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Deep feature fusion for underwater-image restoration
based on physical priors

ZHANG Xinyi, TAN Yao, XING Xianglei

(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Due to interference factors such as suspended impurities of plankton and varying spectral absorption rates in
an underwater environment, underwater images often suffer from degradation issues such as image blur, color distortion,
and uneven illumination. This paper proposes an underwater-image reconstruction model that combines physical ima-
ging principles with data-driven deep-learning methods. Using a deep neural network to infer the learnable parameters in
the physical imaging model, the model generates data-driven restoration feature maps and physically informed restora-
tion feature maps through modulated convolution and prior physical knowledge, respectively. Deep feature fusion with a
mixed-attention mechanism is introduced to reconstruct the final image. Experimental results showed that this method
can reduce noise, improve contrast, and restore image details, enhancing the visual quality and target detection accuracy
of underwater images and increasing the robustness and generalizability of the underwater learning model.

Keywords: deep learning; underwater-image restoration; neural networks; information separation; encoder; decoder;
feature extraction; image fusion
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FALE T LA 2%, LoA0t 2% %) o e 0 S A fekt, BIVARC
I 4R TP AFAE B — UM P 5 B S (E0) 5 2K Y 52 )
BN I HL B R S A ) 308 B An T, AE I kot
g T, gkt , L R s 4 T
B G5,

) IF, Ry 07 3 5 AR i PRTBOE T Ja) 8 4 A4 R 4
TR RIBE Ty, 5w R R RS A il R AR 5
JE, XL BE NG R BBy AR, A SCHL i FH A5
ML SSIM!™ AR Sy 48 5k R B — B 43

(2ptrecttianer + C1) (20 eetavet + C2)
(e + Hiabe” + C)(Ore® + Tiapr® + C2) 1)
Ao SACRET AL, ptree P i 70 I C S S
PR AN B AR EHR BB, e Pl 0 73 1] 6 78 B2
@@ﬁ*ﬂ H T‘/ﬁ IEH/% E‘Jﬂﬁ‘fﬁﬁ, O'reclabeli":zﬂ?ﬁmglgfgﬁ EI’W}
7522, CHRICIZ AT EL, TG o0-BE 0 s L
Lgsy =1-8 (22)

BERGON I 22 578 I IF AN — 2 GRS S e IR
X R o st ) J% A 22 5, PR N T J8% A B AR 4
2, HOIE g R PR e 45 S FRAE ) 1 3RO, R O
EATFE R AE S (8] T B ARRURE , AT DB b A 42 A
R XGT P15 Jo s ) JR AT, SR [22] 1Y) 552 3 235 2R R 1]
TR 8 A2 400 2 AT it v A UG O T 405 ) 2R
FIE 7 T 2465 JXUR B 4 1) i

A 3 JEOAT B A 0 R JR B T AE ImageNet
BAGEE EHOIIZRM VGG-19 &k 5 ny, HE
BN

H W
Lper = Z Z |‘70j([rec)(m, n)— ‘pj(llabel)(ms n)l (23)

m=1 n=1

A 0K VGG-19 S j AN B FUZ, H W4y

B BRI = A58, my n 43 AR R R 2
A AR SO RS AR 41 30 1) i 4 =2 1) A 22 fE R Al
AL RS B RMR Z W) 22 {8
2R R RO
Ly = Ly + AssiuLssin + Aper Lper (24)

S PR e 2 0, A
A =1, Agsiv = 1.1, Apee = 0.1,

3 EBRERG M

A SO Adam A6 25 2R I 25 M 25, 1%
22 A 0.0002, BN 0.9, BN 0.999, ¥ 2E ) F
10 /> epoch 45 /NI JFE R 1Y 1/5, Fe2 2k 2] # [
FETE 0.000001, ¥ 5E batch size 1y 8, ¥f & i BEHLEL
59k 256, BEMLAT KT B EE , 10 B R0 % 55 50 1
5B o
3.1 HBE&E

TR T MR8 1 2 A4k AR A M S BURBUE
SR BRI 32E 47 A 2 T 4 TR R B 5
[, B Y S KR MR B 4 b ER a
BB, AR AR — . 25 L RTIk, A8 SO Sk
[23-24] H 1y & BUEHE 4R AT LR A0 25, OFAE
Heron Island Coral Reef %(#5 42 (HICRD )™ | k47
EBUNGR, LU X ER AT RN 4
3.1.1 A mREIEL

mER 1 PR, SCER [26] g T AR SR SR
P B R, Ho T IA B I AN TIT 2 JF 1
AKIE, 1,357 F9 @i kIR, 1 AR m T, 9%
e Rl

F1 FRRGEHETHRBRY

Table 1 Attenuation coefficient under different imaging conditions

Bt I IA IB 1l 1 3 5 7 9
% 0.982 0.975 0.968 0.940 0.890 0.875 0.80 0.670 0.50 0.290
£ 0.961 0.955 0.950 0.925 0.885 0.885 0.820 0.730 0.610 0.460
a1 0.805 0.804 0.830 0.800 0.750 0.750 0.710 0.670 0.620 0.550

ARSI 2 1 B R R B, IMF BUR A =K
FI NYU-V2RGB-D" ¥4 48, #1218 SCik [23-24] h
A ) G T — KT B B 45 .
H1 NYU-V2RGB-D £ #is 5 A 2 17 b S ) >k 5
LA BOR BE R B d(x), H QSR A B AR
b, R J5 150 A A 0 TR B 2R 005 B0 46 v i TR
KL Tt Z A T, 15 2] & K T BG I i 09 B B
Ko I a AT T SR A, 1B 2T A S5
JaEA 11K B A RS K G Q)
2 A KT KA

R RE R K TS A B S kA R R, X R A

KI5 M R ER A 50 75 2Z %R K T B .
312 AZKEL

Heron Island Coral Reef ${##4: (HICRD) ™" {1
T TR A 8T F G K T S, BN
M AR AT TEAN 1 e R R, AR K S8 (8 SO )
e R KRB FAHPLEL S (5 B . Hrb 6 Mgk
A VRGN b R A AR R R R R IR B A B R
PR SMPLZ B A BE 2, A A RITREE | 1H 2 IR
B AR G v o ) ER AR TE Dy e R . S
R [25] RSB T AR W R LR ER, IFF T
SR T — SR AR AN B WG, H&m8E T
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& 8 FF R, A 3¢ fd Jl UWCNNT?! F1 UIE-
DAL {4 %t He Xt 42, UWCNN i 2 18 1 50308
AT IR, X AS R B 7K B PR B, JI kA [ A
Y YR A R B 7 20 R A A T 288 78 35 ERORT  ) AE
RIBEL, M TERIIA B EB AR+ 04

T, N T AR Rt A, UWCNN S JF T8R0T,

IA . IB [ b3t 8 A% UIE-DAL i H T X4 %
25 ) AR o g 05 2 AR BRI BR T K A B R &R
R AE [ i, (i FH R A ) o 3K B H br A

KA

1,
a5

=

I. IA. IB

(b) UWCNNE)

(a) KT EIER

(c) UTE-DALR4

1%, J—Fham AR . X HE I ] 41, UWCNN fp
PRI G AE A0 7 A T 2, (R R
PR 45 UIE-DAL 23 76 R R s bk s, i A Bl
1) G A 21 5 A SCRE T A T A 1) 7K Joit 28 780 e 35 )
DIASCEI XS K BRI, FEA R AR 5. 7,
9 X AE PR i PR EE o, LR B2 AR B A T UW-
CNN F1 UIE-DAL, {H & 75 3% # i il i PR 55 24
AR EG S BRI A BR 28, IR
BGhaEGEERAAE . XREFMARICRHT
73 (B B R AT BAH 43 85 1) A2 L E5 1, 6
WhE FH ARG B8R, KK BG5S B
ZEEN,

(d) AR SO (e) HirE&

B8 SRHBEEEMUR

Fig. 8 Reconstruction effect of composite dataset

xR 7 I, ) DL & 28 A SRR
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HIH T UWCNN™! #l UIE-DALPY, 7 e

JIT A ) P 5 b O 2 R D . 2 b, O LA SC
R Y ] DLAR G 1) O B L5 rb B 201 o, e
KB, 3 Ayl B R LA A
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WK 9 Fr s, il ] HICRD 3 8 A< 3¢t i
1, & 9(b) A& i UIE-DAL B Tl 2 1 AR 1, 8] 9
(c) J2 T $ Al AR SRS A 7 A BRI 4 B UITZR i
U, B 9(d) /A SR YE HICRD | it 47 i R Il
SRy ZE R, B 9 FTLLE Y, AR OB AL AR B
s 0z Ak PE B AR 47T UIE-DAL, R4l H

PO R B, R B0 T, i B4R 5 H br
P BA I 22 57, i i TR A 8 AR 1 H A
B, (R A Al BEJE H AR R 1A 58 K T i
BHY, RORTESS 2 15, S8 AR A0 HT & B s 2 )1 25
AL TR ) i 1 45 2R S A, RIVEEAB ] T GroudTruth,,
XA AN T S T A R S AT U i T
T4

@ KFE®@ (b UIE-DALP

(0) ASCHI A
B

(d) AR (OREENELEA

HICRD #{H

B 9 HICRD E#R
Fig. 9 Reconstruction effect of HICRD

it A RS R ER Z B BT E, kB
T G 11 G o £ Al BH S 0 /0 o AN T il R ] ol A
R Yk 5 EAE A S48 1 R B B AR i FOK T
18, X UE B T A SO G F oK T R LA B B
SRR, B RAFriz 4t A i 7 AR SOt
A7l M, 2 7 B Bl 4 AT I 2R
AT AR i 3T A RS
3.4 TEESWIER

fdi Fl SSIM Al PSNR 47 AS [ A5 7 1) 7 8 %
bo SSIM J&— P4l KGR BT i i 6 b, B % I8 A
B S5 A A 2R 52 BEAR B, T g B i 3 A HR X 4]
640 5 R 25 R 1 BB R, BB TN 2 A R
Z, HAAVE N 0 2 1, fEBR, #7m Wi iE B {5

FAEL, BARA XL 21),

PSNR & fie # H 0 V7 Al B8 T & 19 46 bR 2
—, Fon B EG S B R ERZ R 2 5 KN,
R A, Fm BRAR B | IR 2 M i s R bR gy
35 EESNH

322 25 T AR SCRE RN 5 i A R A A AR
BlEE DG e aRR. NE2TLUEH,
Wil 2 AR SRR 22, AR WK O A0 R Al 38 i A 2%
TERZE AR ST, A OB AT DL RS
AR PR RE R B, A H A R Y SSIM {H
FIPSNR fH, E255 1 s 44 F, RAEEA K5
% K SSIM {8, {H 2 H 5 UWCNN A 1) 22
JEH 7N
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Table 2 Quantitative analysis of different models

febn  km RED" ubpcp® obpm” UIBLA™ UWCNN?! UIE-DAL®Y AR
1 0.7406 0.7629 0.7240 0.6957 0.8558 0.9126 0.9484

3 0.6639 0.6614 0.6765 0.5765 0.7951 0.9126 0.9218

5 0.5934 0.4269 0.644 1 0.4748 0.7266 0.8972 0.8817

sy 7 0.5089 0.2628 0.5632 0.3052 0.6070 0.7734 0.7850
9 03192 0.1624 0.4178 0.2202 0.4920 0.6232 0.7122

I 0.8816 0.8264 0.8172 0.7449 0.9376 0.9129 0.9361

i 0.8837 0.8387 0.8251 0.8017 0.9236 0.9164 0.9637

il 0.7911 0.7587 0.7546 0.7655 0.8795 0.9164 0.9460

1 15.596 15.757 16.085 15.079 21.790 26.4488 27.3556

3 12.789 14.474 14.282 13.442 20.251 26.4488 26.3053

5 11.123 10.862 14.123 12.611 17.517 23.6697 23.2338

psnr 9.991 9.467 12.266 10.753 14.219 20.5793 21.5283
9 11.620 9317 9.302 10.090 13.232 17.6551 20.0403

I 19.545 18.816 18.095 17.488 25.927 23.1015 28.0644

I 20.791 17.204 17.610 18.064 24.817 26.1602 28.6587

il 16.690 14.924 16.710 17.100 22.633 26.1602 26.9307

3.6 BRESZRA

IR R AL B2 Ry 7 5 4 M A T 5 2 e )
PEEAT 55, a0 20k E AR . I 35 H A el
(saliency object detection ) /&4 7£ — 7K &l 5+ FH 114
R AR L SR I NTE H R DI, R XK, i
WA R NIRTE R v B — s ) 2 380 A DX I

[ 10 25 T f A I 2545 5 BASNet™ 71
KN EHRFNSE J E E iEAT S 3k b i i 25
o WEZRLHIK T EG, ZRENR . KT ER
2 BRI 3 | &2 R B 3 H AR il 45 2R

houd
(d) BIntE &
RTE S ool

(o) KRR
525

10 EMEKEZBRKENFRA
Fig. 10 Performance of significant target detection in re-
constructed images
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ARG E AR T B — SR A0 5 RS 3 AT, ER
TEIEAI Y B T A A BeAe B2 s G b T AR AS:
I 726 4 47 rh, S5 IRA6 /KR UG AH L 2 1A 5
ARSI H 5 22 i A R

4 HRiE

AR SCAR Y —hoRs 49 B SG 56 1PN TR JBE i 2 1)
ALE G KT RMR S JERERY  2 Gl TE Je i
i} RGB (R AR BT L R 0 n Je, i i 7y
B BOK T R 9 2 |5 SRR A5 B, il it
PRI R R A5 B 2 A B RS LUK T
(RSN Y ER  BURIAE RE s WK NI L e S AP
I AGAE R ] ) A AR Y S IR AR IR, 2B
RARIKE BIR . SLH R EREW], il HF 35 4
XEURZEA R, ZEARAALLE 458 2 IR i A 44 2K ]
VAT SN GRAS SO - AR SORRE R A ] AR R i 35
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