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Full Reference Color Image Quality Assessment Method Based on Spatial and Frequency Domain
Joint Features with Random Forest
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Abstract This paper is to design an objective evaluation algorithm that automatically evaluates image quality and is consistent
with the human visual system. In view of the fact that most traditional full reference image quality assessment methods only ana-
lyze images in the spatial domain,and have shortcomings in pooling strategies,this paper proposes a random forest based spatial-
frequency domain joint feature full reference color image quality evaluation method. Firstly, this method extracts the chroma and
gradient features in the spatial domain,which are used to characterize the color information and spatial structure information of
images. The texture detail information of the response of the log-Gabor filter bank and spatial frequency features are extracted in
the frequency domain,which are used to be joint features. Then,random forest is implemented for learning the mapping relation-
ship between the feature vector and the subjective opinion score to predict the objective quality score. Experiments conducted on
three standard databases,i. e. TID2013,TID2008,and CSIQ show that the comprehensive evaluation performance by our method
is better than the state-of-the-art full reference assessment algorithms, especially on TID2013 database,the Pearson linear correla-
tion coefficient value can reach 0.9397.

Keywords Image quality assessment, Spatial domain, Frequency domain, Random forest

- (Full-Reference, FR) | #f 43 2 % # (Reduced-Reference. RR)
PsIE M2 % K (No-Reference, NR)™, FR IQA 5 ¥kl F 1l 3k
BEEGIEE BHEAR LR B EAERS T REEEX W 2% BEEE  PEO 25 R s a5, il T IQA W
EEMVER SR ER AL AR B R 45 b B A% 4 L s A T R BT .
rPOAE s 0 B R Y R L R R A ST A AL R R KEBUL TN 2S5 TQA J7 k5T BHG 45 8 1 f B 1
1% 5 2 P (Image Quality Assessment, IQA) BE#Y A 4f X TR, plhn, SSIME B 3k 3l o IR 1%R Y 55 3 5 AE | &5 4 R AT
FEBE S ZRBNSHERE, ZEW IQA S &S5 FUGT LG B R AE R R AF B R A i, JFER £ 1IQA kT

F%i5 H91:2020-07-16 R & H I :2020-09-03  ASCEIMATF R 2 114 (OSID) L 35 4148 _F 07 — 4k 3R BURh 215 B

BT 75 HRRHE A (2018AAC03014) ; F K A ARFE K 42 (61461043,51769026) 5 5 B W% H IR X 5 4UHF % I A (2019BEG03056) ; 1
H R4 A5H 5 H (GIP2019011)

This work was supported by the Natural Science Foundation of Ningxia (2018 AAC03014), National Natural Science Foundation of China
(61461043,51769026) ,Key Research and Development Projects of Ningxia(2019BEG03056) and Graduate Innovation Project of Ningxia Univer-
sity(GIP2019011).

BEAEVEE X E % (liugi@nxu. edu. en)



100

Computer Science TFFLHLEI  Vol. 48, No. 8, Aug. 2021

7 B i B 1R 1 4 ) A B A FSIMEY PSIMEY i GMSD!
SR IR A A Wb AR IORE B R AR AR BT AR 1 g5 A AR A
Yang 514 T Riesz 25 e 3 F 0058 X b B BIUREE  4F
fiE #4H 18l J# (Riesz transform and Visual contrast sensitivity-
based feature SIMilarity, RVSIM) B i, £ 4 IQA #5 A B
HEGF MM EE Ty . SCERI7]4 T —Fh 2ty 2 0 FR IQA
T3k, B 22 RUBE Z2 05 1) ) UL 22 5 (Multiscale and Multidirec-
tional Visibility Differences, MMVD) &, MMVD % E T
BB 53 shearlet 284tk P 19 2 RUBE L 275 ) o] L4 2% 5
PR T ARG RG22 38 8 15 B AL BS54

AN TE TQA AL 5 B8 v, X 485 AN R AE 9 47 I AU AL B4
500 TS0 1) TR PR BT RE AF 43 o T R B AR [ R AR B AN T X 3
X N ZEM 9 22 4 (Human Visual System, HVS) 1952 Ui 72 & AN
— . SSIM Xf 5% B \XF b BE R 45 0 45 iF SR A ) B AL
SRR BT i A5 20 B TN G P AR, A FSTM 53 50 AR iz
—ECME A g AT R A b A A R AT R B BE AR E
VSIS E DL SE 0 P o A Sy i B e B, b B
A A5 O A JEE R iE . GMISD AR T A 7 i 22 ofe Ak B4 6 5
ik, B A e v G T 6 R O T A 0 1

IR R A A B R R PR B T B R ROR
8 R BEAE R 43 RGBSR b R AR BAL 1 0 M e L B i R
%, FEFRQHE D LRA R KL RS b 40 ER .
SR It B A A R 0 AR B 5 2) 3X B T B AR Ak
T A2 R BRI b Ak SR W — A B R ST X AT 2 R AT 2y
5 (R3S gt Ak 77 12 e /0 3 S R ) R A TSR R S L 1T
1 ox T B BRI B BT A A Bk, SR, A T LG AR T
b Ak W T LTRSS 2

W ML AR 2 > J7 A SCRE 1) & [ H (Support Vector
Regression, SVR)™!  # FR 2% 3] L ( Extreme Learning Machine,
ELM)™" BfiHL A (Random Forest, RF)" 1 i 28 5 4% (Neu-
ral Network, NND™™ B AIT 4 7712 b i FH F % WL IQA Bk .
Narwaria 550 Fl| 25 5 8 43 % 7 1 46 7 5 1) 16 O R AiE ok
AL KGR S5 5 R, 85 Rl SVR #E47 18115 Bt & #
Liu S50 R FHLES 5% 20 8 24> FR 1QA #EAT LG 3543 T 8
G PENPERE . Pei SFTOVR I T — Bl T LR B 2R ST W
FR IQA J5 % s W JUA i 8 22 5 4907 vh 32 IURRAE L B T RF H%
2 IBCHY R (] i SR ) 5 X N B AR Ay . HESIER AR R
W1.RF [t SVR F1 BP $f 28 [0 2% 47 3 5 55 119 950 00K 2 L % o
PSR L . Gao 41T IRIE NN 229 ] 2 1QA 1k
REMY AR . 32 1 T — Mol 19 FR IQA HEZR , BV AR 21
PE. LR VGGnet $2 U ERAFE , 48 5 AR BLUBE , 45
AR ZAPESy . Liu A0 SCHR 167 4 i i E 28 JE AT T i
AR T — B R TR R R AR AR A TR TQA R
R SR TR 24 > 0 258 5 S O 1 ) 20 5080 B 2 58 1 4%
FRE 53 A A A5 A G PRI X L R 22 550 10 4% 0 4 A0 B E I B 1 5
AT IR L.

W IQA (A H bR & 1T 1 BERS #f F1 A 2l R R
JoT i R AT L I HLAZ R AL A I M R VR RT R HE IR R 320
BZ, JET UL B E K HVS 5 1QA J ik fZE & LU i 55
BRTEMPERE . SR, B T HVS i T & 4%, AATx 5 8
JE B DA AR M A ST BB B AL HV'S W3 £ 5 4k 3 5

FERECARIAL, Rt 4R B HVS Rk i A5 R il T
H AT IQA WMo & 5. Horh HVS X 23 (8] 531 22 i) o7 45 1 | 2
PRAE R A BAT e R

Fe T LA B 430 o AR ST a7 A 38R A 3 v 4 BCE RD R AE
PEAT PG BT 1 000, £ H0 7 — ol i T I 2 AR 0 2 -0 el I
A B4 (Spatial and Frequency Domain Joint Features-Random
Forest, SFDJF-RF) &2 % 1QA J5 k. B 5o 76 25 380 h 43 5 xd
2 7% R RN 2K 1 UG AR RO 65 1 B BE AR AT 18T, 76 530 488 v $2 i
HAMEAE B 2 R £ 77 1 log-Gabor 38 I #5% 41 #2 B 20 3 4R
FIE P L K 7 8] M0 4 A58 A 1] 5 FE 30 43 % e AiE 181 32647 AR A0 44
e, DR B AR AR 22 S5 L DT R AR 18145 1 2R AR 5 9K 5 F)
JI RF 57 45 AiE 22 53 5 5O 329 3 WL 43 20 (Mean Opinion
Score. MOS) L Z [A] (B 56 & . AR 3CAE TID2008. TID2013 .
CSIQ 3 A™#r i BOHE P b R AT S 56, A6 30 AR SC U7 Bk 19 PR AN
PERE .

2 HFE4REX

SFDJF-RF Jrik BB el 1 iR . 55k 2% B
KB EG B AR Y RGB 45 8] % 45 31 LMN 23 [8] 5 Hokox 52
J3E T 8 4R OB BE A AE | S0 A R 2 R A R AR AL, X (5 3 3 3
M N 2B AR, JHh SC AR AE i log-Gabor I8 U #F 41
PRI, I ELA G B BUA 3% A8 3 1 F P R BOM 1 4 L2 () AT
RAFE ARG N T WAL S % BROR k BLIEMR 0 FRAE 22 5 % L)
- BRI AR AR AT AR B s R R I RF AT ARIE LA
T 5 J5 04 % W T i A 43

5% AR,

kEERL

B =
i % 45t

H
1

I +
P e WA LT

(2 (CCLCCLCCLCCY) (Sm:S1451)
6 B AR S MOS/DMOS
HHE [ EAEHE GN%)

&
EARERD

I %7 7
Fig.1 Algorithm flow chart
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log-Gabor filter bank in 4 scales and 4 directions
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SROCC  0.7957 0.7417 0.8015 0.8044 0.8965 0.8925 0.9052 0.9145 0.9106 - - 0.9316
TID KROCC 0.6274 0.5588 0.6289 0.6339 0.7183 0.7161 0.7352 0.7542 0.7426 - - 0.7720
2013 PLCC 0.8529 0.7895 0.8589 0.8590 0.9000 0.9080 0.9071 0.9279 0.9171 - - 0.9397
RMSE  0.6472 0.7608 0.6349 0.6346 0.5404 0.5193 0.5219 0.4606 0.5157 - - 0.4256
SROCC  0.8747 0.7749 0.8805 0.8907 0.8979 0.9120 0.9051 0.9235 0.9347 0.9199 0.9401 0.9444
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2008 PLCC 0.8696 0.7732 0.8738 0.8788 0.8762 0.9078 0.8899 0.9270 0.9217 0.9030 0.9250 0.9485
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RMSE  0.0866 0.1334 0.1077 0.0786 0.0979 0.0696 0.0986 0.0857 0.0845 - - 0.0577
SROCC  0.8432 0.7705 0.8430 0.8523 0.9032 0.9082 0.9104 0.9220 0.9245 - - 0.9413
Jim A KROCC 0.6753 0.5826 0.6670 0.6820 0.7257 0.7387 0.7391 0.7678 0.7498 - - 0.7931
T PLCC 0.8707 0.7943 0.8709 0.8783 0.8964 0.9157 0.9044 0.9299 0.9212 - - 0.9476
RMSE  0.5749 0.7026 0.5678 0.5595 0.5126 0.4710 0.4918 0.4224 0.4290 - - 0.3756
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Scatter plot of SFDJF-RF between predicted scores and MOS in three databases
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F 3 8 FELL X TID2008 Udf i th 17 Fh 2k HZE#H) SROCC L%
Table 3 SROCC comparison of 17 distortion types on TID2008 database by 8 methods
KEEA GWL-SSIM  SSIM FSIMc Tw-SSIMI%P]  GMSD VSI SC-QI  SFDJF-RF
awgn 0.8666 0.8107 0.8566 0.7869 0.9175 0.9229 0.9393 0.9450
awgn-color 0.8311 0.8029 0.8527 0.7920 0.8975 0.9118 0.9074 0.9280
spatial corr-noise 0.8912 0.8144 0.8483 0.7714 0.9132 0.9296 0.9412 0.9424
masked noise 0.7657 0.7795 0.8021 0.8087 0.7087 0.7734 0.8345 0.8723
high-fre-noise 0.9068 0.8729 0.9093 0.8662 0.9188 0.9253 0.9196 0.9368
impulse noise 0.7110 0.6732 0.7452 0.6465 0.6606 0.8298 0.8605 0.9201
quanti-noise 0.8548 0.8531 0.8564 0.8177 0.8897 0.8731 0.9027 0.8997
blur 0.9456 0.9544 0.9472 0.9636 0.8967 0.9529 0.9621 0.9265
denoising 0.9734 0.9530 0.9603 0.9473 0.9753 0.9693 0.9588 0.9703
jpg-comp 0.9374 0.9252 0.9279 0.9184 0.9517 0.9616 0.9513 0.9524
jpe2k-comp 0.9818 0.9625 0.9773 0.9738 0.9795 0.9848 0.9637 0.9778
jpg-trans-error 0.8650 0.8678 0.8708 0.8588 0.8617 0.9160 0.8864 0.8778
jpg2k-trans-error 0.8986 0.8577 0.8544 0.8203 0.8826 0.8942 0.8996 0.8904
pattern-noise 0.7883 0.7107 0.7491 0.7724 0.7603 0.7699 0.7256 0.8442
block-distortion 0.8346 0.8462 0.8492 0.7623 0.8968 0.6295 0.8622 0.8996
mean shift 0.6499 0.7231 0.6720 0.7067 0.6501 0.6714 0.7047 0.6812
contrast 0.6624 0.5246 0.6481 0.6301 0.4647 0.6557 0.6169 0.7386
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Fig. 4 Comparison of influence of different feature combinations

on model prediction accuracy
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Table 4 Comparison of influence of spatial and frequency domain

features on prediction accuracy

B E 45 A7 EEEE MBI ER FAERE
SROCC 0.8735 0.8579 0.9316
TID2013
PLCC 0.8930 0.8813 0.9397
SROCC 0.8958 0.8925 0.9444
TID2008
PLCC 0.8813 0.9046 0.9485
SROCC 0.9601 0.9537 0.9731
csIQ
PLCC 0.9612 0.9603 0.9773

4.4 AEEEFERMEEE LR

TE WA ][5 19 7 A5 B I 45 Rt & R H ik, b T
TEBE A 1Y [l I3 J5 ik X A AR #E AT Bl A A4S 5 X RF. SVR R
ELM 3 a5 07 3 F 47 T b, 385 0 74 3 A8 &
S BIFFH RF,SVR #1 ELM #37 # #8 5 5] i) SROCC, PLCC,
KROCC F1 RMSE {8 . W& DHUHE % B/ 4 TR 48 A5 (8 AT
VLA R RE #E47 B34 3] 00 PEAN 48 bR (35 T SVR Ml
ELM, WIACEE W] LU, B RE A5 310 /9 3000 P 5 1
BT SVR Ml ELM, ¥ LR &5 R E R 7T RF MR £
) R AR A s AN AT 3 T 58, i L AR I R ME R R A
R, A8 SC B RE S 8] 9 T B k47 BG4 A L

5 3BT kY PERE LR

Table 5 Performance comparison of three regression methods
A E ERED S SROCC PLCC KROCC RMSE
RF 0.9316 0.9397 0.7720 0.4256
TID2013 SVR 0.9108 0.9291 0.7427 0.4579
ELM 0.8935 0.9083 0.7224 0.5179
RF 0.9444 0.9485 0.8017 0.4277
TID2008 SVR 0.9356 0.9372 0.7840 0.4697
ELM 0.9197 0.9218 0.7608 0.5211
RF 0.9731 0.9773 0.8584 0.0577
CSIQ SVR 0.9701 0.9705 0.8472 0.0652
ELM 0.9662 0.9650 0.8396 0.0710
RF 0.9413 0.9476 0.7927 0.3756
JmAE 2 SVR 0.9267 0.9373 0.7700 0.4075
ELM 0.9116 0.9203 0.7505 0.4574
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