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Abstract: Traditional infrared and visible image matching algorithms generally have the problems of low
matching accuracy and poor robustness due to the different imaging mechanisms of source images. To
solve this problem, a visible-infrared image matching algorithm based on the CycleGAN-SIFT was pro-

posed. To reduce the influence of feature differences between visible and infrared images, a pseudo-infra-
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red image was generated by CycleGAN by applying transfer learning and sharing weight. The feature ex-
traction algorithm, known as scale-invariant feature transform (SIFT), was used to extract and match the
feature points of the pseudo-infrared image with those of the infrared image. Then, to reduce the false
matching rate, random sample consensus (RANSAC) was used to eliminate the false matching point
pairs. Finally, the feature points of the pseudo-infrared image were mapped to the visible image, thus fi-
nalizing the match between the visible and infrared images. To verify the effectiveness of the proposed al-
gorithm, four groups of heterogeneous images were selected from the OTCBVS and TNO image fusion
dataset and tested under the three conditions of no noise, noise, and angle distortion. Experimental results
show that the matching accuracy of the proposed algorithm can reach over 95% when the angle distortion
and noise interference are not considered. In the presence of angle distortion and noise interference, the

matching accuracy still remains above 95% , thereby confirming the high matching accuracy and strong ro-

bustness of the proposed algorithm.
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M 11 0] LA H L SIFT . Canny-SIFT .SURF
AR I 1R DR IE A 4 22 s CMM-Net 53325 1] DL B
R EA LSS WE (EP Y e (R E AL RPN WP O
A Z N A SO I IE A DT E s e 22

A TE XTI R ER 2 ok . ANFR 2 7]
VL&, 32 5 0 BER ARPL AR [ /9 52 o, 2

N THRAE () SIFT Canny-SIFT LA & SURF $5:1iF
D i 35 AN S 4R B M 4 D i s % 25 6 /b i EL DG
Fic A 3 A X A2 . CMIM-Net 532 3R F 46 AU 22
Do 28 14T PG R AE B 0, 4 L i 3 P RV RS
W . A SCE AR 4 4D S oS BE A DU
B kG B 476 95% LA L .

F2 MEELIEHER

Tab.2 Matching experimental results

First group Second group Third group Fourth group
Algorithm

T C P/% T C P/% T C P/% T C P/%
SIFT 25 1 4.00 34 1 2.94 50 42 84.00 19 9 47. 37
Canny-SIFT 37 3 8.11 56 0 5.56 29 8 27.59 15 2 13.33
SURF 31 3 9.68 32 0 0 36 28 77.78 23 9 39.13
CMM-Net 116 83 71.55 90 22 24.44 80 53 62.50 224 103 47.37

CycleGAN-
SIFT 166 165 99.40 150 144 96 218 212 97.25 134 128 95.52

PLIE R X908 (2 MO AR PF 458 b5, 52 55
20 2H EMR A IE FE IR A5 SR 3R 3 s o AR 3
A LA AR SR it B0 DB I5C J7 9 AR 85T At X
OB DR TCRS JEE e

3 “HHBEGCRIBER

Tab.3 Twenty groups of image matching experiment re-

sults (%)
Comparison M

algorithm OTC TNO
SIFT 3.90 44.77
Canny-SIFT 9.22 15.49
SURF 9.39 38.97
CMM-Net 53.97 44.47
CycleGAN-SIFT 97.32 96. 26

4.3 AEBTEGTLERESRK

R TS T B B A R AR R L R
b R AT e 5%, LS 1 AL UG 1), o L e 5
45°, VCFC g5 S an &l 12 s .

M 12(a)~12(c) Al LAE ), L4 SIFT il
SURF Bk A — 5 R BEERAS P (H 2 i T 0]
TG AR TN LT Ah AR 22 8] 1 0 B4 22 S PR AR,
SIFT . Canny-SIFT i & SURF %k 35 BUfY T i

(a) SIFTE
(a) SIFT algorithm

(b) Canny-SIFT#{:
(b) Canny-SIFT algorithm

(c) SURFELI.
(c) SURF algorithm
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(d) CMM-Net#& =
(d) CMM-Net algorithm

(e) CycleGAN-SIFT# 3=
(e) CycleGAN-SIFT algorithm

P12 ff B WAL T Ao DL TC 52 50
Fig. 12 Matching experiment under angle distortion con-

dition

ST A BB i H R R A . N 12(d)
Al LLF H, CMM-Net 575 T $2 B DE FE &5 60 A
A/ L VG e A 158 3R 55 0, i 7 Wk R B AR B
AR RE A R o AR SR R O Y DC B £
Jf H LA - #0218 DT JC 2% .

Pl 13 Sy 25 e e A1 B2 1) DT TG0 RS B2 2%
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SRR A R AR A5 F R M DC S E B R ) e, B
AR BT B AR R D

%100.00
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3
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§ 0.00 St —
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Angle/(°)
——SIFT ——Canny-SIFT ~- SURF

——CMM-Net —-CycleGAN-SIFT
PRI 13 ff o W 28 T AN [) 55k O D TCOHE 88 X L
Fig. 13 Comparison of matching accuracy of different al-

gorithms under angle distortion condition

4.4 BEFZFGTLREKRE
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B 14 AT DL Y 52 W P 52 455303k A T
Tic 508 5 F 35 B T I B AR SCOR 1 A9 IE A DT
e ST B %

(a) SIFTH 13
(a) SIFT algorithm

(b) Canny-SIFT &y
(b) Canny-SIFT algorithm

(c) SURF&
(c) SURF algorithm

(d) CMM-Net# 3
(d) CMM-Net algorithm

(e) CycleGAN-SIFT &
(e) CycleGAN-SIFT algorithm

P14 MRS 20T X LS g

Fig. 14 Comparison experiment under noise condition
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Tab.4 Matching results after adding noise

Algorithm T C P/%

SIFT 25 14 56. 00

Canny-SIFT 10 2 20. 00

SURF 26 17 65. 38

CMM-Net 80 39 48.75

CycleGAN-SIFT 169 161 95. 27
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