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Fig. 1 Convolutional attention module flowchart
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Fig. 5 Labeled images of the network model

0610005-5



(a) Gaussian filter (b) Laplace filter (c) Mean filter (d) Morphological filter
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Fig. 6 Input images of the network model
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Table1 CC for P,;; and M,
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Fig. 7 Fusion images with different filters
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Table 2 Fusion image metrics with different filters

Values Laplace Mean Morphological Gaussian Ideal
CcC 0.723 1 0.6818 0.899 0 0.9218 1
SAM 2.1190 2.304 3 3.7658 2.099 0 0
ERGAS 8.921 6 8.150 0 5.452 6 4.901 8 0
UlQI 0.802 1 0.792 2 0.8715 0.893 0 1
AG 0.016 5 0.029 3 0.063 6 0.062 9 1
RASE 8.690 2 8.7329 10.222 0 8.1830 0
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Fig. 8 Image index values with different number of iterations
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A AR B Z (025 [| 4075 15 B, SAM . ERGAS I CC #8 b5 45 B Di-PNN fl 4 5 200 618 A 84 AR A7
A8 1o GAN S5 AR SO L & T8 b AH AL, il & B8 1 AHIE . {HJZ SAM F ERGAS $8 45 32 B A SCH B 5%
FHOCIEARAERE J1 o AT CAE 29% Bl & 10 AL 7E RASE 8 b5 fl ERGAS #5510 5 , Ui W EE 69 5638 5 40
WAEAE B AR SCRE L VR AN T X B i IR TR AR bR . b A SCIR A B RE TS %
Bk

*£3 RomaFEGEBMELERERILE

Table 3 Performance comparison of fusion results of Roma source images

Methods ERGAS RASE SAM UlQl AG cC
IHS 7.8857 15.8517 1.6110 0.754 3 0.029 5 0.754 5
BDSD 4.756 2 9.518 1 2.1885 0.927 1 0.028 2 0.9322
MTF-GLP-HPM 4.643 5 9.874 5 1.433 4 0.930 3 0.036 5 0.9354
SR-D 7.368 2 27.234 2 1.788 9 0.7957 0.0199 0.846 6
PNN 4.654 8 9.7819 1.516 7 0.9011 0.0310 0.928 1
Di—PNN 4.086 5 8.568 9 1.3615 0.942 2 0.036 0 0.9211
GAN 3.354 7 8.056 9 3.056 9 0.923 5 0.041 4 0.943 5
CAE 10.3155 38.779 0 2.9225 0.650 0 0.029 8 0.673 9
Proposed 3.2428 8.137 2 1.316 7 0.929 1 0.043 6 0.934 1

Ideal 0 0 0 1 1 1

[ 10 4 SPOT LA 1E United Arab Emirates X 38 35 B¢ J5 A% F1 gl& RAZ 0 R 3B e ok B . E 10(a)
2 EG A HE R 6 mo B 10(b) AR @G, 2 #R  1.5 m. 2RGS0 RS KN
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K 512X 51248 % . @ WL E 10 /T LA B SPOT T2 M Al & S 914 5 QuickBird T il A EIHR AR LY
S5 B 10Ce) Jr s R X3, B & i AT 48 5 T0UBI €6 A48 %, O FL B BP0 €0t R A TR R . B 10(d)
BDSD B3k 45 W 5 0 40 15 15 B &0k @ S0 G o Ok o 151 10 (e ) 76 FRIG 09 30 25 30 43 [ B A 4000 & 2R 1Y
L. TEE 10Ce) Ay Al o e 50 Hh B0 1 40795 (% R AS B0 i 00, R 25 5 IX 43 B | SRR o 1 10CF) T R Xk
Honl DLk B SR-D B AR A0 BRI GAE BEATE AL . PNN 3Z BR T4 )2 W 4 1 2% ) fig
I3, 78 10(g) i B AE AR 25 a5 B OR B A 58 4, XIS VBT a5 B R R B &0 . Di-PNN X PNN 7%
AT HEAFHA, B 10Ch) 76 23 [ 4075 O/ B Re 0 A BH S 00 2 &, (R R ATD R A7 A 40 09 i 2K n) B, il 4 25021 iR
Arei— 5T, B 100D A B iy Mok al & 45 9 e 25 A (5 B 5005 E B e Bk BB A B
A, FEIE 10 H T LAR B3 T 6 B S 45 M 245 1 il & 25 s R AN BE IR FE AR 2 4 i B R &,
TE 5 J2 T 20350 40 h 8 (0 A8 B T Be skt ISR Bl o AR SCRRIVAAS B Y RRTE 23 400 ) B RS A B IR
LA BAF R E .

(a) MS (b) PAN (c) THS (d) BDSD

(¢) MTF-GLP-HPM (f) SR-D (2) PNN (h) Di-PNN

,
.

(1) GAN (j) CAE (k) Proposed

K 10 United Arab Emirates J& [ % & £ [l 5 i 09 @t & 45 &
Fig. 10  United Arab Emirates source images and fusion result by different methods
FAGW T SPOT TLA & IR EME A & WIEM F8 b5 o i THS fil 65 501k UIQUIS bR i, 2 W L0 B 404y
FEHBE Ty i A R A Ab T 4 B, R THS Bk AE 6 1% (5 8 BBk . BDSD Bk 46 br i $2 7 2 W H A
B TR AT IHS @A 5. MTF-GLP-HPM % 35 5 PNN 5 5k 45 0015 A5 1 22 BEAR /N, 18 BH 5 A4~ 55 1k 7
SOPT L& FE A HAHML, B E MM - MTF-GLP-HPM & i/ AL £ BLAE /1. SR-D Rl &8 %
SAM & br it &, JE TR BAEAE K% . PNNRILTESEAr A 28 A 3R BL, Di-PNN 5 48 b 19 48 7 3= 0] 41

0610005-10



B S B BT S B AR G 0 0 4T A R AR R

TTEAXS PNN SRR A 20 . GANSLEE 5 A SO AR TE UL 56 b A7 5 0 AR 1 B A OBk
AR b AR T Z000EE B S AN E o FIR AR SCRE LA CAE Rl & 575 A B4 i R A
BEJI .
%4 United Arab Emirates R El&B & &5 RIERE LB
Table 4 Performance comparison of fusion results of United Arab Emirates source images

Methods ERGAS RASE SAM UlQl AG cC
IHS 5.562 4 12.301 5 0.450 1 0.842 1 0.014 4 0.841 2
BDSD 2.5516 5.454 6 0.9659 0.879 8 0.009 2 0.924 9
MTF-GLP-HPM 4.124 0 9.647 0 0.970 6 0.9194 0.016 8 0.923 2
SR-D 8.4117 15.447 9 1.2515 0.859 4 0.0119 0.886 0
PNN 4.096 8 9.601 9 1.134 1 0.920 0 0.016 7 0.924 3
Di—PNN 3.4329 5.646 8 1.3621 0.9418 0.007 7 0.9398
GAN 3.757 3 8.649 6 0.992 2 0.9327 0.0155 0.936 0
CAE 6.745 2 19.509 5 2.009 4 0.766 6 0.014 5 0.773 2
Proposed 1.078 9 4.757 8 0.264 1 0.953 9 0.007 7 0.944 0

Ideal 0 0 0 1 1 1
5 Zig

AR UGS G A T S i a5 BRI R R TR e 307 08 D A 1 SRR e A AR AT IR A B, R AR 43

P v AR e 0 R R TR AR, e 6 R o 3 v A T 15 o A 30 g S v IR AR R 5 AR B 4 ) i

127 ) B AR, O 3l 45 FRTE B AR P R AR L A Ak, B2 e A AR T R e SC B E R IR B e &I R

52 JUAY A BR L G Bt 45 B 0% T O 5 R 1 IRTR B R 40 A5 S .l SR AN A T R, SR TR EE A )

i %o 3t 27 21 7 R G TEAE BB o SEI SR, AR SR 1 3 SR PR Tl S 1 BR8P AR R R

FEbR BRI Rl R OR R T 45 1635 A5 2 A0 25 B 401 {5 2 .
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Combining Convolutional Attention Module and Convolutional Auto-
encoder for Detail Injection Remote Sensing Image Fusion

LI Ming, LIU Fan, LI Jingzhi
(College of Data Science, Taiyuan University of Technology, Jinzhong, Shanxi 030600, China)

Abstract: Panchromatic and multispectral images can be captured by Earth observation satellites. Usually,
panchromatic images have high spatial resolution and low spectral resolution, while multispectral images
have low spatial resolution and high spectral resolution. For combining the spatial and spectral information
of panchromatic and multispectral images, remote sensing image fusion techniques are applied and born.
Although significant progress has been made in fusion algorithms, there are still problems of spectral
distortion and insufficient details. To solve the above problems, this paper proposes to design a new remote
sensing image fusion algorithm with convolutional auto—encoders, attention mechanism and filter as the
detail processing module and additive injection fusion rule as the fusion module. Convolutional auto—
encoders learns the nonlinear mapping relationship between the low-resolution image and the high-
resolution image, and the high—resolution image corresponding to the low—resolution image can be obtained

0610005-12
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after the training is completed. The introduction of attention Mechanism in the convolutional auto—encoders
can improve the sensitivity of the network to information and increase the channel importance of image
information. The filter plays two roles in this paper, one is to obtain the high or low frequency information
of the image through the filter, and the other is to obtain the low-resolution image corresponding to the
high-resolution image. The specific steps are described below. First, high—frequency images of low—
resolution images and high—frequency images of high—resolution images for model training are acquired
separately using Gaussian filters, while high—frequency images of low-resolution multispectral image for
model prediction are acquired; then, the non-linear mapping relationship between the high—frequency
image of low—resolution image and the high—frequency image of high-resolution image is learned by using
convolutional auto—encoders; finally, the missing detail information of the multispectral image, i.e., the
high—frequency image of high—resolution multispectral, is obtained using the convolutional auto—encoders
completed by training, and fused with the original image to generate the high-resolution multispectral
image. For the filter selection, experiments are conducted based on the mean filter, Laplace filter,
Gaussian filter and morphological filter in this paper, and the results show that using the Gaussian filter has
a better fusion effect. At the same time, experiments were conducted on the selection of the number of
iterations of the network model. In this paper, the objective metrics of fused images with the different
number of iterations are recorded. Since the objective indicators are floating in nature, a fitting function is
used to fit the data to the objective indicators. The influence of the number of iterations on the fusion results
is found by observing the trend of the fitting curve. The fitting curves show that the fusion algorithm
proposed in this paper obtains the best fused image at about 1 600 iterations. This paper combines the
respective advantages of Convolutional Auto-Encoders, attention mechanism and filter to perform
experiments on two datasets, which are images taken by QuickBird and SPOT satellites, respectively. The
resolution of the datasets is 512X 512 for multispectral and 512X 512 for panchromatic images. To expand
the training dataset, the datasets are cropped to 8 X 8 size images by using a sliding window. In training the
model training batch size is 256, the number of training iterations is 1 600, and the optimizer Adadelta is
used for network model parameter optimization and learning rate adaptive optimization. To demonstrate the
effectiveness of the algorithm proposed in this paper, it is compared with the classical fusion algorithm.
Since this paper uses the additive injection of fusion rules, IHS and BDSD additive fusion algorithms are
selected for comparison. PNN and GAN are typical deep learning fusion algorithms and are compared with
classical deep learning fusion algorithms to demonstrate the effectiveness of the proposed fusion algorithm.
The comparison with the CAE fusion algorithm can effectively prove the effectiveness of the attention
mechanism and filter introduced in this paper, which can significantly improve the fused image effect. Di-
PNN fusion algorithm and SR-D fusion algorithm are both detail injection fusion algorithms based on deep
learning networks, and the comparison with Di~PNN and SR-D fusion can illustrate the effectiveness of
the network structure in this paper. In this paper, the results of different fusion algorithms are compared in
terms of subjective visual and objective metrics. The objective metrics are CC, UIQI, ERGAS, RASE,
AG and SAM, where the UIQI and AG metrics describe the detail information of the image, and the
ERGAS, RASE, SAM and CC metrics describe the spectral information of the image. the larger the CC,
UIQI and AG metrics, the better the image quality; the smaller the ERGAS, RASE and SAM metrics,
the better the image quality. By comparing with the classical fusion algorithm and using subjective visual
and objective metrics, the experimental results show that the fused images in this paper retain more spectral
information and detail information and show good performance both subjectively and objectively.

Key words: Remote sensing image fusion; Feature extraction; Convolutional auto—encoders;
Multispectral images; Panchromatic images
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