$50% 11 17 A= S D | A NE= SO SO Vol. 50 No. 11
2018411 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY Nov. 2018

DOI;10.11918/j.1ssn.0367-6234.201806014
ET SIFT FHF W5 SR KZREERGRS

F?E %1,2’ é‘% 7@1, %1&}}&5:\12
(1P EBEBE BRI BT, BB 610041 ;2. 91 ERM= B K2, JLE 100049)

W OB ENSE S REAARAE RN A - LA, b ERNAB AT REGE N Z2 SHESHAR L st
REVENEEGEEEEE. VG REEAL LR, RET —HETSIFT FREZINI FRBRLREBGRAEAERL. #Z
HHARF] FFRTMT HGRRERTEAAREMA N @F HR T R s, B o F 5389 4 £ A A B % SIFT 44 19
FRHAR REFRERE HETREEREAGRSGERBANZNAL. WA AREGNRAET R B GIRPIAN
IR, T e HG s LN, 5 BIRKNE O AN Z RGN B SRR A VAT B 3E LRI, BB T4 AE
NAEWARABRKRINED METEREAZNELREANE . ARIEEEZN AR, Lh B PHR 6 4AHFE, 43
Al zmATHRNSREBGUAI AL RHENLREER. % REW L HEE M E WA R BCR 2 W2 20
mAERETHNEESMBRTLINERN S REAGRE L.

KR HGR A SIFT; WAk 7 FHFE ;5 BIRK

FESES . TP399 XHAPRERD . A XERS: 0367-6234(2018) 11-0059-08

Multi-focus image fusion based on SIFT dictionary learning and guided filtering
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Abstract ; In order to solve the problem that the local detail retention ability, spatial continuity and non-registration
problems of most multi-focus image fusion algorithms cannot be improved at the same time, this paper proposes a
multi-focus image fusion algorithm based on SIFT dictionary learning and guided filtering. The algorithm overcomes
the problem that the low rank representation of image can capture the global structure but could not preserve the
local structure by learning sub-dictionaries. The classification of the sub-dictionaries utilizes the translation
invariance and the scale invariance etc. of SIFT to eliminate the fusion artifacts of unregistered images. In addition,
the adaptive-window guided filtering is performed during the low rank representation coefficients fusion progress,
which increases the spatial continuity of fused image. Pixels with rich texture assign to small window, while weak
texture pixels choose large window. We select 6 groups of data, including 3 groups of widely used images and 3
groups of real-world images for verifying the validity of the proposed algorithm. Experimental results show that this
algorithm outperforms the current mainstream multi-focus image fusion algorithms from qualitative analysis and
quantitative analysis.
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Tab.1 The comparison of block size on the distribution of sub—dictionary learning blocks
T
I3 BRI pixel HK /pixel

1 2 3 4 5 6 7 8

1 518 162 0 0 0 0 0 0 0 0

4 2 130 050 0 0 0 0 0 0 0 0

4 32 768 0 0 0 0 0 0 0 0

1 506 526 189 214 1447 44 129 238 745 518

8 2 126 859 188 196 490 56 43 53 71 56

4 31 957 19 69 24 14 9 142 17 7

1 412 710 10 253 14 148 9 373 8 329 11 535 9 877 9 948 7 845

16 2 104 917 3 032 2 335 3354 1 946 1796 2297 2 311 2014

4 26 424 699 409 440 515 690 896 796 381
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Tab.2  The comparison of step size on the distribution of sub-dictionary learning residual
R SIS
}/Ff'c/pixel
1 2 3 4 5 6 7 8
1 1.200 9 1.322 0 2.2152 2.0850 1.518 6 1.626 2 2.288 8 1.132 6 1.6350
2 0977 3 0.964 3 0.246 6 0.422 8 0.444 4 0.878 5 0.517 0 0.811 6 0.053 3
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Fig.7 Widely used multi—focus image fusion results

a)lF-GF

b)IF-DWT

¢)IF-NSCT

(d)IF-SR

-Ec.

(VAR SCHLT
8 MAHETHKEA
Fig.8 Magnified partial details A
7 3 HEARAEGE I T2 W P, R 5 A
Fl B VA PR, P A 5o Bl S5 Y



511 4]

WrRis, 45 2T SIFT Fllog o) 15| S 2 AR R G5 - 65 -

IRAE. R EEE T E A SCRIEBR T 56 2 411
Qs NEEKME , HABAR R G15G , Ui 2B A fE R 1R
FEORE AR RO o bU B O A D TR
e HA Rl A S A AN TF-GF 7E QAT Qg
Febn NSRS AL, UL BE T 23 U 3R A 25 [l i
SRPERISE R ORI T (5 A 0T IF=NSCT #£ Q.
Qe TEFR T IOEE S, UEBH A1 R FERE B 5. R,
SRR G NS ST BASA 3L
x3 TEAREGEENBRERELR A

Tab.3  Comparison of fusion quality of 5 fusion algorithms A

E2 IF-GF  IF-DWT IF-NSCT IF-SR A5k
Qamt 0.99 0.90 0.95 0.96 1.04
0¢ 0.65 0.64 0.74 0.66 0.76
0y 0.74 0.41 0.83 0.63 0.84
Qs 0.97 0.90 0.91 0.95 0.97
Qcs 0.60 0.52 0.61 0.63 0.70
Ont 1.13 0.91 0.96 1.05 1.15
Q¢ 0.59 0.50 0.65 0.58 0.66
Op 0.68 0.37 0.73 0.52 0.78
Qs 0.96 0.91 0.95 0.95 0.95
Ocp 0.67 0.54 0.70 0.71 0.73
Ont 1.05 0.93 1.01 1.01 1.13
0¢ 0.65 0.51 0.66 0.56 0.71
v 0.70 0.42 0.72 0.59 0.78
Qs 0.96 0.91 0.96 0.95 0.96
Qcp 0.62 0.53 0.64 0.68 0.69
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Fig.9 Real-world multi-focus image fusion results
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Tab.4  Comparison of fusion quality of 5 fusion algorithms B

15¥F IF-GF  IF-DWT IF-NSCT IF-SR #3C85

Onmt 47.78 42.51 44.14 47.53 52.98
Q¢ 0.25 0.20 0.30 0.25 0.35
Qp 0.39 0.28 0.51 0.41 0.60
Qs 0.50 0.34 0.43 0.50 0.55
Ocg 0.34 0.30 0.36 0.35 0.37
Onmt 43.71 36.99 40.73 42.89 46.75
Q¢ 0.23 0.18 0.28 0.24 0.29
Qp 0.39 0.24 0.50 0.44 0.59
Qs 0.49 0.26 0.42 0.47 0.49
Qcp 0.34 0.33 0.36 0.36 0.37
Onmt 57.31 42.36 46.77 51.58 56.22
Q¢ 0.22 0.15 0.28 0.24 0.33
Qp 0.40 0.27 0.51 0.49 0.58
Qs 0.46 0.35 0.45 0.45 0.48

Qcs 0.39 0.19 0.44 0.40 0.45
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