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Abstract: Since the current image quality assessment methods are generally based on hand —crafted
features, it is difficult to automatically and effectively extract image features that conform to the human
visual system. Inspired by human visual characteristics, a new method of full —reference image quality
assessment was proposed by this paper which was based on convolutional neural network (DeepFR).
According to this method, the DeepFR model of convolutional neural network was designed which was
based on the understanding of the dataset by itself using the human visual system to weight the sensitivity
of the gradient, and the visual gradient perception map was extracted that was consistent with human
visual characteristics. The experimental results show that the DeepFR model is superior to the current
full —reference image quality assessment methods, its prediction score and subjective quality evaluation
have good accuracy and consistency.
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Fig.1 Network architecture of DeepFR
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Fig.2 Examples of GMAP maps with various

degrees of distortion
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Tab.1 DeepFR parameters

Input Output

Fusion  Activation Filter sizes  Stride

channel  channel
Convl-1  LReLU 1 32 (3,3) (1,1)
Conv2-1  LReLU 32 32 (3,3) (1,1)
Maxpooll - 32 32 (2,2) (2,2)
Convl-2 LReLU 1 32 (3,3) (1,1)
Conv2-2  LReLU 32 32 (3,3) (1,1)
Maxpool2 - 32 32 (2,2) (2,2)
&1
Continued Tab.1

Activation clllr;rr)llrl:el ;Ztlli)uetl Filter sizes  Stride
Conv3 LReLU 64 64 (3,3) (1,1)
Conv4 LReLU 64 64 (3,3) (1,1)
Maxpool - 64 64 (2,2) (2,2)
Conv5 LReLU 64 64 (3,3) (1,1)
Conv6 ReLU 64 1 (3,3) (1,1)

FC1 LReLU (1,4)

FC2 ReLU (4,1)

2 LWWIES MRS

2.1 HHRERERFNIER

S B A B PR T 4 R A e 9 TR 20 HE SR
LIVE,CSIQ,TID2008"", TID2013 f 4 # & 1% , 45 1
BOR EAR AL & 1 2 T 2GRN A B MOS 73 3 5
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Fig.3 Image results
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Fig.4 Scatter plots of the quality score

2.4 MHRELER

o T Bk DeepFR #7819 A 25 1, S0 X LIVE
CSIQ.TID2013,3 > & i i Ko 4 BEAT VP4, AU
T B IR B G B AR, BLIRARAR 5 R AT 9 AN A o
X DeepFR #1877 3£ 47 ¥4 ), 45 PSNR, SSIM" &%
H72F (& TW -SSIM .VIF¥.,GMSD ,FSIM .1Q (Iy) ',
DeepSim/4 L7 (9 L (0 P 10 4% 4 (3 it 37
WITEAR IR, 4RI 2 9 3 A Mda 46 BB IR fiE

R23INIQAHEE L EMHRMERLILE
Tab.2 Performance comparison of
three IQA databases

. Weighted
1A LIVE(T79)  CSIQE66) TID2013(3000)  “#He
method  cpe PCC SRC PCC SRC  PCC SRC PCC

PSNR  0.876 0.872 0.806 0.800 0.636 0.706 0.708 0.751
SSIM  0.948 0.945 0.876 0.861 0.637 0.691 0.733 0.765
TW-SSIM 0.957 0.952 0.921 0.914 0.778 0.832 0.835 0.867
VIF  0.963 0.960 0.920 0.928 0.677 0.772 0.770 0.833
GMSD  0.960 0.960 0.957 0.954 0.804 0.859 0.859 0.894
FSIM  0.963 0.960 0.924 0.912 0.802 0.859 0.852 0.886
Q) - 00910 - 0920 - 0840 — 0.867
DeepSim  0.974 0.968 0.919 0.919 0.846 0.872 0.881 0.897

DeepFR  0.981 0.984 0.960 0.966 0.876 0.894 0.909 0.923
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FEB I 7 o AP R S B 3k DL AR JH At 45 2R 0 40 0
HAH G IE SCHR Mk . 3R2 45 2R wl LUIFA i DeepFR 4
B PP Al 7 % 48 # 4> LIVE, CSIQ 5 TID2013 %
i B b IR s AT 45 SRR T A 09 P 4 O 35 T
LA 1 200C5R o A7 50w Y 000 of 1 5 — B
P, Ui W] T DeepFR A5 74 Xof A [A] %5 4 4 #8 A 4 4 19
Jo - T AR

Sy 1 S B AR O ) R LR A AR R
B BLVE M AR, X 7E LIVE 3R & eI 4 ir iy
A SR T X LIVE 04 52 1 & Fl 2k B2 AL BEAT
W, 5 Rk 3 iR, % 3 T 45 L B8 T DeepFR
TR A A FE 4% A~ LIVE %88 %5 B 8 oR TR 4F i —
PSRk, i B 4E JP2K,JPEG,WN,FF 2% B 2%
B b b Gl B 2 0 A R

RIB-KHEXBHELIVE EWHRR

Tab.3 Performance comparison of individual distortion types on the LIVE

QA JP2K JPEG WN BLUR FF
method — gRc PCC SRC PCC SRC PCC SRC PCC SRC PCC
PSNR 0.895 0.876 0.881 0.903 0.985 0.917 0.782 0.780 0.891 0.880
SSIM 0.961 0.941 0.972 0.946 0.969 0.982 0.952 0.900 0.956 0.951
GMSD 0.968 0.963 0.973 0.976 0.974 0.977 0.957 0.954 0.942 0.939
FSIM 0.970 0.910 0.981 0.985 0.967 0.976 0.972 0.978 0.949 0.912
1Q(Iy) - 0.960 - 0.940 - 0.990 - 0.980 - 0.910
DeepFR 0.975 0.984 0.973 0.990 0.988 0.992 0.967 0.965 0.977 0.983
image quality assessment [J]. IEEE Transactions on Image
3 g;él: _L/E Processing, 2011, 20(5): 1185-1198.

SC AR B N IR AL E G B R R SRR, AT
BE2E S I, it 1 — AR T B e ) 4 R TR Y
&S H RGN ITE . SRS T TR B
b/ 22 % BRI Jr ik e, SO R T
B L R4 TR AR RS, A SRR
FRAE, ) b B2 22 S 10 064 o o B2 A% B 7 3 ad A
B, A5 B PE A 45 R AT A N IRPLGE AR 48 Ik
R B R Y A R o SR A R R T ST AR R TR
5~ [ gl 3R BURE AR A J7 95 RE BOHE B 09 9 o 1R 5
RAAMEREIL T A M2 M0 7 ik o 2E—

[=)

E, LN

R RE AT LSRR R LD ik AT mUAR B,
TR, DI S8, s E ks s
o

S 3k

—_
—
—

Wang Z, Bovik A C, Sheikh H R, et al. Image quality
assessment: from error visibility to structural similarity [J].
IEEE Trans Image Process, 2004, 13(4): 600-612.

(2]

Wang Z, Li Q. Information content weighting for perceptual

[3] Sheikh H R, Bovik A C. Image information and visual
quality [J]. IEEE Transactions on Image Processing, 20006,
15(2): 430-444.

[4] Cheng G, Huang J C, Zhu C, et al. Perceptual image quality
assessment using a geometric structural distortion model [C]//
IEEE International Conference on Image Processing, 2010:
325-328.

[5] Zhang D. FSIM: A feature similarity index for image quality
assessment [J]. IEEE Transactions on Image Processing,
2011, 20(8): 2378-2386.

(61 et al.

Xue W, Zhang L, Mou X, Gradient magnitude

similarity deviation: A highly efficient perceptual image
quality index [J]. IEEE Transactions on Image Processing,
2014, 23(2): 684—-695.

[71 Luo Haibo, He Miao, Hui Bin, et al. Pedestrian detection

algorithm based on dual —model fused fully convolutional

networks [J]. Infrared and Laser Engineering, 2018, 47(2):

0203001. (in Chinese)

BE, A%, BOMR, SF. BT ORURE A 4 UM £ 1 4T K T

BLCRR)[T]. 2040 50 T/, 2018, 47(2): 0203001

Luo Haibo, Xu

[8] Lingyun, Hui Bin, et al. Status and prospect

0703004-7



% 7 1

bk TR

www.irla.cn

£47T %

(91

[10]

(11]

of target tracking based on deep learning [J]. Infrared and
Laser Engineering, 2017, 46(5): 0502002. (in Chinese)
B, VPR, B, A BT URE A o) 0 H bR BR B 7 ik
W BRSO E [T £ 4 5 WO DR, 2017, 46 (5):
0502002.

Kang L, Ye P, Li Y, et al. Convolutional neural networks
for No —reference image quality assessment [C]//Computer
Vision and Pattern Recognition, IEEE, 2014: 1733-1740.

Li Y, Po L M, Feng L, et al. No-reference image quality
assessment with deep convolutional neural networks [C]//
IEEE International Conference on Digital Signal Processing,
2017: 685-689.

Kim J, Lee S. Fully deep blind image quality predictor[J].
IEEE Journal of Selected Topics in Signal Processing,

[12]

[13]

[14]

[15]

0703004-8

2017, 11(1): 206—220.
Ali  Amirshahi S, Pedersen M, Yu S X. Image quality
assessment by comparing CNN features between images [J].
Electronic Imaging, 2016, 60(6): 6041010.

Gao F, Wang Y, Li P, et al. Deep Sim: Deep similarity for
image quality assessment [J]. Neurocomputing, 2017 (1):
104—-114.

Mahendran A, Vedaldi A. Visualizing deep convolutional neural
Networks using natural pre—images[J]. International Journal of
Computer Vision, 2016, 120(4): 1-23.

Ponomarenko N, Lukin V, Zelensky A, et al. TID2008 —a
database for evaluation of full —reference visual quality
assessment metrics [J]. Adv Modern Radioelectron, 2009, 10

(1): 30-45.



