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Fig. 2 Shallow-water LiDAR echo signal model. (a) Echo signal without noise; (b) echo signal with Gaussian
white noise (SNR is 20 dB)
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Table 1 Comparison of denoising performance parameters

Type of denoising o ) MSE / MAE / SNR / PSNR / Cross

Denoising algorithm T /s

algorithm m m dB dB correlation
Soft thresholding 0. 397 0.478 19. 706 29.773 1.010 0.993
Hard thresholding 0.363 0.468 20.097 30. 164 1. 040 0.993
Fixed thresholding 0. 688 0.625 17.321 27. 388 1. 150 0. 987
WT

EMD 0. 306 0.393 20. 843 30. 909 1. 300 0. 995
EEMD 0.321 0.434 20. 634 30. 701 3.890 0.994
CEEMDAN 0.216 0. 359 22.350 32.417 5.761 0.996
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Type of denoising ) ) MSE / MAE / SNR / PSNR / Cross
) Denoising algorithm T /s )
algorithm m m dB dB correlation
LocalMax 0. 867 0.754 16. 315 26. 382 0. 590 0.988
LocMaxMin 1. 045 0. 854 15. 504 25.571 0.510 0.981
EWT
Scalespace 0. 288 0.438 21.093 31.159 0.770 0.994
Improved EWT 0.183 0. 326 23.071 33.138 0. 560 0. 997
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Fig. 3 Processing results of signal model using improved EWT. (a) Signal with noise and its EMFs (SNR is 20 dB);

(b) comparison of signal with noise before and after denosing
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Fig. 4 Shallow-water LIDAR experimental system. (a) Principle diagram; (b) practical map
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Fig. 5 Measured waveforms under different water depths. (a) Ad,;=2.127 m; (b) Ad,;=1.621 m; (¢) Ad,;, =1.434 m;
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PA 1. 434 m 7K IR SE 5 69 01308 45 5 4k 225K 1) 4y
A LocalMax. LocalMaxMin. Scalespace M 4~ X
POk EW T B33 b BROK R, % 1 = 4% 3 Ay ik
EWME 7 Frac ., A LocalMax 77 32 K6 21 79 31 A
HEAT AR R 43 ), A 7 Cao 1T LUE L B AN
WA R 2. Al LocalMaxMin J5 i K I £
) 3 A AT A 4 ) AN 7 () s L T LR LA
=AM IR AT 3 AR MR R A AR R
W5y, M Scalespace J7 ik K I 2] 19 341 Bt i2E 47 501 3%
A3 7o BR AT LA 38 I A 8 o)
WHRA R EM R . SRR S EWT i FUK6 I
Jr AT R B WA T (D BRR. AL =

[0,0. 096 4+ N $2 HUAY 25 W nl 15 5 i & G B2
syt EMFL T B 40 % OF 1F 53 K3 A, =
[0.259,0. 307 A £ [ A 45 % 1 43 CEl EME3) , [iH]
RN 29,196 Hz, ol 1T J5 M R Gofa e kot
W BEHERY 5 A, = [0. 096,0. 295 ] F1 A, = [0. 307 , 7] 45
e N M 43D S EMEF2 R EMEF4 5 R 6
T A T, LR 7S e KOBE Dy A SR A
AR AE RN A S8 ORI B Al T, D A
2R 45 54> B2 EMF1,EMF2,EMF3 1 EMF4
WE 8 Jrm Hov, SEER R L ki 2 R A A A
4.2 ZERSW

B X AR SC A MR 5 v CEEMDAN F M 53 9 | R

1109001-6



F£ 48 £ 11 #1/2021 £ 6 R/HEH

0.6 F
@ )
0.6
. 04}
S 04 <
£ ;
% ,*i 0.2}
5 0.2 5
0 L
0 L
-20 0 20 40 60 -20 0 20 40 60
Time /ns Time /ns
T T T 1.0
© ()]
0.6 + g
2 04} <
% %; 05
0 - 4
/ 'l
-0.2 - - - - - - s
-20 0 20 40 60 -20 -10 0 10 20
Time /ns Time /ns

K6 ARRIKIESEMUETRRERIEE, () Ad,=2.127 m;(b) Ad,; =1.621 m;(c) Ad,; =1.434 m;(d) Ad,;,= 0.774 m
Fig. 6 Denoised waveforms under different water depths. (a) Ad;; =2.127 m; (b) Ad,;=1.621 m;(c) Ad,; =1.434 m;
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Table 2 Echo signal decomposition

AR A 225K . LM Bk X B W 5 1 ik B
PEAT AR BE L 45 B = 4 4 PP 3o i 45 S, XL
9 17 30T bk o 0 L L 0 L A 20 R 0 4 i T R 2

Surface echo

Bottom echo

Denoising
ethod Group  Position /  Height /  Width /  Position /  Height /  Width /  Adi./m  Ady/m
ns A4 ns ns A4 ns
1 19. 100 0.322 1.995 38. 155 0. 490 2.127 2,149 2.127
2 18. 301 0.186 1. 647 32,010 0.238 2.375 1. 546 1.621
CEEMDAN
3 18.136 0. 408 3,774 30. 342 0. 606 4,697 1.376 1. 434
4 15. 855 0. 258 2.072 22.767 0.329 2. 480 0.776 0.774
1 23.672 0. 480 6.502 42,001 0. 400 5.673 2,067 2,127
LocalM
ocaiiiax 2 24.068 0.098 4,845 33. 256 0.168 4,117 1. 036 1.621
boundary
3 18.593 0.473 3. 841 29, 067 0. 594 2.749 1.181 1.434
detect method
4 16. 048 0. 321 1.881 22.585 0. 861 2.500 0.737 0.774
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o Surface echo Bottom echo
Denoising .
ethod Group  Position /  Height /  Width /  Position /  Height /  Width /  A&di./m  Ady,/m
e
ns \% ns ns A\ ns
1 22.708 0. 445 5.003 40. 684 0.527 5.136 2.027 2.127
Improved EWT 2 19. 467 0.151 2.698 33.992 0.231 3.195 1.638 1.621
method 3 15.563 0.446 2.258 28.726 0. 644 2.379 1. 484 1. 434
4 16. 084 0. 386 2.110 22.284 0. 848 2.777 0.699 0.774
SR I TR B S = ol oA Mt L ok b TR B 2 TR [2] Zhou G Q, Zhou X. Principle, technology and
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Abstract

Objective It is difficult to reap the target distance and features from the shallow-water LIDAR echo signals with a
low SNR, hence noise reduction is imperative. The noises in full-waveform echo signals caused by the LiDAR system
in our laboratory can be divided into background noise, detector noise and preamplifier noise. Background noises
stem from artificial light sources and the scattering of air, target, water surface, glass pentrough and mirrors, which
are usually filtered by optical filters. Detector noises, such as shot noise, thermal noise, flicker noise and composite
noise, are generated by the photons of the light source and current carriers or thermions of the device during the
conversion of the optical signals received by the detector into electrical signals. In the trans-impedance amplifier, not
only these noises in the weak signals will be amplified, but also its circuit devices will produce new noise. While the
echo signal obtained by our experimental system also contains a natural frequency (eigen-frequency) component,
which is represented as a signal that changes over time according to the law of sine or cosine. Except flicker noise,
all other noises can be regarded as additive noises and conform to a Gaussian distribution. The eigen-frequency is
much higher than that of a full-waveform echo signal, and the decomposition and reconstruction method can be
consequently utilized to filter out most noises at high frequencies.

Methods The processing process of shallow-water LiDAR echo signals comprises echo signal noise reduction and
full-waveform signal decomposition. The extractions of amplitude, position and full width at half maximum are
associated with the distance and characteristics of the target, accordingly the procedure needs to further fit and
optimize. And noise reduction of the model signal and the measured signal can be considered to verify the usability of
the EWT. First, the improved boundary detect method of EWT based on the frequency characteristics of shallow-
water LiDAR echo signals and established Gaussian LiDAR echo signals was used with MATLAB. Then, different
algorithms were used to address same signal with a certain signal-to-noise ratio and ensure whether the improved
algorithm is suitable for our echo signals with different noise reduction performance parameters. In addition, in order
to further test the feasibility of the improved denoising algorithm, a self-made LiDAR was adopted to indoor
bathymetric experiments. After decomposing the measured signals by EWT, the high SNR echo in the first boundary
can be used to decompose full waveform signals, the system noises in the second and fourth boundaries can be used to
estimate the noise levels, and the natural frequency components in the third boundary can be used to troubleshoot the
fault of the LiDAR system. Finally, the peak and the full width at half maximum of the full-waveform decomposition
signal (clean echoes from the water surface and bottom) were calculated using the frequently-used LM algorithm.
The time interval among the peaks contributes to measure the shallow-water depth, therefore a comparison of depth
measurement errors can be acquired.

Results and Discussions Common noise reduction algorithms were employed in the processing of the signals
established by MATLAB (Fig. 2). Compared with other algorithms (Table 1), the improved empirical wavelet
transform is advanced in the performances of computation time, cross correlation, MSE, MAE, SNR and PSNR.
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Adopting different algorithms to address the measured echo signals from the shallow water (from 0.5 m to 3 m)
(Figs. 6 and 7), the echo signal was decomposed into the clean signal, noise and natural frequency components
because the improved EWT was used to decompose the actual measurement signals in different frequency bands
(Fig. 8). By comparison, the bathymetric measurement errors of the LiDAR system are less than 0.1 m using
different denoising methods (Table 2 and Fig. 9).

Conclusions In present study, the improved EWT detected the boundary according to the frequency characteristics
of echo signals. The functionality of the proposed method was examined by processing the model signal established in
MATLAB and the measured signal from the shallow water LiDAR system in our laboratory. High performances of
noise reduction and accuracy decomposition were actualized by the method, and the measured echo signal was
decomposed into different components (the useful echo signal, system noise and eigenfrequency component) with
dissimilar effects. After filtering the noise through the improved EWT, the data processing time could be shortened
and the measurement error of shallow water depth could be cut down. This paper mainly shows the applicability of
boundary detect method based on EWT algorithm in noise reduction of LiDAR echo signal. However, the setting of
WT in EWT algorithm will influence the performance of noise reduction and a further research is needed.

Key words Remote Sensing and Sensors; shallow-water LiDAR; full-waveform echo signal denoising; empirical
wavelet transform; natural frequency
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