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multi feature fusion

WU Chunlin', ZHANG Yongai'?, LIN Zhixian', GUO Tailiang®, LIN Pengfei’, LIN Jianpu'

(1. School of Advanced Manufacturing, Fuzhou University, Quanzhou 362200, China;
2. School of Physics and Information Engineering, Fuzhou University, Fuzhou 350108, China;
3. Graduate School of Information Science and Technology, University of Tokyo, Tokyo 113-8657, Japan)

Abstract: Deep learning based high dynamic range (HDR) image processing algorithms has the problem
of skin color deviation when processing images containing human figures. In response to this issue, this
article proposes a portrait HDR image processing algorithm based on multi feature fusion—U?HDRnet.

This algorithm consists of three parts: skin feature extraction module, trilateral feature extraction module
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and color reconstruction module. Firstly, the skin feature extraction module separates the color and
position information of the skin region. Secondly, the trilateral feature extraction module extracts local
features, global features and semantic features of the image, and fuses them with skin features. Finally,
the color reconstruction module interpolates the grid in terms of space and color depth. In addition, this article
adds an improved fusion module of self attention and convolution to improve the processing performance of
HDR. At the same time, this article also produces the PortraitHDR dataset for portraits, filling the gap in
the dataset in this field. The test results show that the PSNR of U’HDRnet reaches 31.42 dB, and the
SSIM reaches 0. 985, both of which are superior to the commonly used HDR algorithms. They obtain
high-quality portrait HDR images while avoiding skin distortion.

Key words: deep learning; high dynamic range; skin feature extraction; attention mechanism; color
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Fig. 1 Network structure diagram of U*HDRnet
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J BEAT A AL R PR AL o 38 S 0 4 A B S B2 R X
W R B R B ARLY ground truth (1) B 7
P AT % L, AT RAORE ik € 3 4G RACR 17 AN .
4.4 HELEIE

A SCVE T 20 AT Rl S e o AR AL 1) M e
TP B PEAL o T 56 U AR SO 4R = 00 RRAE
PEIU 265 (4 PERE A SCHE FiveK B4l 4 LIt T
TH Falt 2 26 > X He AN [] 4 AIE £12 B R 4% 22 (8] 1 P g
S H AR R 2R .

F2 ATEIFFEREN M B BRI
Tab.2 Comparison of different feature extraction networks
A 418 IR 46 It 5 s

) 2 RFEHIE PSNR
il W SUCREIE R AT o

ELY]

Gharbi N NG 28. 42
Ours(Bilateral) N/ J 29.23
Ours(Bilateral) N N 29.94
Ours(Bilateral) N NG 29.98
Ours( Trilatera) NG NG NG 30.73

i At 2 2 AT, M T Gharbi 28 AR XA
FEAE B2 LI £, AR SCHT $ 04 R AE 42 BRI 2% 76 4
8 42 JR) R JR) 3 R AF 48 B A, H PSNR 78
Gharbi % A ISERE FAT 2. 8% By e . Y 7E4RE
PRI 26 vh i A3 AR 4R B B, HE PSNR
BART 8. 1% Wik, 456 T8 UfE B =M
26 M F Gharbi 48 A 09 X M 2% PSNR $0{H =
2,310 3k — Jr VLB T AR SCAT 4R B =30
26 1 BB T A, A BT R I 4 T DL B R B 2
B A B 5 93— J7 1 BB ZE HDR K& ik #EAE 55
A B T 4 YRR A 4R R RE T ok 4R T 3L
HDR &b B HE 77 1) 5 W 2 A7 501 .

E = RE SR OB b Sy T L RE R AR T
RHAF B, ZWE BT LR A T AR SR B
TRMMEE IR ER ., N THRAEANTEE
FI AL 5 ) AR SCAE =3 W 4% 1 OR [A] 32
BT T AL, FiveK B £ 78 R Il kAN
W3k B P 45, FL B T Channel Attention™' (\SAM |
Dual™ | ACmix""" \NA"FI GACmix 5 5 /E FH F
Je R AE B B S B 4 R RR AR B B B 1 SCAR
E 4 RS 6 FIRR IR R 5 S B I ROR S R LR 3.

x3 TREEFENERERTFARZ BRI
Tab.3 Comparison of effects of different attention modules

on different brands

PSNR
W A EE o SESC REE
58 (=N =0 =S <

A i X K

GACmix 30.68  30.51 30.75 31.36
Dual attention  29.99  30.27 30.72 31.04
NA 29.98  30.42 29.62 31.26
Channel Attention  30.49  30.28 30.37 31.21
SA 30.08  30.25 30.52 30.77
ACmix 30.06  30.14 30.21 31.03

i e 3 AT AL AN W] 2 S BN AEAE T T AN (R
SRR B RCRAE 5 o X LR AT LUR B, 2 G Acmix
B YA I T [a] 5 A1 B8 S i B B RACR R B
FRAR, Y HAR HT T RR A b5 S i s X 9 2% 1 42 7
I K, L PSNR & THIR ok 2. 2%, PR AR SC sk
I GZ T R 7R M b a8 N 2% 1 R A i BCRE T .
T8 2 % Aemix BT GAcmix B8R AT AT, sk s
1) GACmix SR B 4F A7 AR T a7 3 3% i AR 4%
T Acmix R & A — & BT+, F 5 452 T i
250 1. 5%, Ul B AR SO Acmix i 5 Bt 2 A
LYo

9 7 86 IE 7E UPHDRnet #5589 dfin A Bz ik i
JEEJ5 X AR AL BREE T R | A P T A SO [ T
WK FCNY Unet™ \Unet3-+% Unet" "4 &
43 E W 4% Az B Rz Tk 8 I, 7F PortraitHDR % 9%
LRy rERE2E S KA Rk 4R .

R4 MNTRE RS B ERATE I RR T L
Tab.4 Comparison of effects before and after adding dif-

ferent skin segmentation module

R SSIM
No mask 0.915
+FCN 0.967
+Unet 0.964
+Unet3+ 0.968
+U®net 0.985

i 1 2 4 AT 2T B IR XS T SSIM
KUEA 20 . SSTM BUE 1Y = IR RE S i i 4k 25
(18 5 B R HDR &R A HeJ& 5 & A T i €
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o A AL F L L E N B TR S, SSIM i) 4L
EARAS T IR 7% M4 T, 1 B A SCUR i J ik
I 5 W S AE A B[RV 3 o 3 4 R 7 A
AN T 1 B R 4330 090 2% 15 H SSTM B AT T 25 5%,
TE 1B Unet £y J Jik 4 B R0 25 B, 45 5 de by, 1A
BB Ulnet £ 0 AR 9 25 4 17 ik B RO B

K7 530 T A Ulnet A= 8 A4 Bz Uk #5158 BT I
754k o AT LA B, 76 A A B2 Jok 88 S Ak R
o R B R B B R T . TE A iR
RS IE | R € B Sy [ 4R, IR B - [ B b i T
JEA I Jik £

BT A R R RS 8O HE . (a) B AR (b) Jin
A B BRI RRHT 5 (c) A B RIEIF -
Fig.7 Comparison of effects before and after adding skin
masks. (a) Input images; (b) Before adding skin
mask; (c¢) After adding skin mask.

K8 R T RS B BRARIERT IS , HoA X B A
A5 B . T LA B, Bk fs B A X
J 0 04 i €2 AR AT AR A DS Y 8% 9 R R
A= AR A 18 W R TR AR AIE i SBORE B iy i A BR 2 GE T
B JHR DX 35l g O €21, SCAS 23 5% I Bk €8 DX 3 A A T
AN

K 9(a)~(c) o 5l 2B T ground truth il A
B JRAFAE I A I R JBR AR AE I B2 Bk DX S8 ) B
S Pop VR - SEWAC LNV 3 PN I35
fiE s, HoAG FE B 1E 0~40, 5 ground truth B . A~
[] , 150 BT Ot I 20 6 2B T e 55 FE A T R R Ry
fiEZ 5 , HH 5 K fil ground truth R BL— 2 12 &K
(BT R & A= I 5, 100 B B R AR A1E 19 i A B2 R IXC
BUORNFRC B A3 8] T AR AL BEACR . BT R
R SSIM EE AR — 2, WL B T SSIM

@ (®)
B8 A B T H8 B8 T ) A 4015 %o Lo () i ARz K 8 1
s (b) A B BRIE NS o
Fig.8 Comparison of details before and after adding skin
mask. (a) Before adding skin mask; (b) After

adding skin mask.

@ . ‘
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(b) . ‘
0 64 128 192 255

©)
0 64 128 192 255

B9 EEX . (a) BEAA; (b) AR JRAEFAE s (o) ARm
A B2 BRAFAE

Fig.9 Histogram comparison. (a) Ground truth; (b) Add-
ing the skin feature; (¢) No adding the skin feature.

1 008 AT DA S22 R 0 R 5 kA i e, G (R
1, 1 B 3k 1 ] ground truth B 42 3T, ik (2 544
RUR R —

R TR IE B R AE 5 R [ R AR 2E 17 A
Xof i R A S W) AR SCER R T A Ulnet £ by B2 ik
P BB IS, 45 7E PortraitHDR 5 85 45 I
AEm 25 . HESRmME S FR .

®5 TEMEREABRTLE

Tab.5 Comparison of the effects of different fusion strategies

+ SRR SRR R

S n " PSNR SSIM
B H B SEEb

VE NG 30.73 0.909

HER N N 31.46 0.915

FE= NG NG N 31.42 0.985
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i I 3 5 A A [R]REAE 43 5 5 K £ R AR
TRl A B, X T SSIM 42 T+ )& B K Y, SSIM £
{H# K UL 5 ground truth BT . R 545
E B K JIR RE AR 5 R BB R AR L4 R R AE TR SR
TEDEAT il A B ER X 4 i e Re A B T, RS R
B PSNR £ 0. 01 9 T [, X 2K oy 1 B 1k K2
Jok DX 3, e A i €, A A B R R DX sk Bst 2 0 o 0t
S5 RL SR BT L2 R W fE AR MR L 0. 01 Y 2%
B3 3 7 AR AL 7. 3% 4R TE . b Ah i
I X b R 2 R R 5 Y 45 AT DL R B, R R AR

il G 1Y SR W Lb R IR — KR AE Y 5w L R
i S

AR AdE FH AN [R] 4 A 56 W& 7 PortraitHDR 444l
B LIFAT ISR, LR R ME 6 TR, WL E6
AT, AR SC T 5 A 19 = 30 R AE 4R UM Y PSNR %X
B35 /5 1 30, 38 2 in A8 38 3 2 A iy =X AT
DL — 2D 2 T PSNR R o [R] IR, J R 44 A
Py i ACKE SSIM 271 1 8. 4% 0 3% Ui B il i A
SC TR B SR B, 7E B2 T R HDR Ab 380U (1
[l B, A LA /N A5 3 5N HDR AR 389 2% 31 .

F6 TEAEGKRBEHBRITLE
Tab.6 Comparison of the effects of different combination strategies
W SR AR 4 JRy FRAE T SURRAE PSNR PSNR(+U?net) SSIM)  SSIM(+U?net)
T % — N, 27.32 27.29 0.866 0.916
W - N, 28.01 28.01 0.852 0.922
FE= N 27.98 27.96 0. 867 0.928
L N N/ N 30.73 30.72 0.906 0.978

4.5 XtEELE

N T Bk UPHDRnet #2815 [ 48 5 57 19 4k 3
AE 1, [A) I X L AR 8T 323 HDR B0k, AR ST §i
ARREBNS AR EE S5 SN T &N

0, 7€ FiveK £ 4l 4 1% Lk T U*HDRnet [A] style-
transfer™ . HSVNet* | FHDR"™ | CNN-HDR'" |
HDRnet "5k 76 H R & 5 T 1 R BACR , H 25
RWET,

x7 AEAHEEEFiveKHIBEE LHHRE
Tab.7 Effects of different algorithms on the FiveK dataset

A PSNR

Bk , p
A% AR i 4 B Bl
HSVNet 26.52 23.35 25.22 25.41 22.18 26.37
HDRnet 28.96 29.65 28.22 27.47 25.14 28.01
Style-transfer 26.74 27.51 26.94 28.33 27.29 27.25
CNN-HDR 23.42 23.15 23.86 22.02 21.23 22.51
FHDR 29.93 30. 52 30. 39 30. 85 27.58 29. 86
Ours (no mask) 31.26 31.38 30. 39 30. 67 31.84 31.45

i AT SR B, 7E AR A B R B R B
U*HDRnet 78 213 5 i i R IERL T 1 WA .
TE AL HR A4 g et PR RE X H FHDR 83k 7%
Ji 8t A E BUE AR &K B, FiveK 80 45 v A4 37
SR B — R 2 R gl BB Bk gl 0 G
595, UHDRnet T 8 4 1) 2 % B 7 AF B2 1L, X F £
Foad T — st e Xt I FHDR 3 Fhi i3
AN W7 3% AR e AR RN BE 1Y SR L L PSNR A 0. 1819
HIE B EERRERG0.5%. ZHTAYR

k& , U'HDRnet b HAb i HDR 8575 A [F )
5N 1 PSNR{E I 8 /N , H PSNRE #B &5 T
30, & B 7 S # #8 f HDR & {5 Ak B W) 2% HL AT
AR 5 1 e M

9 T 56 3E UPHDRnet 78 A% 3% 5 F A9 HDR
AbFRAE T, TR H O W B ik e AR 5 T b 3
He 1 45, A SCAFE PortraitHDR £ £ F X A
[ S AT T X St e, 25 SR an 3R 8 i .

MK S8 H LI i, UHDRnet £ AR 375 F ,
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Tab.8 Effect of different HDR algorithms in portrait scenes
RN PSNR  SSIM Y ZRIRF il /b 4 B 3] /s
FHDR 28.32 0.829 20.6 0.24

HDRnet 28.38 0.904 16.8 0.10
Style-transfer 27.41 0.905 22.6 0.15
CNN-HDR 22.15 0.826 12.3 0.09
HSVNet  30.32 0.932 26.8 0.32
U’HDRnet 31.42 0.985 17.2 0.10

H PSNR A 4 i = 1945 43, A B 72 SSIM. | 9 3%
BT A R 2% . SSIM T 2 8117 J& W 4% Ab B s
M R 5 EA HDR B R AU o i AR SCm
W5 8 A5R 7R AR 5 T ARG i i HDR B
P14 [ei) B 91 ) Bz Bk 640 i €2, 9T A SSIM 4 4 B BB 4
ISR A 3R B 00 R e € 0 R . X A TR
W 2 1) D11 25 R4 3L 8] AT DL % B, CNN-HDR 1

DI 5 0 e TR 7] 2 A A (H 2 Ak B A SRt
221 . UHDRnet 59 A0 48 F R F AGH R#AE Y
25 1) HDRnet 53 | JC I 25 mof i) 60 4 280 055 (1] 38
T 0.4 h,{H 2 PSNR T T 10. 7%, [A B SSIM
PETET 8.9% 0 X & BN IZ B B i Ulnet A5 Bk
KT 3B R 2% 2 I SR W&, 46 08 1 I 25 T 46 2% (1) Bof
K. WL, UHDRnet fill & M RHIE S B BARTE L,
R YN ZRmst o] HBm T 2% . HeAb i TR SCR
QNN | RE =W R I O S U A v
B, BT DA A B B AR X b Bk HE A A
G5 AR AR bR R F R I 2R R A 1y )7 =X
AT HDR B4 AL 21 i 58 B 2 i 20 /9, U”HDRnet
BIEMER G YRR AR D B

bR T WA 5 A, O E ) T AR D A B vk
XFF AR HDR 4 BEACR 09 0L 25 o 10 JgoR T
U?HDRnet 5 32 [7) I Ath 550 2 390 AH X 45 - 5535 1)
VeSOl

@ ©

10 AN A3 7E Portrait HDR 304 45 1 i ROR X e o (a) B A BT R 5 (b) U G s L s (o) FHSVNet 5323 4t 18]
(d)HDRnet 55354 1 B A5 (e) UHDRnet 553 i th & 7o
Fig. 10 Comparison of different algorithms on the PortraitHDR dataset. (a) Input images; (b) Ideal output images;

(¢) FHSVNet algorithm outputs images; (d) HDRnet algorithm outputs images; (e) U’HDRnet algorithm outputs

images.

I 1077 L&, F A, UPHD Rnet
FE Kb AL 5 O 3B S AE A0 )R R €
A RAF R o A HF A 4 A2 IF T Rk
0 18 R D €5 0% [R) B PR BR T B R AT [
PRAR Y target B 7 280 R e B — 300, WAl RAE R HL

L WLV 8 AR 45 A I T LR B
U?HDRnet 7 3K 15 = 5 & HDR Ak B85 5% (1) A i

BT EAE BB kAT FE AT AR = T
9 HDR Ak B A7 35 5 4 (9 A 58 3008

5 4% 7w

ARSCAR M T —Fh e T 2R AE RS B9 AR HDR
B4 4k #1375 UPHDRnet, & 76 ff g 9047 HDR 5%
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LA AR B AR B R I 25 5 1 BB TR i €0 1) ) A
AR A Utnet 11 O B2 I RRAIE 52 HUI BBk 6
i 52 B B TR R A i A B = 300 R A 2 BRORE B
AR F A e (R B AR ST R R R
ik 12 IR B 3 BRIE S, 122 B ) S S A ik R S
It S K PR AR SRR AR AR I R 20 R il it &2
DA R IBUR) TR A5 8 5 IR B 1) 42 Jay R AIE 42 52
HEAEA B AT 2 RS BT M 2 e
T 2 R WA JRy R AE 5 2 B 9 3 SCAR R R IS g
T HSeg 5 b AT $2 AR JZ 10 A5 BRI &%
LN it A 3R R AR AT Bl AR 22 0 IR Y

Acmix fHRTHHG flG K RFFE 77 A R 40 05
SR A AR B AR 7R Y A
KT 5] o ok 45 B R Y)
R BRAT 23 B0 07 S 2R H, [ 0 AR
B0 FH JR) S AR 4 DA 7 AR R A L TR A
HDR i # o i Rl G J KRR AE A AL TR, IS ] g
HOR B TR IRAE R . SR R WY A SO R
5B PSNR ik 31. 42 dB,SSIM 15 0. 985, 454
F WP 5 B n) 2L & B, UPHDRnet 535 7 N 1%
% T ) HDR 4b B 68 J7 06 T H i % Wi HDR
Bk
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