40 % 555 5= = 4 Vol. 40, No. 5
2020 4 3 A Acta Optica Sinica March, 2020

i%ﬂiélilﬂii(ffiffiW%ﬂ'ﬂ’fﬁiﬁﬁ%_mm%kﬂ(ﬁ@ﬁﬂﬁ%
WEE 2, KELes

U R B M ROR Y BT ST T, Y 2000835
2rp E B B 2. dE R 100049
O rp [ B2 BE LT AME DN 5 AR R S S8R E . 1 200083

WE R A TR LA A EURS 1T G AR B R B3 2 E CycleGAN RESE, 5T CycleGAN HESL,
T PG o BB R BT TR SR ek A, A S B A T o S0 A R R A S R R R B A A TR R L R R
PRAICR A 850 IO TS AR M E R R A R M B S 22 5 T T BRI vl IR . 78 H @80 46 b E AT S0 30 30 0F 6
FIT B HE 8 55 HoA 3 FIHE 22 M\ 3= WP L FID(Fréchet inception distance) X H B HE# R =y m k47 e, g5 1%
W, B R A SR R TH AR ) 0, B A i R A TR B AR B S5 A RRAE A SRR T T RIS B R 4 R 0 T L4 1 R o
KEEIW  RGAERE; BURBIPE ML ARG A B BT 4% s 90k pR AR

FESES TP391 XHktrERL A doi: 10.3788/A0S202040.0510001

Facial Image Translation in Short-Wavelength Infrared and
Visible Light Based on Generative Adversarial Network

Hu Linmiao"*?, Zhang Yong'®"
' Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China ;
2 University of Chinese Academy of Sciences, Beijing 100049, China;
* Key Laboratory of Infrared System Detection and Imaging Technology, Chinese Academy of Sciences,

Shanghai 200083, China

Abstract We proposed an improved CycleGAN framework for translating short-wavelength infrared facial images
and visible-light facial images. Based on the CycleGAN framework, a loss function calculation path was added and a
new loss function was designed. A dataset was established, and the model parameters were adjusted based on
experiments to improve the translation effect of the proposed model on the facial images. It effectively overcame the
differences in images caused by different spectral characteristics so that the images could be easily recognized. The
experimental verification was performed with a self-built dataset. The subjective evaluation, FID(Fréchet inception
distance), and recognition accuracy were used to compare the proposed framework with several other frameworks.
The results show that the improvement of the proposed framework is obvious and the structural features of the
original target are better maintained, which effectively improves the observability and recognition accuracy of image
translation results.
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10.0 41.3721 0.152 0.179

12.5 43.4405 0.144 0.165

15.0 43.1670 0.161 0.175

20.0 38.4180 0.142 0.167

50.0 65.9726 0.145 0.154
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PR B I OR DA BB A B R 7 R .
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Table 3 Index analysis of synthesis-reconstruction loss

function on Facenet

a; FID Accuracy (all) Accuracy (frontal)
0 48.2173 0.137 0.146

0.05 41.4332 0.168 0.214

0.50 52.5602 0.252 0.311

1.00 58.1832 0.234 0.294

5.00  87.7636 0.216 0.243

50.00 105.1097 0.034 0.029

4.3.5 BHAMRERF

S I ZR A 18 00 BT E A R AE 5
WALAEE AT A I AE — 28 30 B AT 30 L DA3R
BRI A Z R, M T 2R E A S 15,
T4 WHEPH—HE, BKIGE a, =100, =0.50
B ARAT THRAF IS R, EI SR E T . FID 5 &
IR LA 22 A8 K T TR B A 3R A AR K EE T

4 FTHRHEARAE R W S8R 45 5

Table 4 Results of proposed framework with different

parameters
as a; FID Accuracy (all)  Accuracy (frontal)
0 0 48.2173 0.137 0.146
10 0.05 43.7915 0.234 0.288
15 0.05 39.2064 0.200 0.216
8 0.50 48.6155 0.297 0.370
10 0.40 43.9396 0.260 0.325
10 0.50 47.3351 0.334 0.409
11 0.50 49.9668 0.290 0.393
15 0.50 48.2815 0.271 0.354

4.4 HERITLE
4.4.1 ATRAEZR

BT % 3 A B9 CycleGAN 4k, 18 %F b T
DualGAN, UNIT. MUNIT . DRIT 2 [ % & 1% HE

2.

Dual GAN: —Fh Fl| i WassersteinGAN & {0 R
I GAN H i 52 U, R X =0 GAN S5 3517 &
GRERIHESR .

UNIT . —Fh 3 T 52 latent space R % FIAE
R 1 TG B AR R HE R

MUNIT: X K 1% N & 5 KA 3547 latent space
e K A BRI 255 N E A el B XU R
AT A 15 5] H bR R .

DRIT : ¥ latent space 434 5 EIR3 TC C 1 N
2y a5 (A LS BB OG0 J& P2 1], a] LUK A TE
BB 2 s B ER

TE IR — YNGR Bl SR 1 ax 2 ) 2% J7 i 42 42 A0
SHEBR BRI SCh S 8k E, Hh MUNIT
A1 DRIT $f th 82 =0 & o8 1, B 5 — i XUA%
1Y S, 2Z 05 7 (R — 4k A2 Ok 3ok S A 0 1 £ 0 3K
4.4.2  EIHH

AN TR HE R 0 RS B A R A 4 s . ML 4
AT LI #) . MUNIT Fl DualGAN 1776 i )4 9 42
e TR EE KR A EGRCE N T A
b5 CycleGAN 3k & 5 16 #8 B Ik 73 FEASVE i, 23 A 5
BRI SO DL s UNTT 119 38 03 845 3% A 42 B
BT B R R AR A A B 0 0T 45 R B
DRIT MZ5 R 535 T X% B 47 1 808 A 23 1 45
EN 0N AT I S DA 5= 8 22 e

P PR fE R AE AT RIS e 5 =%
MG SEAR BRI AR ISR NG O0 . T S22 42 mT LA
Ry WER 1L IX 53k e 5 0 3 B K 5 8 0 HE R AR BE 9
533k R B BCE TR AR A Bt 5 G Rk AR R . TR T
PRAE SR A5 B A I 0 R L A S ) €8 B S 3R AH
XD S A B AW R T S F KA.

4.4.3 FHH

A LRSS R R 5 FroR . BT B2 HE 28 A= il i 1A
BH FID M8 T HABAE R B AR, 5 CycleGAN Al
Dual GAN 3T . a] LATA O B 45 2R (0 ot i . (W)
Bf, T $EHE ZRHE Facenet It A IS U500 Wi 81 R AL T
FOAAEZE , S A o o 38 5 1 T PR oE A R LR
FOHE 28 b 35 B i 47 19 DRIT & 0.115 &£ 4. 5
CycleGAN M e 43 S48 & 7 0.197 A1 0.263. Frig
WO ZR A A v 1 NI PR B kit AR v ) 00
.

TE g R Y HARAFAE — € D % CRIVEE £f 32
AR BE ARG TP, Fr e 28 BAR BB FE — & 2
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AR B S . 32 B D PR U R AR R DL IE T R
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Fig. 4 Comparison of generated images by different frameworks. (a) Short-wave images; (b) proposed framework;

(¢) DRIT; (d) UNIT; (e) MUNIT; (f) CycleGAN; (g) DualGAN; (h) reference images
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Table 5 Index analysis of results generated by different O é:'% —i//t\‘
frameworks $ PR 0 0 0 A TR I A T A R Y
Framework FID Accuracy  Accuracy it CycleGAN HEZE , FI| FH IR BE #ft 28 I 28 2 ) KHMZ 1Y
CalD (frontal) 5 B W 5 O R . X T I 4% 1 5 2k pRER T B
Real image 16.7590  0.832 B LA B R bR AR R R TR
Proposed framework 47.3351  0.334 0.409 i 2 5 M I 2R R N T, 0D R B R
CycleGAN 48.2173  0.137 0.146 PIETR G B S T AR S B IS O 7E AR RF B AR AE
Dual GAN 46.7556  0.078 0.086 SRRl P TR B A R H o, 7E A A
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