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Abstract

Mazda has developed an MBD method for comprehensive system optimization to develop a vehicle which
combines performances including fuel economy and air-conditioning comfort, utilizing a 1D vehicle system
model that represents each unit that makes up the vehicle in one dimension. To achieve carbon neutrality in the
future, it is necessary to conduct an analysis of the practical fuel economy distribution in the market, considering
the actual usage patterns of customers (real world), although the conventional model study focused on the
analysis in a driving mode used for certification. Therefore, by applying Generative Adversarial Networks (GAN)
to big data in the market, we built a method to generate driving scenarios that replicate the characteristics of
customer usage. We then analyzed the generated driving scenarios as input to the vehicle system model and
verified the effectiveness of this method by comparing fuel economy distributions based on actual measurements

and model predictions.
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Fig. 1 1D Vehicle System Simulation Model
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Fig. 5 Concept of GAN
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Table 1 Condition of Real-World Driving Data

Region North America
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Fig. 11 Validation Result of Mode Drive Situation

3.3 BIRER

SRR LieFEr AW RARED R ORIFERE
UTFIZRT, 3.1 BITiRfek 512, 50> FILDER
NS LDSERLIEERNZ—2>ZETILICASLT,
REAMED GO E{T oz £ Fig. 12 TIE, FY >
TINCHBITBZETILTFRALIERE CRBROMREZ LR
LIERETRT,. RPOBEORKRIE, EFILOFAESR
£ 10%F 7ty bLEEREZRLTED, EF>7ILD
KA OEEDRFEICHDZ e hDh B, ETILTD
MENEROERZE 55N, FHPTE 10%URDER
ETFRHTEZ 2R LT

Z L TFig. 13 Tl&, ETILTFRLIZBBEDT &R
OREMOBRENTHEZERLIEREZR LTV, RE
DFHE (DFHEDOTES) B 0.5km/LIARDEEY, EF
ILTORHEHREOAFISELWERE R >TED, &
FRICEZTHBORERFONLFALNERTHDI L
ZHER LT B8, 2HODWCOVWTIFETILOFN
NEL, RO L DIRENFEIEMEICERL TV
3D ot THIE, SEIDETILH 3.2 BITiR
RNI=&ESICN— R DOBREZHN—ET, Fi, Z=HICO
WTHIEEFHTH—LTWVWB o, EER/NZ—VDEL
DHHREBOEGHRF L 53 CHIBHEHRET 3,
BEOERAMREL 2BOMRENHZTRICBRTET
5D, RFRISEMDEERICLHIDNSBH>1-HHT
DRERHZ, BEFORENSIEEL TERBRICE
B93czRR LT, SEROBELZIBREOHLICIF
FIROBREREAERICMZ T, BEBKRUEAEICK

ZEEDEVY, ETISREDORE (BECLE) O

EZBHEZ SN,

L
@
o0

—=a—True Data
—s— Model

Fuel Economy [km /L]

o
2

0 5 10 15 20 25 30 35 40 45 50
Sample Index

Fig. 12 Validation Result of Each Vehicle Fuel Economy

0.5
True Data (Population)
T 04 Model -
= 1L Model Average
£ 03 True Average
o . 1.0 km/L
z i >
3 02 !
8 1
o 1
a 0.1 :
1
]
0 -
Low Fuel Economy[km /L] High

Fig. 13 Validation Result of Fuel Economy Distribution

4. 5HDIC

IVYATIE, BEMEEBRT 281y b 1 RT TR
L7 DERYIXTLAETIICEZ AT LLEORE
{ED MBD FEZBEL TSI MROEKETILICES
BETIE, ROSNIETE—RTORFETAELZLT
I, SERON—AR>Za—bSIILORBICHEITTIL,
EROSEROFEVWAZRELLBINICED, TIHOE
BRENHEZTATEIeHROENE, EZTHABT
&, UTFICD2WTBNA LT,

a. MIZEOEMMS AFAERE v I T—RIZERAI D
GAN OHEBZRTHD CGANZEHBIT BT, U7
T REBRLEETIF VA EERTEFELIBE
L7co CGAN OEGERY MLICE w I F—2ADERYE
MEEODERA IS LEEZZ LT, BEFROFEVA
ZRTEANTSLDSEHRNZ—VDERZAIEE L
7o

b. FIBOE v ITF—2DEX TS LHSERLIE
BNZ—VEBERYITLAETILOASE L THEIFET
W, FACNEFRAICE2MES T Z LR L. @ED
ERAMBL2BRORBENHTOBREZERL, Evd
F—REERA, EFILERW —EOTRIFEMICEK -
T, EMOEEFORENSHH TOREDFEILEY
2 ERBEL,



TYAER

No.41 (2025)

51, EENZ—VUNAOTHHB TOREDZEFRF%
BRIZFEEHEETZ I TERFARMOBREZEIC
S, IVEOBNHZIERMEBERICEITERDS H—
RYZa—brIILORRICHBEMLTVEZWL,

BE3

(1) MAZDA INTEGRATED REPORT 2023

(2) %®IFH :BEVARRBEAXERY—TILTIL—F
DB, BEIER, Vol.76, No.11, pp.86-92
(2022)

(3) HEEIZH 1DEBMEAEETINEZFALILEVAT
R=TAY SO RT LOWEE, IVARIR, No.39,
pp.206-212 (2022)

(4) 1. Goodfellow et al.: Generative Adversarial Nets, In

Conference on Neural Information Processing
Systems (2014)

(5) M. Mirza et al.: Conditional Generative Adversarial
Nets, arXiv preprint arXiv, 1411.1784 (2014)

(6) D. Kingma et al.: Adam: A method for stochastic
optimization, In International Conference for

Learning Representations (2015)

=R Bt A HARER


https://www.mazda.com/content/dam/mazda/corporate/mazda-com/ja/pdf/innovation/monozukuri/technology/tech-review/2022/2022_no034.pdf
https://www.mazda.com/content/dam/mazda/corporate/mazda-com/ja/pdf/innovation/monozukuri/technology/tech-review/2022/2022_no034.pdf

