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Adaptive color optimization algorithm of
image engine in display system
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Abstract: Image engine optimizes the image signal through a variety of specific algorithms, which plays an
extremely important role in the display system. The traditional color optimization algorithm of image
engine is composed of various image optimization algorithms, which can not optimize images adaptively
and easy to amplifies the noise. Therefore, a full convolution neural network based on dilated convolution
i1s proposed to construct the optimization algorithm, which focuses on optimizing images from the
perspective of subjective perception. At the same time, a large-scale dataset is constructed to improve the
generalization ability of the algorithm and prevent overfitting. The experiment results show that the
proposed algorithm can effectively enhance the color of original images. Compared with the traditional

method, the average peak signal-to-noise ratio is improved by 4. 01 dB and the average structural similarity
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is improved by 0.04. The subjective comparison experiment shows that the proposed algorithm has a

significant impact on the subjective perception quality of the image, with an average improvement of 61%.
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Fig.3 Schematic diagram of the principle of dilated con-
volution. (a) 1-dilated convolution, each element
has a receptive field of 3X3; (b) 2-dilated convo-
lution, each element has a receptive field of 5X5;
(c¢) 3-dilated convolution, each element has a re-
ceptive field of 7X7.

HQAVA 7 layers
Dataset

X BT vk ) DL IR S 4 )Ry T SR R
R RHAE , R i 4 T B R RCR . T
1 58 B AN RE AR MU G A5 L0 0, 5 R 22 1
2] DL S A A AR B RS B BB B 4T b
*Ef@@%ﬁﬁ:’ﬂ A b WLtk . B 4k T 25
R R R oA 25 284 2% i 9 A 4 R
F*’JJJ*I G — 2 B NZ R B, 5k
oI 1,2,4,8,16,32,64,1. fJi—2EH
FH RN IXT &R, &R ECN 3, B
AAE BTG R AL . BB — 240, B ERE T
B A B R 32, B AL R 3 X3 R/, B {f
JHLReLU A2 MR8 1E 5T R BGHA TS (28(2)),
Ha=0.2, X & B4R KM A& W H—1k
(Adaptive Normalization, AN)(z((3)).

>0
LReLU(z)={" 77, (2)
ar <0

¢ (x)=Ax+ puBN(x), (3)
Horb AN p SR 30 0 B ) A 1 S A 28—k 2E )
A A bR, BN R HEARE LR AR, P45 3
e /N H Y EGORT 2 75 AR 90 2k bR R 1T I
b, B R 2L L (w, b) 1 L2 351 2% Fl MSSIM fii 2%
AR, Xt L A AN 2R 5093000 0. 8 A1 0. 2(X(4)) 6

L(w, b)=0. 8><2—Hf Liw.0)— (1) +

0.2 X(1—MSSIM( f(I),/(I; w, b)), (4)

Hor g APUE O 1, N R LR R AL w R D
N RN GRIALEE , £ (L w, b) Fon M4 B i
R, ZH BB (1) .

Mﬂﬂﬂﬂlzz

WxH X3 Conv+AN  Conv+AN Conv+AN Conv+AN Conv

(3%3) (3x3)
Rate=1 Rate=8

Rate 64

(3x3) 1x1) L2+MSSIM
Rate=1 Rate=1

B4 RS 0 25 e A

Fig.4 Architecture of image color optimization network

3.2 High Quality AVA E{& 3 HEEME

Bl R RA R EERRZ —, KM
B RG A 4 fE T 4R T Bk 0O B T R 0Lz 4k
fi /o Zhang % A i 135 38 T HLAUECRD 5 S AR BL
FOFE AR ) N 25 09 B # T DPED 846 48 L 13

&7 60003k &% . Bychkovsky 2 A1k 1 51
HR Ll B2 X 5 0005k | /b AT T A T8
i, fe 45 8] T MIT-Adobe FiveK™ $fli 45 . %
PR R 7 ik ) S ) Sl A O e (E T A

15, R M X L A S B R RIS 1 B AR 4 T £



5114

SRS, 2 - R RGEEMR S B B G N GRSk 1471

ek B T XA BR RGBT A R Rt 1T
DA, 71N HASE 0 4 AR M £ E I 2% 1 12 {1 fE
32 UG5 DA 551 B A SC B 42 1 R &L R
FAXT AV A BCHE AR o 9 5 J57 2 RGOS 0 AN (] 2
IR B R T RO (1 € R A T B R
High Quality AVA dataset, AVA ¥ 4 3 4 45
M 25 TR A T EE R R, B
14 g — 5k &1 S 3140 23 4 24 200 A7 58552 T AT 43
B 5 A5 EHMR 0 F 1 U WL 3 (Mean Opinion
Score, MOS) , 73 % i) U 35 Bl 78 1~10 Z 1], 4%
ot s, BE AT TR EUR TR e . %
Ak B 4l 4 v g 2 R T el R bR LR R 225 R
1Bk B, 5 AR B AR BT & B 2 AR T 2 7% &
1% . HEELAVA H MOS 7E 1T 20% B EHRAE R 2
MR, 349 178 5k &R . X 2% EIRAH TR 1k
BV A O I Y B AR AR R AR AR R T i
G S 2% BAR A A B — 4 G OG LAAS A 55 4
. BGAEF 2k =X (5) iR
gla,y)=nh(x, y)Nf (2, y)+nlx,y), (5)
Horp, fla, RRFERBFRNSHZEG A2, R
2 A AR A PR AR A A A, o0 ) R A AR 4 S
(r) F i BT G (r) , 55 “ AR A2, y) T
F(a, y) AT p(x, y) AR i 0T e 7 4 i 1Y
T M R A A A R AN = (6) T
S(r)=cr”, (6)
Horb o MLy R w8, c B, R A AR B 0 IR R
5 HH AT R T i BRI, 2y 43
BUO. 8 1. 30, 748 4 KR (14 52 B P Ak 5 11K o &
PG 5 S A, 20 M A B 1) B0 46 RE % 75 Bl )
2% A b 2 o] BIOR B AR S HUE B . R

Power-Law
transformation B~ &9
y=0.8

Power-Law
transformation
rahs10mnaton,

=13

(b)REEERL
(b) Fusion 1

[CMPNELA
(a) Input

Gaussian blur
Gaussian blur

Gaussian blur
Gaussian blur

W Rk = (7) Fro

1] e

oy ¢ 20 , (7)
Horb n RO AR U N 5, 6 2 1E 2 A 1Y b
e 22, BUE A 1o R A A% i acd 7 v ol 2= 32
B 47 505 1 b PR RS A 5 5y wOF- T L AR T
Bk, RSB G M BRI % 5 & R4 53
2 40 B R R G B AR, o v T R R Y 3R
kA (8) i .

G(x,y)=

(z—z)

e 20 , (8)

P(z)=

21 o
Hop e RoR KM ;2 RR WP IH 0 R m 2
PRE2E AR UEZE T 0" N o BT 2. AL 2 HL
0,0 HR0. 001, LA > X A0S I8 1 1 Mg 75 s
Go 4 455 R0 S Oy RIS 25 MR AR . High Quality
AVABIRSEMM RS RME S Fis. K 5(a) R
PSR AR R 9 2 2% R R R B s A . B ok,
XF 5 Ca) (5 FH P AS o 1B AS [R] ) 2 430 A 4 B 3k S
() A5 26 17 (1 G B 5 (b) s 2R 5, X Has
A G ()RR E 5 () s m, MR 5(e) iR
I e (e, y) M EIE 5(d) FF bR il R IR
IR . 7R TR A Y o R h, BRIA X S %
PG 9 2 2 25 IR A o &, {EL|R T O 6
Hh 0 PRI AG B R A R, TE k ORIE B — X AR
5 L R, O B NIMA B A 4 — %o (&1 1%
HEFTPE 43, W AR 2 2% G 0 VF 43K T I 4 TSR
W A2 e P ak PR B AR ic 5 2, DU f0AT: fAT 48
1B PR MEME EHEE R R R ER S5 5%
G R 21 A, LA e AR 0BT 14 £ 4 4 High Quality
AVA dataset (HQAVA), 415 98 356 X} &4 .

______________

Gaussian noise
2Jaussian noisg

v, y | & ‘2]
p e Gaussian noise_! |
—_— |
| !

=
(o)fh & %2 ()i G
(c) Fusion 2 (d) Output

BI5  HQAVA % 44 a1 2
Fig.5 Construction process of HQAVA dataset



1472 W5 Bos

5% 37 &

4 F kMo

4.1 EWHEREDH

0 5 D11 2 ik A 68 1 B AP IR B A 3R 1 R
J At T DN 2556 AN S N HQAVA Wiz i 9: 1
F Lt 1) B AL A0 A B Il 253 T TensorFlow HE
2R Adam fEfbds 167~ 0. 000 1,104
epoch Ji7 2% 2] B EEAR Ry 0,000 01, Il Z5 2 43 2% pRi
PR ik B R R AL ROCR R
AT 34 4R AR, 3905 PSNRSSIM DI K NI-
MAScore, PSNRZEFHET iR (Mean Squared
Error, MSE) i EZ it & V74 48 b, 8 B K Ui
H R 1 2 AR BB AIG . SSTM 2 — 3t 1 B
Jr 5 BE UG LG R R AT T 0 R BT i VE A AR
T IZAE B h T RS BT T 0 R A P A5 R A A
TR A RS N bR v
HAR BT 1, UL R B g

x1 RGERE

Tab.1 System configuration

RYI A L
BIERG Ubuntu 16. 04 LTS
CPU Intel Core 17-8700k
GPU NVIDIA GeForce GTX 1080Ti
A7 32GB
Python hit A< 3.5

Bk 7 54558 )7k #EAT X I AR SR IR T
A3 P At R TR B A ) 0 R AT T X L .
Ignatov' ™ G # T DPED % 4fs 4 42 ) f# F SRy
B2 % B R AT Ak L % 7 vk v i 2 i g R
PR )12 B F . De Stoutz ™7 Ignatov ¥ 2% 24
MR b HEAT T O0AL 7R RIS A 2 B 1Y [) i
PETH 1 45 1) 1 Rl R A R B L Zamir PR T —
il 43 i 22 RUBE % 22 B, DA 8 4 179 ) 245 i 7 (%]
82 WE B 4 B R 3 A B R AR fE

R2WART BRI EAEMRE FRA, &
#5571 (2. 195 frid ) .\DPED \FPIE .MIRNet
FZR SC 7 85 10 5F- ) PSNR {H | -3 SSIM 8 LA I
NIMA # RS {7 2545 53, kAR o 5] —PF 4 46 A
TITAH AR R . SRR R R GRS
AR SCR A S BB 3DV R PR A R
] A% B2 1 48 7, AR T 48 7 s, PSNR 42

4.01dB,SSIM 7T 0. 04,NIMA Score 3 /i 1
0.6, 3R B SCJ7 g 0BG R 2] T 5547 (9 08 f AR
I, B NIMA Score & F , Hoxf BMR 0908 1k b 51
INAF A NI F2 00 8% AZ o R 5 T LAl R B 2 T Y
AH I ik, AR SC B 7E PSNR Al NIMA Score |
AT 8 R AR, 6 i) SSIM 5 5% 4 (9 MIRNet B
F AT . B 6 R AR SO 1 Bk 4 1 Ak 2 R
oo 1816 B, B i 34 58 6 fA B X i 4 14
BT AL B AFAE A R Z A . 1587 Ui g
e AE — E TR b AR RN GBI L AR A
i B {6 11 [ L, {22 0 A A0 B8 9 S iR T IR
T G i MR, S SBORNR 20 75 N 05 15 O (6] B
T JC BN S BOF A s S 80 1B 5 05
AR R BRI EF . B, 2% K
TR RZIE L R AW, WAL 57 i R 25k
MERABRT Az, X 5EGEARN S L 4T
R X EEANTIHES B S8R,
DPED 1l FPIE 5 GE 9% 3 9 EIZR R¢ AE i A 4k
B2 R MR ROR A 22, DRy B0 K 1 L& b ] DL
W A S RS A0 N 8 8 B, & ] BE 7R
et B g | AT RS . MIRNet (#4908 f6 35021
BAF PR R R T S H EAG 15
ANBEAE MR B W], A SO Ak 1

R2 AXFESEMTEEMNLE LW EREN ISR
Xtk
Tab.2 Comparison of objective evaluation indexes in test

set between our method and others

Traditional
Index DPED FPIE MIRNet Proposed
method

PSNR 22.81  22.74 22.44 24.02  26.82
SSIM 0.78 0.76 0.79 0.83 0.82
NIMA Score  4.23 4.25 4.32 4.76 4.83

MIRNet
P63 AR AR

Fig. 6 Comparison chart of the optimization effect of algo-
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Tab.3 Grading standard of visual perception experiment

Grade Image quality
5 Excellent
4 Good
3 Fair
2 Poor
1 Bad
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Tab.4 Results of ANOVA analysis for different factors

on image quality score
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Factor -
df F Sig.
Process 1 809. 280 <20.001
Image 59 7.509 <20.001
Image X Process 59 2.309 <20.001
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Fig.8 Mean scores of original and optimized images for

image quality
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