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Full Reference Color Image Quality Assessment Method via Low-level

Features Combination with Extreme Learning Machine
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Abstract: As an image quality monitoring and evaluation tool ,image quality assessment(IQA) plays an important role in
various image processing systems. The ideal IQA method should be consistent with human visual system( HVS). Suppose
HVS understanding an image mainly according to its low-level features,a novel Full Reference ( FR) color IQA method.
Firstly, four different types of low-level feature maps are extracted ,namely structural contrast index( SCI) , gradient, local
binary pattern (LBP) , and chroma, which are used to characterize different feature attributes of the image. Secondly,
different feature pooling strategies are employed to process each type of features respectively,and a set of similar feature
vectors are formed as the detector of image quality. Then, extreme learning machine( ELM) is used to establish regression
model and map the feature vectors into an objective quality score. Finally, extensive experiments performed on five
benchmark IQA databases and compared with eight state-of-the-art FR IQA metrics. The results demonstrate that the
overall performance of proposed method is better than other methods, and can effectively improve the accuracy of IQA
index on most of distortions.
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G %) 2 ELRE A S e A2 B F2 IR , 368 5 S LR 1) 5 SCA T b 5l R < TR g . e TR ot
Ferf N ZE i AN EUR 254 15 B A TR, W25 44 A ARUEE ( structural similarity , SSIM) M 4%, iy F &R
{5 B3 % BA TUAE, HET AR R 48 (human visual system, HVS) £ I FJE )2 SFAE N 5E X T RS
PR AN RS, #eE 2 RJBRHIE R B HVS U NG T OG5 B B b S %
UGN R B R Z (B ISR R AELE , a] DA — > RAFRY 200 1QA F8 5. MRt B b R N 2k
Sy T LABRAR Y, HE SUE B REE KRR R N LR PR, SCHR[ 2 142 Hh T —Fh e 71 SUE B 1Y 1QA HE
28 DCHTE NI R | 2k T2 [ AR 0 A 285 DT 52 Wi s SCAJIBURITEUMN  [] Ik AT PRTAR 1  WR
RN T SO R, SR, X O ELMR AR MU SCAR R M5 TR M, 1 A0 5 5 3 o A 32 G 2 AR AR 31 1 0 S
Z ] P LSS ok S I AR R B, DT i BUA 24 HL B AR IR Z AR AR 22

FR 1QA A FEARELL 3 W20 FRAE S ORI Ak, 78 Ak 72 vh | A7 7 PO AS (] B SR s, B 22 Ly
1QA J5 ik LA B 6 T2 2T 11 1QA J7idk. iy FR 1QA 2002 F I MR AS B (9 R AR R 47 00 & 2P 11, 2
PSNR'® (SSIM!" [ FSIM™) VIS'! A5 i T 2 e () 05 i , B A1) 0 BER SR AR - 4 s A SR 3 A 7 b
PR FET 22 1 TQA S BHIEFI FIML A8 2% > F AR KA 7] 2 BRI 0 PG 5 e 22 o 14 56 3%, 3 3ok
N W 5T 5 3 B0 SR A TR I 2k, 45 25 T2 20 1 TQA BEHY Fir 145 PPN PR RE AT & A IR

H i, &R 2 M 4% ( convolutional neural networks, CNN ) Fl1 57 £ [1] 1 [7] 9 ( support vector regression,
SVR) /2058 N R A 22 Wl 2 2 B0, SRR 7 ] 44 s 25 571823 #% ( singular value decomposition,
SVD) Hr At e 1) e A SRR AR R i ARG b i R BEA5 M 5 L IF A FHANASCP- 243t Ak O i i AT Rl B R
J SVR AT RGBT, SCHR[ 8 ] 92 Hh 9 2277 15l & (multi-method fusion, MMF) IQA , F1| FHAHL#R 2 > K¢
ZA A FR 1QA JiEas &k , It Mgt Iy s R il e — A 748, SCInUE ] > 7 4R 40 2 =R ot & PP A
Tyl AR AR TR PERE. SCHERL 9 T 48 1 T —Fh & T CNN Y FR 1QA BEAY | RIVR BE UG BT i P4l (deep
image quality assessment, Deep-QA ), £ 7E T (£ SE 0 AR AINE I T2 HVS (9P BUEEFFE. Deep-QA
LA VR EE CNN, AR ER B0 58 A 58 o £ P 2 PR 2 WL 5 2 T LA R LS P 3 R 43R 3
A5, [a) s AR P % i ) DL AR N2, 52 B0 5 38 WP 3 AH — B PPN AR 0. SCER[ 10 J 3840 T — e TR
A (deep similarity, DeepSim) ) FR 1QA HEZE %77 1A FI H ConvNet BRI K2k B EUE A1 2 2% E1E 53 5]
HEFTRAE S I, 380 20 TSN [R) R R 181 22 1] R AR BLE | f5cJ5 AR DL 235 2R A A5 314 Jmy JB 6 4 28

SR, 0 s A A7 ] 5 v i AT e 2 3 3] — S [m] it i B 006 L N T 3 L FE I R 340 Ak
U Huang 251 J5 2282 Y T H PR 2% 2 HL ( extreme learning machine , ELM ) 2% ) 771, ‘2 42 1 20 [ 2 Wi
P22 2% (single-hidden layer feed forward neural networks , SLFN) #4 i%. ELM J5 i E AT i R oA 75 22 A 4
o 2 114 i AL LA B B2 ) O i T L L 08 8 D 246 118 U2 s A B0 ] DA 7= A e — i B A . ek,
ELM C9IE LA 55 8 1 2% 2 MERf 1, © Bk 32 s F T AR | BG4 N 2R A7 AU R TQA
45 HABCRI T M2 M 4% (neural networks, NN) I SVR.

L b B, WEFE R T 3 T AR PR 2% 2T BB S 2 R AE (low level features based extreme learning
machine , LLF-ELM ) # {4, FR 1QA B8, AR SO EE Bk T .
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index , SCI) (KT REAS AR 4 b 2 imi RIS SR AY SRR B2 2% B8 5 B0 32 TRT ] LA 280 B W PRI 45 SR o e L AR 2K 5 ARy
#l —1H (local binary pattern, LBP) B /5 EIf& B T 9 L2 A9 UG SRl se BRES R M5 B, A K 0 3 P RE 5 43 - 5%
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ZCH 2 AN [ RRAE  ASBFSER T AS [ RS2 R AE R RLRR AR 8 , 4 SCI P22 ) A A G ZR 88, 6 2 (5]
Z ] R 2 B 25 R A DLROIAL LBP B 7 K22 [l R B8 R4

(3)RH]I ELM [RIUEAERY | 22 > AR ) £ 5 AT 2 Z 8] 52 22 B9 AR e M OC R R RAIE 1) e B3 Ohy fie 24
B G 5 3 5

(4)7F TID2013,TID2008, CSIQ,IVC,MICT 5 MadE£dli % I 5 HETHATAY FR QA J5 kb 7 Xy b 5g
55, 45 R U AR (6 1QA A5 F AN B A B 1 — 2k
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0 % 55 B MR R T B Bk i 22 5 1 IABI (6435 i) (0 B 4 45 1 B3 11 %, Bl MR I (1
BHAL A IQA TEMBRL BG4 — I RGB 25 [ R (A MG F A5 3 LMN 25 1] ) i a0k
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Fig. 1 Contrast mask effect example
1 J2 CM O A — 07, R — M S 4 RIS T2 B R 50 Y DR i S8 1 M s 2 iy 2k L IRIAR,
HR LG R CRE 3 30l 2R 38 2] A 2 B SO R e PR X WL T A, HV'S AR 5y 4% 20 DX (An P&
ZTHE ) TR B 8 i s 0 11 M 7 2 B TR A2 2 SO R S8 1 IR DX S (R AE ) PP BN 3. X R
HVS 23 MR I8 G 0 SO ARRAE BN (] (4 400 3 o o 5 2K .
% JE B MR LR 4 B AL CM ROV A B 28 AR SR AT SCLAE SO A AR P2 4, KL B AE (] g
7 e o G 00 5 40 JEE RTGE U R i B OB B RS L AT B LAY 7% 78 e (discrete cosine transform,, DCT) |
PEM—WRR/INA nxn (9 DCT B, 157 REUW S5 H B (KT) A FEEESR BE (C) 19 L3 W S0 BE E4  J8
AP SCI( o) 5 XAUNF .
CI*
T —ﬁ, (2)
A, a,B HBHIZH 3 (2) PRI LLEESREE CI5E LR Cl=my/n® , Forf n J& DCT HRAY 5 BE. 254 KT
SO T SC B E R BENLYE , B2 H—1k DCT B 323 (alternating current, AC) R EU{E I % UM
KT=""%, (3)

A, m, EH—1E AC RE(p) W9 k B
m, = Z a)kp(a)), (4)

K0 S5 (u,0) A DCT RE S MR, u KI5 AR o N TR BT MR, w=6-vu’+” 6 HE
TEE ,p(0) & o 4t DCT H—IL REAIE , & LK
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fAifE A
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Xt TR BE B EEWRAEL B E SO A 1E 5807 1) B PGS T B E B ¥ D5 AR, O 1 ARSI
— LU PR NIRRT Prewitt IEPAR T EREEE XIS H KB R(i L)) IR EIEUR D (i) a3 AR A
SERIE

Grlisj)=+/(h, * R)*(i,j)+(h, # R)*(i)) ,

Gp(i,j) =/ (h, # D)*(i,))+(h, % D)*(i,)) .
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1.1.4 4R E—5 LBP
Ojala 55171 R BERE AN AR — B0 LBP | HC SR AR R A5 915 3 X AR S AR O (LA T 4 , OF: 4K
eI N EFSW NTIRAVIHRE IVEHE GL LN 1MW
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P-1
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P+ 1. HoAth
P-1
U(LBP, )=1S(g,.,—¢.)-S(g,—g.) 1+ 2. 1S(g—g.)-S(g,,-g.) | (9)
i=1
S( )_{1, x=0 (10)
70, x<0

o, LBP AR “riu2” T (/N FAET 2 WIS A AR “ B8 B, U (88 Mz 3 b2 (B 5 48 1 Yk 5L
(FZ07 0/1 2846) 58, , 8, 73 MFRR HOMR R SURMAR R R A0 P2 AR AR R A S B r 2 J8 B SRR &R
AL

X 27 EUR RN R BG4 AT LBP 85805 , AT 43 5145 3] R_LBP 2 K150 D_LBP} |8, FH I h A4~
BRI R AL E AL B AT DURREE | LA R AT UL RE B4 PG DX Sk 8 1) A P ELAG R A L
1.2 S HHERE

PG 2k Lo S SR B RRAE K A AR AL PRI AR /N9 38 5 1350 i 4 P AR 0 2R L LR B R R (L
JE i BRI R B L. XA MRE, 12 F TR AU T35 2, 2 Z R R MR B KR D ZE1
ARARIAE 2 5 DA DU 3 - SCI BB | (B2 T LBP.

58, Ry, Bl D, Z IR SCLARBIPE FIAHOC R 4L CC Fom T

Z _i (RSCI(i)j) _RSCI(i’j))(DSCI(i’j) _DSCI(i9j))
S, =CC( Ry, Dy )= - “;:I = — (1)
2 z (RSCI(i’j) - Rscz(ia]'))z Z z (DSCI(iaj) - Dscz(i’j))z

HCR BRI G, G, AL SRR b 2 2 S F s
2GK( l ’.]) G[)( L ’]) +T1

GO )= e , 12
( / GR(L7.])+GI)(L,])+T1 (12)
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14 SR ZE I REAE A AR

(k)= 2 2 R RIBPIL) LK),

i=1 j=1

o (16)
Hy(k)= 2 2, 1D,(i,)) |f(D_LBPR?(i,) k).
=1 j=1 1, x:y
=100 em (17)

K ke [0,K],K=9 Mg A2 LBP X AR, mxn R G R/ R, 1 D, 5 51328 52 G A
REERNSERE /K. JE AR () ORI LBP A Jy BIARLEE , X anF .
S,= | Hy=H, || - (18)

2 [l

Y — IR A ok AR AR RUPE AT AR B — A 4 i i S = (S, S,,S,,8,) = (CC,,,SD,,
SD.,HD ) , 5% HbR 2 AR BIRFE ) i S 9 — > sREL £, Wei 15 2 B T i R 244593 Q, B
Q=/(S), (19)
A, Q WA —fk k[ 0,1].
A £, A SR AT ELME2) S 2 SR AE ) i S o
LT B R A OC R, AR G &) 2 F. ‘ o 1
ELM HAr2 R 17— f(S,) g, i 5 3

ST B A5 22 1) R R 25 B /N AR
1
f(8)= X Bg(W;-S;#b)), i=1,,n (20) P

Ao, S, B R EHRET XN A — AL AR R i, e T(S”SD )T
FEAK, W, F1 b, 435l 2t A2 B 52 AL EE [m) £ )
P a1 5B, i AR n] i, g A O Bt SE 1)
PG PR, R Sigmoid PREL

N T AT AT LK (20) B R RFIE A

2 WRBRFIIVM AL

Fig.2 Extreme learning machine network structure

Y.B=Y, (21)
X, Y, 9 ELM R4 Y 325 A6 I, T LR
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g(w, =S, +b,) - gwS,+b) )
(22)

B Y1
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Bl Ix1 Y ) wxi
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o, 12 SLEN FRERZ A 50 n i A SRR

550102 2 BRI Y ELM SR e IM R Y BOR /N e i AR A ol e Ak k. i R AR R [
B "Ittt

B=YY,. (23)

by, JEHFE Y, ) Moore-Penrose | S it Bartlett' ' ¢ B FR AEA T H/IN 15 4 28 W 25 iR 92 A A7 fil ik
4. ELM i@ i >R H] Moore-Penrose |~ A3 (1115 B 75 BT A DLAL A v BA e/ NUALE 1 8. X7 T B3R % [H]
SRR A IE A HSE 2 0T DU R T T Moore-Penrose 300, AT AR HE 04 (0] I PR [ 22 ] X6 iy Hy A 1)
it B #HTAETE. LLF-ELM Bk E an el 3 s,

SEF(R IR
i
— Y V- l
SCIF| L TR BE K] L R LBPJ#|
Correlation Similarity Similarity Histogram
coefficient deviation deviation distance

v N2

Similarity vector

v

ELM DMOSS

B 3 LLF-ELM &%iGiEE

Fig.3 Flowchart of low level features-extreme learning machine metric
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FESZI T SR AR 2 B A2 28 ELM T ARGk [ml R, 12D i i B2 15 R U 4K 3
FEAR, AT LAY 48 K a2k DI 5 i (0] [R) T, BB 408 38 340 4 (9 974 PEBE. /8 TID2013', TID2008" , CSIQ™™
IVCP MICT™ 5 AR TQA BUiE 2 BabAT 1 HESE. X1 5 AN 2R, A ) 40 1 B2 5 050
300 . SLE R AT 5 H T AT Y 6 Bl L T AR 2T WA SR K Y FR IQA i GWL-SSIM™ | ssIM!t
FSIM'*! [ PSNR"! VSTV SC-QTM'® 2 Rl T2 2] i AL SRS A9 FR 1QA J5 % SVD-SVR!” | Deep-QA"™ 17
FeAs.

ST UL A A, BRI 5 HVS A9 — SOt R B 38 5 R FDE 2 A B S 0 (A
(mean opinion score, MOS) #4753 #71. R 4 A5 ETEAL TQA 45 F5 >K ZI il ; Spearman 55 9% AH ¢ & %k
( spearman rank-order correlation coefficient, SROCC) , Kendall %5 2 # ¢ & %X ( kendall rank-order coefficient
coefficient, KRCC) , Pearson 2k P AH ¢ 224X ( pearson linear correlation coefficient, PLCC ) F144) 77 # 1% 22 ( root
mean squared error, RMSE) . i P4-~HH ¢ Z 55007 LA A 455 8 D1 4303k 1) SR o | LB (BBR A, 156 I AH DG
PEBGF. 11 PLCC H1 RMSE 3X W8 bRy Z 647 [m I 234, 32— E 4553 5 MOS Z [H] 1) — Lk
PEWCS. XtFAELeME A R G e R A

ﬂxﬁﬁ(;—thijwwﬁ (24)
A, B,,i=1,2, -+, 5 FEABLERE IS AL — A0 19 5 IO S0 M0 A9 47 350 Y SROCC, KROCC, PLCC
[ A B2 AR RMSE.
— 96 —
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32 ZXWERSHM
3.2.1 BAFRABERE LM

56,4 LLF-ELM 595 5 X7 WA AE 5 PR fEdici b it A7 T YRRV . ZERAN B8 e L BRI #R
80% 11k B MG T2k, 20% 17 2 B MR R F 3. B Zh—I3X41 19 1 000 WRaEAR (A 45 RAE b e &
VRO, AR 1 . 8 5 DPRMERUR I | 2 D EAEPEM LAY SROCC, PLCC i (KROCC #1 RMSE HA#H
[ PN RCR ) FHRRAARPRTE. H e B8 7T LUE A SO VA TE A& B e h i 48 bn S HUS T TP 44 1Y
PEMRCR 76 5 APRUESE EE H 9 SROCC {43514 0.902 7.0.921 2.0.970 1.0.943 1 F10.936 7, Hip7E
TID2013 e 55—, oAb POAS B8 2 b HE 44 55 —. [RlB A8 307 SROCC Al PLCC {E7E TID2013 Fl CSIQ
L e T SVR FI CNN 19 3 B FR IQA J5 2415 0.02 F10.01, 5 HRETHATE NR 1QA JEAH L, AL
D7 AR T e ) SRR

F1 RENEMEGRTE S MUBERHRRER (S HIBE E 2 MRETNEEMAEX REE A BAIRE)
Table 1 The experimental results of different evaluation algorithms in five databases( the correlation coefficients

of the two best evaluation algorithms in each database are marked in bold)

PGS PSP GWL-SSIM[28]  SSIM[ 1] FSIM[ 4] PSNR[ 3] VSI[5] SC-QI[ 16] LLF-ELM
SROCC 0.795 7 0.741 7 0.801 5 0.639 6 0.896 5 0.905 2 0.902 7

KROCC 0.627 4 0.558 8 0.628 9 0.469 8 0.718 3 0.735 2 0.732 1

T1b2013 PLCC 0.852 9 0.789 5 0.858 9 0.450 4 0.900 0 0.907 1 0.916 9
RMSE 0.647 2 0.760 8 0.634 9 1.137 2 0.540 4 05219 0.494 9

SROCC 0.874 7 0.774 9 0.880 5 0.524 5 0.897 9 0.905 1 0.921 2

KROCC 0.695 4 0.576 8 0.694 6 0.469 6 0.712 3 0.724 9 0.758 7

11b2008 PLCC 0.869 6 0.773 2 0.873 8 0.530 9 0.876 2 0.889 9 0.922 4
RMSE 0.662 7 0.851 1 0.652'5 1.137 2 0.646 6 0.612 0 0.519 5

SROCC 0.961 7 0.875 6 0.924 2 0.805 7 0.942 3 0.943 4 0.970 1

KROCC 0.8210 0.690 7 0.756 7 0.608 0 0.785 7 0.787 0 0.847 0

eslQ PLCC 0.944 1 0.8613 0.912 0 0.800 1 0.927 9 0.926 8 0.969 5
RMSE 0.086 6 0.133 4 0.107 7 0.157 5 0.097 9 0.098 6 0.065 9

SROCC 0.920 9 0.901 8 0.929 2 0.688 5 0.899 3 0.886 0 0.931 4

KROCC 0.755 1 0.722 3 0.756 4 0.5220 0.721 7 0.708 1 0.782 8

ve PLCC 0.928 5 0.9119 0.937 6 0.719 9 0.841 7 0.761 8 0.949 5
RMSE 0.449 6 0.499 9 0.423 6 13.36 8 0.499 9 0.545 6 0.370 7

SROCC 0.924 0 0.879 4 0.905 9 0.613 0 0.865 9 0.817 9 0.938 1

. KROCC 0.756 7 0.693 9 0.730 2 0.444 7 0.673 7 0.620 1 0.795 9
et PLCC 09299 0.888 7 0.907 8 0.642 6 0.736 2 0.618 2 0.950 0
RMSE 04759 0.573 8 0.524 8 0.958 8 0.617 5 0.697 3 0.388 8

SROCC 0.850 2 0.779 7 0.849 1 0.631 6 0.902 8 0.907 7 0.919 7

KROCC 0.682 9 0.592 2 0.673 3 0.490 9 0.725 3 0.735 7 0.759 9

Weight Average

PLCC 0.875 6 0.802 0 0.874 8 0.538 6 0.890 8 0.892 3 0.928 1

RMSE 0.558 6 0.6815 0.553 1 1371 1 0.507 1 0.491 6 0.432 4

BRI Ah iR 221 T A SO R 7E TID2013, TID2008, CSIQ , MICT, IVC 5 AN%H 7 - 145435 3 0L
DLAS5r MOS BHISEL, Il 4 Fros. DRI H AT 2258000 R T T 18 &) b A e it 2 R A 3 150 B L
NP 15505 AR 1) — B
3.2.2 MARE K AEA RN BRI

7 TID2008 $4 A Filiat T AS R VA AE 17 P B2 R A NG 12 | e rp A f e 2R ALY 2 A e
2 SROCC HH B AMAEE /R, 5 HRMATH 6 FiJLFAE2: 2R 2 Bk 24 ) (FRIE 2 2 R 2 2] &
1 Fl) 89 FR IQA J5 34T a6 2 WA Y LLF-ELM 7 E B M- S5 R A A3k, b R W% 05
ETERZ U 2R 5345 FR IQA J5 i He i HA AR IR 55 4 kG

FER 2, X AL S (Pattern-noise ) FHEAR 1 75 ((masked noise ) 28 FL2E A LLF-ELM J7 7% 1
SROCC 854373 2] T 0.854 1 F1 0.882 5, il T HAMPEM J5 12 s X F % €25 B4 e 75 ( AWGN-color )
REZEA LLF-ELM J5 89 SROCC fHIAZ] T 0.93, H Deep-QA F1 VSI #5557 297 0.07.0.02; [F] it % T
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Fig.4 The scatter plot of the prediction score and subjective opinion score MOS in the five databases
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Table 2 Comparisons of experimental results of 17 distortion types in TID2008 standard database by each algorithm
N GWL-SSIM SSIM FSIM PSNR VSI SC-QI SVD-SVR Deep-QA
distortion types LLF-ELM
e [28] (1] [4] [3] [5] [16] [7] [9]
awgn 0.8666 0.810 7 0.856 6 0911 4 0.922 9 0.939 3 0.760 0 0.980 2 0.947 4
awgn-color 0.8311 0.802 9 0.852 7 0.906 8 0.911 8 0.907 4 0.720 3 0.863 1 0.931 0
spatial corr-noise 0.891 2 0.814 4 0.848 3 0.922 9 0.929 6 0.941 2 0.787 5 0.970 4 0.944 4
masked noise 0.765 7 0.779 5 0.802 1 0.848 7 0.773 4 0.834 5 0.636 3 0.795 2 0.882 5
high-fre-noise 0.906 8 0.872 9 0.909 3 0.932 3 0.925 3 0.919 6 0.863 8 0.974 4 0.940 8
impulse noise 0.711 0 0.673 2 0.745 2 0.917 7 0.829 8 0.860 5 0.663 0 0.725 3 0.938 7
quanti-noise 0.854 8 0.853 1 0.856 4 0.869 9 0.873 1 0.902 7 0.813 0 0.901 1 0.907 1
Gaussian blur 0.945 6 0.954 4 0.947 2 0.868 2 0.952 9 0.962 1 0.812 0 0.950 4 0.931 0
denoising 0973 4 0.953 0 0.960 3 0.938 1 0.969 3 0.958 8 0.889 3 0.929 3 0.971 4
jpg-comp 0.937 4 0.9252 0.927 9 0.901 1 0.961 6 0.951 3 0.885 5 0.940 0 0.9519
jpe2k-comp 0.981 8 0.962 5 0.977 3 0.830 0 0.984 8 0.963 7 0.902 7 0.958 3 0.979 0
Jpg-trans-error 0.865 0 0.867 8 0.870 8 0.766 5 0.916 0 0.886 4 0.834 7 0.880 0 0.878 0
jpg2k-trans-error 0.898 6 0.857 7 0.854 4 0.776 5 0.894 2 0.899 6 0.792 8 0.928 2 0.891 7
pattern-noise 0.788 3 0.710 7 0.749 1 0.593 1 0.769 9 0.725 6 0.660 0 0.760 0 0.854 1
block-distortion 0.834 6 0.846 2 0.849 2 0.585 2 0.629 5 0.862 2 0.801 3 0.517 4 0.905 3
mean shift 0.649 9 0.723 1 0.672 0 0.697 4 0.671 4 0.704 7 0.515 2 0.652 1 0.669 6
contrast 0.662 4 0.524 6 0.648 1 0.612 6 0.655 7 0.616 9 0.436 0 0.838 2 0.718 8
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%) Fi CSIQ (866 M K4 1 A Il 285 | 5 9 Fh 3 2% 21 A9 75 %5 (B SVD-SVR'! Al FR-DCNN) i 47 T
Feds, H SROCC {HUn3 3 Fias. Hh i s iR a2, FR-DCNN (JE TR 2 2] ) J7ik HAT TID2013 il CSIQ
A3 I R IR AE AN 25 4 i SROCC F8 AR 18, T 76 U1l 25 42 50 R (3 000 1% 1814%) A0 A 0 K, AR 07 vk
SROCC fHi5# 0.946 0, FL H T 25 0.01 ; [R] Rt 35 )1 2R 42 Bk (866 IR IR ) Bsi/b | A SO et eI 30
BH 5109 %, Pl a8 B A SO A A 1 5 1

#3 TXHBERIEN SROCC (W FIIEMMLE D HANEREGERTE - FF,; — FRGREME)

Table 3 SROCC values for cross-database validation( for the same image that appears in the training and test sets,

“="is indicated in the table,and “—-" denotes missing values)
B LA WIRES TID2013 TID2008 CSIQ MICT IVC
SVD-SVR[ 7] - 0.883 2 0.893 1 0.855 8 0.875 5
TID2013 FR-DCNN[ 33] - - 0.931 0 -- -
LLF-ELM - 0.910 0 0.946 0 0.882 1 0.904 8
csiQ SVD-SVR[ 7] 0.745 8 0.755 0 - 0.832 7 0.882 8
) LLF-ELM 0.866 1 0.896 1 - 0.914 3 0.901 7

3.2.4 R BRZEHAEFa ol Sk 0 b dR

LLF-ELM J5 30 BB BT (3 SCI BEEE A LBP 4 NEFAE B 4 NERAEBHRC M £« fos fon for TEMEFH
ELM J7 A ESEA TRl A B, R A b AR i o) S5 2 0000 1) 5 4540 SRR [, o 17 5 g S A X e 28
PPN EE R0, X 4 SRR BIHEAT T IBHRRIE Aol fi B F 2P, 3% 4 45 1 T AR B0 12 Hh DU 4 AR AE
FIH ELM fil545 219 SROCC #l PLCC {H. MR LA i, SROCC Fl PLCC X P~ AH 3¢ 22 BCHR 2 7 [ 1 ff
FH U RAAE ST AR B TE T a8 80 T fe sl LA, AR SCHE B DU FpRRAF X fe 2 0 T30 45 SR 2
FH), B TAMYRCR.

F 4 TEHIEAS HERTRE R QR

Table 4 Comparison of the influence of different feature combinations on model prediction accuracy

B TR FE bR h f S Ja NIRVERVER I
TID2013 SROCC 0.661 3 0.629 1 0.856 8 0.437 7 0.902 7
PLCC 0.642 1 0.638 2 0.887 0 0.602 6 0.916 9
TID2008 SROCC 0.595 2 0.655 4 0.882 8 0.527 2 0.921 2
PLCC 0.594 1 0.654 2 0.906 2 0.657 0 0.922 4
CSI0 SROCC 0.755 2 0.707 0 0.966 4 0.696 7 0.970 1
PLCC 0.746 0 0.734 5 0.960 3 0.724 4 0.969 5

T kLU 4 BhEFAERT T SR PP A SRR T ELM A ORI AR, AT T LR 20 A,
PR ELA 4 FURZFER L SR TE50) SSIM RIZE T SVD' Sk AT Tt X F it Ak S m, e
I ELM 5 SVR ZE17 HUE, Ak 5 om. B e (R [ b AL EoR E T Bl & AU AT ER T, FCAOAN TR Rk
AP PERE , 25 1R B T4 AR AETE 4 BRI P 9 SROCC (IR BURAE. U, 7e i HIARTRI AR AE 7 12
AURTHE T, S0 UEAN [t Ak SR W i PERE , mT LA BLEE T ELM 14 J7 V5 78 Eiais 7 vb i) 8000 KS B2 AR T 3k
SVR #yJ7 k. I 5L T 4 FORRIZR B IR JZAFIE 5 35 T ELM BOMLAL SRS AR S 5, 5 S AfA T R 52
b, BA B 5a 4 ).

£S5 X =FRE MR R HER R FRMARMAL S % ZEE LA SR E LT SROCC g

Table 5 Compares SROCC on four databases for three different low-level feature descriptors and two pooling methods

Bdla e/ B TID2008 CSIQ MICT IVC

SVD-SVR[ 7] 0.788 9 0.887 5 0.866 8 0.882 9

MMF-SVR[ 8] 0.917 6 0.957 5 0.921 3 0.925 3
LLF-SVR 0.920 4 0.968 9 0.926 2 0.928 0
SVD-ELM 0.792 8 0.892 3 0.870 4 0.888 5
MMF-ELM 0.919 0 0.969 6 0.927 6 0.927 3
LLF-ELM 0.921 2 0.970 1 0.936 7 0.931 4
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