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Review of the evaluation and enhancement of underwater sonar image quality
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Abstract: Sonar imaging serves as a foundational technology for deep-sea exploration, resource mapping, and underwater
infrastructure inspection. However, inherent physical constraints (e. g. , narrow bandwidth and acoustic wavelength lim-
its) coupled with complex underwater propagation effects (including water scattering, multipath interference, and rever-
beration) inevitably degrade sonar image quality. Such quality degradation commonly manifests as low resolution, intense

speckle noise, and weak contrast. These quality issues directly impair visual perception and considerably reduce the accu-
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racy and reliability of downstream tasks, such as target recognition. Therefore, developing effective sonar image quality
assessment and enhancement techniques is crucial for ensuring the efficacy of ocean exploration missions. Although much
progress has been achieved by sonar image processing research in recent years, existing review works primarily focus on
underwater optical images or specific application tasks. A systematic review of sonar image quality assessment frameworks
and enhancement algorithms, along with an in-depth analysis of their technical evolution, remains insufficient. Further-
more, the articulation of key future challenges and breakthrough directions in this field lacks clarity. To address this issue,
this study, for the first time, reviews and constructs a collaborative quality assessment-enhancement research framework for
sonar images, aiming to provide a systematic and comprehensive survey. Single stimulus, double stimulus, and paired
comparison: Centering on the core dimension of reference image availability, we systematically classify objective quality
assessment methods and conduct an in-depth analysis of the latest developments in each category. Full-reference image
quality assessment (IQA) : we emphasize the analysis of local entropy-structure fusion models (local entropy backed sonar
image (LESQP) and sonar image quality predictor (SIQP) ) tailored for sonar statistical characteristics and reveal how they
leverage edge sparsity and patch consistency to overcome gray-level nonuniformity. Concurrently, the gain boundaries of
multiscale, frequency-domain, and perceptual weighting strategies in evaluating sonar compression artifacts are pointed
out. Reduced-reference IQA : Three representative approaches are distilled : partial-reference sonar image quality predictor
(PSIQP) based on information entropy comfort, sonar image utility quality assessment (STUQA) oriented toward task util-
ity, and TPSIQA, a meta-learning fusion framework for small-sample scenarios. task and perception oriented sonar image
quality assessment (TPSIQA) has a three-tier framework for bandwidth-limited transmission and integrates application-
specific features via selective ensemble learning. No-reference IQA: centered on attribute consistency theory, a new para-
digm for cross-scenario no-reference models is constructed. This theory asserts that high-quality sonar images must main-
tain statistical consistency across four critical attributes, namely, regional distinctness, geometric integrity, detail preser-
vation, and cleanliness, regardless of scene variation. Furthermore, no-reference contour degradation measurement
(NRCDM), unified quality assessment method for sonar imaging and processing (UASIP), and perception-cognition aware
sonar assessment (PCASS) models are analyzed. NRCDM quantifies contour degradation via feature ratios and support vec-
tor regression (SVR) regression. UASIP builds upon attribute consistency theory, enforcing the four task-critical attributes
for cross-scenario generalization. PCASS evaluates super-resolution reconstruction (SR) -reconstructed images via hierar-
chical feature fusion, and SRIQA mimics ventral visual pathway processing. With regard to quality enhancement, we trace
the evolution of SR from traditional interpolation and frequency-domain methods to deep learning paradigms. Early convolu-
tional neural network (CNN)-based approaches (e. g. , ResNet blocks) and generative adversarial networks (e. g. , multi-
branch generators) achieve 4x upscaling but struggle with texture fidelity. Recent breakthroughs integrate physical con-
straints and hybrid architectures. For example, STDPNet employs a dual-stream CNN-Transformer parallel structure to pre-
serve global structures and local textures, overcoming the limitations of serial fusion. Its hybrid loss function, which com-
bines mean absolute error, spectral loss, and local gradient-aware loss, effectively mitigates over-smoothing while enhanc-
ing edge integrity. Blind SR models address unknown degradation processes via dual-cross optimization, and MHGAN uti-
lizes multiheaded adversarial learning to recover high-frequency details under data scarcity. Subsequently, the develop-
ment trajectory of denoising techniques is reviewed. Early mean/median filters gave way to anisotropic diffusion, adaptive
statistical modeling, and sparsity-driven optimization, whereas today’ s leading approaches embed anisotropic guidance
into the kernel itself or couple dual-stage U-Nets with edge-aware losses. Specifically, dual-stage U-Net suppresses photo-
metric noise while preserving textures, and anisotropic guided filtering introduces adaptive regularization and directional
weighting, achieving a 6. 3 dB peak signal-to-noise ratio gain and superior edge retention. Optimizes spatial pixel ranking
for computational efficiency. Restoration techniques leverage multitask learning. For example, deep adaptive phase learn-
ing corrects synthetic aperture sonar (SAS) phase errors without iterative optimization, and recurrent neural networks/long
short-term memory networks model reverberation dynamics. Furthermore, we investigate the emerging direction of multi-
modal fusion. RepDNet applies reparameterization to side-scan sonar (SSS) despeckling within a lightweight multibranch
CNN, and FLSSNet integrates CNN-Transformer hybrids for cross-modal feature transformation to enhance saliency detec-

tion. In experimental section, systematic performance comparison experiments for sonar image quality assessment algo-
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rithms are conducted on three public datasets (sonar image quality database(SIQD), super-resolution sonar image database

(SRSID) , and multi-scenario sonar image dataset (MSSID) ). By quantitatively analyzing the performance of the three

mainstream methods (i. e. , full reference, reduced reference, and no reference) across different distortion scenarios, the

experiments reveal substantial scene dependence in algorithm performance. For instance, PCASS exhibits prominent

advantages in evaluating reconstructed images but struggles to adapt to other distortion types. SIQP is stable in traditional

degradation evaluation but limited in reconstruction tasks. Moreover, validation experiments targeting general-purpose SR

and denoising algorithms are performed to assess their applicability and performance boundaries on sonar images. The core

value of this review lies in providing a systematic theoretical reference and technical roadmap for the advancement of sonar

image processing; revealing algorithm performance bottlenecks and applicability boundaries through experiments; and

offering crucial support for researchers to grasp the current situation, understand challenges, and plan future research.

Key words: sonar image (SI) ; image quality assessment (IQA) ; image enhancement; super-resolution reconstruction;

image denoising
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KR 5 A IR 2, 930S R ST
S EME . 22 % B EM (reduced reference image
quality assessment, RR-IQAMVE RN &S H 5T S % )7
BT 5 KBGO MEAE T Sl ad HeX R BT S
1) S MG R, S W B i i b, k& H
Tl PR RE D 2R B R K T 5%

R LS 275 P AR K 3 5 0 o BT A R
Chen 55 A (2018a) $& H 1 11 6] 7K T A % ) 4 2%
7O S PF 58 75 (partial-reference sonar
image quality predictor, PSIQP) . %8Rk = BBt
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Wit CHESE < 26 1 B BO IR &F 1 B2 A L il 15 R
I B T S RO O BE R A 5 2 2 B B i A R PR
JEE B UE 38 2 25 R4 AR LU (structural similarity , SSIM)
JE A U PR S O LR R R] A S5 R AR L 5 565 3 B
Bl Z2 R PRl TR0, A1 RS I B BE A9 BT 1 EE A B
55 45 F AR 001 2 i, A A R ¢ 5T A I A A
PSIQP FHAUC ik XAk by

4
meP:zpi' C, (3)
iz

K, p, i e (1,4) Fom A5 B8 07 15 B EOm 45
FARRIUE AL, €, i e (1, 4) Fonfn B 5 4738 4R
Hr. PSIQP 77 58 52 FROK ™ % i 37 5 i BRAR B 4%
REBTES (G RSB A0 N A RO A .
HAERE o BEAMM T P e IO D R AE , X TRRAE AR
AETA 5 1 52 2 2k FLR A, Oz AL RE ) T RESZ IR .

W Ah | 5T 7 I RIS BT i VAN R R A G
NG5 AW A S T AR5 M S AL AT AR A
Zheng 55 N (2020) 4 1 75 Wy 14550 Jo £ PP 35 vk
(sonar image utility quality assessment, SIUQA) , fill &5
JEHVRRIE 5 4 55 5 SR ARAE , 32T B 845 5K TE
S5 RHOAE 38 A FH TR S KT A5 B 7 i R
i VAL, R BRMEAE T X0 42 Ry 45 44 A2 A UK 5 Chen
AN (2021b) T HIAER ST ST 959 5t OF
1T ) AT 55 MR B 7 I PSR T Bk
(task and perception oriented sonar image quality
assessment, TPSIQA ) , £ X 75 M K% J2E /INFE A i P
FIAFEE ] F e PR AL L, 76 DR ks B2 [] i A7
RO o P05 KUBS: o ABLASTE Ry S L A AR
HAAE 55 FUg R & e Bt iy ~ YRR
o3 G FH T/ INREAS 7 i P Bl P R 25 £ 18 2 1
TRYBTEPAAL . SR, HAT R e, Bl R
= TR,

RR-IQA JTETES (5 BA RO T 228 1
X I PR B S AR, H 2 5 i 2 T T
B BYARAE 0T P M PG AE AN ) A i s 44 R i e
P Y 2 RS AR AR B AN i, JC AR 15 37 500 F
it & i P BE T RE
2.2.3 RSHEEN

J& 2 % Ji & ¥ Bt (no reference image quality
assessment , NR-1QA ) 5 &S5 % Jr ik A6, % ik
ELE I T R FLIEMR AR B 5 SR R, O MU A
RS %15 B .

Chen %5 A (2018b) 2 Hi 1 —F 3 TR A I 1 114
Jo 5 % F RS B PEAS 5 15 (no-reference sonar
image quality metric, NSIQM) . 1% J5 %38 i AL I
P 5 55 RSO AR 1 RUAS [ ) 8 A A A B Al o it
WETT T XRS5 R TR . BRI RS - 6 5,
AT 3 PRI AR v i e I s s R i, K5 T 3K TR
BGOSR B RHIE LUAE, 55 S5 R SRR )
[1] 5 (support vector regression, SVR) 552 LR R T HY
(ELIRS ot o  %80
N TAETC S5 56 T RS HE P4l h 2k B S5
(%S BRIR AL, Chen 55 A (2019) 3 — 2B ) T XL T4
JE 1R A I Sk ) 7 I (45 TE 2 2 B VT A S L (no-
reference contour degradation measurement, NRCDM) .
PO EIE o A R R B R R AL R RS S
LI AL FETCH 2% R I AT T S5 B s A
JE R DA AR AR QA AN 1] 4 TR o AR T Y
fuen =+ DS(1) (4)

A, 8,(4) . S5(+) 0 -+ -8, (+) I SVRALEL, Hirpr, S (+)
Je il it n A B BIREASLE , JF ] a2 SR A~ 2 (E
HEAT S . NRCDM 58S HA 5L 746 Bl Ak I 15 1
Tt 275 EUR BRI L 35 G F T 75 WA e A% i 5
FE47 5 BTS2 e AL o SR, 1207 1 32 SR
7R WL A JE, L T RE 22 s ST 1 S5 IO 45 R JB
A2, ELO RO 2k EL R PG I BEAH XS 4558 , 7
R E A J RS BN W 1 T ] BE AR AR SR
PR

5 IR}, Zhang 55 N (2022 ) 81587 P M 45 H —
i 3 T R 428 TR BB i 28 X 45 (dual-path deep neural
network, DPDNN) B TE 2 VAL 71k o %07 i ik
AT 4 O W PEAR B4 Joy 8 0 BRI 4 ey e B AL, I

JEUnEiEs

N
. S SRS, S
Y SVR,

i I . NRCDM
JE’/K%% P L e SR = s
i V| :
M" FEIURFIE f SVR.
BTk

K14 NRCDMAEE(Chen 45 A ,2019)
Fig. 4 NRCDM model (Chen et al. , 2019)
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Al G ok SRR T 4 T UG BT i A WA O 5
TR HE Bl 9 FRUER L Tolie 25 A (2025) #E— 2532 HY
— PRI /N OW SO WL B RE Rl TC
SN T o 1% o e fh P A R T /N R
[14) JRy 50 25 ) N B A A B AR i AR Ak DA L8R
RS B

HY 75 I R AE RS R4 AT S i i A
5% 2 WO B, i HU A TR P A O ki
FEAEWG KR B He— il A SR MG s M ik ok
FIE 3T 075 75 M PG Y K B A A e A 555 1l 1k

R PR TR Sk B Rz AR T o BEX
LI, Cai 55 A (2025a) $2 HY @ Pk — S0k — B
TR, BRIy S i P W R TE e S S A 84k, #R s
00 2 4RO AR S S 1] R A XBRIX 3 B LA 58
Ve AR B AR . BT LIRS R Cai
AN (2025) AR T —FHEET NR-IQA Y7 I LR
5 b # 25 — 5 PE Al 75 15 (unified quality assess-
ment method for sonar imaging and processing,
UASIP) , 5 75 55 Bt 5y 37 8 3 T 1y P T B DA
e BETE R, A ELAT T J 1k — S S U
G — VA HEAR B R L 5 F T A R T R A A%
i AN i A 2 R AL B R R BJC S AL . AR
M, 2T RARRE BT AR T3 A Jm i, m]
AETC VA 58 A3 W A T ml bR 3y 52 2% 4 2k L2, 3 4
AW F 2 J@ M HE LS SVR 019, AET AR A
BT RO T A E—E B RIBR
O i 7 g PR DR B 8 R S B S B
e 1) 5T, SR V5 36 o DAARR 7 9 25 ] 45 o 2 v 0t 40
T AR AR I R A o PR R T R
Ph 82 JF DAl 23 B 5 P 0l R A 5 i, Chen 55 A
(2024) & H 20—\ R0 Bl [ 9K 3l 9 o7 P4 7 ik
(perception-cognition aware sonar assessment, PCASS) ,
POTIES S PIAE S 7R 5 SR B ARG AR il i
SR JERHE LG S BTN ZR A I F . SR As Y
IR E SIS WA
&S it Sfa) X
f"““i.zlfl(%+f;+])@?+l< )
X, £ RRRBARIE , f, 2R P RRE, f, RIR &
FAFE , n TR RIESHL, WARKBE 0. 01, LUk 57y
BN E . PCASSKIHA TS % | IR PAHIERL S
FIE 55 ROH T ) e 2 T T P A 15145 SR

R B BREAG . SRTT, HA TR S AR R R R
e B AE AL Y S RO RO, ELIS I3 5 80— (B
X SRE AN, AN T H AR B Y 75 g (R R AL B
BEA, Feng 55 A (2024) $2 i — P2 T #8274 >
R I A 7 3 9 A A 5B P A S TR (super-
resolution reconstructed image quality assessment,
SRIQA.) , it e A5 FULA i 4L 5 00 366 B F) 2 U AL AT
Ak BEATLA S ke P A B R LR S 2 Ok LS AT
SRONVEA MR, HA TR B Rl
Jasior = FC(Fy) (6)
F., = Concat(F' + F*,F*,F*, F*) (7)
KL F B2 R Y R 53 50| 387 75 R AR 6]
i, F., = Concat (+) 278 5 MFFIERFHIEBHE , FC ()
T Z SRR B B i3 . SRIQA AR ELAY
LR T BN T PR SR 23 B AT AR LR BRI
[FIREL T T PPAl SR B AU Y BT i o SR, 1A
RUR T JBAT: 55 75 55, BOA B X Re R o T 45U 1) 4 55
e RIEATOCAL , S BOLAEAT 55 5 0] (4 5T 1 DA v A7
TEJR R, LB T2 b 2R, 17 208 1=
JEiEE .
T ZE MY, NR-TIQA 77k AR HL A T Y 5
P AR H B A RE AT 2 E 2P . A 5 i
25 3 T R A R 2RI Sk, %o R i g R
W3 Sl A G R R A PG RE T B A R

3 FENEGREERE

3.1 ETEGAERIERETE
3.1 1 EMGEE o e d

P45 SR B A T [ FMGR A s i B, A%
OTE T HI IR 53 B3 EUG A B Pl 28 5 i 454 5 80
A5 B, H R Y A BER R (B iR 5 55
2023), Z R R A AR N

P, = R(P,,0) (8)
Kf, Py RO 3 BER B Py RN AR ST PR A
% s R A1 653 5 37 SR i gAY K H 28,

7 I A5 SR A 2 R A X IR A3 3 R
QAT AL B, AR 52 H 25 2R ) s A A O 4
2oy HER . (H i T2 8K T & 055 520 0
Vi PR ) DA B AR SR B aok AR v R SR A AR IR R A R
TR 5L 75 W 22 98 4R B (1450 A7 A2 — Rl - L
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—, 2 [ 3 B AR T A R R G A
S BUBIAL , S AE A by K LA e A s L= R
FIRRFFIE B DU AS W L BRI A A . dx 2t
BRI AN EUER AL (5 B ARG, s AR
Wi i 5 H AR 3 B AE 55 o IR, A 5 SR
RIS AR 2R Bl R AL B 5 LA 27
> EETTHE A IR B R b A R T AR B, S
LAY AL A BRG] , e A AN R A
T BT PR R 0 BRI R 51
ASCARGEHE T R R {5 SR B R 19 %
D, Qg S s . NRIBE ST ik DA i i 2R £
U R AR R A I R B GE R SR B R
BRI AL AT 58 | 22 Wt & LA KR 3571
SEJTR . ORI, XTI AZ IRT T AR B, B

RORAEAEA IR . 7955 TR BERIRL I &, 55 TR
= 2] 1 SR E A ROR UG T 53 S0, 1A AR
DL FH A 22 X 4% ( convolutional neural network , CNN)
Hl Transformer AU h T RBAL G T THME I A
AR LR, Sung 55 A (2018b) 2 i T —Ff 3
T A B X P B 4% (generative adversarial network,
GAN)FHESE , SR ] 2203 3 A AR 456 F1 0 25 454
B SELT AR5 SR A AL I e ROCR 5 I
{5 W 1Y (peak signal-to-noise ratio, PSNR) 845 [ 474
BTG ik [RIRE R T SRR RE(E A 8 T AR
B9 ZEA , Sung 55 A\ (2018a) N #1] H 4 F1JZ 55 ResNet
oty g () CNNALAY , i 2548 T F g b g, AR
T (5 ek (3, PSNR Ji b5 0 FL AT AR B A5
TAERE B R

I PR HFIERA1H) GAN WSE AL Transformer
FRHHVE RS
;;*u }f ;ﬂjgj 5 T 263 FRPMIREA IR LS ) s
i 1;;{,;%%%¥ BB T4 100 m Sl
m; PN A TN R R PSNR 5E4H i W5k
2012 2018 2022
Wit |
— 3.%1_9\}?:— + ResNet Ry S 2% ConvNext RHIESEIR | ARTETER ) + BFER
pug ey || EATRRIE Patch A5 | U-Net 23144
R | TONR AT PSNR/LPIPS #8171 | £ RERU B + IGREE + 4HERYA

fRBerik | TR RLS

FETF B ConvNeXt i) GAN | BT 223k AE b Hi s

K5 PSR SR B A BOR KRR

Fig. 5 The development process of sonar image super-resolution reconstruction technology

AR R TSR o BT R I i o e 4
Tt s e e A U5 % B A5 D () Bk R, Thomas %58 A
(2022) 48t Y FE TR~ > 1) GAN LAY {75 263 5K
7 I SCHRE BT S B g O e T, R T T RS
B 55 A U T 75 5 A G ] A S
ZESEINEL ., N T RlA IR B 19 38 AR AE $2 1
HE 15 GAN By 45 A= A #, Ma 55 A (2023a) 13T
T —Fi 4 ok ConvNeXt B 5 1Y) GAN #5545 &
ConvNeXt 3 K I FEAE P2 HCAE J1 5 GAN Y 4115 Az i
PR, KIFHETH TR EHR i . i T P SEBR
iR b B R AR F 7 M 4 ], Rao 58 A
(2024) %] 7 W RS 73 R n) 8, 48 1 —Fhogr
I SAZ L ARAR Transformer TR 2% 88 [6]EF, Ry
TAEEE R Z A 2205 S OB B AR T B G bk
EAREL FE , Ma 25 A (2023b) IR E T —Fh £k

A BN BT R 2545 75 (multi-head generative adversarial
network, MHGAN) , iZ 5 BUAE Gkt = KABI B 45 B
T 52 24 K #F St S8R B PR A RE A SR &2 S
W PR AL 5 5 LS B

3 3 0BT A P R SR EOR , R BB 7k
FEAELL T JR R - CNN PR Jr) 38 52 5 1) R 1) o 32 3 4
JRI 45 F 2 L 5 Transformer 2SR KRR, 215
RS i ARSI T 5 AL G B e R 1R 25 L1 B o3 iR
22 L2400 2K by (i o A 4 5 L AT R R
TG CNN 5 Transformer I , £5 4 —2C BEERFAIE (19 4H
KMERFFRIFEZ48 . O 1 [RI f P CNN [A )R 3
JEAZ BT BR 1 3 B0 4 4k 2k &, DL K Transformer
iy 2 ARSI T A 1), Wang 55 A (2025) #2
T —Fh 24 & STDPNet (structure texture dual preserv-
ing network ) (14 75 W K% SR Jrik . % ik T 454
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5 GrACE RFFALE , 38 5 97179 & CNN 5 Trans-
former F A | 4 2 2 )R 25 M0 15 8. 5 Jm SR S0 3 240
5 BRI . FERL TR AT
LR[BSV
Py = S(MA P 0.5 M Py 0,)):(F F) = F,
(9)
o, Py 37 SRIEE, SC) Fom il —42 AR AR AE
R T = R S COIAT A AitL 1, F RS2
5 B RFAE 7S, M FT M, 53 5l 378 25T CNN 5
Transformer [} SR AY , 0 F 7R 45 AR SHL, F,F
F\ 350 327 i AORMEBURAAIE
[F) iy, 453 2K BRI B X T A B Fe L 2R G EE
Y T 1 22 oKk P 34 48 6 25 (mean absolute
error, MAE) 8t 2K , 1Z451 2% RE A R0 LUk /s 755 23 k3 14
B G AR PR G Z A P IR R 22 5 SR, X
A MAE 451 2K 25 T 80 45 Fead T ME LR AT
HARZEHYSE 8t . PRI, Wang 5 A (2025) 51 A T 3%
002 FJR AR HE RO K o R 1R R A A
A J5 T A R A G 5 b B R A RO A R BRI
AR HAUR pRECE OBk ik
Lya =Ly + oL, +pBL, (10)
A, Ly Lo AL, 73 500 MAE #5156 (3545 2% A1)
TR B BN, o FI B AN E S 4L
Wang %5 A (2025 ) # H3 (9587 7 SISR (sonar image
super resolution ) HE42 , (PR RE {IL ik H 85 1Y 4 7% JiE
I A o A PR S PO AL A L AT 55 o HLBT iR
B AR BRECEE X SISR BERSOL A BAT e Ok, 2
FPRT T UGS SR E A TR, E
TARA SRR R B R DL AL AL I AE R A RO
BT 5 A —SCHARFAE , S 7S 1 {5 SR HE A 40T 37
TR
B bR A R BT R R A Y A i
PG SRS T2 B T 7 i AR s A oE . AR
F2 B34 UN LBNet (lightweight bimodal network ) (Gao
4%,2022) , LA T Transformer [ SRFormer (super-
resolution former) (Zhou % , 2023) . NGswin (N-Gram
swin Transformer) (Choi % , 2023) . ESRT (efficient
super-resolution Transformer) 45 , ‘B I 138 £ 75 7 M} 4L
Pt EAEATUNZRFNIRUE , R BL T X A il (515 SR
A 55 B o 3ok B 3 B 2 AR R L Sy AR i
T HAERER B DAl 75 A 1% SRAE 554 1t 1

B2 IR R T AR A b S R SO A
ZERI RN 1 5 R BR

JLAE SR HEHOR W AR T T A W R Y A ]
gy B A A2 R T IR | U A B
His i B 7K T 55 vh 25 2 R st 00 BB R LA 1R
Blo WAh, A R 20 &8 TR R RAR AL,
Xof P I G b B AR ES A8 5 T G T U] — Bk i PR A RE
WALINEERE DI
3.1.2 gLk

I PG ) 5 R R B A 1 7 2 AR e g e
PR HAZ O SR N Z TR S E S o st H
b B9 REHE B IR SR EUR R s BOCR . th T
FE IR IR 7S 32 Bl 2 AN T | TR e M S R A
F, I 7 DL R K AR o Ak 0 R W 75 3 o AR P T
KHETE U o XM P A 23 6 DU 5 1 55
ER7N:SPUE S REIS7Es A IV EEA 4L LB IS S E5 3 N
XoJ 7 A PTG S T2 R T I R R A 55 % B i
JoT i R EOR A R R BT M RS T B B s
e AT g O™ E S R . PR, 2 MR R i AR Ak
PR AT ECGR 0 G ER Y o B8 T H E S AN (E
50 R oK A8 R SRR A 2 A i R
TR AR A S S o o

PN EMR LM R & R 28 Iy T BRI 7k 3]
I AR | DA —Ab B IR 4 A 0L A i R e R L
K6 i o HLI0 Y 25 MR R 32 SR B 4T | Uk
W I UE R LA S B I I S AR Gt D7 ik | X 46 ik
PRAE 1A B, JUHAE LR B 2 2 201 A ] 5 A g
Ty THRCRAME . B S A S N B, T 5
Il S LAty 7 A A B AT 25 R4 5 OS5
BA S 4071 J5 T A AN 2, Chen 55 A (2017a) 38 3 )
SN P BRI AR 3 LA HE SR S I T X5 5 Mg 1 e
FE Y 38 A BR  EETR R O TR
A A AR T A B 22 R T TR A S, W
SEN(2018) $2 1 1 — M EE T o3 2D i e RO HESE
BT b A1) X B3 48t fie 25 e MR S A A FR,
G BT T RS R S A5 A 15 S R B
[HDA

M2 N\ T.%4 88 (artificial intelligence, AD T AR
S J , P PR 25 W R 1% BF 5 E 0 T TR G
R 2] A AT, S T R NR . BT
S54GRS IR SRR IR By 1k DA [ s £ o 2 g
SR N G AR FFRE 71, Chen %5 A (2021a) ¥4 52
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I HREBIAR
AR IR s
$2J1 PSNR F-{RE 25

2012 2017 2018
HIEGI IR | ) SR
IR AR A HE SR
B - P AT i

BTk | BTk

[V 7 A I 7 A

PSNR/SSIM 4z ik

BT tbas g 34k | BT PIRBL U-Net

GFHT | B U-Net
HOERELE] | e AL

PSNR/SSIM 2 [Hi%05% | NIQE 4[4
: SEfy

N ML + A &R IENIfE
e, PR B e
PSNR $17]-. SSIM 43¢

it | S8

ST E AN | T 25 1) Stk 5 | U

Ko PR LM A KRR

Fig. 6 The development process of sonar image denoising technology

SE K IR P A g | UM S A TR PR T AL
R AN DALGE )T RN GA [ b IR 98, Horp
PSNR AI55 44 MBI (SSIM) #6 b 3 5 400 . 41 atf%
48 2 MESRRAETH AR MR LR A0 IR B 22 (]
DL Al 5, Shi 48 A (2023) $2 1 T —Fhflfb =
] & % HE 77 5 7% (optimized spatial pixel ranking,
OSPR) , 3t i A 38 N7 i e AL L 7R 75 25 5k i I
AT ACR BTG . N T EA R
P M A R 5 W 7 O 8 0 R T TR EE 2% 1) JZ= A s
fiE, Liu 55 N (2024) 32 17 —Fh &b A RHIE LA 9 XU
BLU-Net M50 2L RE R AU DG BE MR 7,
FURE HERA AN SO R TR bR BRI
SR TR A 8 25 MR R 7R G R

N T RRRAE GEUE T AR G AR e iR B R
7 U061 22 ) £ S XA, Wang 55 A (2022a) 2 T
— 44 o 4% 1] S P 5 | 3 U8 % (anisotropic guided fil-
tering, AnisoGF) [ 77 o %5 ik iE L 51 A 10 51
RS A 3 E AR LR gt T AR S us R 1
G ARFE e o R R R R LA K H bR e B AR B 7
MR . LEETIRERY , ZONES I T Mk
6.3 dB [y PSNR $2 7}, Jf-7F SSIM _E I A 1 421 454G
P, & 1) Stk o | Ui M AR AN A 7 R

T34 3 P PG 2 MR B e ) ] 40 i 7 oy P
Gy 22 M7 . il Restormer (Zamir &5 , 2022) |
Uformer (Wang %5 , 2022b) . APD-Net (adaptive prior
denoising network ) (]iang 45 2022) . MSANet (multi-
scale adaptive network ) (Gou Z5 , 2022) £ Sg YR AY |
XSS g DR ) AP A BCRE ) A A JHL P I AT M 7
AR P77 B — e RO . Pl xS &

Al S A

kel [ R ERE

T 7%

ARG
&7 4% ] PED | R ik 28 52 ] (Wang 55, 2022a)
Fig. 7 Illustration of the anisotropic guided filtering denoising
(Wang et al. , 2022)

WSk AP R L A B T B A AT 2 MR R R AE 7 il 45
SR A IE I B, 5 R F T 4 ik R S R 1Y
L PRSI ER L XT L S

BRI 75, 24 2 T 2 A 00 ) B o e s 57
M It 7 T L BRS04 2 3 T I 2 M
JE S 40T B 22 0] AR MR, TR 2 2] R AR B AR
LA A 1) W AR 7, ELHC G 7 o [EL4G Hh E B
NG 55 R X I AE SRS BRI AS 2, FLRBE 7Y
P , ANF T s GO T B i g
3.1.3 KgIRE

7 M MG S F A AT 75 0 iR R S AV T
PRI /KR TR S5 AR AR B 3R Ak R 5 o 1) 6
AR BTKNHE A It 75 e A4 4k i
32 BN TR 2 AR RS U AN A R 15 W 7R
T, B0 GRS BB TR A T
R S ) L, R RGGR AL AR ) 5 2 1 T AT
% ISR HUN B AR S K R AR 4 2 4 ]
e

AR, A T AL TR TS ATE R 9 &
J& | MG A2 A AWL 2 57 AL GE A5 5 Ab B [l 4
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5 5K 311 5 Wy SR AL Gl 00 ) K R o TR JS AR 4
B, R T A G R ARG A Ty 1 AR A T AR
A1 22 I AETE I TH3 52 A MO T 2 HUE LG
J2 S A BT SR A R, Gerg 55 A (2024) 411 T —
Fh 24 M U BE H 3 N AH 32 2% 2 (deep adaptive phase
learning, DAPL) YR iR BRI HE AR, T A S L IE
A W FLAE 75 1 (synthetic aperture sonar, SAS) {4
(RGP A LR 22, T 35 42 THEI& BT &, DAPL
3 B B Bl ) TR B R 2 AR AE e kAL, S
TEFS Poka g SAS A B8, KT A FF
B RS T AR AR A TR

Wb TR 55 21 30 hy 25 R AR S At 13 ) e
TR SR - CNIN S ok g 38 i 1) 7 X L2 > 1 AR AL ]
8515 W R I 5 R AR B G DG R SR 5 ATk
e 2] R TP SR MG R AR KRR BE JT s GAN
DU 3 ok %o ) g 5 AR s R DAk, A iR 5T
1R R S 45 3R TEAL BRIz Zh AR 5 B AR O 2 4L
S B st R B W A

FHR M AR [F) R BA S SRR E o TR T
P AE AR FLI R ORL 5 B AR R T (8] (1 2 R
5F, H T AT S 7E R SRS 5 B AR ] e B
B o P ARG Ty Pl i i H 3 WU o i
BGE T EEROR A B IR A B A3 o SR, M AR TR
T AT JIHESD 1 ZHIR M BRI T - R P 22
M 4% (recurrent neural network, RNN) 5 45 #1212
W 2% (long short-term memory, LSTM )3 i3 B 5 4 5¢
PR ] 1Y) B AR e Dl R

IG5 F R B SR e A 80 T R 8 28 AL 14 B
(L EEMERE 2R R A BN PN R
B RS BR A AK T R Y aE 2 R .
Gb, ZHOT AL T AT 55 AL B B, k2 X 222
IRAL IR R B AR RE 7, ME LA X 552 B P i R
A BRI, (EAS CTERY S, YT AR &
BB R — AT 55 1Y R R, I Rl R BOH | 25 1R
M) 55 25 M ) I ] 0 52 HE BT i . X b AT 5 RS
DAL 2 BE 08 5 A R AR K R 52 2% P 27 PR X
IR REE T, DT 2 T PG R AR o i 5 17 B AR
ELRE O R KR AR DN 5 1R ) B B IR S
Fah
3.2 ETHEMEGHIERTTIE

7 R SRR Rl G 1 R — Pl R S
7 P 55 A A SRS (ol MR OB s W )

ASC VBRI A ) 1) S A KR A B AMRRAIE 3k A
FETHEG RS B R IR EOR . HA L AE T
T IR — 15 g 32 BR T K T PR BRI (At
M I G T U0 B9 AT R BR , d e i s
X RHIER B RN RS, RS —HESL T 5
BAE A SR Fan, ZEEE MoK G2 AL
PRI 2k T2l AR I H AR 405, 10 4 75 1y 4K g
B RIF YN 5 SRR T s Bl 7 I B 2 R
50 BRSO i i A A R O LA
AT R R I S A0

134 T IRBE 7 > G Bl , BE TR 2 T Y 2
Al SR TEAE B 17 3 3 i 07 18] R o S —
Pt Y T7 S8 20 03 SCM 4 o BN, Li 45 A (2024) 4
H T — Fh 44 & RepDNet (despeckle denoising net-
work ) T UG AL B RPN 22 2%, 1 UK S 4k
Fe AR R H F 043 75 0 (side-scan sonar, SSS) K44 2
BE, IFl A 20 S 8 R R TR B I SR AR Y
[ v 2 25 BRBE AR . 5 — B I U 5L T Trans-
former ZEAE AL . Lei % A (2025) $2 11 7 —Fh &
FLSSNet (forward-looking sonar segmentation network )
BITR & 284 , 454 T CNN Al Transformer 5 1 /¥ 2%
FEFI > Transformer FFAE 5 6 a8 A R FEATHRFAE 2
50 IE R4, LI 2R G . S2E R, i%
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Table 5 Overview of the division and configuration of experimental datasets

SEYGZER BT A 4 1 A Ui T 5 3 i
IQA PEBEXF Lb  SIQD, SRSID,  fili FH 4= 3B 5040 vk 47 1 RE 174k , JC 75 VIl HAFSE 4 : MATLAB R2024b
(F6—3k38) MSSID s SR INGRmk gE filfi{:: NVIDIA GeForce RTX 4060 GPU
i SR &k USOD e 8:2 Hu Bl ALK 43 M U 25 4E 5 s TREE 2 S HEHE : Python 3.7, PyTorch
BHE(R9) £ LIRS IR S s AT ME . i : NVIDIA GeForce RTX 4060 GPU
T8 2 ek 10D e 8:2 HL B lAL R 43l U 25 4E 5 3k TREE 2% S HEHE . Python 3.7, PyTorch
BAE(£10) SIQ £ LIRSS IR S s AT ME . T4 : NVIDIA GeForce RTX 4060 GPU

4.1 IQAEAMEREXT LI
411 FHEHRE

[ PP SIS — R 3 A TT R i P15 8 3
£E : SIQD (sonar image quality database) (Chen 4 ,
2017b) . SRSID (super-resolution sonar image data-
base ) (Zheng % ,2022) 5 MSSID (multi-scenario sonar
image dataset) (Cai 55 ,2025a) , DL 4 [ VAL B AEAS
[k FLE AU iy PERE . BAREEANT

1)SIQD %4 45 £& It 840 i 75 iy K115 - 2 7% 14
40 Mg, P AU 7 RS 27 325 B P R B 5 Ok LR
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BRA% OO IS Y 5 800 i SR L RLK R B g
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I8 (e) FIEI 8 ()M H SIQD %44 .
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Fig. 8 Sample images and MOS scores of three datasets
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PrIbXT 5 . S MG SE IR 25 AL, R WA
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T ARAE BRI S RS, R T &5

I 5% BUR S5 1R BRI 25— ok B =
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5 HTER LS
PERE E B 70 R HT 4 Bl b - 07 B R 2 SR 0 AH
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SRCC) . &M

order correlation coefficient, KRCC)

TR %5 90M 5¢ 5 #X (Kendall rank-
CH 7 R R 2
(root mean square error, RMSE ) A K F7 /5% b 28 4 AH 56
Z %0 (Pearson linear correlation coefficient, PLCC) .
1)SRCCo FITF Mt TQA 5 HY 0 25 SR £y A 31
P, HBUE T 0~1, PERBMESF T 1 i, R p
Hodh e 80 Hat B0
6 idZ

fsm:(: =1- m (11)

A NRIREFEARBR , d, 2R e PG 05
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3)RMSE. FHTIEAL TQA #5503 00 iy — Bk,
HAHR
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fRMSE = (13)
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4.1.3  SZEOEEENT LT

7 ) G 5T S IF i 5575 7 SIQD L SRSID LA M
MSSID a4 I BEXT FL & SR ank 6— % 8 TR o
AT LLE 7 SIQD ¥ di 48 1, SIQP Sk PR AR 5 AL 5
£ SRSID $( 454 I, PCASS 55 SRSIQA B A i %
e F HABSA ¥ 5 76 MSSID %4 4 |, SIQP #1 TPSIQA
TERAE SiE R S (HAER R 5t PCASS
T A, NRCDM IR Z , T SIQP W 3 e 55

*6 FEIMIQA HIATE SIQD #i#EE FIEaELLE:
Table 6 Performance comparison of sonar IQA
algorithm on SIQD dataset

Bk PLCCT  SRCCT  KRCCT  RMSE]
NRCDM 07340 07091 05138 9.4979
PCASS 05256  0.1615  0.1224  11.8974
PSIQP 07640 07577 05622 9.0227
SIQP 0.8107  0.8002  0.6103 8.1875
TPSIQA 07676 07560  0.5623 8.963 5

E L R RIZ TR B IR A B A R AR AR, T R
AREBE BT L SRR TS

NSEBAE R LIS LT 4518
DA RS SRR R R R 7 22 e e
i vk Y PERE R B . SIQD Bl LB UK T 75 2 05

R7 FEWIQA HA7E SRSID HiE&E PR MERELL &
Table 7 Performance comparison of sonar IQA

algorithm on SRSID dataset

ik PLCCT  SRCCT  KRCCT  RMSE/
NRCDM 0.6994  0.6994  0.4582 9.5612
PCASS 07757  0.7630  0.568 9 8.442 6
PSIQP 04742 04462 03187  11.7779
SIQP 04944 04493 03061  11.1814
TPSIQA 05797 05141 03475  10.9012

TE L R RIZ TG SRR A B RS R 17k
IREB B, | ORI RE

TG L, T 0 S B R P PR 5 SRSID B4 4 2R
£ SR H A RIR, 32 B i e EE o R Y R R
MSSID %541 45 W 55 1 R 45 344 i F1 4% By 3 Fh i 72
Yt AR T A1 TR LA o

2)NRCDM . SIQP . TPSIQA K PSIQP = B4t X #
B ok G T AL B, AR R LR EURRE SR L
VAR 5 T B L3 SIQP A 2 — il FR 75 4 1QA J7
2 R MR S5 05 B, AR S B i PR 11
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J5 1, JUHAE MSSID (R AL e i s rh R I R 47
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AT RS R SR A s . XA e
T E AR B SRSID B4 RS L TE
MSSID (3 5 3 e ik 45 3k 5 . 4R, ixX Fl 5 75
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TH 2 EUAY STQD BE 4 [ R BUAEE , 7 MSSID ()R 4
AL s R H B 2

4)MSSID Bl £ 45 54878 1 75 W TQA 137 5%

=<8 FHIHIQA & %7E MSSID #4E & _FHI 1 BE EL 5]

Table 8 Performance comparison of sonar IQA algorithm on MSSID dataset

. K H5R Y et dg
S PLCCT SRCCT KRCCT RMSE! PLCCT SRCCT KRCCT RMSE! PLCCT SRCCT KRCC?T RMSE]
NRCDM 03056 02576 0.1745 167125 0.6994 0.6523 0.4582 9.5612 0.7634 0.7387 0.5347  8.0329
PCASS 03877 0.1256 0.0698 16.1872 0.7757 0.7630 0.5689 8.4427 0.5603 0.2155 0.1612 10.3013
PSIQP  0.5286 0.4011 02779 14.8994 04784 04527 0.3236 11.7478 0.8009 0.8067 0.6162 7.4467
SIQP 0.5809 0.6124 0.4338 14.2869 04741 04294 02920 11.7791 0.8959 0.8809 0.7029 5.5252
TPSIQA 0.5495 0.5247 0.3631 14.6648 0.5867 05198 0.3514 10.8339 0.8171 0.8216 0.6256 7.1697

T L R RIZ AR B R 5 B AL AL S AR
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HAEZ A IR ERE AT D S ECARREF 1Y
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T KA RE RS SRS ERRE T . A
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4)MSANet, 1833 17 22 RUSE 8 I AT F 3 D A
TEEFEAL L 5 1AL FHAS [F] RURE Ao g8 P A R 454
FHOCSE B R B, HAE AL FLRAT &2 R S A RN A —
EFRY A SR BRI B &R

PSNR J# i iR KB S5 S FHEERZ R
77 1% 2 (mean squared error, MSE) P-4l K115 i & .
LR Sy dB (E B SR W R R EOBU N . 7R SRR
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BB i
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X AR R
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5 8: 2 i L B3l o MUk S IAE o A I 25 K
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Table 9 Experimental results of the general SR algorithm in

the x4 reconstruction task

Bk PSNR/dB 1 SSIM 1 PCASS T
LBNet 23.292°8 0.594 4 6.364 5
ESRT 237116 0.613 0 6.2824
NGswin 23.580 7 0.609 9 6.296 4
SRFormer 23.8352 0.618 7 6.333 1

TE L R R TR0y I FR & 5 et R 2SR, < T 7k

7 ELB o BT

i MR S A R R 10 R . ATLLAE
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Table 10 Experimental results of the general

denoising algorithms

(=R7S PSNR/dB 1 SSIM 1 NRCDM 1
Restormer 35.611 0 0.874 5 48.527 2
Uformer 34.036 8 0.862 4 49.033 7
APD-Net 32.680 3 0.8515 47.826 2
MSANet 34.2749 0.867 7 49.027 5
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