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Abstract A novel method based on Deep Support Value Learning Networks (DSVL Nets) is
proposed for fusion of remote sensing images. The loss function based on structural risk minimization
is used in the training of deep learning network. In order to avoid the loss of information, we
abandon the downsampling of feature mapping layer of traditional convolution neural network.
The DSVL Nets contains five hidden layers, where each layer consists of convolution layer and
linear layer. And each layer provides a redundant transform which is multi-scale, multi-direction,
anisotropy and non-subsampled. All convolution layers and the fifth linear layer are regarded as

the outputs of DSVL Nets. The convolution layers images are fused by abs-maximum model. The
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linear layer images are sparsely represented on overcomplete dictionary, and then the coefficients

are fused by abs-maximum model. The fused convolution layers images and the linear layer image

are reconstructed, and one can obtain the fused result image. Some experiments are taken on
several QuickBird and Geoeye satellite datasets. Compared with PCA, AWLP, PN-TSSC and SVT,

the experimental results show that the proposed method outperforms some related pan-sharpening

approaches in both visual results and numerical guidelines, and reduces the distortion in both the

spectral and spatial domain.
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overcomplete dictionary; remote sensing image fusion; machine learning
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Qipxm =

(5) 3 f WS (SAMD

F61E ff W 5F (Spectral Angle Mapper, SAM) 3
7RG R 5 25 AR B 6 A R R AR
R0, B AR T, SAM /N, SAM & LR

{ux te) ) ae

lux s« Jur]-
/ﬂ\:qj Jup uxﬁjg”%‘:?/?\‘ F(i.j) Fl X(i./) E"Jﬁ%ﬁ%

(6) 2 JR A e 2k (ERGAS)

4 5 A N6 3 i 2 (Erreur Relative Global
Adimensionnelle de Synthése, ERGAS) 3£ /n %} fi
B EHR 45 A 15 A BEAT S 0 PE R TR AN, LB AR (E
N 0, ERGAS {Hi#li/N, R A4 R#lT. ERGAS
FE LA

SAM = arccos(

K 2
ERGAS =100 % [L57(RUSE) )

l k T
R el CEZ O LI s T

Fon 2 06T R BT 2 R A T B (AL
4.1 QuickBird B &ELH

QuickBird T3 AL 08 o I8 T B[ BE 1 90 75 IR 4R 7
AT 2002 4F 11 A 21 B)Fh [ § 95 22 AT
2008 4 9 H 30 H),i% T2 REAY 4 6 G 1Y 55 P
N 0. 6-m, ZIEHE SR 4 BER R 2. 4-m. LI
BRI R AE 2 2% R K T REE R 28 4
(R SRFE N RFE G 09 BSRAE S S50 R T SR A
JE B At AR B 3 Bl 2. 4-m. 2618 B 15 5 4
BERN 9. 6-m. SCHR T 2063 ER RN 4 B
RN 64 X 64 Fll 256 X 256, 2% BE K/ K
256256 [ 5 Frs A 10 413k ER /Y £ 6 3% &
B3 1 X 10 A MGG a1 45 SR B R 1 2 5L
EHE 45 1B 6 RN 7 B 7m o S R il 25 1 3
B AR AR AR 2 MR 3 iR R LR AR 1Y
R IR A 2R

F 1 MK A QuickBird TR 1 10 4 & 4 11 F
BB bR N2 vl LA A SO 4 i 3k
TR BE SCHE AR A7 > 2% 1 AR il 6 7 1445 30 09 7 24 il
B A8 AR KT T b B v A B I R 48 bR 6 BT
7N Jhy BRI TR A5 il A 25 R0 HL B HL ] 6 Ca)
(b) 5 Bh ZHig E G A a B G, (oS % ER.
ME AT LA B PCA J5 ikl A I 1Y RS L 61
M3 ™5 AWLP ikl & 5 i 45 A R i =
() il A0 3% 41l s PN-TSSC Jr i i il & 45 R &8
] PR A B0 B AF B A R H R SVT Jrik
A Ja i 2 R SR BB FL s ) 2k B ™ B 5 AH AR
Foxt BB AR SO 5 A B 1 A R b £
e T EMROEIE G B A mE R, & 2 HE 6 A 50
BEAER . AT 2 AT LA B A S5k CCLUIQI
RMSE,Q, ,SAM Hl ERGAS 3iX 6 4~#5 b5 5 ff F K
BRT EL BT 1 AH N B R A
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(e) AWLPJj % (f) PN-TSSCJ5 % (g) SVTITik (h) DSVL Nets /5%
B 6 ER AL 4
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*1 5 M HHEER

Ei=x PCA J5#: AWLP )5 PN-TSSC J7i& SVT ik DSVL Nets J5 i
cC 0. 8608 0.9188 0.9338 0. 9389 0.9482
Uil 0. 6825 0. 8766 0.9315 0.9317 0. 9475
RMSE 0.1324 0.1260 0.0755 0.0736 0. 0680
Q. 0.6143 0. 7906 0. 8288 0. 8063 0. 8487
SAM 6.3610 14.5220 6.0721 4.6926 4. 6328
ERGAS 4.2492 3. 8451 2.4507 2.3590 2.1893

x2 BEOREERNEEER

Eis2 N PCA J7i% AWLP J5 ik PN-TSSC 77 SVT Jjik DSVL Nets 77 1%
cC 0.9116 0.9294 0. 9488 0.9476 0.9622
UIQI 0. 6833 0. 8453 0. 9480 0. 9430 0.9622
RMSE 0.1184 0.1328 0. 0604 0.0618 0. 0528
Q, 0. 6487 0.8151 0. 8944 0.8610 0.9101
SAM 3.5339 3.8653 2.8407 2.5603 2.5341
ERGAS 2.2542 2.4151 1. 1475 1. 1768 1. 0082

£ { i

(F) PN-TSSCH
B 7 K& A

(d) PCAJT i

(g) SVT ik (h) DSVL Nets /5

®3 BE7THAERNBERR

EER 7R PCA J5ik AWLP J5ik PN-TSSC 77k SVT J5ik DSVL Nets J7 ik
cC 0. 9077 0.9268 0. 9377 0.9083 0. 9495
UIQI 0. 6770 0. 9006 0. 9376 0. 8910 0.9473
RMSE 0. 1447 0.1183 0.0821 0.0993 0.0729
Qs 0. 6076 0. 8301 0. 8813 0. 7546 0. 8816
SAM 6.1020 22.5028 7.2061 5. 6044 5.5500
ERGAS 5. 2152 4. 2548 2.9522 3.5671 2. 6242

W 7 "] LAE R T PCA J7 kR4 )5 1 1814
B OGBS T AWLP 5k 5 1
S5 R D TR BREE SVT J5 1 1 J5 T il A RIS A
1 233 ()L 45 7™ 35 1 PN-"TSSC 5 3k FA SO i 11
4R B BOEIE R BB IE T2 % BRGSO
by 33 I T RhE R BE SR AR 3 AT

AL CCLUIQI ,RMSE,Q, . SAM 1 ERGAS
X 6 AR RR I T e 6 B R R R B FE B
4.2 Geoeye B[R &L

Geoeye T AL EHE R U5 T 8 K F 30 17 28 ELRE (40
BT 2009 48 2 A 24 H) L0 TR SRBUY 40 AR 1)
3R 0. 5-m, Z 6% ER R 73 BER N 2-m. SER
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8-m. SCHBT T Y 22 i EIR /N Oy 6464, 4 (8
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EUG RN R 256 X 256, 2% RGN 256 X 2565
Bl 8 fron i 10 MK R (4 2 0638 BR . % 4 X
10 ZH BB Rl 5 Je 79 2 2R AR  F 33 BO(E 4 A5 1] 9
FIEL 10 FT 78 o B i PG o il 25 2R LR WLVE 4

(d) PCA i

r——
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o EgREG S
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x4 ESHTEHEEER

EER 7R PCA J5ik AWLP J5ik PN-TSSC J7ik SVT Jik DSVL Nets Ji%&
cC 0.9184 0.9229 0. 9401 0. 9302 0. 9529
UIQI 0. 7360 0. 8861 0. 9371 0. 9186 0. 9522
RMSE 0. 1404 0. 1415 0.0775 0.0901 0. 0709
Qi 0.6139 0.7619 0. 8493 0. 7677 0. 8408
SAM 6. 3091 16. 1864 6.6955 5.9704 5.6139
ERGAS 3. 8808 3. 9480 2.1792 2. 4908 1.9712

x5 BEIMAEROBERR

EERTR PCA J7ik AWLP J5 PN-TSSC J SVT Jik DSVL Nets J7ik
cC 0. 9404 0. 9444 0. 9707 0. 9577 0.9740
UIQI 0. 7704 0. 8879 0. 9704 0. 9443 0.9739
RMSE 0. 1366 0.1472 0. 0597 0.0769 0. 0576
Qi 0.6728 0. 8184 0. 9058 0. 8820 0. 8955
SAM 3.7268 11. 4881 4.2739 5. 3056 3.9421
ERGAS 3.2862 3. 5461 1. 4816 1. 9059 1. 4096

(f) PN-TSSCHj %

i

(g) SVTIjiE (h) DSVL Nets /7 ¥

(e) AWLPT7i%
K10 IR RS A5 R
®6 EI0BMEERNBEER

1 7 PCA J7 AWLP Jy i PN-TSSC J7 i SVT J7 i DSVL Nets J7
cc 0.9122 0.9242 0. 9205 0. 9488 0. 9554
UIQI 0. 7688 0. 8903 0.9176 0. 9431 0. 9550
RMSE 0.1218 0.1225 0. 0884 0.0711 0. 0664
Q 0. 6245 0. 7407 0. 7770 0. 7328 0.7785
SAM 8.9343 17. 5408 11. 9260 6.5865 8. 3798
ERGAS 4. 0555 3.8763 2. 8988 2. 2499 2.1647

PRUNEE 5 FN3 6 7R » & P B At 6 A 2 R =7 4k
FR.

F 4 Ak A Geoeye TR 10 41 KI5 HF- 15 54
{ELHR bR » IZ 2 R 1T LA H AR SC T 2 1 1 38 O
SCHEAEE 2 W g B Rl A Oy i i CCLUIQI

RMSE,SAM #1 ERGAS X 5 e tr 400 F X by
R R F5 bR T PN-TSSC 75 8 1 Q. 48 b5 i 11
ARICTT ) QUIEFRIRZ. B9 BT 7R A o i A% 1 i
A L 9 Ca) T () 43 5l 20k 3 K
BB, (O NS HEB NE T LLE T
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[ FH b 11 5 1% 41 fh s PN-TSSC Jy i i 45 3 25 [ R
FRoc i AR EMG A G 5 B RUEE SVT 7 ik il 5 1Y &5
T MG A 2 R) 2R BLHE™ B 5 1 A S5 16 1 45 21
W EE TS H G, BB AR T o858 A
A EE R 5 K8 o 45 ) L Bk i BB 4R
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Background

Many remote sensing applications require images with
both high spatial and high spectral resolution. Due to techno-
logical limitations of remoter sensors, these images can not
be obtained easily. And the earth observation satellites are
composed of several multispectral (MS) channels and a
panchromatic (PAN) channel. The MS images provide the
more spectral information and less spatial information. The
PAN image has the accurate geometric information. The
remote sensing image fusion aims at creating a fused image of
high spatial and spectral resolutions through merging a
panchromatic image with a multispectral image. The common
methods are component substitution, multiscale analysis and
restoration based methods. Component substitution methods
can recover high resolution MS images via the substitution.
However, the spectral distortion is remarkable in the fused
image for the complicated spectral response between low
resolution MS and PAN images. Multiscale analysis methods
have the characteristic of multiscale, multidirectional and
anisotropy. However, the spectral distortion always arises
for the mismatch of injected spatial details extracted from
PAN image with that of low resolution MS images. In very
recent years, restoration-based methods have been proved to
achieve efficient pan-sharpening and become more and more
popular. And several restoration-based pan-sharpening methods
are developed by establishing representation models for
source images.

Inspired by the deep learning and convolutional neural

networks, a novel approach based on Deep Support Value

Learning Networks (DSVL Nets) is proposed. The loss
function based on structural risk minimization is used in the
training deep learning network. In order to avoid the loss of
information, we abandon the downsampling of feature
mapping layer of traditional convolution neural network. The
DSVL Nets contains five hidden layers, which each layer
And DSVL

Nets provides a redundant transform which is multi-scale,

consists of convolution layer and linear layer.

multi-direction, anisotropy and non-sampled. Experimental
results show the proposed method achieves better fusion
efficiency, and reduces the distortion in both the spectral and
spatial domain.
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