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A Study on the Image Preprosessing model linkage
method for usability of Pix2Pix

Hyo-Kwan Kim* Won-Yong Hwang**

8 o R =Ro And 44 A4Y 71Ee el PioPixE H8slel Ao Usle A9 sheE ojujxle)
S o] et AlEdapt sl ot RRe] W3] Pix2Pix BF A8 A olulx] A meAs 9 ud
4SS 9 vy Hol2e PAT V& =Fel U Pix2Pix BUS B3t AT A8 Ashae
Sl iR S TfsloRith S % olS2 olulx] SWES 7197] SshE BAlo) Bl Ad Aolx
52 Po] HFL FES SHsor it olREe dehileE B JRSHES AAN E3 B LRoHE o
237k 9 vl ofal &4 PER 5 Aejsis 242 do] TSl dSANE RAAA i WX 2L
Felect. webd 284 sl $iste] Pix2Pix ZUO| Sisolnl o] FEA Wikt Kl Wl A8 3
w3} sl FERES Fistel mY akeg Ausa.

Abstract This paper proposes a method for structuring the preprocessing process of a training
image when color is applied using Pix2Pix, one of the adversarial generative neural network
techniques. This paper concentrate on the prediction result can be damaged according to the
degree of light reflection of the training image. Therefore, image preprocesisng and parameters
for model optimization were configured before model application. In order to increase the
image resolution of training and prediction results, it is necessary to modify the of the model
so this part is designed to be tuned with parameters. In addition, in this paper, the logic that
processes only the part where the prediction result is damaged by light reflection is configured
together, and the pre-processing logic that does not distort the prediction result is also
configured.Therefore, in order to improve the usability, the accuracy was improved through
experiments on the part that applies the light reflection tuning filter to the training image of
the Pix2Pix model and the parameter configuration.
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Fig. 1. Pix2Pix Model
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Fig. 1. Generator Training Model Process
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Table 1. Test Data
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Table 2. Test Environment

Div Contents Comments
Train colab (Pro Version)
Predict GPU 4GB PC M2000,
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Table 3. Parameter Table

No Seg Contents Comments
COMMON: ALL

1 CATEGORY RANGE SEG: GOGUNG
RESOL RESOLUTION

2 |PARAMNAME | ysize | KksizE SIZE

3 |PARAM_VALUE| VALUE 1024

4 USE_YN USABILITY. Y/N
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Fig. 8. Result of Forecast (Pix2Pix)
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Fig. 9. Training Image (Homomorphic Applied)
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Table 4. Comparison of Model Loss Values

proposed |discriminator|discriminator|generator
No .
Logic loss1 loss2 loss
1 Applied 0.28004 0.38701 [3.04149
Not
2 ; 0.32232 0.40546 | 4.03307
Applied
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