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(SVM) HYAELRMAL R ECE LT MRAEZS (] 21 5 4 25
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Fig. 1  Architecture diagram of filter generation network
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Fig. 2 One example of architecture of adaptive filter generation network
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&, ZRBGE T BUR B S B R E E LR
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Table 1 Size of feature maps in the network

Fem BRI GaN FRHIE R
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Conv-1 3x3 1x1 32x128%128
Pool-1 2x2 2x2 32x64x64
Conv-2 3x3 1x1 64x64x64
Pool-2 2x2 2%2 64x32x32
Conv-3 3x3 1x1 128%32x32
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Pool-4 2X2 2%2 256%8x8
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Upsample—4 64x64%x64
Subnet-1 3x128%128
Subnet-2 3x128%128
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Fig. 3 Location of UAV image (1, 2 and 4 band composite )
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Table 2 Information related to experimental data

(name and imaging date)

BaEEE AR #FR 4 H )
1, 2019-04
VIES I, 2019-05
k| I 2019-06
. I 2018-04
Ly ,
I 2018-05
1, 2019-04
HER I 2019-05
g2 1, 2019-07
o I 2018-04
i ,
I! 2018-05
I, 2019-04
b I 2019-05
B34 I 2019-08
. 1 2018-04
L= ,
1! 2018-05
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(a) SEHEEHE AL IERCR ( 124/)5‘25& ) ,ﬁEPQHEE/T
BAUEREA , AR R VI ZRE AR
(a) Visual effect of experimental data (1, 2 and 4 band
composite) , where the red frame shows validation samples

and the rest part shows training samples )
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(¢) Validation and testing result in image of July using adaptive
filter generation network , from left to right are the reference ,

interpolation results from model and error distribution map
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(b) Validation and testing result in image of June using adaptive

filter generation network , from left to right are the reference,

interpolation results from model and error distribution map
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(d) Validation and testing result in image of Augest using adaptive

filter generation network , from left to right are the reference,

interpolation results from model and error distribution map

Fig. 4 Experimental data and results of adaptive filter generation network
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Table 3 Quantitative indictor of validation and testing result
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Ty Ua1s) I, 0.784

LsaTa Jir)Uas1s) I, 0.984
T s 1s) I, 1.050

Trg i 19 1, 1.128

HIREY Ty Ui 15) I, 0.952
Trg T 19 I, 0.954
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Fig.5 Flowchart of PDSDNet image fusion
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(a) Panchromatic image (b) Simulated panchromatic
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I 10% BUGAE a4, ol T B 8T h T
128x128 K/ UG H T M YN 2R e E, Horp
YIRBEMIAEEE LB 51, 6% RGN M 45 4
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(d) Fusion result image by
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proposed method
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Fig. 6 Pan—sharpening results of image adaptive filter network
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Table 4 Quantitative evaluation index of

image adaptive filtering

PR SSIM ERGAS SAM MI

1 0.9263 3.9619 0.0043 9.2594
2 0.9269 7.0458 0.0057 10.1087
3 0.9730 9.7233 0.0049 7.2995
4 0.8910 8.8491 0.0076 9.9983
5 0.9469 6.3206 0.0038 9.2730
6 0.9230 6.3202 0.0088 9.0208
7 0.9493 7.4922 0.0072 9.6516
8 0.9124 8.3886 0.0078 9.9859
9 0.9781 7.6031 0.0066 9.1745
10 0.9368 9.5489 0.0088 8.6962
11 0.9514 7.0637 0.0052 9.5263
12 0.9127 5.3262 0.0027 9.5071

13 0.9435 5.0393 0.0042 9.2946
14 0.9087 7.7040 0.0053 10.1009
15 0.0385 9.8473 0.1814 7.6403
16 0.9656 7.3884 0.0041 9.4429
17 0.9571 5.9761 0.0041 9.3463
18 0.2307 4.9624 0.0559 9.3108
19 0.9266 4.4735 0.0058 9.5462
20 0.0606 4.8276 0.1142 9.2927
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Abstract: Image adaptive filtering is a nonlinear image transformation, which has a wide range of applications. Traditional image adaptive
filters are designed by experts, such as bilateral filter and shape adaptive filter. They can determine the shape, size, and weight of the filter
based on the local structure and content of the image. They are commonly used to suppress noise while preserving the structural
characteristics of the image. Convolutional Neural Networks (CNNs) are an effective tool for feature extraction and nonlinear expression.
They can be used to learn and construct image adaptive filters. And this paper explores the application of nonlinear image adaptive filters
generated by convolutional neural networks in image interpolation and image fusion.

This paper introduces the generation network of an image adaptive filter, including its model structure and objective function. The
common network structure usually employs an encoder-decoder architecture, which is mainly composed of three parts: feature extraction,
feature recovery, and filter (convolution kernel) estimation. Then, the paper presents two different application scenarios of image adaptive
filters: image interpolation and image fusion. The adaptive filter for images enables transformation between different phases during image
interpolation and transformation between different bands during image fusion. In these two scenarios, the image adaptive filters are learned
by the filter generation network based on the specific application scenario and then applied. In image interpolation applications, the image
adaptive filter is used as a nonlinear transformation between two temporal images. The interpolated image is looked at as the mean of adaptive
filtering of the previous temporal image and adaptive filtering of the latter temporal image. In image fusion applications, the image adaptive
filter is used as a nonlinear fitting method to regress multispectral bands to the panchromatic band. It then extracts spatial details from the
difference of the panchromatic band and the simulated panchromatic band, and finally adds spatial details to all the multispectral bands.

We conducted experiments in two application scenarios. The first involved nonlinear transformation for image interpolation with
different phases simultaneously. The second utilized an image adaptive filter as a nonlinear fitting method for multi-spectral band regression
panchromatic band in image fusion. In image interpolation applications, the experimental results show that the interpolated results are
consistent with the reference image in spatial and spectral characteristics, and the RMSE of the interpolated image with the reference image
is relatively small. The experimental results for image fusion applications indicate that the low-resolution panchromatic band obtained
through adaptive filter fitting of the multi-spectral band is more accurate than the traditional component replacement method. The fusion
result obtained by nonlinear image adaptive filters has neither obvious spectral distortion nor obvious spatial distortion.

From the application of nonlinear image adaptive filters generated by convolutional neural networks in image interpolation and image fusion,
we have a glimpse of its application potential of image adaptive filter in constructing image nonlinear transformation. The filter generation
network can generate adaptive filters for particular application scenarios, resulting in more accurate and visually pleasing images.

Key words: remote sensing, image adaptive filtering, filter generation network, dynamic filter network, image interpolation, image fusion
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