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Blind image quality assessment based on multi-level feature
fusion and semantic enhancement

ZHAO Wenqingl’z, XU Lijiaol, CHEN Haoyangl, LI Mengwei1

(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Engineering Re-
search Center of the Ministry of Education for Intelligent Computing of Complex Energy System Department, Baoding 071003,
China)

Abstract: Aiming at the low performance of the existing blind image quality assessment algorithm when facing the real
distorted images, the paper proposes a new no-reference image quality assessment algorithm, namely multi-level feature
fusion and semantic enhancement for NR (MFFSE-NR), which combines multi-level feature fusion and semantic in-
formation enhancement. The local and global distortion features of an image are extracted, then a feature fusion module
is used to fuse the features in layers. The multi-layer dilated convolution is employed to enhance semantic information
and further direct the mapping process from distorted image to quality fraction. Finally, a novel loss function called L,;,
is created by combining the triplet ranking loss function and the L; loss function, taking account of the relative ranking
relationship between the predicted score and the subjective score. Validation and comparison experiments carried out on
LIVEC dataset show that both the SROCC and PLCC index are improved respectively by 2.3% than the original al-
gorithm; cross-dataset validation on the KonlQ-10k dataset and LIVEC dataset confirm that the proposed algorithm has
good generalization ability when dealing with the real distorted images.

Keywords: deep learning; image quality; convolution neural network; feature extraction; channel attention structure;
multi-level feature fusion; dilated convolution; triplet loss function
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FEITR, RAFES B0 T BMR N 2 A 1A K
BR B B

DK B Bl 2 DS TEAG FE bR« B B R 2 4
2 M1 & R % (spearman rank-order correlation coeffi-
cient, SROCC), Bz /Kb 28 14 A 5& 22 %L (pearson lin-
ear correlation coefficient, PLCC), 2 ~48 bRk $2 it
1 Ud AR VR RE AT, 2

N
6y &
i=1
Srocc =1~ m (4)

D=9 pi-P)

i=1

Ji(s—@)zi(pi—ﬁf

s @255 0 A0 P A5 32 00 43 50 30 43 %K
WS GR 22 5, sl p ol R o i A R 320053 %K
RTG53 45, sFNp A B AT IME, NI EA
32 BHEIZE

T SRR AR, RIRHS AT RECR B 2 1
BRSO B K B AR v i g i R AR o3 A
T~ 224%224 BWEMG . h T fARI, HE
PR He fir 78 BE ) 3 0L BOW 45 G e . Y12k
R IR | M AR R R RS 4 81101 Kl 4
K IR B 51 5% BRI R Loy SEAT VISR, WD 0027 2T R
10°°, ffi il Adam 1L £, AL 2984 0.000 5,
RERII 2k 40 1~ epoch, 16 ™ E{GHL A —> batch,
33 HELSCIE

h TR Z BRI R A R E B R
AR REL Ly IEBPE, A SCEEE LIVEC £ 8
AT T IH S5, JFAd ] FPS SR PEA 4 A AL (1)
TFRERCR, SIS 2 i, Hi, JERb A
1 Res2Net50 7E by Ffik SEHU M 2%, A3 )2 1 2k BLRR
EEZL L Yk . 2R R#ITRE, IF
FIIH B J5 — 2 1018 SCRHIE B TS 3 0 2 43 el )
Bk,

HH ¢ 2 RIJ0, ASCHE et D vk v, FE LA
RS rh A3 SRR AR @l T i L T SO R T
RA L B, LIVEC 54 - A9 SROCC F1

©)

Prec =
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PLCC ¥ — BT FBH A 3 M,
SROCC #£5 T 2.7%, PLCC #2551 3.3%, 754
R A SC AT 4 HY 2% RE [ B v A B T A0 0 5 N

KV Z 1A HER L S SRR OGP o TRTI, P 2
AR, AR SCHR H B0 Rt T 0 A S B A v RS T R
PG R bR A [R] G 8 RE SR B T 27 f/s

®2 OHBXR
Table 2 Ablation experiment
PS5 RHERES HSOYEE RABUREEL IR REGINCRE RURBLEMCRE BRI
0 — — — 0.855 0.872 33
1 v — — 0.864 0.881 28
2 — \ — 0.871 0.892 36
3 — — \ 0.864 0.883 38
4 \ — 0.875 0.888 29
5 — \ 0.875 0.891 29
6 — \ 0.881 0.902 34
7 \ \ \ 0.882 0.905 27

34 B—HURE FRXIEL LG

N T VAR AS SCHT §2 53 3% MFFSE-NR 47 24
P, ¥ MFFSE-NR & 8 Ff P e 42 i (9 UG o &
VAN RE EAT HL AL . o, I 6 Ff 5 MFFSE-
NR HHIE 5 TR B2 ) A myk: TS
2 BN AF- 24 0% B S o e PP A (weighted aver-
age deep image quality assessment metric-no refen-
ence, WaDIQaM-NR). 43 2B 1k 2% Bk & F w28 )
#% (cascaded convolutional neural network with hier-
archical degradation concatenation, CaHDC), ¥4 J& XL
2R B A 42 W 4% (deep bilinear convolutional
neural network, DB-CNN), M b T 2| & /- /9 H K%
J ) 5 B (from patches to pictures blind image
quality measurement, P2P-BM), 2 KB F#1iF 12 2 il
B B 22 M 4% (deep neural network based on
multi-scale features fusion layer-by-layer, MsFF-Net)

I 2 P 2% 5] 5 T B B AP R T A
% (blindly assess image quality in the wild guided by
a self-adaptive hyper network, HyperIQA); [F] i}, &
TAORUEXS LE I R 0 56 B P, VR IR 2 Fh it T TR
fERSEE . B /BSR4 18] BT Al 4% (blind/
referenceless image spatial quality evaluator, BRISQUE)
LT B e i 35 w9 H BIR B DAk
(blind image quality assessment based on high order
statistics aggregation, HOSA)., SZEGZE AN 3 FiR .

i1 %€ 3 A] 1, MFFSE-NR 7£ KonIQ-10k Al
LIVEC 2 /> FLS2 % L IRMGOR0HE 46 1 2 T b 44 4
THEET T TRER D725, 5 A 6 Fdk TR 2
I IT A L, AR S T A M RE, SO U
B i T X 52 Ok LR R I MFFSE-NR REA AL
i e A A T A VA R A GO DG, A RO
B RR R,

®3 FRFAEBILLE

Table3 Comparison of different methods

. KonIQ-10k LIVEC

WRRSFHMERE PURBEMAMCRE WURSSFRAERE BRI SE R AL
BRISQUE 0.705 0.681 0.608 0.629
HOSA 0.671 0.694 0.640 0.678
WaDIQaM-NR 0.797 0.805 0.671 0.680
CaHDC — — 0.738 0.744
DB-CNN 0.875 0.884 0.851 0.869
P2P-BM 0.872 0.885 0.844 0.842
MSsFF-Net 0.909 0.922 0.866 0.883
HyperlQA 0.906 0.917 0.859 0.882
MFFSE-NR 0.910 0.924 0.882 0.905
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Hi 2% 4 WTAN, 76 2 4L H R 4R Se 00 v, B X
S22k HE MR ) SROCC 1 PLCC F8 bR 13k 3|

T e, A MFFSE-NR 7E [ 6 B 52 A= 16 Hh il 2k
B, A RE A — o et . B XEARTR R
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s, IR TR HE A R R R R R AL, T
FRBE I BB TH AL 8 T30 43 $5OFN 32 00 I £ 43 B =2 1]
1) A5 SOAH DG RN Aff e, 48 R U )3 A g

F4 BHIEENIKH SROCC
Table 4 SROCC for cross dataset testing

‘ ‘ Wi IR B S X 2 K
I MR SR —
WaDIQaM-NR CaHDC DB-CNN P2P-BM MsFF-Net HyperIQA MFFSE-NR
KonlQ-10k LIVEC 0.682 0.624 0.755 0.770 0.787 0.785 0.794
LIVEC KonlQ-10k 0.711 — 0.754 0.740 0.760 0.772 0.775
3.6 TR AE 4 4 FiE
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Fig.7 Visualization of test results on the KonlQ-10k and
LIVEC datasets
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