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Abstract: The environment of flotation site is harsh, and the lighting conditions are complicated and vari-
able. For the flotation images collected on-site were prone to underexposure, color distortion, and other
problems, a low-illumination image color depth coding and decoding correction and multiscale enhance-

ment method was proposed. First, the low-illumination image was converted from RGB to HSV space,
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and for the value (V) component, the non-subsampled shearlet transform (NSST) was used to perform
multi-scale decomposition. Second, a color depth codec correction network based on the global spatial
module was proposed, and the color depth coding and decoding correction network model was constructed
through squeeze extraction, color coding, color decoding, and color correction. Color correction was per-
formed for the hue (H) and saturation (S) components. Then, the low-frequency subband images of the
V component were enhanced by adaptive fuzzy set, and the noise components of each high-frequency sub-
band image of the V component were effectively filtered out using the scale correlation coefficient, while
the high-frequency edge coefficients were significantly enhanced using the nonlinear gain function. Finally,
the enhanced images of the various subbands of the V component were reconstructed by the inverse trans-
form of the NSST, and the reconstructed V component was fused with the corrected H and S components
and converted back to RGB space. Experimental results demonstrate that, compared with current main-
stream methods, the proposed method achieves an average reduction of 14. 835 8 in CIEDE, an average
increase of 8.48 dB in PSNR, and an average improvement of 31.32% in structural similarity, with the
continuous edge pixel ratio maintained above 91%. The proposed method enhances image brightness,
achieving higher contrast, clarity, and information entropy. The image colors are closer to true colors,
preserving more texture details, and edges are enhanced while effectively suppressing noise.

Key words: flotation foam; low illumination images; color correction; color depth codec correction net-

work; multi-scale enhancement and denoising ; non-subsampled shearlet transform; fuzzy sets
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3.1 XWREESHEE

AL IR EE - 5 2 Ubuntu 20. 04 42
fE & 4 | Python3. 8, PyTorchl.8.1 #1 Matlab
2023a, B 7} 3 8 B A 24 GB A 47 (9 Nvidia
RTX 3090 GPU. 7E ¥l Zk Hr Be b 8 ] AdamW
oA s #EAT LAk, 5% 2 %8 2 X107, b Kb
BB N 4,145 2004~ epoch.,

Y T 8 U UK B4l 4B (Lead-Zine Flotation
Foam Dataset, LZFF) : TEfR#E & A0 A B2
F ML L BT SRR T BB TR IR KR L B
FEIE 0 Tl 8 245 77 4640 F , TR IER OEIR
FRE AR O BRER B2 T AR B, TE A0 s 1 4% VBRI
T (8] % rpOML 4 18 RIS IR AR B IR IER
80 % 1 4 725 5K FIG FIAE U S %4 , Bl 4% 2006 1Y
1181 5K G AE Il B4l o A K 346 9 TR B 9 4R
(Lead Refined Flotation Foam Dataset, LRFF) :
5 LZFF ¥4 4 19 R 4 i R A 1], LREFF %4 45
SEXTET A HE — RS e T R 2 AR R X R A A 3
B =it AT it — 2 B P Al DA S A T A
i pupuN e W X LR B i RURY 2RI N
HET 455 S A B, e AR TR R R )

(a) RARE B (b) STHK[13175 %

(d) STHKI15177 %

i o LRFF 5048 4 v 80 % 1Y 2 880 gk &1 4% F A VIl
SRR T A 20 % 19 720 3K G AR S I B8
Low-Light £ 48 £E . O 1 56 Uk $2 Hh A3 K J5 125 1Y
ZACYERE AR SCE A E R A b R 2 Wel
N L 52 37 S5 v AR B AR O 88 5 Y RS OxE Y
B 4 A5 500 A O/ 1E F O G R, R
400X 600 K /Iy, 33X A E 48 4R A & & A 2R ALY 4R
FG , B 7K 50 0T 45 Hh A A AL G T 5 97 4 7 ik A
LR G 1 TR BCHE 1 Ak 2 e

R T 4 T EL VG M AR DA A A AR R
JEE 90 K PR A B R B PR RE L BIA T MR B X L
JE T TR SO AR S Pk L6 (A R L (PSNR) LU
o 3% 2 B A8 F L (EPDAE R % O A4k 38 5
3.2 REBEEENIREI LS

A TR) T I A PRI AR o I R R R A R
KB AN E 5 PR, & AR AR Ge T an R 1R .
SCHk (13 ] 05 1 78 $2 TH i 7Kk R 9 5 200 6F He
I U7 EE 7 AR T — s U AR T R AR TR
PG AN 15 (1 [ i A 8 30K T e i S R
QAT A KB R 45, S8 PSNR (4K, 5 R 42
FERCRABR o SCHk 14T BT 42 H (Y 7 8 18 X HLEE
T B BE S A B O T ) S T R T (X —
1o A v ()RR P i MR PR A A P S I R

(O &30078:
(a) Low-light images (b) Method in Ref.[13](c) Method in Ref.[14] (d) Method in Ref.[15] (e) Method in Ref.[9] (f) Proposed method
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Fig.5 Enhancement effect of each method on three different working condition foam dataset

(e) SCHRI91TT
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Tab.1 Comparison of the enhancement of each method on three different working condition foam datasets
Method Comentropy Contrast Resolution Texture correlation/%  PSNR/dB
Low illumination foam image 6.3970 22.3008 12.114 0 20.93 24.0431
Method in Ref. [13] 7.2007 22.4533 15.758 5 7.82 14.5822
Method in Ref. [ 14] 6.6827 50. 603 8 19.868 1 12.87 15.0114
Method in Ref. [15] 6.508 4 30.7509 16. 368 4 9. 30 24.706 1
Method in Ref. [9] 7.5405 59.0524 24.614 3 23.13 25.8670
Proposed method 7.6831 61.4316 25.677 8 24.71 26.3917
S PN AR AR L R h e S PR A G 4R R2 BAEEGRHFRAREBEE LNERLEE

B R o SCRRLLS )i iy B30k 70 X LU B 7% M B2 A
5 B0 AR A — 2 42 7+, PSNR i B A0 X 55 i,
B3 7 % H TSR B — i MR ) (1 Ak 5 g ,
SR W P A5 ) Oy 10 G ek B ROR | ) ERE  43
55 31 2% ) 4 >4V M S HEA T IR B 51 R T
MEMBGRE, MELZ T, SCHRL ] T7 A XS
Fb B T O R AR B R BRI b R A, B
AR B T R B S B A0 T, PSNR E AR A X 42
1R, 28 WY LA 410 o) MR 7Sy T A T I LR,
HAZ 07 36 0 52 BERXT LG BE AT e it — 20 e T . AR
SO AR DT AR S T RS i R R
TR X B BE T AR RN B KT HE R AL
0 <) M 7 g [ B B A b R R T RS i SO A
o IWEUE BF A SO R SO AR DR T
3.7% ,PSNRAEHEE T 1.82 dB, KA A X ik
T $R T PG Bt A [R] s 38 S BT T A 1 M 7 4
) RS0 A O R AR
3.3 BEREMREIESHH

Ry R €A IE VR RE AT LT AN 5 X, R
FH CIEDE"™" & 2 fi 8 21 €4 1E 5508 B AN 6 4 o

HYRED TR 8 W0 TR BSOHE A S0 00 K L # R 23F
X5 L 1 AR LZEFF B 4 b AN 6] 07 v 1Y 2
AL IE R , A S 9 PSNR, SSIM #i CIEDE
WK 3 T 24,090 dB, 0. 841 1 1. 007, 3X = Jji
TR R ERTIAS S5 ERM T, K6 HW
R T [R5 A6 I BCHE A A 4 o A K
H . LA-Net 5 GDNet /AR 7 4145 1& & )5 1 A7 —
FE P8 B AH 3G 58 5 0 R AE (6% 7 LA AE — 8
1) 22 ; LCDPNet, ZerolG Ll & MSRCR 7& Ab B
b P R T R B A B R B, R
T RS BB T s RUAS [H 2 i B % 4 [ 351,

Tab.2 Comparison of the performance of the methods on

LZFF dataset

Method PSNR/dB+* SSIM4 CIEDE y
Zero-DCE"™ 16. 841 0.510 24. 440
HDRNet' 9.910 0.594 21.338
LCDPNet 10. 995 0.304 21.211
LA-Net'"! 20.727 0.599 6.728
RUAS™ 19. 577 0.632 5.497
MSRCR™ 10. 861 0.278 21.387
Zerol G 9.318 0.153 35. 890
GDNet'* 15. 246 0.789 18. 686
LYT-Net* 20. 813 0. 750 11.720
Proposed method 24.090 0.841 1. 007

SO Z HER ER A E K 51 Zero-DCE il
HDRNet B R — MO IR T R A, B
T T A i P I P T R A B A PTG A, JEG 5
HIEARBEAR ; LY T Net 78 2% 5 482 T 7 1m0 2 30
AR e (H 7E b B IR R A AT e U S S 2 D R
PR, T B0An T SO E R ) AL R 7 A
ZF AR SO ) R B T R R A € AL IE fig
77, RENE 1 3 B T IR 0 € R 30 it 5 RT3 1R 4 o

B 0 U ORI R S e LA R BRI T
fE LRFF 8048 45 b0 R 8] 7 3 1 3068 4% 1F 3%
J AR ST ¥ PSNR, SSIM il CIEDE 43 %1 35
T 28.461 dB, 0. 905 il 2. 502, 3X = 1 #§ 5 ¥
BERTHMS S5 RN . B 7 EWHbRER
T AT Az 8 4 E iy s o 8020 . 7
5% B35 5 1, Zero-DCE , HDRNet Al LCDPNet
YR T TS EE AR SR A B L Al R SR AR
LA-Net fl RUAS $& J+ 52 B2 2 W b, {H 38 43 X 4k
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(a) Low-light images
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Fig. 6 Enhancement effect of each method on LZFF dataset
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& B ,fH MSRCR, ZeroIG, GDNet {1 Bl T {4 % %k

FLA) L, 5 T R 1 B9 LY T Net 78 0 3R
D545 ST 2R BU AL BT DR R 5 AR SO AR G
20 A ) B AT 55 g b A 9 LR S FELAE B e
B TR A . FE @R IE T, Zero-DCE,
HDRNe F1 LCDPNet £7 75 i £ fi 22 1) 341, 5 2 &
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(a) Low-light images
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Fig.7 Enhancement effect of each method on LRFF dataset
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Tab.3 Comparison of the performance of the methods on
LRFF dataset

Method PSNR/dB+* SSIM#+ CIEDE Yy
Zero-DCE"" 6.876 0.290 83.815
HDRNet'"” 7.956 0.390 72. 202
LCDPNet™ 5. 859 0.181 91.877
LA-Net" 27.348 0.872 3.734
RUAS™ 9.212 0.372 62.047
MSRCR™ 9.930 0.451 51.305
ZerolG'" 8. 660 0. 365 68.310
GDNet' 21.729 0.830 5. 965
LYT-Net™® 24.922 0.835 5.283
Proposed method 28.461 0.905 2.502

Low-Light £ 4 48 52 49 M W - 7F Low-Light
B 4 L0 FH R [R) 530 110 39 5 sk R an 1 8 BT
AR ARGE TN A PR A SCRT 3Ry i, (.
{5 M L (PSNR)PEREFR AR A 3 T 21. 657 dB, 4544
AL $5 B (SSIM) 15 2] T 0. 872, CIEDE 8 5
K F) T 10. 088, 7E 5% FE#E Tt 71, Zero-DCE Al

HDRNet {558 0/ B T — € 1Y W5 3815 2., 3 o8 i
AN GO 4> 401 ME LBEIA s LCPDNet 52 B 42
Fh BB B (0BT ™ A ]
MR K . RUAS Ml LA-Net 76 52 JE 8 58 |
Ao i3, PSNR A %] T 23. 387 dB; {H RUAS &
JFESG SR BT R WA B AR SO s B R TR
H 4K, 5 Ground Truth 41 e , % A H 21 8 19 K i
st BRI G WSRO BN . AR T I
Zero-DCE 1 HDRNet 1 T 34 5% i B 5/ | 15 38
SR AEAE 401 & K 1 0] B ; LCDPNet H T (8 %
P H A0TSR 5 2% s MSRCR 1 ZerolG 7
Ui Yk 2 D7 T R LT (A Zerol G #E 3 4 X 382
YRR AAR 5 AR SC 7 15 76 240797 P B8 il R B4R A
fE 8% 7 48 TH 52 2 W AT DR B E s BfE B
TE 4 %A% 1E J5 i, LCDPNet B {625 B ™ &, AN 4F
HHRELY G RUAS BT 75 B BB T
P9 {5, % HL ) 7] J3 s GDNet Al LY T Net 76 {5 % 6 5
7 T 2% BLAC U, 58 0% 5 Ay o Al b 3 i LG o 11 23
A5 B AR SO R OB R L T RZ 8
BT, BE B A DR A €8 L SR [ B, A AL

(a) IR =B
(a) Low-light images

(b) Zero-DCE

(e) LA-Net

N L

i

7 =N S
() GDNet

() IEHFEE B
(i) GroundTruth

(c) HDRNet

(d) LCDPNet
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I. oln | Gt Y

(2) MSRCR

‘-V . e ’
... o ¢ . l':'".. U Sy
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BE'8 &b kA Low-Light BH6 4 1 (13 5 4 2R

Fig.8 Enhancement effect of each method on Low-Light dataset
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Tab.4 Comparison of the performance of the methods on

the Low-Light dataset

Method PSNR/dB#* SSIM#* CIEDE Y
Zero-DCE!M! 9. 406 0.353 43.697
HDRNet""” 14.734 0.622 45. 445
LCDPNet'' 10. 239 0.357 53. 697
LA-Net'" 23.387 0. 869 15. 375
RUAS™ 13. 067 0. 680 14. 826
MSRCR™ 14. 210 0.523 18. 681
ZerolG" 18.835 0.712 13.147
GDNet' 23. 746 0.784 17.131
LYT-Net'® 16. 545 0.799 14. 804
Proposed method 21.657 0.872 10. 088

P T A s B WK R B AT A S DA R M M
W FEFAE S
3.4 BBGEBRRIIEFERLILR

B A O O R Bl AR S B L A < A )k [
BB 2R 10%,20% ,30% AR HEAT 256,
JUFR 5 2% 0 A% 56 58 0 3o 2 A6 0 & 2R G 1l 9 ir
7~ , PSNR #il EPI 9 &8 i 45 S a0 3% 5 r 7w .

(a) A [E{E (b) RUAS (c) LANet

(a) Noise image

(d) HDRNet (e) SCHik[20]
(e) Method in Ref. (f) Method in Ref. (g) Method in Ref.  (h) Proposed
[20] [14] 9] method

RUAS #9243 2 fi 35 A7 75 1 M i HL WY 5 40 35
T BURAEE . LANet X T8 8 2 1444 1 41 e
FHRE 2%, HAE 2 R T O S B — 2
58 . HDRNet J7 %545 21 1) i A7 fEWT 24 B &
H 30 S B A KM . SCER[ 14 ] R0 SCik [20]
J7 1% A A5 G At X BE B3 ) PSNR {H AT EPTE 382
1o, S 5 R B Y i % BRAR AR S R H R it
IR TR Z NG E R AR . SOk
[9] 77 1 BR AR SCH7 ¥6 A8 br 35 8 T A 07 25, it
Wk B O R, 1 % T BB L 57 4K L HZ O TR R S
B EMRAETE w5 o 7E MR 75 7 22 10% A%
T AR SR PSNRSEEETF T 6. 21 dB,
M EPI V-4 #2 J 7 21.86% ; 24 Me 75 J5 2% 3k %]
20% B, PSNR By -F- 234 5y 7. 48 dB, 1M EPT ()
YR A 25. 33 %0 5 24 MRS Uy 22 3K B 30% B
PSNR f5F- 2738 g 4y 8. 02 dB, 1fif EPTSF¥ T T
29.42% o ACITIEAR RN AR A BT
WE 75 R 2k B SR BE ), MRS RUR 1 I vk
AL RE 8 A 0 Hh 3% 58 BE RN LG R T H B
203 A T 8 R A 5 A 1 R T R T A B
T, MR BEOAS A 1) T ok R A A P i

(h) R3LT7i%

g A 1 '

T3 () SCHRI14177 3 (2) SCHRIOTTT ¥

PO 2% )5 ik X B B 37 e Y0 PR ASHIE 2 A 25 MR R 30 5 A T 28 23

Fig.9 Denoising and edge detection effectiveness of each method on LZFF dataset
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Tab.5 Denoising and edge detection performance statistics of each method on Low-Light dataset

Noise Index RUAS LANet HDRNet Method in ~ Method in =~ Method in Proposed
variance Ref. [20] Ref. [14] Ref. [9] method

0% PSNR/dB 14.191 1 22.608 8 12.4552 22.8127 22.9039 23.2713 23.874 8
EPI/% 0.5519 0.6627 0.569 3 0.3323 0.1895 0.647 2 0.6909

20% PSNR/dB 14.186 0 22.5201 12.2917 22.780 2 21.903 3 22.294 3 22.684 1
EPI/% 0.547 8 0.664 6 0.568 1 0.3374 0.194 1 0.6358 0.6757

0% PSNR/dB 14.1300  22.3335 11.2751 21.7826 20.9094  21.3926 21.524 2
EPL/% 0.5430 0.6608 0.556 1 0.5202 0.5881 0.6618 0.663 5

Low-Light %4 5 52 56 I Loy 1 ik — 20 A, G AT 5% B — R W 5 AR 0 o S B T4

LS8k T 4 J7 9 B PO M A BE M i 2 4 9 2L Gk A5 S oE A L TR AR O A S A BE A

BRI R BRI T ¥{E R 0,10%,20%, B SCHR L 14 ] 07 1 Al 1 o A% SR R0 2 Mg 2R 3¢
30% J7 22 1Yy ey ST W R R AT 4 5 S5, i ] 10 2R I (B 5L BRI . RUAS /T Bl ad B 5 50K
— B =47 s o M A Laplacian 5 7 K6 I 14 38 )5 D2 30 2 W AR LEVF 2 0 A, R pE R A
A AR IRCBE G TP i 30 A B, R PG 15 8 1L . LA-Net #1 HDRNet J5 ¥ K6 I 21 1 31 2 55 hy
PSNR PEAL B M 68, DL iE S D %12 & L EPLEK SR AHAEAE €0 R I 25 BR800 45 ) i, HL 34
ek ) 5 1 R EPT A R = Ul W PR A 1 2% S B A R M . SCR [ 20 ] O ik g S Y 1
TSR B A, 00 S 1 SR AR A R A B A L B BT o BEOLIG  (H% R A
P07 1 5 A SCHR J7 vk AT 6 LG4 T, HE 5 % BT A Ty VA R B BE . AR SOy T A M
2 K &% R an & 10 iR, PSNR A1 EPT 9 48 7722 0 30% B L, PSNR A K A F LA-
TS RMF 6w, KX T IEEWSE 2N Net 7 i , H PSNR K 8% & 7 7£ 21. 524 2 dB,
10% W15 BT, 38 58 J5 19 1 75 1514 ) PSNR A EPI{RF57E 66. 35% , H A B AL B 7 68 1, K
b 23.8748 dB,EPI{H } 0. 690 9. SCHK[9] ik DU 3 1 300 2% B T8 L8 B R R D TR TS
AH 38 H At %) He 5 %6 19 PSNR A F EPTE %2 & L 1. W 7 2% R 1096 A1 20%6 A1 DL T 48 A g Al
ML 8 1 R B2 3 5 AT DA HE 2 Y A M AR Tk AL

(a) M (=I5, (b) RUAS (c) LANet (d) HDRNet  (e) SZHR[20]77 % () SCHR[14177%: () SCHRIOTE:  (h) ADT71:
(a) Noise image (e) Method in Ref. (f) Method in Ref. (g) Method in Ref.  (h) Proposed
[20] [14] 9] method
K110 & 5 ¥EXT Low-Light B0 42 (19 25 W R i x4 AR

Fig. 10 Denoising and edge detection effectiveness of each method on Low-Light dataset
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Tab.6 Denoising and edge detection performance statistics of each method on LZFF dataset

Noise Index RUAS LANet HDRNet Method in ~ Method in =~ Method in Proposed
variance Ref. [20] Ref. [14] Ref. [9] method

G PSNR/dB 14.1911  22.6088 12.455 2 22.8127 22.9039  23.2713 23.874 8
10 EPL/% 0.5519 0.6627 0.569 3 0.3323 0.1895 0.647 2 0.6909

) PSNR/dB 14.186 0 22.5201 12.2917 22.780 2 21.903 3 22.294 3 22.684 1
0 EPI/% 0.547 8 0.664 6 0.568 1 0.3374 0.194 1 0.6358 0.6757

) PSNR/dB 14.1300  22.3335 11.2751 21.7826 20.9094  21.3926 21.524 2
0 EPI/% 0.5430 0.660 8 0.556 1 0.520 2 0.5881 0.6618 0.663 5

3.5 HE#R

S5k PR B AR SCIEAT T I il BIE 9 OR A3 A
CDCC-Net H & A~ 188 He 0y A3 2 vE Fn s ik o 78
LZFF %48 5 b 17 i mhowk 58, a5 R an 3k 7 fr
TN, FE 2% B 4 5 25 5 43 U8 I GSML 5 SimA
e e T BB A E AR . SRR ML AH L, R
Bl 0 & GSM He Fl SimA B (1) [ 4% 78 PSNR Fll
SSIM 5 1 #4 47 okt #F : PSNR M 22. 438 dB #2 It
24,090 dB, B4 % 15 1. 652; SSIM M 0. 815 $#2
FHZE 0. 841,305 4 2. 6% ; CIEDE M 3. 572 F#AIK
%2313, Bk 1,259, 45 R £ W, CDCC-Net
T GSM A e i Sim A AR B X6 4% 6 7 A% 1E
R AT 55 A 45, BB A AL 2 A R AR IR E SRR
fiE, U I AE 77 2 AR B ROR 2 R T A SOy
B A R

RT EEFERAFEESE L CDCC-Net FR LRI # B
R
Tab.7 Ablation study of CDCC-Net modules on LZFF

dataset

Backbone GSM SimA PSNR/dB 4 SSIM 4 CIEDE y

N, 22.438  0.815 3.572
J J 23.696  0.835 3.719
N, N, 22.604  0.825 3.644
N, N, N, 24.090  0.841 2.313

i (4 23 6] . L LZFF 3096 5 8 ) %) LAB,
LCH,HIS F1 HSV VU i & {6, 25 0] 1 47 i mib 52 5%,
ERMFESHI A, MR WMAE LA, A

SCOT VR AR K 2 I R HE A 0 R - HSV L HIS,
LCH M LAB. 43 8l & i & HSV Bl
2 6], HoAF7E 3 AR G 0 . 7F LAB 28 [ 76
BB S A TR AR L 20 X TR A, S EOE o 4
R JRy RO b B B 55 5 LCH 25 [a] % M 75 45 Ry
BRI, 8 AR R TG IR DI R AR HLS 28
] 6F B B 2 T B S (7 96O A 3 DX 3™ A A
XFH, B2 SR B s HSV 28 Ja] (1) {6 % fa s R4, 1
S5 B BV AR e BOS(E L S AT
T 0 ST 55 o

*8 AEFRAKBEELE LT ETENEMTR
Tab.8 Ablation study of color space on LZFF dataset

Color CDCC- Proseed meth- PSNR/
Space Net od of V dB A SSIMt
N, 22.209  0.717
LAB N 21.552  0.805
N N 22.397  0.829
N 21.274  0.824
LCH NG 21.519  0.784
N N 22.681  0.837
N 23.853  0.826
HIS NG 23.044  0.845
NG N/ 24.916  0.893
N 24.090  0.841
HSV N, 23.281  0.857
N N/ 29.062  0.930
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(b) LCH

(c) HIS

(d) HSV
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Ground truth

Corrected and enhanced image
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Fig. 11 Visual effect of each color space on LZFF dataset
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MR SCE IR UE T — R IE F B I Y 4
Jr 28 RIS B | 12458 R Rl A% B A7 400 Ml A 4K T 45 23 )
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