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Review of task-driven imaging sonar for underwater target

recognition approaches

NIE Wei-zhi, YIN Fei,SU Yi-shan
(School of Electrical Automation and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: The target recognition algorithms and the major problems solved in image classification,

detection, and segmentation tasks for side—scan sonar, synthetic aperture sonar, and forward—-looking

sonar were described. By combining the imaging characteristics and application scenarios of different

sonars, the strengths and weaknesses of the target recognition algorithms under the corresponding image

processing tasks of the above imaging sonar and the key issues that still need to be addressed were analyzed

and summarized, and its future development direction was also looked forward to.
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75 a7 Chan—Vese (CV) 5 #14 XU A% 1T %% (Style
transfer, ST) ™4 o A6 W 55 32 A A5 AR UG e (Tem-
plate matching, TM)'' | B4 ik 28 81 )6 26 45 % Y OL.O
(You only look once) "4 . 43 E4T 55 v 2% F T /R
B R B ¥l (Markov random field, MRF)™® 7K 3
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Fig.1 Imaging schematic of SSS
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Fig.2 Major works in classification algorithms based on SSS images
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3 W HIE KT AR T3 5 i LA A5 A
Z M 28 R B bR RN IRE . R, BT
SSS EUE o3 HE R 5K, AR 5 B A 18] B bR B AR 22
BB /N, DTS BOVC e A 0 2 1, Rt TM 58 B g
A — W R BRPE

FESCHR[12] 7, 43 28 T 5 SR 1 — b 5k 7 4 26
FI4E A 19 Dempster—shafer(DS) BLig#E I . DS IE
it RS DB B R AR 43 A 2k N7 A T 4R L {2 SSS KR
1) 22 MpRe ik B A G, S B0Z 07 15 b B SSS
BRI AT

532 SSS KGR £ 58 ML 4r K 8 50
SF 25 1 AN 432 2% R A A Y DLt My (Bayes) , H
Hil & A —FoET 89 DL 387 9 4% (Bayes net) BEH A 7]
HE 1 BRI SE FEAE AR 4l AR 23 A7 18 00 A B G DA S R
AIEE Y H AR 4y 2505 58 2 B0 A A BE L AR AR (Ran-
dom forest) 15 8 73 2 ReliefF 534 L 1k 1 1 IR ¢
fiE 5 55 3 Fh 43 26 2% 3R 1) & HL (Support vector
machine, SVM) , M &8 T DL L P43 25 8% , SVM
5 Z R AR AL 3 05 1k 456 S T8 0 o 2
B3R . SVMLE 73 2K i #E47 Sobel 3§ i 4k 21, n] K¢
S RAE R TR 92. 8% FIH SVM X M
m P 5 B R S0 B REAE A 2 Ao R AR R R
95. 6%, LAk Ry B, 45 A R Y S0 AE A
[0 5 B, MR R T R T 1. 05961

5 F T IR IURAE AR L, B 28 I 25 4 KR A &
VB A DL 2 2] TR 2 G, & i M T S R
fiE, B 270G BRI A S S T R i s,
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1k /N B R 2 W 4% (Wavelet neural network,
WNN) |, % i i 50 88 90 19 °F 24 43 28 o 0 2 R
93.3% o I XF LBy NS TR 43 26 35 5%, SCHR
(20 ]85 11 T PO Rl OAS [A) /) A4 R pl 28 19 2% (Convolu-
tional neural network, CNN) , 32 55 3iF B 78 /> BE AR
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Y2k CNN B Hls A B, 25 ) i s A ot 045, I
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Fig. 3 Major works in detection algorithms

based on SSS images
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A Ry i - A A8 e (Percentage occupancy hit—
or-miss transform, POHMT) 34 5& H #5 # 5 52 X
85 B8 X3, FF R ] Tsallis 8 A & A 3 5 52
POHMT 1 fic (B (E AR I H A o 3207 W0 (8
38 AR B BURR 75— 2D O Ak R e R W

DL b SRR T 8 O i SRR (B
T 32 0 50 o DA RS B b F 2 2 RRAE . Sa-
was 552 AR R Viola-Jones 5] A SSS
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la—Jones i Ml #% X DX 3l 5 8 0% A7 & X, S B0
HICA, B 8] S 2% BE ad i o SCHR[26 121 YOLOVS
VE Ny FEMERE AL, 22 JORE FRAE Rl 38 437 1 4 F% 0 2
£ T SR AE 22 ) BRI B R AR, HOX R A
PR RIS, B2 5 B AR 0 il G B Al B . 76 S
BRL27 1, Sy e IR e 75 e 2 % 7 P 450 A T 20 2R
M52 e, B T 1 M 7S X BT 4% (Noise adversarial
network, NAN) 5 A 5] A M i) I 75 He (Noise
block, NB) , $i i £ i irf ity M 75 €8 o i T4
T SSS EHUE A AL FE IS, iF 5 22 AH 56 L lb HR A
I, R BEAR AR T A |, Jiang 2529 4 Y 3k F T 8o
>J (Active learning, AL) Y K I 58 7% o 1% HE 42 i
FH 3576 1 A 7 BHE w0t BB AR A5 5 1 4 A 1 4K
Y CNIN A 2 A 45 51 8 B o kAR #1528 3 1|
EZI I 0 N =

I EEAE 1 3l B AR R 50 (Automatic target rec-
ognition, ATR) & £ h ] 2| i & 75 mh 45 451 1l .
SSS i # # B AE J6 A K T AL AT #% (Unmanned un-
derwater vehicle, UUV) #1752 0 H AR 00 . 48
11 2 B 47 & D 2 A5 6e ) 45 BRI, SCik [ 26-
28 142t ¥y KA CNN #8547 [F Ml . Topple %™
2% YOLO BB A7 B i ) M 2% e it 22l
] 52 BRAE 47 5 3 %% CNN. SCHk[30] 42t — b
FI 38 1 R AE 38 58 X 46 AGFE-Net, ‘8 T W3 i 37
8 22 ROBEFRRAE B2 BUCHE R T 2 AL B DB B R
E R B R AE o Horh  RRAE Rl & 58 43 2R HI AL n]
FRAE & 7 35 M 45 AT 1R 2 MR JZ R AEAC B, &2 Ry
G B b Ak B B 6 4 SRy AR RN, [ A R A
TIE Fil A B S 9 7 I PR 22 ROBE SRR Rl o 3% I 2%
2% 2% B SF ¥ K kS E (Mean average precision,
mAP) g 96.83% , & £ AT 4k B 67. 28 MK HE , 5
H i H At 77 52 A b, G DN v ff B B R LR LR,
AP BRI Z R B e, B2
b A BA 5 b R AT 8 P DN, mAP fREFLE 9526
it
1.3 KTEGHINEZE

Pl 4 JE R T X SSS BG4 B 4 1) 32 22 T
fEo BESIRE—-FREFILRM, BB ERZ
() P AF 0L BE Rl 43 o 5 T 28 0 T M SRR . SR
[31]2R FAM £ ¥ (H (k-means) B 25 6 SSS
PG 3 %1 R B2 XL 5 DXORINEE JIC TR I X . Celik
SEHE k-means Bk 43 B 2Z 00, R GE R 3E il

/NI AR H (Undecimated discrete wavelet trans-

form, UDWT) 15 2| B £ 2 X 1L 5 A5 B AL
TP R HT k-means B9, $2 FF 14030 20
B % . MRF 70 15 E 2K 00T K H %, (H MRF
FIhSH B — SRR NBEAR R, it
FAZ SRR R MR FR 45 . Mignotte 55 2
— 43 2 MRF #8855 — 20 R kAR A Ak 0t
(Iterative conditional estimation, [CE ) $ A X i 7
53 A 280 MRF Se 50 2 B8O A7 A6 11, 55 = 22 A
FHAS P47 19 2 80K SSS BG4 5k B 52 1 i
TR M X, T SSS EHER o3 BER B, H A2 38 B
AN TS FOHCBE M S T, S B R R SR A F H AR
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Fig.4 Major works in segmentation algorithms

based on SSS images

IR AR bR TR B i, 22 R T R A
F LT 4 2 A S R 9 51 A SSS IR 4 . Sk
[34J7EAL 48 CV BE 2 ok &5 38 s 307 5 2K Bk B
#L17 (Gauss—markov random field, GMRF ) $2& Bt {1y
SUHLRRAE IO, SR fifk oA B R /ME DL it e Ak 2] H
P DX IS 943 81 . AR SCER [ 34 18t Y Oy i mT LA
e A F N G ROR BT ) 2 4 B k. SSS
P8 53 A B 3 W 32 3 K B MO M 75 5 0 B8 7 AT
ANEIETR R o BE XX e Pk A, SCER 35 48 AR
Jry 0 34 {EL 9 BE € % (Nonlocal means—based speck-
le filtering, NLMSF ) % & SSS 18115 A Ht KE W 5
It R k-means 5 2 5 )5 7 41 J& #& (Region—
scalable fitting, RSF) = 2l #& 5 455 54 2% 45 (1) 43 %I
W .

W6 & DL i 2%k, SCHk [36] 48 i — Fh i &
SSS K& 4 E Y 42 4 B 24 ) 2% (Fully convolu-
tional network, FCN) . 1% J ¥ 43 % U 1 K N
91.62% , i 43 FNBOR L T 58 7 ik, B4 B
MR PSS R MR SR . A I 4 R EE 18,7 MB
PIAE , B0 B[] 4 27,9 ms. SSS JEJF R M H
P48 AT 55 I, 38 A 12 B3k A B U A2 B 1 Al
PEF- 5 S2 i 38 B B AR, B FCN B BA H
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B Iz FH Hh SR 4 B A B  REN BR E R R R R
KT M BB R . A L 42 75 1l (Synthetic aper-
ture sonar, SAS)i# i /NLAE B 1 iz 3, 7E Al
D7 T A R ALAR , DA R BRI 2 R DT M
T — M SSS, SAS i FH B AR 1Y o B R L3S
A R T B T M B EOE S H BR A8 &R T SE AR
Ao ISR T SASH TAERH,

wE
MR ARALE
[ = = %3\&— Wi fim
w2 = Wi
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Fig.5 Imaging schematic of SAS
2.1 KTEESEHEZX
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TAE,

fGib g W%
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Fig. 6 Major works in classification algorithms

based on SAS images
T SASE R KWL HE ML r K £
F A, SCHR[38] % M 4 P32 IR 3% /R 2% 2 #ll
(Convolutional restricted boltzmann machine,
CRBM) $2& X PR RFAIE , P 2R F SVM W %5 iE 43
2k . M B % 78 43 2% (Sparse reconstruction—based
classification, SRC ) J& 1] & — A4~ # 58 ¢ 7 WL 4E K
BLRA TR o TR D T R A RN AR 4
IS AR i AN G M R R RABGHEAT o R
o SCHRL39 1K SRC 553K 1 T2 SAS K15 70 2K
1£% . Fei % — Bl L F DS A5 AI 14 4 pi 2
>J (Ensemble learning) J5 58 , ¥ A~ [\ 43 25 &% 1 45

SE PRRLA USRS 0 R

R A 5 H AR RS TAE T, A [ v 3 b it
EE N N 3 G AN o ¢ W S N R U S 175
SR F 3 Uy s R7E 45 8 PR vh B B0y kg
P SAS XA [\ K R 2 B Hb 5T ) 55 09 5 oK .
B v A AR N R A B b 1y o 28z Ak e 0, SCER
(414 o A o Hh A 2 88 S5
FE B RRAE SCHE , SR 5 AR 4l AN [R] 4 23 5% A 3l
BRI NRCE . Z A HBI T R EE
SRR P T BUSE I B bR, BB R MR

SCHR L4225k F 2% M2 A 3 % 14 % (Denoising
auto—encoder, DAE) 5 VGGNet B4 1) 77 8 52 90
Hr A 315325, DAE 2 —FREGR 19 #2859 4% |, fE
i I TG A BN M ) A RCRRAE LR B2 S Bl AL
Mg 7 R v AR ) R L I R ONIN B AU 35 22 K
R B H TR S R i B Hh B ER 5 2 A Y
SAS B A WAE, B ALY) B LA . i
B8 2 o JE A D 5 A CNINASE 20 5090 R 2 %) — ol ope
WHARB . CHR[43]7E D SAS BRI,
X AlexNet Fl VGG 16 241 2 4 AN [a] (9 S J7 % o
FESCHR[44 ] AEF BT T 44 /BN CNN LR,
P2 DO NN S| B2 R A E RS A e s B X Ntk
JEAE B o RPERE T AF . SR, A IRAT 55 5 B AR AT
55 M OGHE 22 % 07 140 2K 22 b IR 8 AR H A 1 1k
et iy KA ER 22, BH ZA I ZikE A
W,
2.2 KTEGKENEZE

WE 7 s, M SAS BG4 K T H ARk
W 3R AT 43 325

GotEARA ALY WE¥A

GRS il Tones ™ | B B BT

P A
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Fig. 7 Major works in detection algorithms
based on SAS images

S 1R GE IR RI R L . SOk (45 42 —Fh
e TP Fr i (Laplace) 2047 B 2 JC S 1A AL fiff
JH 499 B8 £ K (Expectation maximization, EM ) 8 %
P B2 AR M 5 5 2 oK RO B RAMLAR A 3T, e
F LA L& 5 . Abu 5520153 5 % H AR
7o 0 DX BT DRSS, SR FHOIASUARL 28 A, 38 oK
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L A7 1] FH A~ =7 66 B 3 53] e s VR 1 H B R
H A% B, 38 2 o7 S B A5 2 96 A iR 22 DR L, Bl
J5 AE R A 7R B AT H AR A EE . SCHR[ 48 15k
T2 i NG I 2% Viola—Jones A5 2k ik DA 3 1
SAS AR B BFREE I . SR, 3R T v I R % IR
AN v U 3 b S5 PR 85 5 BOA R AR R AR X — R &R
Williams' 2R F B 52 5 S0 . i 5 DX = 25 46 0 1y
QAR A5 K ARy R E R B2 BB i A UUV S I
oz B o T YRR R R 94. 21 %, TE AN [H]
MR EE T a0 45 R B — € 3 g, B
AN [R) B B0 B AR AR B 3 N R e A LI ) 3%
T b 5 A VD S0 A LR R L

B 3RIERT DL WA L. k(27 ] it
A NAN A NB 5 i i 75 SAS Bl I 25k, H ik
MRS BB — . BT AL HiR
RG89 N R A A0 A SAS G B v i e
A D 3 P 5 3 A PRI S I R, g Rk AR B R
TR A S © 258 109 808 38 I 2R AU, A
1M B AR T SAS BB bR A o H LI _E B RR 7 5
TS IR FE 2ok vy, Tk 3 3 W A BR Y A
B CHRIS0J 2 I T — R T CNN 432 4 1 .
By B Ao I g , 30 3 4 3 42 2 45 B Y B A RRIE
SR A — A R AE B SR A LD o AR YRR AR R
rh, BRI DR T 2 H AR 2 i
3 P e A B A 0 % X S0 B AR A AE R o SR,
T G R 18 2 R PR 1 b 5T A B8 X B AR
P B8 52 i
2.3 KTEGSINEZE

SCHRLES1 K fi SAS BR800 —fk 15 -
VL 41 i 50 0 e S 810 340 1 o 2 1 1D, 43 0 AR A%
AN EAR R A, DI 72 kit e A AR A B
W B (ELAE A B AR 4 W B . (HIZ A L % Oy
) DX IR A AR

8 B i, AR R 3R IS BAL vk [ A k1  #
SAS EMZR 4y #1Gsk . SCHR[52 148 H 7T 58 P B M)
Jey &8 A5 & ¢ ¥I{H (Possibilistic fuzzy local informa-
tion c—means, PELICM) %% , i /Mk PFLICM H
b R A SIS B o B 25 . Abu 55K O
RERFE G RWRITRSE G R £ B4

WAk B B S T H b e RORT G 2 18145 S R By
AN GE TS B A AT 20 SR, BEOH R
B F bR bR B SR SRy A AR R O
M Tok B e R R AL

EFRE  BEHR B
| EWeEH |
o mEEwS |
L ; 2RI
R | i S EIE
| AT A | A TRMABENLS
| R R | RERB=I R
D CHg ™ L ARG
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Fig.8 Major works in segmentation algorithms

based on SAS images

TESCHR 54 ] Hp A2 32 i — > 3 B B iy 43 1
5 %55 LB B 1 MRF H5 BSR4 800 H w5 52
X B2 DXRTTE SeiR m X, 58 2 B Be il A& 1ESe it
I (Cooperating statistical snake, CSS) 3 3l & i
AR i — 20 73 0 H A g 5 X5 B2 X, B s X
FLF I 26, CSS BRIZAR G P ik HE 1
— ARy, X HBOAE M P R B R A, HLRB AR AL BT — B
B MRF ¥ A #UAH 70 F A DI, 98T, 500k B
I JC ¥R 0l SAS S 3 F O T AR VA M B R
Ko KRR AT DA 7 R Ak B AR RIS A SAS B
Yy S AR T B st R AR AL SRE i R g
PR Y b AT 8K
3 AL I

& 9(a) s, Bl ML 75 W (Forward-Looking
sonar, FLS) DL — & () 7K F-FF /1 6 F1 3 B 1 ¢ )
75 & 5 7 i, T B Gk B s R B S R, FLS &
S5 08 I SROAT A KPR 43 S A T A [ E R O
1 @ W 3 JE PR LK TF M — E I R £
SRR N - 8 O = I o N € /N O 731 S
T Ao 2 R R S K b A T T ke B v 4 AT A 1 TR L
[F] Bof 42 1R R 8 I AR 1) A B

(a)FLSBAR R EREE
9 FLSHBIBTEE
Fig.9 Imaging schematic of FLS
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Y A3 81z i .

3.1 KTEGHEEHEE

T FLS BIMZR 50 25 19 A0 0 55 76 &1 10
TR o P M G GE TS U 43 28 O 1k A AR A
HARBA R A o (L SCHR 55 1) 7 3 3 5+ H s
ST I 2 2 7 A i U LA B RO, AR TR H
P B9 JUART B s YA AE A R i — R B, 4R T
JUART BI5GB = 4 43 A 35 8L H AR R AR 9 FLS
RGO % . kA — &R B FLS #h
FT S0 3 AT 55 R S 7R I A — 58 5 H A AL im i 4k
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Fig. 10 Major works in classification algorithms

based on FLS images

58 ML 23 2R G B W 0 B FLS P& . SCiik
[56]13FAf T SVM \Random Forest il KNN 432 #
TEZFE R PERE . Hh 28 K= 11 KNN &%
53K FLS BR A PE R R

Fil, 5T DL # FLS & 7 KB E o5 Ak
Wz . FESCHERIS7 ] fE#H 2 I AlexNet 221y
B — > v B o B, SR HIAE A8 27~ i 207 %
HER RN F 97. 300 CER[58 ] Wit 1 — i
2 CNN BB #8488 T TM, T LU 3820 1) 2 805
L R B . SCHk 59 ] % FI 4 iy CNIN A2 2
AlexNet fil GoogleNet X 7% A M 7 iy FLS 1§ 7
2k, Matias Valdenegro—Toro £F ¥ € fx A UUV
RINHE R G FLS ER 5 T K& 1y T
A, 38 3k 52 56 31F W 45 Kt Ak (Max pooling, MP) J2
REW /D 240 B it ke, B /NS 4R AT
Dropout iF M f£ 5 ADAM Il 2 CNN #: fig 5 47 .
BT LBl SCER[60] r, Matias Valdene-
gro-Toro ¥ T T /Nl CNN, fix & i #f % 0] ik
99.7% , lt TM 4% 48 ML 43 2 2 il At CNN #

RIVERE B4 R E M S HCE >, HAER E8 Uk 240 1
W32t , w) JE] AL 41~61 ms, #E i R N 98. 8% ~
99.7%.
3.2 KTEGENEX

WE 1L, HAuEF FLS BRI 57
A3 R e AR A DL B2

FESCHRL6L ], 1 B K BT i B AR B AR 5 1F
D P A5 X L 3 A7 AH OG M DT JE 36 4iF . SCiik[62]
BT X H AR BEER  ME RY A B R TML, 4R
M, T M8 32 Xof W 7 R o B 2 A ) B R PR AN 8, EL

VE P 350 AR
SRR IR WS
|
IR Em[el.ez]i s ﬁﬁj‘ﬁ-}lg,’%ﬁ:{ (69
| | Grad-CAM
| ! X 5067
, | CEBEI L e
: Faster R-CNN i Kk
| &YOLOZFIS
I H
i BRI

11 ETFFLSEGERNEEPHNEETE
Fig. 11 Major works in detection algorithms

based on FLS images

B DL 2%, CNN BB /E FLS PG A
145 8072 i . Faster R-CNN Al YOLO
5 A5 28 OB 7 B9 4RO R A R R
HA—EMER T, CHR[67]RH Grad-CAM
f& i o€ RLRE T, ELAE L B8 2 ~F 1 v A Y i IRy
TERYBE ST o TESCHRL68 ] MEH I A A ShiRE ¥~
2] (AutoDL) ¥, A E BT S AUA I 4% H A Y1254
JEAUE A2 B e A MRS B, SR AR N
¥ . AutoDL H ¥ L6t 2 40 M R 5 S 8Lk
P, 22 2 4 2Rl e R R AR SRS A A
48 2 23 (0] 540 G 8 M 25 4, JF F VP4l SR w1 Al
o 2 0 BT A 2L LAAS B B A I 2% o Qin 4FTHR
R AL AT &5 0 FLS BUR K I 5 1%, $2 1
TR TR AT 7 85 4 AR AR 2 BB 5 A A
1 MRF-Net (Multiple receptive field network)
BRAY

ANTF T SSS R MU G I 2 R H AR, FLS il
WO TR E H AR SE A . AR CNN LAY
WA TSR RIS R HSHO0T A, HIRE
FLS A& I3 A e 2 AR 1 e 284 o >R A
toDL' [ B iR I 25 48k B\ IRz e i 25
AT DAY R AR A 2 T RN B R AR L RETE AR



- 1170 - FHRRFFROL F R)

% 55 %

TN S TR T 22 TR0 5 B A RUA 3 A ik A K
THLES A SZHHG I FLS AUZ A H s
3.3 KTEGSEEE

WE, UUV S8 K T B 15 & K58 FLS %
PR A o Hb R 0 B AR L IR G, W T FLS %
AT G 0 T AR R e R B A R XM E AR
15 X A AU A 2 X R R B, HLH A A
JEAR . H I A0 A DG BIE 5 T g Sk 2, 7R

12 &R
Rl WEEE S
BEEARBIEL
T RMREENLE™ |
| | BBU-Netitit
| | g "
3 | ‘ BIALE
0—0 | o
’ | SEVEE
REEME | :
3 [9] |
CVATHR ! BHREHVITAE

12 ETFLSEGRESEEETHEETIE
Fig. 12 Major works in segmentation algorithms

based on FLS images
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Fig. 13 Comparison of similarities and differences in imaging characteristics and

application scenarios of three types of imaging sonar
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Fig. 14 Summary of characteristics of underwater target recognition algorithms for three types

of imaging sonar corresponding to image processing tasks
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