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i E BAAKRGREAFEPEE . FEARTEGE LB AEEEN KL EREHRAHF A, m A RBRRZTFN T EE
HERKTRGEAOFRE.EARRATFRATEE; RSB ARG K TEEG RS EN TRV . EAE—Z MK, 4tk
FIAARET —FHFHEEINBR L EHANAEALT R TARRE RN 7 &, 2B 5N LA M EALZHEELFILE(CoD AT
A K REAL GG K o 5 Ve 4 AE (Con) L B B R AZ 8 F & A2 64 75 Wi L 4% 42 (Sharp) ik 3 #F & 14, 71’%#’7)?&7141:@1%}%21%1’4?*%
A, AR CCS, X AL 4F AL AT K 0 dp B 4F M bb B R . i LA £ AL 9 & % (Human Visual System, HVS) 3 % & %, sF b &
DG EMENTHERERGT 0, AT RIENMR T M, £ A& EKTHKHESE LS CPDB, BRISQUE, UCIQE,
UIQM i 4 A R AF ML x AT T R EG L EL £S5 ENFRNAAALMREE S5 &,CCS 7 ki UIQM % ik RMSE & ¥
AR T K4 13% .3 UCIQE #= UIQM 7 i 89 PLCC,SROCC #= KROCC B Z #4738 10%, £k REEH.CCS
HEBAXAERMEAGE BB . AKX EHLIFHEKTEEORE,
KBR-BERZFNALL ALNL R % &4 sF L B34 AW 45
REESES TP391.4

Underwater Image Quality Assessment Based on HVS

LU Ting, HOU Guo-jia, PAN Zhen-kuan and WANG Guo-dong

College of Computer Science and Technology,Qingdao University, Qingdao,Shandong 266071, China

Abstract Due to the absorption and scattering effects under water, underwater image often suffers from blurring,low contrast,
color casting and so on. The degraded images will decline the accuracy and effectiveness in underwater archaeology,marine eco-
logical research,underwater target detection and tracking. On the other hand. underwater image quality assessment plays a key
goal in the development and exploration of the ocean. An effective underwater image quality evaluation system can provide a gui-
dance for optimizing underwater enhancement and restoration algorithms and promote the progress of underwater vision. There-
fore,it is desire to design an effective and robust algorithm for underwater image quality evaluation. Since the atmospheric image
quality evaluation methods don’t consider the characteristics of the water absorption of light, they aren’t suitable for evaluating
underwater image quality. Additionally,there are few effective metrics for underwater images quality evaluation up to now. To ad-
dress this problem,we propose a new no-reference underwater image quality measure containing color index,contrast,and sharp-
ness indexes,dubbed CCS,which has stronger correlation with human subjective perception. These attributes not only are sensi-
tive to the physical characteristics of the water,but also the human visual system (HVS) is sensitive to the changes of the visual
properties such as color,contrast,and edge structures. To verify the performance of the proposed CCS,we conduct considerable
experiments on a small underwater image dataset comparing with the other four non-reference metrics including CPBD, BRIS-
QUE, UIQM and UCIQE. It can be seen that our CCS metric is higher about 13% than UIQM in terms of RMSE, moreover, is
higher above 10% than UIQM and UCIQE in terms of PLCC,SROCC,and KROCC. Experimental results demonstrate that the
proposed CCS metric has a higher correlation with subjective evaluations, which can effectively and accurately evaluate the under-
water image quality.

Keywords Image quality assessment,No-reference. Human visual system,Colorful measure,Contrast measure,Sharpness measure
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KT G XS KTt AR R R R A A B L A
IR 2l AR AR ST KR B AR AR R BRI A S B g o
SR . B SRR g i AN B, R BOK T R R
b AR T HEAE S2 B AP A e B . Bl 2 XK R R
W7 U 04 B AL 7 22 KT TRIG T W 1k Bk A s 3L OF
eI BRI RS T RO . (AR TWA EE KT E
A5 S5 PR A 2R L BR AT K U A 0 A R R L IR G i 3 — b
TR B M I oK R B R & A (Underwater Image
Quality Assessment, UIQA) J5 ¥ J2& K T UG Ak 315U AF 58 (1
HRURTHE A5

Al 1 55T DA 43 S 35 VA R UL PR3
WLVT i =32 B3 2o A =8 00 0 SR 1A B 5 A L 8 G T
J5 A 1 F WA 4 (Mean Opinion Score, MOS) | 1 3= ¥
5 2% (Differential Mean Opinion Score, DMOS), % WL iF#r —
PR A Ry e T Y AR R AN S R TR T £
WIS FERT K B M0 . &OUL T A T 5 LA L
A B 0 S AT A G s G AR R R A AT B AR
R0 . ARG A5 LUK B R R VE A S % T o
42 7% (Full Reference, FR) .#4r2 #% (Reduced Reference,
RR) . % % (No Reference, NR), 4% % T # it 5 4f B 1%
HWHEH SR BRGNS, DS 2] 2k B EMR 0 5, dnig (g
%M I (Peak Signal Noise Ratio, PSNR) . #J J7 2% ( Mean
Square Error, MSE) . 254 #f I # (Structure Similarity Index,
SSIMD A, B B2 4T 5 TR TR o AR A
532 2 T AL IR R R 38 43 FRAE A5 B AE N 5%, LI
B MR 5 AT VAR 5 11 JC 5 5 A T B B R AR R, B AT 58
B e ELER W R PEA . T OK R R R kM N AT 2
P AR ME KT ZRIBUE M 1 2 25 BRI TE 2 2% 0740 5 102
KT B 5 5 % 00T 1 f A R 4

WAL SH B AR QRIS BRI 7 5k K2 8025t
KGR, Mittal 2507 R 38 A 98 3% 5 78 25 0] B Y
SGEiE B T —F 62 % L B = PF 4 (Blind/Reference-
less Image Spatial Quality Evaluator, BRISQUE) £ % , 1% 1 %
RIS R R B2 R {GE i B R 3 5 G 1T 1Y R 5 B 18 —
R BB L BRI R, Ma ZDOFH 2T 215
it B 5 0 TR BB A 45 W 4% (Multi_task End-to-End Optimized
Deep Neural Network, MEON) # T — i It & % 1y I8 14 it
L TE AN R A R — A e 2 R I Y T 45 N — A
I P 46 AR B . EH T K S T R U S IR K I W TR R, LA
T A [l 8 it 1 e i 45 1) A, B O AR K HL FH R AT AR KR
BRI, Ah i/ 20 TF 9 B8 58 LA B i B 1 R 4 TR A A
2 B BUK T BUR T AL D ki A BRI, AR A K
T BIG BEPEA O > B AR — SR R AR IR R, AR SR
T —Fh 55 R % V1A 36 09 62 % K T BHR R & PR AL
L AR CCS, iz A kA H £ E 44 171 3 (Multiple Linear Re-
gression, MLR) 4 & JF | Xt Lb B | ¥ 07 B e S5 ok LM% I &=
CCS Bk LS8 80 S AR, T LU RUR TE PR AN 45 2R 5
N5 I — B

2 MXTIIE

ERAEG BB AN T b, 5 H I 2 3 T L& 2
(Machine Learning, ML) [ty 8% 83, {5 4 . Fang 7" 1A X b
JE 2 S PR B B o 1 e T TR B IR AR AR AR IRTR e T AR AE
PR T — B B XX LG BE O B TE S % ER B T O v
Panetta AN E AR E— AN =H/ES IE 42— 1
TR BE LG DRI 205 1 10 00 3 T 4 I — 28 B AR, LUVRAR 2 8
R B s e T 3X — i AR L 1 8 B I RE AN L A
AT S % 1% @ KR BT 3F M #2 &L (Color Quality En-
hancement, CQE) , Fu"* $& H T —Fl i F 1) 3+ %F $loas 1) iy
6 1% 5 & 1Tl (Color Image Quality Index, CIQD , £
O TG WA L . O — AR SRR L T A R
5431 (Natural Scene Statistics, NSS) , il 41 , Choi %1% 4 i
K AT NSS W TE S % 1) % % 5 WO AL T (FADE) , 1% # 5 4R
B AR T E UG AAE 2 BRI g 25 3R I 12 55 RGN 4k
S PEAR IR BT, 3% 05 ¥ 1A 2 R AE R (0 AR e 4 D IR
FEEG RS EE R WHR, EER,EENZHR
G BT S DA T 06 1 0 K 3R T — BB B X KR B R T
PEM ST . Yang 4542 T 3+ CIELab i a5 1] (K T
& 14 i 42 #F fi (Underwater Color Image Quality Evaluation
Metric, UCIQE) ™, F F #& BUSE £ & A 25 A 1) CIELab
25 A GETHRAAE , BV BE %) L JBE 0460 BE , LAA &5t 4 A AR 3 A
ol SR RUIE ST R (7K T R 9 5 B . Panetta S50 R4
KN ERAR IR T — A5 T IR 56 R 48 19K T B &
PEH (Underwater Image Quality Measure, UIQM) , i 5 %Z 5|
7K B 2 WAL AN R 5% i Y €4 % J& M (Underwater Image Quality
Measure, UICM) . i i /& J& £ (Underwater Image Sharpness
Measure, UISM) Fil %t Lt & J& # (Underwater Image Contrast
Measure, UIConM) K FRAE EI {4 i & . Song 17 3 F /K N M
B AL AT B 25 GV HFRAE TGRS S50, 3 T —FE &
INEEAS K ATt AN T . R ORI TR AL 5
S EWEMA - AL, Wi, &t —MFa NKRK
AL R KT BRI A O 0k X R K T ENR
T IR R 0 58 3 KoK TR S 1 & TR R BE AL A AR

3 ET HVS Wk TERRETFN T E

P FE K T AR o A2 v 5 32 5 I WL B T 1 I R
w7 DA BOK T B2 B AT F B DL RO 45 [] B
BN RW RG(HVS) 5 Z B 8 X LB i G 45 4 %
R R P 8 A 4 5 W) S SR B 0 LR LY R LV W 3
o R T K R BR =
3.1 BEEM

CIELab i 875 [a] G 96 i R AT ] S K 19 g, H 5 AR &
WL JER T 56 1 B RGB B a5 [ 3 490, g A, s B AR
BN AR B4 B 00 L 38 T 1] i A OGN . X AR g s
R AIF S 2 WA T2, m] B % B e TR AE R R (0 3 . 3%
TR LA SCEE R AE CIELab & % 25 ], 5% ] Fu 482 9
0 B I AR T R — B PO B A e AL R
Mi— % 0" RFIROFEE Col, HIFHERXWT .
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Col= /o2 Tof +0.3% /22112 (D T BRAEAS SR R BERE I O vk A R N

HoP g o 507 v0b IR a (Yellow-Blue) » b(Red-Green) B
038 8 S E R T 22

Sy YA R IT AN PR AR FRATTE 3 MR AR )™ Y
K B SEAT A HES2 5, B 1 Ca) AT ™ 5 0 A9 SR 4R K R A
&, B 1(b) AL 1Cc) 43 9l & 42 2103 3 S5 56 55 7% (Red Channel
Prior, RCP)™S FIE (5 [ 3144 5 3 % ( Automatic Color Equali-
zation, ACE)!™ b B R &5 5. I 1 h Al LG H, &5
RCP Hil ACE Ab3 5 i IR . A8 20 25 % 7 D 4 A5 Hh 1Y) 68
g P B8, %ok B I 1 Ch) FTEL 1) A HE & B L I 1 (o) i 8% 55 m
YA A0 B AR W WA TR by, AAFRATT I AT 04 £ B
IRATAS 28 ACE Sk B8R 1 45 SR R4 X 5 3 0B 2 —
By, AL SIS UE TAS SCHR Y AP € B A S T TR A AR
RGPt

Col=0.296 3

Col=0.386 8

Col=0424 2 Col=04410

Col=0.3350

Col=05307 Col=0634 4

(a)Raw images (b)RCP (c)ACE

Bk H R 6 R

Fig. 1 Color measurement of underwater image

3.2 BT

ORI A X L A A N B L L B AT R
TN KM 5 Bz J= 1Y JR 8 %) CE (Contrast Ener-
gy) R Feak X L BE 5 TR R T R AR K rPOG BN FE R X — B
KH?’H‘E%@?U?@JR"E DX 3R F) X B s ) R AT BE A L 53

wk[20]% JEE 3 AN () A9 R L A OB 3 R 0 o G
HNJﬂLIE.Tﬁfxﬁﬁﬁfamhﬁio %t kb BE Con B3 &
Wl (1 O
ZU) =/ TcQh)+ (IcDh,)’ €3
CE<1(;>=%—R 3
Con=1log X CE(I:) )
H,C€ {l,a,b} & CIELab B 44~ (030 38 , 1 7R &=
ifi (luminance) s« J& % L0 BE S 35 500 410 18 B9 ME 75 1 (H 5 o

R Z (Ie) W s RAB s by IR, 32735 8 30 DR I8 180 7K 1 0 188 7 4>
Hi;QFABBEZER . 2% 3CK20] & T 6 BHEF, Rk AR
PSR S N e=0.1,7,=0.2353,7, =0. 2287,

7, =0.0528; UL M, FoAT13E A Hr Z B DR A%, 1 11 09 K/MR
B 20X20,RHEZBE R 3. 25,

PR FRATEE E 3 MR AKX B A K T BR S T X s g Bl 2
() 2R IR K N B B 2(b) FIE 2 (o) 43 il J& 2843 7K T I 3
i JC 56 5835 (Underwater Dark Channel Prior, UDCP) ™2 il st
Lt B Fr i 8k (Contrast Histogram Stretching, CHS) P gk 3
JEK T ER. A 2 AT RLE . & 5d UDCP Ml CHS 4
PR I S 3T L B AR 2 T 2 B L X e B 2(b) B 2o
AMER I 2o B X L BE 32 45 SE i B &, SE AT A AN 2B AL
B, 2R AT LM AT B9 Con (9 (B[R] BE 45 A 3= WL I Jn 45
S0 SE IR UE B T B X BL BE T A D ik A o A R e

Con=0127 2 Con=05520

Con=02837 Con=0450 5

Con=06250

Con=0307 9 Con=05511

(b)UDCP (c)CHS

(a)Raw images

2 JKF BT e

Fig. 2 Contrast measurement of underwater image

3.3 EMEIEM

BT8R )z R T R AR R W R T A 10 7 R R
Panetta 45 H2 (9 3% T 48 11 % (9 8 3% (Enhancement Mea-
sure Estimation) . {H3% 75 ¥ 75 44 K8 40 LR 22 /N4 [ 19 ]
G SR JE T A Y X B (X — i R S IR R R A
REEH, RRAGE . T IR X — B TR 4L T 28 ) B
AT 38 % 19 B B ( Spatial-Spectral Entropy-based Quality,
SSEQ) ™ AT Al K T R 0 385 M B2 . s [0 90 1) 29 {1 0 g 2

FRER 30N F
Es=—2p(x)log, p(x) (5
S=sort(Es) (6)
SC= pooling(S) D)
f1=Lmean(SC) ,skew(S)] (8)
Forbo o RRIR ARG RE . p () RERMARE L Es =S

[ &, S & Es BT HESIJERE , SC J2& S By AL, f 225 )

8 249 1 RIS BE R AR R B
AU 1) 249 £ O JBE R AR B3 S SN
P(i,j)Z% D
Ef:—zi:Zle(i,j)logzP(i,j) (10)
F=sort(Eljf) an
FC= pooling(F) 12)
fo=[mean(FC) ,skew(F) ] (13)

Horb R T 438+ 8 KRNI R AR B  1<Ki<<8, 1< <<8,.fH
171 C BRI &R B SR ARG 1 R BUE R E, 2 6%
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WL F JE E TR SRR FC & F AL, f, 2 45 0
FIAY A5 L 1 g £ AR A 66 I

AT 3 A RUBE b 1425 Ta] Jel A0 430 53 Sl ) 349 160 70 i 2

fE, LA H) 12 ADRAAE, FIH] SVM J7 B X 12 AN RPAE (4 # TlJr
Bk FK R VE MW E Sharp,
Sharp=SVM £\ f> D (14)
T VPG AR SCER 00 R TR S IR R A O T A 1R gL 3R

MIBEHE 1 M BT 4™ E AR AL 197K T EUR AT XS L 5250, 18] 3(a) —
P 3Co) a3 Bl 4 1 T R AR K T R L 2 a1 M 0 O 1 i 4
# (Image Blurriness and Light Absorption, IBLA)™ ) & J5
25 LR 2 KRB AH 56 /N 3 (Multi-Scale Correlated Wavelet,
MSCW)P R 25 R . g 7 B8 4 3t W42 K T AR I 4055
XF Il 3Ca) — &l 3 (o) 43 ) HEAT T JR) B X 9 K L 45 AR A [
—B 3(H Pran., WE 3 rafLEH, & IBLA M
MSCW Sk B R m & e AR 2 B & e . Hi,
3CHBY NP 2075 55 mB , 3X 5 0 45 49 Sharp (A —3, AT

HE— 2L AIE BT 2 O vk v FRATT S UTQMT 1 38 B E 4
B UISM it 47 T 4 . A3 1 JR ] LUE o A SCRY I B 5
Sharp 5 UTSM ¥ B8 ifi: # Sz W 5 32 WU 0 Ay — S0k

(a)Raw image (b)IBLA

(d) (e) (€3]

3 oK PR b R R

Fig.3 Sharpness measurement of underwater image

(c)MSCW

F1 I X L

Table 1 Comparison of sharpness measurement

UISM Sharp
Fig. 3(a) 0.7871 0.1111
Fig. 3(b) 2.2511 0.6812
Fig. 3(c) 2.4731 0.7433

3.4 CCS#FMiEs

Mertens 57 HIESE T 7K T IR AT LL 3R 35 B ORI ISR 1L
Sy IIEEE SN, [ Yang %M HIER] T /K T BB XL £
FER RN B 8 M 5 N 28 3 RN B B — 3P 5 Panetta
A TN Ry FRAE G R 1 ) R AR 2 7T R 7R [RGB A T 3t
BET A SCHE T AL AR N L R AR I WA
FIEM TS H K T H ARG BRI R, CCS #EALY &
LU

CCS=C, * Col+C, * Con+C; * Sharp (15)
Horp,Col,Con, Sharp 43 5 22 7 €6 JE R AE X HE B RRAE L 15 0
FERHIE ;Cy»Cy o Cs BN H R AR, 28 K& MLR [8] 5 91 25 55 46 1
2 C,=0.5864,C,=0.3184,C,=0.2012,

CCS Bk BRI R INE

Stepl WAL E A KTFER IAEZRZE C .G LG,

Step2 4 E1& I )\ RGB Bl 8 %5 [A] #% 4 3| CIELab i 5
Zs (8] I_lab,

Step3 I A A B FEAE Col. B T _lab W a
(Yellow-Blue) »6 (Red-Green) i 2 3 8 Y 5 {8 A1 Jy 22 , i
KDOB AR,

Stepd RN SRR Con, B S B B S 8K
TS AR XS T_Lab 193 A €038 38 43 551 DK -1 88 15 96 5 )
TR SR 5 38 5 X (3) 43 1) 25 Bk 4% 38 18 i M TS, e 3K
(BB TE A Ak, 75 1L X L BEE .

Step5 TR W ESFME Sharp. BRI L 8 % 8 K
NI SRS B TR A SR B 0 0 18 SRR AT T HESD L 3
SR HEL PR Ry 60 20 DX 388 #5702 L B ) 315 3 AN RUEE 1
B 4 (B R i B A 1 — A B 12 SRR Y ) oLl i SVM
THEAG LT I BE 1

Step6 & Col,Con.Sharp 15 » B HE (15) 15 H 7k
T EME T AR .

Stepl FIUERH C,.C, . C; I EL R R F KT
A0, B2 A X L FEE (BRI Wi BE AL, LA RO iz 4 i /K T R Y
W S 4345 NEHE A h BE AL IE ¢ 3/4 ARG AE S I 4R L 4%
T Ao AE R WA 4, 4T MLR JBE Y25, 453 AL EE R 4L
C+Co Gy .

4 LBWERKSH

4.1 HE\ESERTH

H T A A AR SCRE M RE RS T — A
240 WK T BRI /N RECHR 4, 3 B & AT LR LR ALY 20
WK T B 5 GR A ZE B I s Dt % Ot 71 O 225 Dt B 556 L 0
B 4 pizs, @it ACE.CHS. R4 358 % 1 (Fusion Enhance,
FE)™ [RCP.UDCP {5 B #5 /Mt 2 1 8 % (Minimum Infor-
mation Los, MIL)™ [ IBLA. MSCW. DehazeNet™* | GLN-
CHEPY [UWB-VCSE™ 31X 11 Fft 57 ik b H 3k 17 7 Wi fb b 3
J5 S B 220 i B4 5R B R AR T BUR .

E 4 KTRAEG
Fig. 4 Quality-degraded underwater images

T2 E AT S g, O T ARS8 R % LA 19 LA . T
7R FH % 1 %88 HE Bf ¥ (Pair Comparison Sorting , PCS) ™
AT MG BT s 3P AL . WS 7E A 2R O Bl 57 s 18] b 4T
B 21,5 %5 FK/NR A LED SR 2%, 40ROl 1920 =

1080, % b B 152 B 43 i) B S 90 Al 40, SEERHEIN 30 44 K
2 B ST AR AR R WL K 240 R A% 40 0k 20 41, 44 12
ik ML R fE VLS AT . 6 S50 AR P R Y RN R R
SE BLVEAR 5230 Tk AT T — R ER M PR AL . A R
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i Fi 81— il 3% 5 20 (Single Stimulus, SS) 2 PEAil , 23 500 Fl &
[1.5]. 0 IR R R AR 22 25— R R, G ES
AN WL 1 B L T MOS i, 6% 3005 — 4631 0,17,
4.2 S5HMIEMFEHNLERE

Sk T A R T R A O o G, D ST Y R A ik B 4
HCE1— HFOHATX ST WK 5 Fx. &%, i H PCS
XX 4 M ER AT EWHER 5 R AR 2 g, R R AR S0
$EH Y CCS ik 5HOMITAL 73k CPBD™ -+ ARG IHT
fiJ7 ¥ BRISQUEN! , UCIQEN™ |, UTQM'* 3 47 i bk 52 8% , 3T
iR 3— % 7 55, WE 5 o] UG 4 H oAb 3
B b 57 . CHS, FE Ml MIL J7 %45 20 25 Bk T A5 H0 Al €2, 45

] L, PR 5T 0 I M, X 5 KR BHRT A 7 i UIQM.,
UCIQE DA B A= SCHR H B CCS 7 ik i & 25 S K3 W . A
K3IMEFAPRTLUEH.RHALSHEBGE & ITFMF L
CPBD 1 BRISQUE #ill f4& 5(a) & F B 5(g) X 5 A% F
BN A RF . FR 5 M 6 JRAT LLF , UCIQE #1 UIQM
R — UM 4K T EE LA MIL, MSCW Al UWB-
VCSE 5 138 i 25 R fe i, X 5 3 AT 45 SR AN — 30 i 7
&5 1 4 R LA S CCS 7 i 45 28 CHS 35 38 1Y 1814
OE R AT AR 2 BEAIAY AT B HE 4 . 5200 4 R
B A SCH Ik R e vE B A RO T AL B AL S ek g b RE L B S
F2 VT AT S A — Bk

(a)Raw images (b)ACE  (0)CHS (dOFE (ORCP  (DUDCP  (MIL  (WIBLA  ()MSCW (j)DehazeNet (K)GLN-  (DUWB-
CHE VCSE
5 TNV M A AR ik B Ak B 45 SR
Fig.5 Recoved results by different enhancement and restoration algorithms
*2 FMITHHA # 4 BRISQUE fi#5x} I
Table 2 Ranking of subjective evaluation Table 4 Comparison of BRISQUE metric
Method 21 #2 £3 #4 Method £1 #2 #3 #4
Raw images 9 10 10 9 Raw images  0.6849 0.7706 0.6858 0.5139
ACE 5 3 5 3 ACE 0.7355 0.7926 0.7823 0.7352
CHS 1 1 2 2 CHS 0.7485 0.7724 0.6280 0.7674
FE 2 2 3 1 FE 0.6976 0.7757 0.6125 0.7403
RCP 6 6 6 7 RCP 0.7365 0.7807 0.7050 0.6150
UDCP 8 9 9 8 UDCP 0.6817 0.7747 0.6700 0.5372
MIL 3 3 1 2 MIL 0.7034 0.7939 0.6390 0.7428
IBLA 7 7 7 7 IBLA 0.7182 0.7823 0.6678 0.7039
MSCW 4 8 8 4 MSCW 0.6948 0.7151 0.6483 0.5535
DehazeNet 6 5 3 5 DehazeNet  0.6273 0.6858 0.6115 0.5531
GLN-CHE 5 4 6 GLN-CHE  0.7493 0.8027 0.6688 0.7765
UWB-VCSE 5 1 4 6 UWB-VCSE ~ 0.7361 0.7981 0.6592 0.7451
# 3 CPBD 545 %} It # 5 UCIQE #8545 %} 1L
Table 3 Comparison of CPBD metric Table 5 Comparison of UCIQE metric
Method #1 %z #3 # Method 1 =22 =3 =1
Raw images ~ 0.4478 0.5357 0.6657 0.3634 Raw images  0.4261 0.3938 0.3220 0.4276
ACE 0.4483 0.5387 0.5514 0.5745 ACE 0.6274 0.5755 0.6127 0.6448
CHS 0.5009 0.5542 0.5914 0.6738 CHS 0.6987 0.6059 0.6546 0.6904
FE 0.4862 0.5077 0.5188 0.5713 FE 0.6651 0.5878 0.6365 0.6487
RCP 0.4103 0.5331 0.5620 0.3743 RCP 0.5297 0.5341 0.5141 0.5089
UDCP 0.4975 0.5341 0.6695 0.3662 UDCP 0.5390 0.5275 0.3156 0.4317
MIL 0.4883 0.5385 0.5664 0.6205 MIL 0.7160 0.6063 0.6430 0.6752
IBLA 0.4164 0.5358 0.5536 0.5592 IBLA 0.5691 0.5152 0.4869 0.5752
MSCW 0.3083 0.4359 0.4367 0.1535 MSCW 0.6919 0.6117 0.4161 0.6654
DehazeNet  0.3038 0.3564 0.3068 0.2770 DehazeNet  0.6314 0.5578 0.5871 0.5984
GLN-CHE  0.4438 0.5286 0.4453 0.4803 GLN-CHE  0.5244 0.5599 0.5876 0.6025
UWB-VCSE ~ 0.4890 0.5715 0.5389 0.5409 UWB-VCSE  0.6384 0.5982 0.5923 0.5482
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GRIEELTD CCS,CCS%%%LE:T%Mﬁ%‘%%ﬂ*ﬁa‘éﬁ%ﬂ@@
BE TN ZS R R B 2 B % B DL R i R AE R

T JBE 4 5 BT B 3 MR AR5 R dZ#‘a%ﬁuWﬁKlﬁliﬁmTI
] 2k B ALK T R 00 B i, Rt X bh S 38R B L AR SO
B XK T R B VAR A R E R e B S
VT A 1) A DG e B 4, (W] B B AT R T 280 b AT A K T 3 R 4
HEbERE. TR TFARE S B E L FH A 5K

F 6 UIQM Ehrxt b
Table 6 Comparison of UIQM metric
Method #1 z2 #3 #4
Raw images 0.6501 1.0622 0.6224 0.5320
ACE 1.2487 1.5081 1.5019 1.0245
CHS 1.4417 1.5408 1.5781 1.2623
FE 1.4106 1.5875 1.6426 1.1611
RCP 1.0543 1.4104 1.2961 0.7689
ubcCP 1.0501 1.5426 0.6635 0.6137
MIL 1.4458 1.5486 1.5944 1.2110
IBLA 1.0433 1.3567 1.1981 0.7889
MSCW 1.3895 1.6018 1.1520 1.0390
DehazeNet 1.3398 1.5157 1.5254 1.0921
GLN-CHE 1.2107 1.5142 1.3762 0.9800
UWB-VCSE 1.4703 1.5419 1.5420 1.2069

7 CCSHgFRM L

Table 7 Comparison of CCS metric
Method #1 =2 #3 #4
Raw images 0.3488 0.3942 0.2881 0.3433

ACE 0.6360 0.5915 0.6877 0.6206
CHS 0.7158 0.6237 0.7998 0.6900
FE 0.6838 0.6228 0.7927 0.6482
RCP 0.5076 0.5339 0.5739 0.4442
UDCP 0.5745 0.5285 0.2908 0.3615
MIL 0.7132 0.6196 0.7880 0.6818
IBLA 0.5367 0.5369 0.6059 0.5586
MSCW 0.6899 0.6212 0.5151 0.6332
DehazeNet 0.6518 0.5996 0.7656 0.6317
GLN-CHE 0.6067 0.5553 0.5919 0.5294
UWB-VCSE 0.6633 0.6261 0.6483 0.5328

4.3 MHEEXMESH

S T HE 25 B AR SO A L 3R AT LT R
6 o XeF PR IR i R 2 LA 4 22 ) 4 HE O AT T . 1D 3 05
1% 2% (Root Mean Squared Error, RMSE) , H] T i f i I 45
A HERG 1 5 2) Pearson £k 1 A 5& 22 8 (Pearson’s Linear Cor-
relation Coefficient, PLCC) , F T 1 5 1k Bl 5 3 W15 73 2
(B 8 A0 26 Pk, DL B B3k 1 o B 4 5 3) Spearman Bk A 3¢ & %X
(Spearman’s Rank Ordered Correlation Coefficient, SROCC) , H
T M 1 Ak O Ay B 98 P 5 4) Kendall Bk A7 & & %0 (Kendall
Rank Order Correlation Coefficient, KROCC) , W i T i 4+ 5
T A PR % . PLCC,SROCC F1 KROCC {f i 5 , RMSE
(EBE AR SRR T M MR R B AT . 3 8 B T HE 240 I
B4 55 4 145 819 RMSE, PLCC, SROCC, KROCC 4 52 5
gEH 4R H I, CPBD M1 BRISQUE 5 3 W01 B9 4H 56 1
AL, CCSHY RMSE 24 0.0757, H UIQM 455 T K% 13% 5
H UIQM #l UCIQE (% PLCC, SROCC, KROCC #2 7} 4 #8 i
1096 o PRI AR LG At BT 3 3% 77 3, AR SCE I 5 0T fr B
A AR DG L A G A S B

* 8 MR R XS L

Table 8 Comparison of correlation measure
Metrics RMSE PLCC SROCC KROCC
CPBD 0.2242 0.0174 0.1209 0.0845
BRISQUE 0.2031 0.3101 0.2931 0.1452
UCIQE 0.0865 0.7489 0.6638 0.4820
UuliQM 0.0768 0.7574 0.6917 0.5195
CCS 0.0757 0.8339 0.7695 0.5955
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