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Short-time Prediction Tool for Flow Fields around Side Mirrors Using Pix2Pix GAN
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To examine the design direction of side mirrors
in the early stages of development, a Pix2Pix GAN
deep learning model was used to develop an easy-
to-operate tool that enables prediction of flow fields
with sufficient accuracy in a short period of time
and output of the results. In addition to a shorter
prediction time with a deep learning model, further
time reduction was achieved by omitting the signed
distance function for shape recognition that has a
high computational load. The tool was also developed
to maintain prediction accuracy even with a small
amount of training data. Furthermore, output of fluid
physical quantities required for verification on the tool
operation screen was minimized, allowing performance
of the process from input to output solely by button
operations, making it easy to use for designers.
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Fig. 1 Basic architecture of previous study
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Fig. 5 Proposed architecture

Table 1 Deep learning conditions
CNN-AE Pix2Pix GAN
Number of training data 32,500 2,000
Using SDF Yes No
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Fig. 7 Comparison between CNN-AE and Pix2Pix GAN
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Fig. 8 Mapping from spatial distributions to surfaces

3. 1 RIZ—FlliC@EI =28

2ETHML Y =L EHNT, 4 F 37 —JfUDE
T LA P 27200 EEB k57

3.1. 2FBiE

Fig. 9 I2A&MZE T 72 Pix2Pix GAN O T F LI
B 3ZRBEN A RO EREERT. £9, KoL &
BOY A FI7-BREFUENEANT -4 & LTAERK
BHIMZ 72, 2 DA & > TPl & =221 54
EVA R IT—EROXT, FAMKIC CFD R (HAl) & 3
7 —BRDOXT % 2N EER L 72, fi N CRiles iz o
STDDOXRTEANELT, BBHIE B -72. Z0D
HZDOHEE S LITHHNAI A BT - 7. ZROLO%E
MR 73 A (X, Y, Z J710) 126 U C & ARSI & 3 2
ol BEEXZTIC, ZOETFTILEIRMOY L FI5—E
RO STL F— 2 %4522 LAREGOATEBIENB L O
ZEHREETPNT 2B TE 3.

32.CFD IC&22EF— 24/

FEF -2, Y4 KI5 -2 2 ElIZkT 5
CFD &R AWz, fieD IS5 —¥ A XICWHT2Z L %
MEL, MADIF—H A &L DHEEEEL T, X
TOIT—HA XK TELLHIZLZ A FIF5—
%, Fig. 10 158§ & D ITTRIRRATE, K& 2 ORMEET
1D ST A — 2 ZFZE LT, BRI ST A =213 %h
ZFh3ARUEL U, BLEGEBRGmIZ D W2 101 7 — 2 0Ofl
BADYEEER L. 835 X N v o T — 2 KkiziET
WRDE—7 4 v 2Y—)L DEP ##10D DEP MeshWorks %
Fivy, CFD 12k ANSYS Fluent % it 7=,

CFD DX v ¥ 2544 Table 212, A v ¥ 2 OEEIR
W& Fig. 1112387, BRICAFH A v v 22— 2
W, BHEOAGIRHBO 7280 1 EOERRE A o ¥ 2 &
L 7z. CFD Ofi#ffr4ft% Table 3 12§, fiLFE T ILIZIE
RANS #ffifj L 7=. %72 CFD #5£»—fil% Fig. 12 127”37

Real pair i

Real

—  Or

Fake

,,,,,,,,,,
1 —

U-Net :‘?
i e

Generator

Discriminator

Side mirror
STL data

Fig. 9 Deep learning model for pressure distribution

— 123 —



Honda R&D Technical Review Vol.38 (2026)

3.3. FET — ZihH

Hg RO CEFD #RISH LT, WREEEICK S Pz
MzaFA NI 7SR Z2LT, ¥4 FPI7—%F
LRG3l & EF>D, F— 2 BEEHIEL T

Table 2 Mesh conditions

Number of mesh 50 million
Vehicle surface mesh size 4 mm
Circumference 8-16 mm
Boundary layer mesh 2 mmx 1 layer

Table 3 Analysis conditions

Turbulence model

Realizable k-¢

Speed

140 km/h (38.8 m/s)

Density

1.205 kg/m?®

Viscosity coefficient

1.8075e-5 Pa-s

No.

Parameters
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(Horizontal direction)

Peak position
(Vertical direction)

Inner plane angle

Outer plane angle
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Mirror size

N (oo~ N

Length in
mainstream direction

Mounting position
(Rotation)

Mounting position
(Mainstream direction)

10

Mounting position
(Vertical direction)

11

Mounting position
(Horizontal direction)

Fig. 10 CFD model creation for training data

Fig. 11

Mesh placement

Fig. 12 Example of pressure distribution results using

CFD
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Fig. 18 Training data space for deep learning

Fig. 14 Side mirror voxel model as noise and
condition label

Fig. 15 Example of pressure distribution as training
data
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Table 4 Machine learning conditions

Velocity Pressure
Optimizer Adams Adams
Epoch 1000 1000
Batch size 1 1
Learning rate 2x104 2x10%
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Fig. 16 Comparison of predicted and CFD pressure
distribution
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Fig. 17 MSE of inference of pressure distribution
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Fig. 19 MSE of inference of velocity distribution
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Table 5 Computer specifications

CFD Deep learning
CPU AMS EPYC7702 Intel Xeon
w9-3475X 2.21GHz
Number 128 core/node 1
of CPUs
GPU - NVIDIA
RTX6000 Ada
Memory 512 GB/node 1TB
(O] Red Hat Enterprise Windows Server
Linux release 8.3 2022
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