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Abstract: A side-scatter lidar is known to have evident advantages over other types of lidar in atmosphere
detection. However, the signal of the side-scatter lidar may suffer from the noise as all other lidars. It is noted that
the original signal of the side-scatter lidar is an image captured by a CCD camera. Therefore, denoising the side-
scatter lidar signal may need more efforts than ordinary radar signals. In the paper, a denoising algorithm based on
convolution neutral network is proposed for the side-scatter lidar signal. We combine the residual learning with
batch standardization in the network. Further, attention mechanism and activation function in the network are
optimized in order to improve the learning efficiency and the network output performance. Using the proposed
algorithm, we successfully identify the noise and separate the noise from the simulated lidar signal. The signal-to-
noise ratio is hence increased. Simulation results show that the peak signal-to-noise ratio is increased by over 5 dB
using the proposed denoising algorithm. The relative error of signal is reduced to 9.62%. The proposed denoising
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algorithm based on the convolution neutral network is shown to be efficient for improving the side-scatter lidar

signal, compared with the possible denoising algorithms based on wavelet transform and Wiener filtering.

Keywords: side-scatter lidar; signal processing; neural network; image denoising
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Fig. 1 Diagram of the side-scatter lidar

1) O B A AE S8 CCD #:lU5 , O I
HRBE ST BROCRAEAR M EERT, M2
MERAHG N HERR . M Eot TS CCD F&
i 2 o WEFR IR, RO TR
N, AESRENRIEROR, (5 SeTBUE LMl R A
Sy Z IR, DA fal 7 BT AT (5 A I8 L B [ e O
R ST RS TN IO TR IR 5 25 MR ) 22
()R Rz 2% 5 5 A B A AR R B AR R,
X R T 2 R, p Rz T B sl R

220341-2



ThEE, 4. S TR, 2023, 50(6): 220341

https://doi.org/10.12086/0ee.2023.220341

R, SEHUE S B S BOR B X OF HEA T T 0 PR AL B
REAS H A R R 50 T2

100

259 o4 e
200,45 o~ 5 M j
0 110

x/pixel

ylpixel

B2 MafonEiss
Fig. 2 The side-scatter lidar signal

1000 i O T 325 100 0 75 5 (o g AL AR P 2L A,
ER AR ORI T SRR | PR | OR M  A5E
HiBRFET L RO B AN BB R AR, {550
JERGERIE S, AENSE I 2R UL A R T SR AT
TETABR; PR B AR A R R, R
] SRR, REAS I M B AR I 5 ORI MRS S
TGRS R R IR Y T B R
U, FA MRS R 5 32 H R FRL O e
SREHARG R, MESIRETC, Beili, 6
38 i AR ML B R A T o S5 = b
R AAALSGO R P Y T2 R ROk, AL AR AR
7%, 2SR A REAG A 22 R g — AT B, o
PEAT AR P (0 2R AR B, faT Ak 15 S5 B i A
RIAETH T IR EERIRCR

2.1 MZIRBIZER

PR 2 PERESZ B NS S5 B, T
P L2 SRR, A SHER AT 2 2% b i ]
THEERREA 52 ) I HLHI B cBAM!™
(convolutional block attention module); [A] B &y fif
TR R VTG pRRCRT BB UM 2T KSR T R B
Ko ) 2% Fefs 55 91 2k () Tl A, (i SELU""(the scaled
exponential linear units) 1 A ¥TE PREL . AN SC W 45457
i 3 R .

I 28 g AR AR S B R R, BB &t i
64 > 3x3 B FZ A &2 Conv (convolution)
FIFT R &L SELU, R BUH ERFFIE, X —id FEgin
RHAEFRZAAHL; SRE 20t 8 MG, -G
e B RUZ L BOE rRECRI i 2 1H —16JZ BN (batch

Noisy image Residual image
A
A
Conv+SELU Conv
A
A,
8— [

CBAM

B3 AXEUEEMTER
Fig. 3 The structure of the proposed model
normalization) 2%, &5&5k2E2=>01k, #ETF T
R, bk 7SO R 2 B s S A
CBAM e, 1 IR R 1 5 1 1 {5 B A =S 1) 45 8
M R B AR ZRAE . B RO 2 e ik il 7
MHREIE R 1 N ERZ, R A k22
IRPEA T, R TIU h  EUR
BR2E G T RS AN 5 B PR B 256 . oh T
PR TR/ N TR RS, AT (RS P LM A 13
IEANAME, SEORERZEELNTETRZE . Bs
RN HARER M R RS, XA THRE
AR/, DR R 5 22 8 SR M 22 I 25 1Y
DA F AR o RIS 522 LA S TR G AN 2~ B AR
REAS RIS TH M 8 B AL 7 > ORI SGH T, FRAR
BREGBE PR AT oK o B R 22 MR RIS B sk 22 [R5 2
[P35 T iR 22 T TP M 28 192 T PERE, T
IETF RIS, HAXFR R

1
1) = ﬁllR(y,-;O)—(Y,-—xi)llz, (1

K, ROsO) I A s,y Y IRENR, x
RIFIEEUR, N FEARSL, 0MSEL.

k2 2% >) 1P (ResNet, residual network) J T fi#
R 28 0 24 2ok TR R R FE AR K IRI R, Bt 28 TR 2
ARG, PR PERE L S AT, YIZREER iR

220341-3



oL, 5. EHL TR, 2023, 50(6): 220341

https://doi.org/10.12086/0ee.2023.220341

AWTFEAR ERIRSE o 524 19 268 R 52 I FIR ol g
WL PRI T 22 BRAIR, 2 RAERILING™ . Ak,
0 268 B R I 45 A I 22 B EU TR B 2 B I 245
GFIINZRRICR o X PR BLG Skt 4 R 48 2 R i
MM IEHAT AR, R ZMEMa kL
TR FRE TR BB AT RUR I M SR AL IR A, i
IR RO HE RIS, TSRO P, AL
il FH A % 22 I 4% S5 A G 5] 4 T/

Conv+BN+
SELU

%

Weight layer

\
RelLU
v

Weight layer

Conv+BN+
SELU

B4 REMGLEMA

Fig. 4 Residual network structure

S N2 PZ s, fk R R A
WA, SEXFPEER RUEAEFR 22360 0 I, HihfE
AN SR BAESEBIN I SE AR, P71k T k251
REAY ORI T B, DATTTORTIE T 0 25 000 26 7 TR B ORI i)
FAIRE S BRI R H AR BIETR)Z M 2% 1
REAZNTRZ 2R AR, PRI EAS SRR rh % 22 ) 2%
T CBAM e 2 J5 IR Z B BB 1

2.2 #ERENL

RGP MR 2RI, BEESHCERT, B2
WS A A I AR AR R ROR 2 5%, 28 24
e W REAOE N AR . RIZR RSB, iy AR

M. (F)

Channel
attention
module

22 S, 2 W S TR R R I RdE o AR
HEALRERS AU IX — AU, i x4 — = A At
Frbriefb a2, (i Hh e N IEZS 0 . A SO 4
JZEAM A T E AR L, RERHRILII SR |
PRI, B T X BRI R AR R

2.3 FEAWH

W25 AR LR A e T RN BE AR OG, EI VR A M 4%
T B A A BAR AR, BB, 2SI RCRE .
TER ML RERE XT3 PR T o S B A0, 3T
SEOIRCR, RN LA R AR . A A X 45 TR
JEHF R A, AR SO T CBAM BEHOR S| A &
WA I B A B K 157 R (1B 1= RE v = WAL Be xS g ]
FER S niE s BiR . CBAM REH i A S5
HIY R RR N

F =M.(F)®FF" = M,(F)®F", 2)

A, FREAGYS, PR EEE s,
M, (F) @ IEER ST EAEE, F2 CBAM Bk
W, M (PRI EAE . R
SRR UG A T 4 SR B Rt Ak A4 R P35 gk, 75
B BT AR R4 BE i HR AR, 2ol BTG PR AL B 75
PR R ER . 23 (R BRI R
TEEIEA T ARERAE, IRt b2 SR P R e 5 T
FUMRRAE &, 3 i BRUZ A B W IR AF P 4
R 23 T PR B A 3] 2% 1R R A MR

2.4 HiEERE

& R B 2 I 45 5 Y TS eR Bl ReLU ™
(rectified linear activation function), FH 44 & #h 25 W]
ZBHAEARLME I FR . ReLU Al LIRIR A

x, x>0
0, x<0° 3)

ATLVEH, R Ex > ORFREE Ry 1, i AL
R, TRESEBBEEIR; Mx <Omf, Hthopiii
BE, EEMEITET, AT RO 2 B

ReLU(x) = {

M, (F)

Spatial
attention
module

F - =
Input feature > Refined
feature

B 5 CBAM %4 H
Fig. 5 CBAM structure

220341-4



oL, 5. EHL TR, 2023, 50(6): 220341

https://doi.org/10.12086/0ee.2023.220341

Xo BASCR A SELU YRR i, RI

Ax, x>0
SELU() = {aA(eX—l), x<0 .
a=1.67 > )

1=1.05

Bl I R RO L A0 1B 6, 4 x KT 0BT,
SELU fY &% AT ReLU, 24 x/NT 0 B SELU %
AR ReLU —FE HAZE 0, M2 & W m= o,
[Fi] s Rk B x B A8 K. A SELUJR, i F
SELU IEEHhANR KT 1, HILEERSH K RSk,
TRAUE M 454 ) 50, ffPOBhEE T AR )R 5[]k 6 T
fdi Fl ReLU 7] fig 2L A M2 ocka K 0 9B, 7
Bi T L5 ASR R BRI

10| —SELU
-——-ReLU

£(x)
N

-10.0-75-50-25 0 25 50 7.5 10.0
X

B 6 RelLU #= SELU *ftbH
Fig. 6 Comparison of ReLU and SELU

3 MEHAFTXESERERD

AR Z2 RS R ) OG5 o FERE T T/
e B M AEY U8 U . VGGI6 (visual geometry
group) #1 DnCNN (denoising convolutional neural
network) EMESIK, FEXFLEREIRIATHI L, b T
AR T AR RE2E 7

JINIBE B Bl PR MR M vk AR
PRGN 75 7R 280 /N A 4 Je B AN [l R P 1 D 2
MRAERE I ARDUAR ST B 55 P AR RS o /N B (R 2%
M 12 A AZ O T AT 0 (L, AR BT T BR A A [+)
AT LA ST R RS (BRI (0 o B (I A oy 25 /N
FBUNT IR A BN, N2 EEE SR, KT EE
AU CR B o A0 I 1k DU o0 /N igl R BRI, 3
VNG R H AE IR S — AR BN Oy
WREMLMEE RS, BSR4 E TR RS
PR, g S R AN SR R I X 07 1R 22 fe
VGG16 Jj&— M i R A M 4%, 15 kse 2l

3x3 BRGNS, TE T /N S B AL
BB R 1) 46 BE AT 84 TE X 45 1 BE 5 DnCNN #£
VGG16 At E5IA THERE A — b fgk 222k, ®
UE T PR B g 5 I 252 I ROR, 3RTH T #Pg ™)
BIARORSE . A SCIALR F T DnCNN AR
aER, BT CBAM M5B, B SIS R RN
SELU, A ULFRA SCHA A DnCNN+,

G- G R R S IR 5 %, CPU BL#h
Intel(R) Xeon(R) Silver 4214 CPU @ 2.20GHz*8, WN1F
Bo &R 2T, Wik UG ALERSE S, /NIt 3 25 M s 5
FAEYN g I 5256 5T Matlab2015 JRASSCZEL, 45 K
4% M 5 52 5 FE F Tensorflow-2.4. 0 Jit A #H € FE |
CUDA9.0 A {43755 1 Python3.6 WA 523, VI ZR4E |
S e A A AR H s Lo 100 2 1 2 1, BEHLEH
labelme A FFEHEAE , iy GG S AHBLAAHE . Ik
£EH 400 TRIEMRAL, K/NR 1280x1280, 5K EIR
VIEIS 32 5K 40x40 K/ KB LR T 25 kR
(batch-size) & 32, EAEL (epoch) M 50, FEEAL 10
AT — AR ARURAE . ASTRISERL I BE X EL (5 T 0
OIS EEMR, D B HRE A Sk, AT
PEAR R RGO 1) 306 7 18 CCD BRI KIERE T .

3.1 CCD E&IHE

R ) 1) SO TR TR A0 SO TR IR R, RBREXT
M EHOG TR CCD BUR#ATI B, i B ot d ik
R TRIFE R 480 mm, WOLUE KN 532 nm, P34
RN 4 W, SEH LS N 1.5 mrad, CCD /K7 i)
BEAECH 800, HeH T MR ZE 1450 604, CCD i
BRGSO R ST /A 90°, CCD g &
S 90°, K SCH B AR A T MK E A
PiEEUR IR 1/40, RFERST86.45 pm X 6.45 um,
Bi Sk MBHE 14 mm, Y400 ) O% B A S AR 4 R
180°HF, il [y HUH5 5 U Ty U1 5 B e 3 A A Ak
KRB, MmO 5 B . SOt R
AR TR ) O B BB, (), R T Tl UM %
BN

Bu(y) =(247x 10-3)exp(_ % )

+5.13%x 10 exp{- [(y - 20)*/36 | % ,
Bu(y) = 1.54 % 103(¥)4exp(—§) .6

Oy FIOCTRIA L A8/ 3sr, ARG E IS N
50st. LA LSRR ABOLE BT RT, MHHEBE

220341-5



AT, 2. G TR, 2023, 50(6): 220341

https://doi.org/10.12086/0ee.2023.220341

ARG S E oA R S A TR IR, A5 3R
MR INE 7(2) Fias . A8 BRER FAR TR 43 50 i A ¥ (E
0, F7ZH0.01. 0.02 Fl0.03 Ky 1 M s (e

R 1, 2. 3) )5, 15 %) e K% 5 5= 7).
7(c). 7(d)o
ME ] LIE H, mE@%f%WL%EMMﬁ

i, B = BT AR B S RPN,
BR BT R
IRRCRAI

3.2 CCD B XIEHME
PR R . A AR

JEHRTE
OMA%%FEQﬁﬁ,N@%%&

HELUE PN 3 T2

W, IR LT SEO M LR

AR SR WA A5 M kL (Pswr» peak signal to noise
ratio) Fl1 25 44 #H{LL B (SSIM, structural similarity, 72y
KPR Sson) 8 T IPFUT LR 1) MR AACR , P
SR I UG MR AR R A e, 0
{BIEME L AT AR R

O*mn
m—1 n—1 ’ (6)

Z G, j)— K G, HII*

i=0 j=0

Psng =10-1g

X, O WEMRIKEFRBIKER KL, m AEIER

RO A BRAERN 2 X LM IR, A3 BN 80 NE T MATER, o HEMRIEVEL, T OREIRER, K RN
g8, RGO ERGIF Ry =4k 1, Biommthm 5 B WA E M B, TR 2 MR SR R AT
e EEAHVCHC . H JRIA] DLAE B (EVE EUS O, k9N SSIM MR iH LB A TS W sk MR 2 B . XF LB B
TR EUSR MG FL AR . oA o Mg R FH AR ME L, Z5HAHRLE . 456 =M S8t LS 8] SSIM.
[2] [E] El
700 700 700 700
600 600 600 600
500 500 500 500
2 400 2 400 2 400 2 400
= = = S
300 300 300 300
200 200 200 [ 200
100 100 100 100
50 100 150 200 50 10 150 200 50 10 150 200 | 50 10 10 00
x/pixel x/pixel x/pixel x/pixel
B7 GAER. () REBER; (b)RAARE 1356 R RE K,
(0) "R A 2 3 2 6 FoRk B (d) "R MR 3 34 09 JoRk B4
Fig. 7 Simulation images. (a) Original image; (b) Noised image corresponding to noise model 1;
(c) Noised image corresponding to noise model 2; (d) Noised image corresponding to noise model 3
A8 Xw:EML. (a) EEME (3k); (b) Ik BIME (BR); (c) 4e#hiEk; (d) VGG16; (e) DNCNN; (f) DNCNN+

Fig. 8 De-noising images. (a) Wavelet threshold (Soft); (b) Wavelet threshold (Hard); (c) Wiener filtering; (d) VGG16; (e) DnCNN; (f) DnCNN+

220341-6



@A, . G TR, 2023, 50(6): 220341

https://doi.org/10.12086/0ee.2023.220341

ety +Cy) (20, + Cy)
(w2 +p*+Cr) (o2 +0,2 +Cy) ’
Hrrx fly R PIIRENR, wH EBIRF A B,
RN GERIE bR EZE, C. CoONH L, BilkorbE
0. SSIM K W 5k MR 10 22 Sl /N M5
PG P N5 1 T/, SSIM U4 2 i .

k1 B Pgw 5Tt

Table 1 Comparison of the Pgyz images

Sssmv (X,Y) = 7

Denoising method P\ /dB

None 19.99
Wavelet (Soft) 24.73
Wavelet (Hard) 24.88
Wiener filtering 23.54
VGG16 25.19
DnCNN 25.26
DnCNN+ 25.87

% 2 B8 SSIM 3tk
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A denoising algorithm based on neural network
for side-scatter lidar signal

Ma Yuzhao", Zhang Yanfeng', Feng Shuai’
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Side-scatter lidar signal and its denoising method

Overview: A side-scatter lidar is known to have evident advantages over other types of lidar in atmosphere detection,
especially for lower atmosphere. For a side-scatter lidar, a high-power laser is normally used as the light source. As the
charge coupled device (CCD) optoelectronic detector is used to capture the light backscattered by the atmosphere.
Correspondingly, the original side-scatter lidar signal is depicted as a 2D CCD image. The 2D CCD image of the side-
scatter lidar may suffer from the noise as all other lidars. Therefore, denoising the side-scatter lidar signal may need
more efforts than ordinary lidar signals. The extinction coefficient profile can be derived from the CCD image. With the
help of other auxiliary techniques, atmosphere features such as wind speed and meteorological optical range can be
obtained.

In the paper a denoising algorithm based on denoising convolution neutral network (DnCNN) is proposed for side-
scatter lidar signal, called DnCNN+. The DnCNN+ uses scaled exponential linear units (SELU) as the activation
function of the network in order to avoid the gradient explosion and gradient disappearance that might happen
frequently in the traditional network. On the other hand, convolutional block attention module (CBAM) is used in the
DnCNN-+ to ensure the efficient allocation of the computation resources in the training process, hence increasing the
learning efficiency. Furthermore, we introduce residual learning and batch standardization in the network to improve
the network output performance.

For the denoising strategy, we identify the noise and separate the noise from the simulated lidar signal. The signal-to-
noise ratio (SNR) is hence increased. The denoising performances of five methods, including wavelet transform soft
threshold, wavelet transform hard threshold, Visual Geometry Group (VGG16), DnCNN, and DnCNNH+, are evaluated
for the signals with SNR of 0.01-0.03 dB. VGG16 is one of the classic convolution neutral networks. Peak signal to noise
ratio (PSNR) and structural similarity (SSIM) are used to evaluate the denoising performance. Simulation results showe
that the PSNR is increased by over 5 dB using the DnCNN+. The DnCNN+ has the best denoising performance in terms
of PSNR and SSIM. Additionally, it is also seen that the DnCNN+ has smaller network loss than the methods using
convolution neutral networks, VGG16, and DnCNN. Furthermore, the 1D signal photon number is retrieved from the
CCD image. It is shown that the DnCNN+ has the smallest relative error of signal of 9.62%. The proposed denoising
algorithm based on the convolution neutral network is shown to be efficient for improving the side-scatter lidar signal.

MaY Z, Zhang Y F, Feng S. A denoising algorithm based on neural network for side-scatter lidar signal[J]. Opto-Electron
Eng, 2023, 50(6): 220341; DOI: 10.12086/0ee.2023.220341
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