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The Effect of Training Patch Size and ConvNeXt application on the
Accuracy of CycleGAN-based Satellite Image Simulation
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Abstract

A method of restoring the occluded area was proposed by referring to images taken with the same types of
sensors on high-resolution optical satellite images through deep learning. For the natural continuity of the
simulated image with the occlusion region and the surrounding image while maintaining the pixel distribution
of the original image as much as possible in the patch segmentation image, CycleGAN (Cycle Generative
Adversarial Network) method with ConvNeXt block applied was used to analyze three experimental regions.
In addition, We compared the experimental results of a training patch size of 512*512 pixels and a 1024*1024
pixel size that was doubled. As a result of experimenting with three regions with different characteristics,the
ConvNeXt CycleGAN methodology showed an improved R? value compared to the existing CycleGAN-applied
image and histogram matching image. For the experiment by patch size used for training, an R? value of about
0.98 was generated for a patch of 1024*1024 pixels. Furthermore, As a result of comparing the pixel distribution
for each image band, the simulation result trained with a large patch size showed a more similar histogram
distribution to the original image. Therefore, by using ConvNeXt CycleGAN, which is more advanced than the
image applied with the existing CycleGAN method and the histogram-matching image, it is possible to derive
simulation results similar to the original image and perform a successful simulation.
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Table 1. Kompsat-3A Images used in the experiment

Site 1 Site 2 Site 3
Data A date | 2019.09.18 2015.12.11 2019.03.08
Data B date | 2019.09.17 2016.01.08 2019.04.12
Lgtﬁif)girs urban, forest urban rur?g)}fc:;ast,
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Site 1. Anyang

Site 3. Gangneung

Fig. 1. Image locations used in the experiment
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Table 2. Results of applying ConvNeXt CycleGAN

CreleGaN | CyeleGAN | TEOREn

Site 1

RMSE 168.39 169.36 170.43

R? 0.9930 0.9911 0.9896
Site 2

RMSE 172.98 171.83 171.60

R? 0.9884 0.9880 0.9853
Site 3

RMSE 173.43 170.53 166.19

R? 0.9891 0.9889 0.9869
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Fig. 7. Additional experimental results of changing hyper
parameters for the ConvNeXt CycleGAN, result (b) is the result of
inputting image (a) into the ConvNeXt CycleGAN, and result (d)
is the result of inputting image (c) into the ConvNeXt CycleGAN.
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Table 3. Results by training patch size

patch size 512*512 1024*%1024
RMSE R? RMSE R?
Site 1 168.39 | 0.9930 167.70 0.9889
Site 2 172.98 | 0.9884 164.04 0.9826
Site 3 173.43 | 0.9891 154.01 0.9858
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(a) Original image

(c) Fake B image of 1024*1024 patch image
Fig. 8. Mosaic image of ConvNeXt CycleGAN experiment

result by training patch in Site 3

Table 4. Comparison of histogram standard deviations of

sites 1,2 and 3 images

Std.deviation
Site 1
R G B N
) 469.37 721.46 778.85 1545.96
) 608.58 944.12 974.39 1827.72
3) 778.53 733.07 512.13 2156.35
Std.deviation
Site 2
R G B N
Q) 563.12 969.10 1175.49 1625.19
) 682.03 1163.55 1366.22 | 184147
3) 1126.11 1712.87 | 187272 | 2501.86
Std.deviation
Site 3
R G B N
) 634.54 482.20 264.60 1344.77
) 649.57 521.24 287.23 1396.27
3) 776.40 614.69 350.88 1583.64
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