfM point clouds
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9} LB} (Anders et al., 2019). il H2 228
& AFZHE) PTINTG CSF W5 i Khitof A Aekzr} ‘%ioiﬁ
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Fig. 6 Cross—sectional views with vegetation filters applied to the LiDAR and SfM point clouds
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Table 5 The MAE and RMSE of DTMs generated by composite filters applied to the LIDAR and SfM point clouds

(Unit: m)
, , LiDAR SfM
M.Filter V.Filter Accuracy
Total Non Ground Ground Total Non Ground Ground
CIVE MAE 0.190 0.293 0.121 0.169 0.295 0.084
RMSE 0.158 0.183 0.087 0.189 0.231 0.078
MAE 0.186 0.279 0.124 0.176 0.312 0.085
PTIN ExG
RMSE 0.151 0.175 0.090 0.223 0.288 0.083
ExGR MAE 0.197 0.304 0.125 0.198 0.365 0.085
X
RMSE 0.172 0.204 0.094 0.251 0.320 0.071
QVE MAE 0.190 0.318 0.105 0.188 0.333 0.092
RMSE 0.172 0.182 0.095 0.214 0.259 0.091
MAE 0.186 0.319 0.097 0.198 0.366 0.086
CSF ExG
RMSE 0.170 0.184 0.075 0.237 0.291 0.074
EXGR MAE 0.192 0.331 0.099 0.227 0.429 0.092
X
RMSE 0.180 0.200 0.076 0.267 0.314 0.085
. MAE 0.299 0.416 0.221
Pix4D

RMSE 0.296 0.306 0.262

Vegetation area Road Vegetation area Road

1 | | |
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Fig. 7 Cross—sectional views with composite filters applied to respective the LIDAR and SfM point clouds
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Table 6 Comparative analysis of the selected filters in this study

Filter type LiDAR

StM

Point clouds . -
under canopy point detection

- Laser pulse penentration allows for surface &

- Only surface point detection

Morphological filters

(CSF, PTIN) detection

- Both filters works well in removing taller subjects like trees or bridges
- LiDAR performs better with morphological filters than SfM primarily due to under canopy

- CSF slightly better in lower vegetation

|— PTIN slightly better in lower vegetation

Vegetation filters
(CIVE, ExG, EXGR) -

- Better vegetation quality of point clouds with SfM than LiDAR conversely due to under canopy
points of lower canopy vitality (shaded leaf or stem, etc)
Thus SfM works better with vegetation filters than LiDAR

- ExGR works the best

|— CIVE works the best

Composite filters
(PTIN+CIVE, PTIN+EXG, etc)

- Composite filters improve accuracy substantially compared to any single filter application
- PTIN+CIVE with SfM performed the best among all the selected filters and point clouds

- PTIN+ExG works the best

|- PTIN+CIVE works the best
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