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Abstract: With the wide application of visible-infrared dual-mode cameras in video surveillance, cross-modal face
recognition has become a research hotspot in the field of computer vision. The translation of NIR domain face
images into VIS domain face images is a key problem in cross-modal face recognition, which has important
research value in the fields of criminal investigation and security. Aiming at the problems that facial contours are
easily distorted and skin color restoration is unrealistic during the coloring process of NIR face images, this paper
proposes a NIR-VIS face images translation method under a dual contrastive learning framework. This method
constructs a generator network based on the StyleGAN2 structure and embeds it into the dual contrastive learning
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framework to exploit the fine-grained characteristics of face images using bidirectional contrastive learning.
Meanwhile, a facial edge enhancement loss is designed to further enhance the facial details in the generated face
images and improve the visual effects of the face images using the facial edge information extracted from the
source domain images. Finally, experiments on the NIR-VIS Sx1 and NIR-VIS Sx2 datasets show that, compared
with the recent mainstream methods, the VIS face images generated by this method are closer to the real images
and possesses more facial edge details and skin color information of the face images.

Keywords: cross-modal face recognition; face image translation; contrastive learning; StyleGAN2
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Fig. 1 Comparison of the VIS image (the first row) generated by some algorithms from
NIR domain with the real visible image (the last row)
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Fig. 2 The structure diagram of the proposed method.

To simplify the network structure, the identity loss is not indicated in the figure, see Section 2.4.4 for details
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Fig. 3 The structure diagram of generator in the proposed method
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Fig. 4 Crop out facial regions and extract edges from face images in NIR and VIS conditions respectively
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B5 AAMNKEREGTILEERER.,

EB|AERK A A NIR A BB, CycleGAN. CSGAN. CDGAN. UNIT. Pix2pixHD. AKX 7%,
A% VIS AKBM. #+ 1 ~147% A NIR-VIS Sx1 448 4%, IV~VI{Tk & NIR-VIS Sx2 #3E &
Fig. 5 The comparison experimental results on two datasets.

From left to right: input NIR face image, CycleGAN, CSGAN, CDGAN, UNIT, Pix2pixHD, the proposed method,
and real VIS face image. Where rows I ~III are from NIR-VIS Sx1 dataset, and rows IV~VII are from NIR-VIS Sx2 dataset

% 1 NIR-VIS Sx1 445 5 £ & B 174540 I 4P RE phak

Table 1 Performance comparison of image translation networks on the NIR-VIS Sx1 dataset

Method Mean SSIM Mean PSNR/dB
CycleGAN 0.7433 29.0987
CSGAN 0.7964 29.9471
CDGAN 0.7636 29.4922
UNIT 0.7935 29.8568
Pix2pixHD 0.8023 31.6584
Ours 0.8096 31.0976

AR P8 bR -5 A SC 7 EE Y B HEE . #F NIR- B 1 i e 35 T HA v, SSIM 5 PSNR I
VIS Sx2 ¥t 4E |, CDGAN J7ridi: MR I WIFE  F8ARI3R1G T e o i HoAth ik .
PRIt CycleGAN Jrik Ak, R 22, AR5 kAE A H1 T SSIM, PSNR 3% P I 7 48 d5 B S XoF B4
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% 2 NIR-VIS Sx2 %445 % £ & B 15 4% 4 I 4P fE phdR

Table 2 Performance comparison of image translation networks on the NIR-VIS Sx2 dataset

Method Mean SSIM Mean PSNR/dB
CycleGAN 0.6317 28.7974
CSGAN 0.6891 28.8176
CDGAN 0.5283 28.1679
UNIT 0.6986 29.0634
Pix2pixHD 0.7894 30.5449
Ours 0.8135 31.2393

BARZHEN, i ARG S B E B RE R R
FEFFREM R, {# 7 Fréchet Inception Distance (FID)"™
FEPR I A AL FID S35 AR il G A NS EHR
O3 AR 2 A1 S () —Fh B . FID A3 BOBAIR 2k 25 42 il
FUG o 5 HSE A3 AR Z IR, MG
JRZ, B e W A A UG it 2 . A S
FEVHA T4 UG 45 I 28 43331l 7E NIR-VIS Sx1 Hl NIR-
VIS Sx2 ##ii e I AE iR 1) FID 404k, 258k 3
JIi7R o ASSCIEAE AR 4 343815 T e iKY FID
S8 AR i R AF . CycleGAN J7L7E NIR-
VIS Sx1 $ii4E I FID s34 . RIMAK2ZE. CDGAN
Ji B NIR-VIS Sx2 BdasE b AR i A5 5ot 5.
PG 2480, R FID 2040

[, 7E4 3 ARSGRTTE T 4 BUS L ¥ W 25 7F
WK By B - 359 Ak 2 HA 5K 45 ot H B[] . CSGAN 5
UNIT J5 15 247 b 3B 5k 145 T B AR S V6 AR
fi Pix2pixHD 5 CDGAN J5 2 F-$4) fh B efu ke P 45 T s
YRt 0.1s, S FIA R TASCO I, BT
A AR B AR SO ik — 2D AR T 1]

3.5 HRLKIE

A4 HIAE NIR-VIS Sx1 F1 NIR-VIS Sx2 % flifE
AT ZWOE RS, DR UEAR SO I BT
StyleGAN2 454 i) A it 5 25 048 2% R A 25k

SEEGEERNE 6 Fin, H “Baseline” i Han 55 A 42
H 5 EA DCLGANTY J7 v,

M 6 T LIE H, ffH ResNets A5 B #% 19 i b5
ST IR AE AT LT AT WO NG G AT 55 v e R
W2z, AR AT WG RS LT R 1Rl — AR AE S iy 25
W, R RS NN o A SOy e B 5
F StyleGAN2 2544 A= 25 J5 Az B BTG A T 248 75 AH
PO JE AR B T N B, AR A i MR S L R
{SRANZE RS K . BRI I I B AN RE A 7%
X AT LTINS T WG FG, T0k I Hll 25k )
Z5RAY, BT A U R S A B AR T . BRIA)—
PEPR G 77 A B RGO L it A dy, (HASREAR
T b TE A AR R, B B AR R (A8
S KBRS Z AR AR e i vk e A i R
I T ICARANT, HRROA 2 iR, RBRE
ISUES S L P U RERA N AP N A S NI - R
RUGE T, BAEEE . HRIEA S TR 440
WL EE SN, TREAONEAILT StyleGAN2
SER A AR YRR F DL A A TR iR, AR
FEAE B G R T OB A TRES 4 Y, A Rd Tt
TN EUR R 5

A [RIREHE T AE NIR-VIS Sx1 Bii g [ 4% T3
S 55 A UM - B 5 AR R 5 - B (A5 M4 L
Febn, SEEREEIANE 4 PR, JRIGEE T R bERE L

A 3 A PBEAEB M % RF 4035 L FID M 4L 5 P 3 ik mRAERT Puik

Table 3 Comparison of FID performance and average single test time of each image translation network on different datasets

Method FID (NIR-VIS Sx1) FID (NIR-VIS Sx2) Time/s
CycleGAN 142.2574 171.3596 0.181
CSGAN 70.2146 102.6718 0.344
CDGAN 123.7183 212.4299 0.098
UNIT 74.8315 95.7638 0.358
Pix2pixHD 67.1044 106.3615 0.079
Ours 58.5286 46.9364 0.337
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Ours w/o Ours w/o Ours w/o Ours w/o Ours w/o

Input NIR Baseline Ours Real VIS

StyleGAN2 GAN IDT PMC FEE

B6 AMMKEEEGHBIEER,
MEB|ERK A MANIRARBEK, A&7, 555% StyleGAN2. Loans Liprs Lemcs Lreg 89 R LT %,
ATk, AEVISAKREBR., £+ I~147%AH NIR-VIS Sx1 ## &, U~IViTk A NIR-VIS Sx2 4% %
Fig. 6 Results of the ablation experiments on two datasets.

From left to right: input NIR face image, Baseline method, the proposed method without StyleGAN2. Lgan- Lipt- Lpmc
Lrgg respectively, the proposed method and real VIS face image. Where rows 1 ~1I are from NIR-VIS Sx1
dataset and rows II~IV are from NIR-VIS Sx2 dataset

% 4 NIR-VIS Sx1 #t¥% 4 £ &K k7 ik M b pb iz

Table 4 Performance comparison of ablation methods on the NIR-VIS Sx1 dataset

Method Mean SSIM Mean PSNR/dB
Baseline 0.5279 28.3419
Ours w/o StyleGAN2 0.5293 28.4381
Ours w/o GAN 0.3617 11.5007
Ours w/o IDT 0.6864 29.2308
Ours w/o PMC 0.6359 28.6156
Ours w/o FEE 0.7982 30.2057
Ours 0.8096 31.0976

%, ARICTTEAEZBRIET StyleGAN2 544 (14 A il 4%
JE BT R T B A B . RBRXT BT
B e R 2, SSIM 5 PSNR 84534 Mk,
Ja, AXHEMEBETHEEm L, R8T ke
i SSIM 5 PSNR #8545
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Sobel #.F . Laplacian %5+ 1 Canny 543 51X} 7] I,
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| .
H
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B/ 7 53R %GR R RE| e LG B Gk,
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Fig. 7 Comparison of edge images obtained by using each edge extraction method separately.

From left to right: real face image, Roberts operator, Prewitt operator, Sobel operator, Laplacian operator, Canny operator

o FHE R 3 ik rh, 78 NIR-VIS Sx1 £ 4E
L HEAT X LSS IR A BRI R S A AR M
SR AE MR L, SERaE R 5 R ] Sobel
T B9 J7 78 SSIM Hl PSNR 1 RE [ 3 08 T 4d
Prewitt JF 17, FTLAAR SCIRAERE Sobel JF1E
TR LA T I GO s
&5 NIR-VIS Sx1 44 % L4 #1 5 A Prewitt 55
Sobel F T84 H stz

Table 5 Performance comparison of applying the Prewitt operator

and Sobel operator respectively on the NIR-VIS Sx1 dataset

Method Mean SSIM Mean PSNR/dB
Ours (Prewitt) 0.7924 30.2815
Ours (Sobel) 0.8096 31.0976

AR SCHERf R 45 TR BB S 4, &7 T 3
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Fig. 8 The effect of different values of Apgg on the
performance of our method on the NIR-VIS Sx1 dataset
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NIR-VIS face image translation method with dual
contrastive learning framework

Sun Rui"’, Shan Xiaoquanl'z*, Sun Qijingl’z, Han Chunjun3, Zhang Xudong1

Overview: Near-infrared image sensors are widely used because they can overcome the effects of natural light and
work in various lighting conditions. In the field of criminal security, NIR face images are usually not directly used for
face retrieval and recognition because the single-channel images acquired by NIR sensors miss the natural colors of the
original images. Therefore, converting NIR face images into VIS face images and restoring the color information of face
images can help further improve the subjective visual effect and cross-modal recognition performance of face images,
and provide technical support for building a 24/7 video surveillance system. However, NIR face images are different
from other NIR images. If the details of face contours and facial skin tones are distorted in the coloring process, the
visual effect and image quality of the generated face images will be greatly affected. Therefore, it is necessary to design
algorithms to enhance the retention of detailed information in the coloring process of NIR face images. We propose a
NIR-VIS face image translation method under a dual contrastive learning framework. The method is based on the dual
contrastive learning network and uses contrastive learning to enhance the quality of the images generated from the
image localization. Meanwhile, since the StyleGAN2 network can extract deeper features of face images compared with
ResNets, we construct a generator network based on the StyleGAN2 structure and embed it into the dual contrastive
learning network to replace the original ResNets generator to further improve the quality of the generated face images.
In addition, for the characteristics of blurred external contours and missing edges of human figures in NIR domain
images, a facial edge enhancement loss is designed in this paper to further enhance the facial details of the generated face
images by using the facial edge information extracted from the source domain images. Experiments show that the
generation results on two public datasets based on our method are significantly better than those of recent mainstream
methods. The VIS face images generated by our method are closer to the real images and possesses more facial edge
details and skin tone information of face images.

Sun R, Shan X Q, Sun Q J, et al. NIR-VIS face image translation method with dual contrastive learning framework[J].
Opto-Electron Eng, 2022, 49(4): 210317; DOI: 10.12086/0ee.2022.210317
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