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Wavelet transform of Gaussian progressive decomposition
method for full-waveform LiDAR data
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Abstract. Gaussian decomposition is a commonly used method for waveform analysis, which is a key
post-processing step for the applications of large footprint LIDAR data. However, it usually fails to de-
tect the overlapping pulses of large-footprint waveform data. Therefore, a Gaussian progressive decom-
position method based on wavelet transform was proposed in this study to address this issue and applied
to Ice, Cloud, and land Elevation Satellite / Geoscience Laser Altimeter System (ICESat/GLAS) da-
ta. The new proposed method mainly consists of three key steps. First, the wavelet transform was a-
dopted to detect the target features and estimate the component feature parameters, then the Gaussian
model was established to optimize the feature parameters. Second, a new component was added if the
fitting accuracy didn’ t meet the requirements. Finally, waveform decomposition based on wavelet
transform was completed until no more new components were added. Additionally, a comparison ex-
periment between the new proposed method and the Gaussian decomposition method based on inflection
point was also conducted to verify the reliability of the new proposed algorithm. Experiment results in-
dicated that our new proposed algorithm can detect twice targets as many as the method based on inflec-
tion point, and effectively decompose the targets from overlapping waveforms due to high fitting accu-
racy of above 98% .
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Fig.1 Process flow of Gaussian progressive decom-
position based on wavelet transform

et Tl B 8 B AT e i, AR ECEOE B 4
BAFA A PR SR Geid ZYGRE:, A0t
T3 FH A S eRECAR T 19 sym6 /N % 8 i i #E 47
O MR AR R B AR R 4 2L

3) TR U A, AR (E R 47000 B
SRCHATING . B ) S 0 eR KR O 21 B A
B, FEAR LR/ N — AR HEN R BEAT LA, R
Al AR DD A BRI B S Bl

4) FAWDLA RS E 2 7 0l I BOR. 2 IR B
JRE B SUTERAEL D452 1, o ARAT O e DI ik P i 22 J) B2
ARl R W HEAGET L 945, R AP IR 3, A UGEAR
AL SR A T — B VR0 i P il 5 S T
UG, LR BE AL R 2.

25t LA PR RILA R A B, BN RZAR
ST 2 1 280 mT LAGRAS B B0 19 4193 41
BRI ETE B AR

AN TT VR BAT 22 RUBE e e B Re A, 7R 35
{55 A 555 ORI A R (8 DR 5 e T

TR ot SASAE Y e 4o 18] R R 2 40
A RS S R R, B e R B BT ik
.
1.1 /NETH

ANPGRS — T R /INE S AR R g e
S A R N R F I R =R (2N el R N 4
B SN IR (1) 1 (2) R ok«

Wiww = [_SOW (00, (1)

v, = vl @)

Ja
KA, W) B FEA /N BB, P, (0) /N
PRE 0 A RUE T, b AL BT W, 8 () TE
R a T SRR , A aTFR A /NIl 2R 500, B /)N i
PRAAERE o TAOLE b AL 5 R IR I8 £ nd AH 40
P /INBE R BT, AR AR s

Wang 25" SR FH %452 /)N i 5 Marr %) GLAS I %
BT T /N A e 19 2 ROBE 3B, 2 307N i FE 1)
FOBEARTA] X (B A5 5 A 2 3 o Bt A [, Al 3 ad %)
030 T8 R4 T /N A B A 381 T 8 00 B LA 2

FE GLAS B /e, OB 5 0 B iU 5, A
SCR 5 5 3 R ESORR AL %) 25 80/ N 5 sym6 R b AT
AN s R N R g S K 3 BB R |
S HERI S S, R 22 RO 2 A DTS 2 3
RECEMWIE AR A fE B K’ 2 AR
JE B /N I R T I T8 B i B 4 2R < /N RUBE /N AR
RENS S 2 PN 0, HIE B M B A S e s ik
OB /NI S WA BE 1E 06 M0 i S N e, & FZ AR
ZE B

P2 AR /N 4 T B B i 25
Fig.2 Results of wavelet transform applied to waveform da-
ta with different scales
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Table 1 Residual between the low frequency approxima-
tion signals reconstruction waveform after wave-
let transform and waveform after preprocessing

No. Roin Ria
a -0.4638 0.3856
b -0.3633 0.3751
¢ -0.1262 0.2654
d -0.1029 0.2236
e -0.3894 0.2672
f -0.2075 0.2553
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Fig.3 Results of raw data, preprocessing waveform and wavelet transform
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Table 2 Fitting accuracy of measured waveform data after
decomposition by Gaussian progressive decompo-
sition method based on wavelet transform
No. SSE R? RMSE R,

a 0.3680 0.9843 0.0192 0.1492
b 0.1246 0.9929 0.0112 0.1026
c 0.0189 0.9933 0.0044 0.0299
d 0.0860 0.9952 0.0093 0.0746
e 0.0267 0.9943 0.0052 0.0309
f 0.0786 0.9950 0.0089 0.0347
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Fig.4 Decomposition results of typical waveform data
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Table 3 Root-mean-square error and number of objects
within the waveform data detected by two meth-
ods

No. N i ICALiE:

RMSE N RMSE N
a 0.0192 1 0.0192 1
b 0.0112 2 0.0112 2
c 0.0044 2 0.0043 2
d 0.0093 4 0.0154 2
e 0.0052 4 0.0163 3
f 0.0089 6 0.0247 4
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Table 4 Statistical results within the validation waveform
data detected by two methods

AN ——— AN _ IR

PeIEEL Num RMSE PIEEL Num RMSE

1 6 0.0104 13 0.0241

2 7 0.0093 9 0.0202

3 8 0.0077 5 0.0228

4 8 0.0069 7 0.0179

5 6 0.0057 4 0.0254

6 5 0.0081 2 0.0319
&t 40 0.0080 40 0.0225




6 1 B 1 45 KOBE LiDAR 400 4/ NIt 25 00 28 45 Iss

3 #ig

BERS IOEBE A SO A s T & i A s
DR BTG TR, 38 1 T — o 5 /DN A0 4 1) g 38
B , BV i 0 0 A S R S LT /N A ik
Ik, TR 22 ROBE 3 R AL o 2 8, d e i i
LM Bk A7 LA BE U5, S B8 B A 2
fige. W T AR F RS IE X5 L5 S5 R AT S0
A, BRI /I A2 0 BE A 250 I 8 Jin e mh s i H
i, WA ARSI L 553 08 . A ST i A A — S TR B
O Z Ak A0 /INE AR 0 T S A e URE TRk
e ABASIN rh ik 2t B A I B4, 91 o e
AT T 14 [0 £35S A P ) iy HGR TR M
[ 3B 2 P T 3 R R 3 ARG FRD m9p 25 , e o e 3 ok
USRS A S A I ] e AR ST 15 B —
AARTEAIHE K.

References

[1]WANG Cheng, XI Xi-Huan, LUO She-Zhou, et al. Data
processing and application of spaceborne LiDAR[ M ]. Bei-
jing: Science Press( Th%, B, I84LE, 4. BEE
KEZRHIELEBEERA. I BFLMAL) , 2015,

[2]Lefsky M A, Cohen W B, Harding D J, et al. LiDAR re-
mote sensing of above-ground biomass in three biomes[]].
Global Ecology & Biogeography. 2002, 11(5) : 393 —399.

[3]Gong P, Li Z, Huang H B, et al. ICESat GLAS Data for
urban environment monitoring [ J]. [EEE Transactions on
Geoscience & Remote Sensing. 2011, 49(3) . 1158 —1172.

[4]LI Zhan. 3D extraction of urban buildings based on ICESat/
GLAS data[ D]. Beijing: Institute of Remote Sensing Ap-
plication Chinese Academy of Sciences(Z=f&. %:F ICESat
GLAS ¥ 2 IO i A 5 i = (5 8. dent. v E R}
FRERE N FABFTERT) , 2011,

[5]Sun G Q, Ranson K J. Modeling LiDAR returns from forest
canopies[ J ]. Geoscience & Remote Sensing IEEE Transac-
tions on . 2000, 38(6) : 2617 —2626.

[ 6 ] Ni-Meister W, Strahler A H, Woodcock C E, et al. Model-
ing the hemispherical scanning, below-canopy LiDAR and
vegetation structure characteristics with a geometric-optical
and radiative-transfer model [ J]. Canadian Journal of Re-
mote Sensing. 2008, 34(S2) . S385 —S397.

[7 INi-Meister W, Jupp D L B, Dubayah R. Modeling LiDAR
waveforms in heterogeneous and discrete canopies [ J ].
IEEE Transactions on Geoscience & Remote Sensing. 2001,
39(9) : 1943 —1958.

[8] Wagner W, Ullrich A, Ducic V, et al. Gaussian decompo-
sition and calibration of a novel small-footprint full-waveform
digitising airborne laser scanner[ J]. ISPRS Journal of Pho-
togrammetry & Remote Sensing. 2006, 60(2) . 100 —112.

[9]Chauve A, Mallet C, Bretar F, et al. Processing full-wave-
form LiDAR data; modelling raw signals[ C]. International
Archives of Photogrammeiry, Remote Sensing and Spatial In-
Jformation Sciences, 36 (Part 3/W52).2008 . 102 —107.

[10]Ma H C, Li Q. Modified EM algorithm and its application

to the decomposition of laser scanning waveform data[ J].
Journal of Remote Sensing. 2009, 13(1) . 35 —41.

[11 ] LAT Xu-Dong, QIN Nan-Nan, HAN Xiao-Shuang, et al.
Iterative decomposition method for small foot-print LIDAR
waveform[ J ). Journal of Infrared and Millimeter Waves
CBBZR, Zetiifl, whiesd, 5. — Rk QR NEHE Li-
DAR JIE o3 fift Jr . dLSM 5 =R FH), 2013, 32
(4):319-324.

[12]QIN Yu-Chu, LI Bin, NIU Zheng, et al. Stepwise decompo-
sition and relative radiometric normalization for small footprint
LiDAR waveform[J]. Sei China Earth Sci(FHYUEE, 23,
R, SF /NEBEROCE IR I EA A S iR 5 AR
SHRIE. RERE. #IkEEE), 2011, 41(1): 103 - 109.

[13]ZHAO Quan-Hua, LI Hong-Ying, LI Yu. Gaussian mixture
with variable components for full-waveform LiDAR data de-
composition and RJMCMC algorithm[ J]. Acta Geodaetica et
Cartographica Sinica(#X R14g, 22452 2 F. )IE Li-
DAR Bl 7t B4y R A2 734 i TR 5 A6 28 S RIMCMC 5
B LR, 2015, 44(12) ; 1367 - 1377.

[ 14 ] DAI Can, WANG Yuan-Qing, XU Fan. 3-D LiDAR echo de-
composition based on particle swarm optimization[ ] ]. Laser
Technology (¥, FIUIR, IR TR HERILM 3 4E
JERIKBI M. FFERA) , 2016, 40(2) : 284 - 287.

[15]Lin Y C, Mills J P, Smithvoysey S, et al. Rigorous pulse
detection from full-waveform airborne laser scanning data
[J]. International Journal of Remote Sensing. 2010, 31
(5):1303 —1324.

[16 ] WANG Jin-Hu. Full-waveform LiDAR data processing and
application technology [ D ]. Beijing: Institute of Remote
Sensing Application Chinese Academy of Sciences ( E 43
1. ABIEHOCE BB AL B 5 BB ARBETE. JLat
o [ R 27 g i N IR FE ) , 2012.

[17]MA Peng-Ge, LIU Yi, QI Lin, et al. Wavelet filter algo-
rithm for echo signal of pulsed LiDAR at low SNR[J]. E-
lectronics Optics & Control ( L [&], M5k, S5k, & K
R U Bk OL T I8 R A5 5 /N B I B 5 k. Sk
B5iEdl), 2011, 4(04) : 26 —29.

[18 ]SHAO Xue-Guang, CAI Wen-Sheng, SUN Pei-Yan. De-
termination of the component number in overlapping multi-
component chromatogram using wavelet transform[ J]. Ch-
emometrics & Intelligent Laboratory Systems. 1998, 43
(1): 147 —155.

[19 ]JIAO Long, GAO Su-Ya, ZHANG Fang, et al. Quantifica-
tion of components in overlapping peaks from capillary e-
lectrophoresis by using continues wavelet transform method
[J]. Talanta. 2008, 75(4) :1061 —1067.

[20 ]ZHANG De-Feng. Wavelet analysis in Matlab. Second Edition
[M]. Beijing: China Machine Press(5kf&3=. MATLAB /)
BT 8 2 AR ALat AU Tl L), 2012.

[21]Wang C, Tang F X, Li L. W, et al. Wavelet analysis for
ICESat/GLAS waveform decomposition and its application
in average tree height estimation[ J]. IEEE Geoscience &
Remote Sensing Letters. 2013, 10(1) . 115 —-119.

[22]Brenner A C, Zwally H J, Bentley C R, et al. Derivation
of range and range distributions from laser pulse waveform
analysis for surface elevations, roughness, slope, and veg-
etation heights[ J]. Algorithm Theoretical Basis Document
v4. 1, 2003.

[23 ] Madsen K, Nielsen H B, Tingleff O. Methods for nonlinear
least squares problems[ M]. Denmark: Press of Technical
University of Denmark, 2004.



