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Abstract

Flight simulator is a kind of simulation device which can reproduce aircraft and air environment
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and simulate flight operation. In the daily flight simulation training based on flight simulator sys-
tem, the quality of the image presented by the visual system will directly affect the final training
effect. Image super-resolution reconstruction is an effective method to improve image quality.
Combined with the advantages of Generative Adversarial network (GAN) in visual effects, a super
resolution reconstruction method of visual image based on GAN is proposed to improve the visual
image display effect of flight simulation. The entire network is composed of generator and discri-
minator, of which the generator is composed of three parts: shallow feature extraction part, deep
feature extraction part and image reconstruction, and the discriminator adopts the idea of relative
discrimination to achieve the identification of true and false images. Experimental results on dif-
ferent test sets show that the proposed method is not only superior to RDN, DRFN and other net-
works in terms of visual effects, but also better than them in objective evaluation indicators.

Keywords

Visual System, Generative Adversarial Network, Visual Image, Super Resolution Reconstruction

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5]

TRATRELAL R — AR DAAE - TR AL CATIRES . SR REREE (e ke B, JL a7 DLad A R
ARF-BOE AR FHILCHL ATRAE . CATIEAUER 1 DGR O LR AT ML 5t RGN SR AL, /AT
A 70%LL FEERE TG, 1AM IS AR B D SRR 1 7 AT 20, OISR T K
TR R IR R T R, ARSI, R AN, R RGO TG EE R
BRI IR RS B SeEE, W IR S IR W A, BRI SR R A
S ER IR &, (HIXFEA R — NIRRT 58, DRI G BRI AR FIVBLADL 388 (1) O/ 75 B8 R 2]
FRRIEA )8, AL —Ff iy i A R R B v, T MM MR B R R R B
YRS S ) SR A B e 11 S5 AN S A (A ROR o 3 B 2 e B R e IR 546 2 e IR ), 2 —
AR B S AR 3]

B 73 P 2 51 i D7 R BRAE SR VE[A] 96, AERRFE S ) AU E 223 2 PSNR 3 [l FUBE N Bk 5 5 71 [5]
PSNR 5[] &= B Fr i@ 6 CNN W& 3E47 446, 41: SRCNN [6]. EDSR [7]. RDN [8]. MSFRN [9]#!
RFN [10]55. 1XEE777: BARAE PSNR FHUAR [ sk vEfe, HEMGAEBCR B2, 5 Halthss, IiE
TR o AN IR BN 2 4 DLAE ot s I S O H Bk, : SRGAN [11]. LPIPS [12]. ESRGAN [13],
SPSR [5]. HI F_ESRGAN [14]%%, SR IR LE [0 28 B 2 A2 i i S B A 5 AR I A o R, {EAE PSNR |
PHEHA . NIk, ARG PSNR S m AT I8t RE s DL R A MR AE L 8RB s e sk, $eth—
AT GAN I Gy R B 2, 32 BEDTHR s A0S

1) $2H 7 — T GAN B M /R s A, lid 4 /AR SR E R G, IREs G0t
SRR AR S B, AR R 7 F BRI R B, IR R R A E R ), WA S
NZEBOCALSE RV, AR BUSCR B 1 S

2) Wit T — MR ZRE SRS, TERR ZE N Bl NE R AL, FRid AR K, 5T
DR R, TR RE

3) Wil T —MBEAHER AL, 761 x 1 EBRE, MRHMEHT %, BEMH - NmgEErER

ik

DOI: 10.12677/csa.2022.1212285 2805 T LR 58


https://doi.org/10.12677/csa.2022.1212285
http://creativecommons.org/licenses/by/4.0/

IV AT AT (BRI, /o750 2% B 1k A L T SR 0 £ e AR
2. BT GAN Hypzgias
2.1. WKL

KCEES T RPN AR, $R T R T GAN (A5 B 4 R B 1 775 GAN-RDCN,  H:
DR 28 AR ZER U] 1 7, BEAN 2 R PR AN A E: - A2 B8 Generator AT%E5)) 4% Discriminator, o,
AR 3 AR TRIZRHESRIG 2 VR B RFIE SR o A EUR B A o VR RFIE SR G 4
—/N 3% 3 AR AL, SEIHN R HI R E R AE R L o R ERFAE U 43 2 B 2 N R S AR AE B U B
RDCA FlJZ AFAE AL G AR HSCA 2R,  SEBU I N G RFAE 1 70 /- P ORI ST . M s 3 7 £ 2 e
AR F A U2 SE I EUE BITBOK

Generator
Conv RD |RD | > RD L, HS ’C_ig’Conv_’ éjapn_l _’Conv
3x3 CA CA[']]cAal | cA 3x3 3x3
: pler
HR
C C C

128| |256| |512

Ground Truth Discriminator

Figure 1. Overall network structure
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Figure 4. Hierarchical feature fusion module
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Table 1. Performance of each module on different test sets with x2 factor

F 1 A AFEATSREEREMRNE LRyt ae

Set5 Setl4 BSD100 Urban100
38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351
38.07/0.9608 33.68/0.9184 32.22/0.9002 32.32/0.9304
38.19/0.9612 33.86/0.9202 32.32/0.9014 32.92/0.9355
38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353
38.24/0.9614 34.16/0.9228 32.39/0.9025 33.13/0.9374
38.27/0.9617 34.19/0.9232 32.39/0.9023 33.22/0.9378
38.33/0.9619 34.26/0.9235 32.42/0.9026 33.41/0.9389

Table 2. Performance of each module on different test sets with x4 factor
2. x4 AFER T ERBAERREMRE LR

Set5 Setl4 BSD100 Urban100
32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033
32.07/0.8903 28.60/0.7751 27.52/0.7273 26.04/0.7896
32.48/0.8985 28.83/0.7879 27.74/0.7423 26.69/0.8049
32.47/0.8990 28.81/0.7871 27.72/0.7419 26.61/0.8028
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32.55/0.8995 28.86/0.7880 27.79/0.7435 26.82/0.8074
32.58/0.9362 28.85/0.7880 27.79/0.7445 26.84/0.8075
32.67/0.9396 28.99/0.7916 28.86/0.7450 27.02/0.8110
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Figure 5. Visual image—Ilanding dock
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Table 3. The relationship between the performance of each model and the number of parameters in the case of x4 factor

F 3 4 ETFRATRRENMEMSHEN IR

(e} PSNR(dB) ZHE(M)
EDSR 32.46 43.89
MSRN 32.07 6.08
MDCN 32.48 13.71

RDN 32.47 22.27
DRFN 32.55 15.00

GAN-RDCN 32.58 13.31
GAN-RDCN(+) 32.67 13.31
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