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Review of the detection and removal methods of raindrops

attached to the lens surface

LI Zhong, OUYANG Bin, QIU Shaohua, CUI Xiaopeng, XU Xinghua
(National Key Laboratory of Electromagnetic Energy, Naval University of Engineering, Wuhan 430033, China)

Abstract; Visual system is an important part of autonomous unmanned system. The raindrops attached to the surface of the camera lens will

produce artifacts in the image, resulting in the degradation of image quality, which will significantly affect the performance of the visual system. The

detection and removal methods of attached raindrops in recent years were comprehensively and deeply researched. The essence of the problem was

condensed, and the existing raindrop imaging models were summarized. Different technical methods were sorted out from three directions: model-

based, data-driven and camera system-based, then the development of deep network model was summarized from two aspects of network architecture

and loss function. The existing datasets of attached raindrops were summarized, and the performance of some algorithms was compared through the

experimental results. The main problems in the task of raindrop detection and removal were discussed, and the possible development direction in

this field was prospected.
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Fig.1 Imaging model of attached raindrops
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Fig.3 General process of model-based methods
Fi 0 T 72 A P S 36 R TR 53 3 v i
AR R 978 DXCAB, SR FH B 2 AH S A A 361 I A6 T H
FCAR R o LI 0 Ry BR PR T AN REAG I BH 5 75 55
AR TR, O AT 2 ] A R AR A AR /N
SCHIRT 29 1 feff 2 75 8003208 Ok 4 A W ¥ s 29038 1) )y
3B S AL ASHRE , I8 LB bR ic [R) 7 (8
DEAAR I R AR, $5 5 30 2ok B 4 s I 4D TR S
MR, IRz g i) — Btk . PRz ki
FHTAT 3 RN I R RO R D' 7 B 1% F T
iRl
2.1.2 ATMRAFF) 697 ik

B 1 T8 20 % B A T i 2R A A D A
A — L8 43 6 AT 90 AT AL B 7 s, 3C
BR30 ] R H Iy &1 X i Ak WiAH 58 . B Ak DL %
T ARAGLIN 5 20 PR 328 5l A= 0000 w14 B 6 T O
AT 5 AR A 7 DX S Ao SR P B A A AR DL T I
AF R BTGB 52 55 07 bk BRI B S H 5
IR o R T I T Iy xof K T A 2 %) T e, g
PAE T s R LS & (U0 2 5% 2
) o SCRRL3T =32 [ 04 1ok A BRI KR Z
(] PR 28 A , 2 B T 1 208 424 118y DX o 5 P[] ) 9
# , Hom AL B L AR P X8 1 2. AR
WA T304 7 — Mgk, LA 20 ~ 30 (457K
R - ] L R R, R R R AR B i
T A BB GOR S 1508, AT 2E — 25 B i
JERRIS R A2l . MR P X SE g2 R S i —
oo 1) P s ] 5 22 AT I VR A ) B
2.1.3 AT EhaBGe ik

DA 56T UG 90 RS 4 1 5 ik 38 ST
FE5T BT MG B — BOILAIUT 51 g il 1, A1 T 5
S0 R R IF] TC A £ S S5 BRI 3 G DU 25 5, 3k
T3 EETOHE T T B PR AR A T T A 0 A 2 R
SCERL33 J4& 1 —Fp AT ZE MR T 3 DA
o FH VA% 1 B P15 B0 3 T R ARG I 7 123, ) T e
K & W {H X 18 ( maximally stable extremal
regions, MSER) 47 (8115 73 %1, R I 7€ 1 46 Fir M
3 E4E R ARG I H BT R o ik e A DA BRI 5]
B LT B A YRR TR R R AR, 3C
R [ 34 ] 5T FIH A 2 Z RO RFFAE , 45 G R 4>

T 252 b B AR R 3 R0 [ 405 2 A ) 5
5, XoF B P 5 e 0 B R R A T AR . H R
LSRR A T ATE 10 ~ 160 R Z 0], H R A5
—HIRGIEEL G 6 T H AR AR RN S B TR 2
TERE I8 22 o WAk, HAE 2 2% 15 5 1 A0 T A6 6
B

BT RIRIR 7 1 BB U AE T ICAURAE R
I BRI GRFE A TR E R 2, T % /N Be &l
PRECHAT 3], £ 200 B P14 AT T i AR
SRR T BAAFTELA T A

D) HHRRCR A R %G R B 2 B8
P A TR I A, 455 R A D P LAAS: I 0 2
I F T A AR AR S R TR ARl A

2) A MEAN R o R A R ) A A T X
FE TG B ROR A, SR TS BN 6] R/ JEARFN
PRSI ARG R 37 50T, R SCR A AR
AR
2.2 ETHERIGIE

FETRE B B 14 5 v T 2o 7 T TR I A
AL R TR A bR 1 09 R T ([F]—3 50 9 i
PRGN R ) 11 55 LR BT 408 2% ek 4K
NZRIFOUAREIY , A1) PSS R 538 A9 4R 1IE 27 > BE
FFIRRE ST, 2 BRI X 00T A AR 3l A
SO, HoAp B4 W 2% (convolutional neural
networks, CNN) F1 4= 5 X} T W 4% ( generative
adversarial networks, GAN) 435I fE4E% @ B4R AE
PEERE ) MRS WD I I AR, T T RB B A .
TR P T 17 40 BB AR R S 5 R TR X R X
S RN S5 I, AR5 JE A CNN GAN S50 2 bR
T, O AR T e R B R, KT CNN A
GAN Hf SERG bR 11 1 GO R I R A, BH A%
T HAEEER TR RN . T2 B0 T e A
55 B2 2T W 5 i X T AT R4,
ASUfofE R Pl Pl 5 3k e S 00 T v 2 Bk R RS 1B A2
2 R SR g D S P 2SR X 4 455 80 A i
AR R 58 R
2.2.1 BB EMETF ik

SCHRL 1S ] 248 56 3 2ok )11 25 45 BRpi 28 1) 246 O fi
PR BRI P AR B TR NI 2R 8 25 BRI, 4 1Y
CNN BRIy 3 JZ 4L, #5247 512 i 4oe, il
JFH S iR PG OR []— 375 5% T 6 Bz ) TG T i R A B
(9 EUG AT AN ZR IR 28 - JH ¥ X /N T A 6 1 T 795
FRA A R (H I TC TR AL BT 2 2 I R 7
WA, B Ja AR U EUG A AE — e FEE RO REHY , 7% 18
IO Ay 0 4 RASE AT R B 3, SCHR [ 35 1 2 2 1
R RGBT A0 A 28 I £ N S A1



3 ]

PRI A B Sk A PR A R A DR R PR D A 2k - 151 -

1 #/1 ( support vector machine, SVM ) [ [} & 7 1 52
PRI 7 o LA O JEV AR A T AR 1 R R A
(radial basis function, RBF) %f SVM 1)l| % J5 15 2|
S FEm A TER A IE IR, IR L ALy CNN #5
AR , 18 3k 2 2 U R R G 23 S I TR R 2
SVM BYPERE . AR T I 325 70 A4 0 /)N R 75 B A7 AR —
AE Y JRy BRPE, PR O o 4 R R AR, 3
K[ 36 ] $2 t —Fh i F OGS AHPL AN BB S BR
R BRI FR A 715 o G R ALAA 4 R B4R
AT LATA] s 75 2 R 2 P, AT G000 T 37 X 3, o
HFGHR S —(HAE R, B 5 R FH L T Edge Connect
B0 0 DFNet #5894 (g (145 46 52 5 vt — {8
FERR R0 5 b PRI BEA T AL R, L) 25 B3 W R 18
SRR 5
2.2.2 A RMIME T E

SCHRL 17 ] 25 b 3t 45 A0 0 13 2 0 LAt 51 A A
BT 2 BT — AR T AR R
B B A B X B R 2% (attentive  generative
adversarial networks, ATT-GAN) #5%I  ZE =5
BT B35 5 A B 0 28 B0 56 13 R ¥ DX 3, 4]
I3]0 4% BBl P AA K S X I S A — B, de
A R R Y 2 TR AR . AR L SCERL 1S ] 32
1) PR 2 AR G2 A R ] LA AT 252 Bk O T AR 285 1) T
T, JF HAR A S R o S i — 25 AR
BEALE 55 R 1) S 80 B AP TE S A R IR 484, —
SEFERE E BRG] T HAE T BRI BRAY SE bR LA
RN o At , SCRR[45 1§y 1 — bk T 224>
2] WA OB I 25, T T 25 B EUZ b 8 BB TR
o 2T {60 AR 10 248 2% > R T PSR N T4
TR Z IR 22 5, AR B T R
) 590 P9 2% R FEVREL I i o T Al PR o o A — i AR
JE B T AR RS B 8], s A AN
SEF AKX ATT-GAN H5E 5 (1% [ 48 235 14 370 47 4 %
A, R s R A PERE
2.2.3 ¥UEERBEESIZ L

CNN Fil GAN J7 i ZCRN 20 bR 1) 15
XEEATINGR, sz xs et 2% 05 i N AR TE AR
i, 55 W B I TH G ) 0 T S AL 5 S5
SCHRE 37 14— R 7 2 ML) i pIL il [ i
et PR PR 50K 50 03 T8 PR AR 48 T CNN, Horr,
TEAR B 2 1 3 5 0 00 05 1) P B AR S B ek
0 (S T 5 0 A HE AR AL T 8 SR N i 2
PORRAE, AT D4R v B 2 1 B B k. 28, 3¢
R 38 ] 4 H — b Bk 7 555 M B 2% > B WO 93 26 B xt
PP, 308 Jek A N R A ) 8 A 7 A TR O R )
B, 5 G IE AN A (8] 3 P R A s As #b

N, MIER SRR, 255 & B i, 5
SCHRL L7 J 42t i i AH L, IR DT AT 2 EIR
Xof Ay e v o A, e J A ) A I o
SR TR A A5 40 5 %, HOH BRI A i
TR AR, SCHR SO ] $2 1 T —Fh
AR R R A B ER G W 280 2 R B i [R5
TR . A A SRR G ERAE R A% — R a8
SR AT LA BRI BT BRI . O T A4
272 b R W SN RGB JEE 4640k YUV i,
i 25 R AET YUV S50 H )52 BE 3, 1A 2
A1) RGB i iH , i i i o R 25 U 1 3R
A R RIOR

AT BT RL () J5 ik, B T8 ds 9K s 1 7
TN X T T R RS AN 52 2 AR, R TR
Do) 28 ST 5i K ) AR A1 2 > NIRRT, W L H 3
HFRERENG A [R) 2 U RRAE , 2% 2 S A 5 i
[F) P AL S5 5 R, A s e Jo o ) 2 T AR IR
Jr Bz ARRE Sk, TSR A (BT A
PURA A :

1) 28 455 30 1 S0ORAR R BE 1 RO I b
A1) 5T AR

2) A G B R RS A B T 1k A B
Ik
2.3 ETRBRZENAE

FET AR R G 7 Pl A Rl A5
&, LI ZAHNERR RS = G HRAR R G A R
BR G5 W E — 5T AR EGT 51,
FHEF— 7 1 24 SR SK A 0 T 9 X3, AR e R R G
JF 5 IITR] T A (5 8, 308 5 4ot R i DX 0k 2 B
MR B R BRI r T SRR o ISy ik G S Ak
T—E MR, R 8 E RMRIR RS, A
Kid A bR TREN H o BeAh, B2 kI T B4
FP A, Tovk i T B R AT . AR — R
S, WSy i ) J B (R REAE T B T 3 i A
MEER,

SCHRL39 —42,51 ] X AL Sk 26 18 B & 1 75
M RBRIEAT TR KB, BYEd 26
AHBILRT ] — 37 S 46 G, 0 FH R DX 357 A
T Az B ) T T AT R I A 22 B SR it
AT AHALIRIEE B AL 08 /)N, 75 B FE T I A [A] A
LR R G L T A S R 22 SR . (HIEAE
FOT I ST, AN R AHATLFA B8 A B 18] 374K 22 S o1
REZ0 0% 5 LA, 75 240 B 22 S AP (75 0 1137 5%
TR, TR R AT MO L M & B R R
ARG 2 MHIRG RS . B eths—ig
55 UG B IR O I 5 P B AR — R R



<152 - ES I S = o

5545 &

2oy B A i LA TR, A6 DN RT RE A 7E TS
T 1) DX 38k 5 o i 0 e 5 5 1 R €] ke 5 BRI
S AR BEAR LA Jie e ot i B B A 2 B AN 2
KU o FUJR BRAEAE T BT AR LIRS 1 B E
Fofsw i, o R REM I TSR . X,
WPt — BT, R = B8R RS, X
BRL4L B T —Bhod HT T 3h 25 5 5 1 W& RO
HIEBRTT %

T AT BRAR S St S MR i o
SHAZIH, SCHRE ST ] e S7 A S5 45 28 ek A I A1
LR T o 5T AT AR Sk I A 2
VUK ST S 15 B 2 THT 22 18] 14 8 SR A
A T, % R PR P 5 DX 31 8 B £ T
DX ek 1 L BRI H AT o 120k A2 i i
TR 7 RS 2l 1 2 o R T (B TR i ]
B LR AL B B S (R — T A, 3C
MR (42 2R A AL 5 i R A TH B AR AL I iz
2y, 8 A B A R R - A 4 A A A T 1 1R
HR AL A A 2 5 S — I 2 P RO AR B
T DX I, Sr i FH s XS0t 7 8y P 5 5 Bl A
e, LUK LRI o

BT RE RGN INERE T AR B ZAH R,
REAS At RS DN T 9 DX 38, >R o ] TC A £ B,
Bt 77 UL BR T , Al LA g P A8 2 e 1

O S IX o SR S5 ¥R JCRE AR G 3 X B 75
A G5, MOk, AR R G —E R IR
il ¥ bR RN

3 REMKER

T8 3K FE T I 25 T T 1R R 2 B AT 55 o
S TRCR IR 0 0 TR 2 ST 5 v A AR R BT R A ¢
RRICR AT SR A G . TR 25 AR5 14 17 4%
A 54 RBC SR I A B (2 ST RE ), AT
P HRR A B 2 TR RE
3.1 M%K%
TRIE P28 B0 R J R 3 — i M Tl
52 R 19 O 2% B0, S IR 22 1 41 1 IR0 4% 00 11427 5]
BEd1. TELRMETTH, HEEW. XEST%5
fﬁﬂﬁﬁﬁ%ﬂﬁ%#%%@%%%@%ﬁ%
W2 35 AR I 2 | 22 [ A2 000 4% 33k 0 ) 4% 46,
4R
3.1.1 EEME%
BIAGE 22 P 24 St AT Bl T R R 1 2 TR
£ AR L)1 5 P 7 5 L SO S 4 A A
L, ) 6 430 B 4 B PEBE . DetailNet™ > 5] A
T ERE M 45 Fl— AR CNN 2 B T %

(LB 4(a) FIE 4(b)) o ATT-GAN ™ ffif] U-Net
VR HE e B FE AN AL, ml LA SO Rl 2ok B A
IFi] RUBE 45 8 LA SR B 42 JRy R AR, (] Bf 348 BB DR )
FRAT (WK 4(d) ) o BBIFEARE - SCRE K
#% (recurrent squeeze-and-excitation context aggregation
network , RESCAN) ™" 5| A8 11 2 A1 HLI , AT
A TEL TE () (AR R ASCERL, B G b R K RO
JZOr I (WIE 4(h)) .

3.1.2 EHEM%

I 2% 1) i e T A A AR A R B ) A%
LI RSy QR T SR ]| 4 R A i S |
GBS T ARG BIML (WLIE 4(g))
5 25 2 A I 450 Mg o A B A B B 25 I 245 v
(JLP 4 (i) fESCHR[56 ] v, B A Bk DL i IH 119
i (W 4 (k) FE 4 (e) ) s 7ECHR[ ST
Bk 2E Bt DL I 07 SR 5, 9 HL e R I
it 12 ™ 4% (long short term memory network,
LSTM ) > 2 AN [) i 1 (DL 4 (F) )

3.1.3 %H%ZER%

IBAL R AP AL AL 35 AN [] RUBE FIIE AR A T
Dhg, Hoh/INF i AT Eh ) 4 RS2 B A /N R
FRFE 3 KR AT R R I 22 A AR KRB AFALE
2 BRAR I 28 DR TP AN ) AR AT A TR A 4 I
RIS R B9 RIS I PR A & D 1wl 4 , AT LA
30 3 I [7) RUBE B8 AL B AT S50 A 4R A ) FA 2
R o FER 4 (e) AR B B A BA AN R 1Y
JESZ B 0] DALE AR IR 42 R 5 5 4 [) I (R 45 Jmy 7 4
F2TT o TEIE 4 (g) Hh, 23 A TUA AN [R] D7 1] SR 4
PATE A 58 1105
3.1.4 #H)jams

AL AGE IH A4, AT LSS 43 A IS 18] B B
RJZ A A RO, 5 B 5 e 3t 0 B TR TR D 32
TESCHR (53,56 =58 ], 3 A B DL gt I A9 5 X
EHRG, WA 4 B 4(k) [ 4(e) & 4(i)
PR o EZEHRAT B Be 44 , LAAL B G AR b )
G5 B A W R TR . A R AN [R) B
)i R s AL B 5 R

B A(3) s B A Jm s 404 5 784 25 B i — f B
PRI 2 R A R B B LA T 25 W 14 o 3 o
RIZE BT AR R R 2 B o B A R R AE T
SR N S B YRR A AR
3.2 RKREH

A A BT L) R
B 5 S PR ) 22 B, TE IR TR B 2 > O vk
BRI T LRR A 5 2% e KIOR ML 19 2%
BRI YNGR, e 2 R



%5334 PRI A B Sk A PR A R A DR R PR D A 2k - 153

a0

(a) FE2H (b) GG B2 24
(a) Residual block™ (b) Cascaded CNN™!

BRI

(c) TRz g (d) U mZk 27
(¢) Contextualized dilated block'®! (d) U-Net!'"!
(e) BIARZ () Wik ) w7
(e) Recursive network ™ (f) Progressive recurrent network'””’

(8) ZHBmEML (h) SRR bR ScE A Mg
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Fig.4 Network architecture commonly used in existing deep learning methods
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Tab.2  Loss functions commonly used in existing

deep learning methods
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A B AP IR SR A T — A LSRR IR KO 4R Stereo
Dataset , Z55 £ £ 50 000 AEE*, ] AELR
(51 = 8 e g N R R €1 S RS MR €17
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Tab.3  Quantitative comparison of seven models

Test_a Test_b
WiReS

PSNR  SSIM  PSNR  SSIM
ATT-GAN'™! 24,913 0.884 24.920 0.809
WSRR-GAN™ 29,204 0.916 25.246  0.833
Pix2Pix 18.164 0.745 18.630  0.685
UA-GAN!®? 23,968 0.770 21.678  0.690
AG-GAN'™ 25.099 0.822 22.720 0.738
SA-GAN'™ 25.560 0.847 22.771 0.753
DuRN-S-P)  28.077 0.887 24.652 0.824

5.2 TR
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LT DA A [R)ASE 50 (0 BB 2R 4T 320 o M %
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AR AR R ISR 2, 5k B 4 TN
A RE LB, o Pu2Pix LT B A AR L
ATT-GAN #5140 2 f (1 P45 8 1 i 1 R A 2, (HL
JESTE SRR T X 3 A i/ D5 . DuRN-S-P
F1 WSRR-GAN 3 P A 70 3% L e 1 20, B 6% 5 B
JUT-HTAG BT , A s o 1) SR . DAL
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(a) Adherent raindrop images

(b) THEREE
(b) Clean background image

(i) WSRR-GAN™®!
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Fig.5 Qualitative comparison of seven models
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