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End gear macro-geometry
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Fig. 1.1 Gear macro-geometry optimization procedure[12].
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Fol= ol¥gl YAS AT £ Qe 7oy ddEY 24
(parametric model)S 7NEF T IAMS 7]o]9] W EY RndS o]&

stol gata 7)o] AP T

ﬂa{.';

st & X A AR A o] E HE sl
Tt AaRdE o]gsto] 1AM AIE AT, 71019 HlE" 7
w2 TAMY IAMOA 9] a4 A3E vl w sk

npAlE o 2 AfE Z]of #jA EuE ol &ste] Vo] wiamAld Al
2 eabE a# e 7lo] A AE;e A A (robust analysis)= T
shelth. 7ol A& B7F Ao ZlopdeM dAskE vl 2 A4S
HE AAA grew Wsksly] feto] vkst AgEo] EEE] Uk

]_

18 A= 52 Al (internal dynamic factor), X

©
o

B
_O|L
ofy
M
kel
o
ol

(face load factor), =217} WaFo A9l sl X Al
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(transverse load factor) ¥o|ti[1]. &4 A+ A5, AF AT st
Aol thall @ A7} o] Fo] X A[49-52], ISO 63365 ©]€-3Fo] H]aw

A AeeA AF AUEE 1y & A =AU IS0 633694 &4

ol teiM e Az JUEE aHd AL B S A s vk AA
=l

h = pas
L ogelu], AAAE R £A Bl ASES T 5 Ak 54
Rb, AW st B2 Alee SA44 WdelM Y sk 2 Agel AR

[53]. 53], mtelARALE exb= 71018 HFH SA4S FovisA W3t
A1717] Wizl ool gtk 71e]e] 3 A Al(robust design) AT-7F ol
3] =] S TH53-56].

o) e A5 LSt 7o aiA EnE o] &ake] o] A
Fo] mpolazAY A eatel digt A s FE FYsiloH,
AZALLS A Fde] o FEFS WA vk 7Hgsdh &t
ARk, 710 = 7F #A -7l 180 6336[1]0 SEkd 4 4= o]
o] AUE7l &Ry 7]oj7) ofyetd ulo]lmaz A Az 2xE 1193
T A2 gu7t v RaHdn S, w1 AE e 7]oj7h AREE A
e AEE W EUE AFelA Vo] A ARE FHAII SEiHE
o] AR A Y By wjARA A Az e atel] tidk A diAe] ¥ #9
njsttty dgEch & AFelAM = e 7]o] dA EWE o] &3t
A eas 1S W 7)ol #F
2 Wt Ao tis b A, PPSTE, &4, #3, ¥4 59 7o A%

A ko thet o= date] st

710 wjaZAL JIFS F

rlr

[e)
=,
ct.
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Table. 2.1 Factors for gear rating (for pinion and wheel)

Description Symbol Value
Allowable stress number for bending (MPa) O Flim 430
Allowable stress number for contact (MPa) Olim 1,500
Minimum required safety factor for tooth root stress Srmin 14
Minimum required safety factor for surface durability Stmin 1.1
Face load factor for contact stress Kyg 1.05

2.2.1.1. F3 7= st ¢kAaAS
8! T

7101 wd el

et Ao =y Qg gde ouwth TF ole ¥ Eq 217

ol Arkettk
Fe
O-FO = RYFYSYBYBYDT Eq. 2.1
where, o0p, = nominal tooth root stress, MPa;
F; = nominal tangential load, the transverse load tangential to the

reference cylinder, N;

b = face width, mm;

m, = normal module, mm;
Ye = form factor;

Ys = stress correction factor;
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Yg = helix angle factor;

Yg = rim thickness factor;

deep tooth factor.

Zt Aol gk ARl A o 2ok v
o] Helg Aol At 50l gpecl MAIE dF= LT A
Folth s AFE A7l flstolM = o] olfte] A=l BEe =
217y AFA7) B este) olu, Fig. 2.137 Fig. 2.2 & A3} o] 9
7719 (external gear)®} W3} 7]](internal gear)oll thajA z}zb o] Hig]

of Aste 30" HASE@H7IY A5) B2 600 HAS N7 7
) Akelel AV1E FAA AFAR AR e 9l 7oA =Y
o] #HeZ AR A gk skael <l AHE oppE = -(local) ©]
el SHo R W T Aol #ed 7o) 9 A, 454 (contact
line)o] AR S

=
AM Axtd w9 EHE AV|EG Fu e 7)o M 7]

rlr
i
s
N
9
it
uich

=

AE7] wiEel AA w9 ENE A7]= 7 F719

(virtual spur gear)ollX] 7Rt o]ftey] FEO] w39 FWE A7|E ®HAs
71§18t vp7F AREET Y= Sk # Zlojel dia] Alitbd olfe] &
R = R R I S i [ R i B B K = s R T A e

2 k=T Yy e EYEO] 2 ~ 25 AFo]Ql 11X 7]oj(deep tooth)ol] T3l

olfty] xHoA WA= Ho A% FHQ o8] -3-H(tooth root

O = UFOKAKVKFﬂKFa Eq 22

where, o = tooth root stress, MPa;
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K, = application factor;

Ky, = internal dynamic factor;
Krg = face load factor for tooth root stress;
Kr, = transverse load factor for tooth root stress.

b Aol tidt FAAQ) A2 v 2k Kye AR TR AT
EJv £ EJ9 WEoE % 359 FT7HE udshe Aol
3 SolA 7o) A el ofsf WA=
2 w4 9FE wH @Y R 4 gl Vo] ddea ¥
#H 9 (mesh frequency)®] W3t 3] Fukeo] W3t 55 o]tk

Krg= 7101 =% 72D ekl W E (mesh misalignment)oll €]l W85k A

58 H3 $¢ (permissible bending stress)+> Eq. 233 o] AAbstt)

Opp = MY&eITYRreITYX Eq.2.3
Fmin
where, opp = permissible bending stress, MPa;
Opim = nhominal stress number from reference test gears, MPa;
Ysr = stress correction factor from reference test gears;
Yyr = life factor for tooth root stress;
Srmin = minimum required safety factor for tooth root stress;
Ysieir = relative notch sensitivity factor;
Yrreir = relative surface factor;
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ol W W ARy 53} BAY Y 59 gl

ot} Yyr & - 8H3H(limited) 31 Alo] S (load cycle) ol thdt 53}
LS 1HIT Spin & AAG WESoF St HA wE HAASFE
U]t} Ysor = AMEQ =X (notch) WHFEol| o3t AdS et}

717 Aw, EAd, Ea ol o EAsks ol F ek (weak
point) 3ol W X|= PEFS st
Aot o 7)ole] w Akl gk HHAlG Spio Eq 249 #o]

ARG

SF = ﬂ Eq. 2.4
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\ Transverse
Base circle \ tooth thickness

.

Fig. 2.1 Transverse tooth thickness for calculating form factor of external gears by ISO
6336 Method B.

Transverse
tooth thickness

Base circle

Fig. 2.2 Transverse tooth thickness for calculating form factor of internal gears by ISO
6336 Method B.
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(2,

2.2.1.2. A A5 O3t StAAS
LA A

2

= I 9" (pitting)°] LAYt
A oS Aol didt FIFEMN Hertzian HF S84 V2= gt}
3 Aol tist BAAST HIEel mpRI AR 7)o ek Ao st
F7retet. 3 % A (pitch point) A4 &% A= -5 2 (nominal contact stress)<

Eq.2.5%} o] AAtstot,

’ Fou+1
O-HO - ZHZEZ ZB d tb u Eq. 2.5

where, oy, = nominal contact stress, MPa;
Zy = zone factor;
Zp = elasticity factor;
Z, = contact ratio factor;
Zg = helix angle factor;
d, = reference diameter of pinion, mm,;

u = gear ratio.

2 WH3sith z; = ©4 Zl19(Young’s modulus) %! SFo}% H](Possions’
ratio) 52 A5 EAS 1HIT Z, & fa&(effective) FFA Hole] o

Fe M AT Zp AU TS e Wake 2L e
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UH = ZB,DO_HO ’KAKVKHﬁKHDC Eq. 2.6

where, oy = contact stress, MPa;
Zgp = single pair tooth contact factor for pinion and wheel,
respectively;
Knug = face load factor for contact stress;
Ky, = transverse load factor for contact stress.
ZE Aol wig AR A v Zrk Zgpe A AA Y A
= S92 9 JlolA FYBeINY E SHOR mHFEG F5of

L SE7)olel tel AL 2,5 AFEET Kyg

a
of &4 WY Tl % =1 vjAdeIWE

olo

2] (permissible contact stress)~ Eq.2.73} #o] A4St}

_ OmimZNT

Oup = 2,72y Z 2w Zy Eq.2.7

SHmin

permissible contact stress, MPa;

allowable stress number (contact), MPa;

life factor for test gears for contact stress;

minimum required safety factor for surface durability;
lubricant factor;

velocity factor;

roughness factor;

work hardening factor
37
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size factor for contact stress
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2.2.2. 71019 A7 AL}

71018 &AL PPSTES WAk #A7F vk wheba PPSTE+=

o)

71019 A F- Aol st F 7t A E(metric)Z ILH FTH2]. oF& 7FA] 7] 9]
AEe el 71 425 F(level) Aol st AR FHHA &

Skout, of] M AFEel o3l 7]o] et ATt Vol &
&, 53] 821 & 3(whine noise)] A7 gede] vkl #E A T3-S,
AHEAE okl g as B A3 AF85]el gEkd, w98 EF
B A7 489 vA7(masking) EI7F AFERAIEA BH A 2
o] FodAd Ao Aty viFo] wxH} {FH AGeA w97
(off-road vehicles)oll tfst 374 FAI7F AANAHA[13] &4 viE 27t
S S dAn) A AFReIe A T TS A% wd7A dE
s} A1[87, 88]7F &3] o]Folx i Utk MU TE EHE A <Azl
o] wpAaF @3t otel AlebAY] wiie] EHEH Y FHHAGA - F
g 7ol A A U, EEE ofdE AEAe 5% THHeR

#allof & o= yrhect

oo
|

=

TVMSe A Z(static) AL ats= 7oA e8] T2 Ui
7F g olti16, 17, 39,40]. HI &= HEe kel 710 3kl A FF(level) Ak
ole] A ARl HAE FEs] HrAAA qshor), oy AW AFE[3-5]

of o8 ALeAE Fol g0 ARACE s|oPEY £ AL B

<

ol Stk W Fth 53] 3l A5 7|09 PPSTESE A2 #d



e BASHA] deth vl BEliA, o)Al A4S

2% (conjugate motion) S 3}7] wWj&e] Eq.2.99} 7ol F 7|07

ol
=2
o
N
- 9
0%
flo
ol
1%

AA M AT AEHENE FA S F ek

OwThw — Gprb,p =0 Eq.2.9
where, 0, = angular displacements of wheel, rad;
Thw = radius of base circle of wheel, mm;
0, = angular displacements of pinion, rad,
Thp = radius of base circle of pinion, mm.

A, AARE 7o) A @ 27 oxf, gEH AY £4, X9 &

rlr
St
oifl
o
e
—V:I
=)
offl
o
okt
£
S
g
1o,
i
X
il
i
uj
=
rr
N
oy
(T
o,
N
Jo

851, Eq. 2.109} o] A ej=h

TEy = 6,, — —26, Eq.2.10

Tow
3, 2H8 X (line of action, ©]3} LOA) ArollA Aolw= AA W97} 7)o
3 P AdEo] 7] wiEel 7lo] AAREAAE A¥ Sl i
QTFEE 7)o} kel gist ARE AFsT A RV o {838
th16]. &+ ATl dgexte] A ®eE dgdextz ARgstaat
shot, A4 W= Eq.o 2113 o] ot

TELon = Towbw — rb,pgp Eq. 2.11



Fig. 2.3 Geometry related to definition of transmission error.

o]

base circle

center distance
line of action

Qo] "t thAl HeljA, 7]

@ hae 7ol B s

— - —-- working pitch circle

Gear TE Dynamic - Dynamic
(Sources) Gear Mesh Force > Shaft Excitation Bearing Force
A
. . Radiation Housing Bearing & Housing
Gear Whine Noise Efficiency Vibration Interaction

Fig. 2.4 Energy flow diagram of gear whine noise.
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[e]

Ny

2.2.3. 71919

o] wAystoe]

J_,NO

ofi

o 7l &

s

=
5

—_
fie)

o%
G+

—_
fi%e)

o] 7] wjE-of, ISO/TR 14179[6, 7]°1 A

tol 7]o]

AHE-3

=
=

ISO/TR 14179-2[7]

T
i

|

Eq.2.12

PAP‘mzHV

PVZP

load-dependent gear power loss, W;

Pyzp =

Py

where,

input power, W;

average coefficient of friction;

Umz

tooth loss factor.

Hy

A7) W] Eaks)
o

o]

2
=

oA W3}

el

3

Eq.2.137} #o] A

Fod et gte]l ARSE T i,

S

% 9
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oil

0.2
F/b
,umz=0.048< / ) n095Ra%25x, Eq. 2.13

VsPeq
where, vy = sum velocity, m/s;
Peq = equivalent radius of curvature, mm;
Mot = dynamic viscosity of oil at operating temperature, mPa-s;
Ra = arithmetic average roughness of pinion and wheel, pm;
X = oil lubricant factor.

Ra+ Eq.2.14%} o] AXrec,

Ra = 0.5(Ra; + Ra,) Eq.2.14
where, Ra; = roughness of pinion, um;
Ra, = roughness of wheel, pm.

X, & 87 Faol wel deiA= Fhe® Table. 2.29F . Eq.
213914 F, vy, pegi= 87101 9 A 7]ojol] tis Z+2t Eq. 2.15, Eq.
2.16, Eq. 2.17& o] &3} AAtstgt, w3t 45 A4S o v A
AtgEo] A8dh

1) v <50m/sol¥ vy AL Al v 5 AHESFIL,

ve > 50m/sOl® vy AN Al vl 50m/ss tl]lsthe] ARE-shel
2) F/b=150N/mm°|H F/b& AF-&3}al,

F/b <150 N/mm®]™® F/boll 150 N/mm< t¢l3dle] AF&3ho).

F = F;/cos a; Eq. 2.15
where, a; = transverse pressure angle, deg.
Uy = 20 SIN Ay Eq. 2.16
where, v, = peripheral speed at pitch circle, m/s;
a,e = working pressure angle, deg.
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Peq = Pc/cos By Eq. 2.17

where, p. = equivalent radius of curvature at pitch point of contact, mm,;
B, = helix angle at base circle, deg.

Hy+ Eq.2.18% o] ALkgt

V:%(l—ea+ef+£§) Eq.2.18
where, z; = number of teeth of pinion;
Eq = ftransverse contact ratio;
&, = addendum contact ratio of pinion and wheel.

Ao or 710148 B8 neppio Eq.2.199 o] AdbEt

PA - PVZP
err == Eq.2.19

Table. 2.2 Oil lubricant factor according to lubricant type

Lubricant type X,
mineral oils 1.0
polyalfaolefins and esters 0.8
polyglycols 0.75(6/vg)"*
phosphoric esters 1.3
traction fluids 15
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2.2.4. 7101789 ¥ 4 74
ool Rulgt FAE 710l J)akety 54 Je s ANH.
2 ATFoME wazALe] A A 23S g 9l7] wiel,
71919 Him) 5 Y(web) T 22 71019 B A (blank) Fd> L# 8}
A srgkeh @ Ryt sl ARan Qi Ylojutast AAsts

A5k kel ek A 2R AZosditk 7o F9 vel FA me
il

t}.
dai  dgz
V=(aw+—"+ 7“) ~max(dqy, daz) * b Eq. 2.20
_Tbp 2 2 _ g2
— {(dhy — d}) + (dfz — d)} Eq.2.21
dgi,+d
A2 = (darz +dpi.2) - r12) Eq.2.22
where, a,, = center distance, mm;
dgq1, = tip diameter of pinion and wheel, mm;
p = density of pinion and wheel, kg/mm?®;
dm1, = mean diameter of pinion and wheel, mm;
di1, = inner diameter of pinion and wheel, mm;
df1, = rootdiameter of pinion and wheel, mm.
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2.3. 37 A2os} 2L I HAF g s

Fig. 2.53} #o] Ad 7joj= F7]oje} 22 HEHAoR st

A AFAdol F3b FYsHA dal ApdoR AT, Vo] B2
A e 2] SAPOIA AlZteto] RithH 2] EAPOlA T

A5 (Fig. 2.5914 A X)S SAPQI AZ el A EAPSQl EX7EA] 7]
| AAEEA HFAe] dolrt Frtetthrt A4 AQFE = dolrt
Zagth 29 Aol wel 710149 27 734 (mesh stiffness)> W 3}3}
7] wZel ges =9 A AE fstodAs ddd e 5 91A
= At dSeks Zlo] Aotk Vojge] ="M TETlo s

E571o1e] =9 A= AT AXNAe =3 9 ZH(instantaneous

it
o
o

pressure angle) .

=
TAM @217 7]o] ZZ}(sliced helical gear)8] 7t 27445 AALE o

2
o>
oy
1o
H
1o
o
o
o
ol
ol
£
o
Y
2
A
3
o
i
Mz
&

TE AHE-stth44-46).
SHARE, =3 e JxdFE o] E(tip circle)7FA ol A RE A o] ¥ 7]

ARt ARt WS o] ¥E] g E
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Fig. 2.5 Contact pattern of helical gear.

2.3.1. ERFo|E o|¥3 FF& 1T A{vEY 2d

‘La

Ao Aste A Jo] AWe FEH 0w Axtate] ojEe 4

v}

A Adest, B4 54, 3% $Y 52 BN 75 nuHgn

[89, 90]. 3}A|WF 7|& AFE50o] A& 7o) AHS FIe AT WY
st Ay 2, B Ao A= ol E Al A mdle wielste] mE1 FE

34 TVMS, PPSTE, LSR 5= |53t

71oe] AW Y JRE WG e 7Hd H(virtual rack) © Z5-E A4
shgitt. A AA BHA TPFEE FETI7E Ha, A EE Ve
35 7]o17F H T} Fig. 2.69F Fig. 2.7 A& A7 #dE 32 AE ek
e, Z gz Al e A va3 2 Sp0(0p0 — XpoYpoZpo) © A
H(ground)ell 1L H ol ATk S,(0, — xpypzpe) = 7HE O] o] F Tl whet
F zZpow s Hl® IAEH $0(0r0 — XroVrozro) T 7HEHE FAZ B

]

o] lom, y, & ypoﬂ DGl AT S0, — x5 y2,) =
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Xy BHE FA7ZF HW(transverse plane)’del] X stoh. WY
(nomenclature)el] thst A& bS53 Lok x> AAAIFoIth m,& A

A7k mgolth; g /1% WA AA el NERAIT o 47 Y

(@]
8
&
)
T
ol,
o
)
D
=
-
N
)
o
i)
1o
oo
N
1o
=2
i
E
oifl
N
2
1o
tott
)
N
o
)

Fig. 2.70 Yepbd 213 o] 7pdele] x| wAdel e 999 A
(arbitrary point)s S, FEA A HEZ THT 7 vt AEFELA

dolol A Lol tisk ME= Eq.2.233% #Zo] ZdHCH

&l :[_ mmy, —ntana, —{tanB N ¢ 1T Eq.2.23
sr 4cos B ‘
where, Rl. = equationfor Q;
n =y, coordinate value of QL.

7R el ER Fo|= o] M W(trochoidal tip surface) Fig. 2.8 YEMH
3 o] X A7} FW(normal plane)oll A= HAEE YERIARE, F2A 7t
% H(transverse plane)oll A= Bt E 2 YERATE x0y,, BHOA EFES

Eq.2.24%} Zo] ZdEH

— x)2 — w2
(x xo) (y yO) =1 Eq 224
(p/cos B)? p?
where, x = x,s coordinate value of QZ;
p = tip fillet radius of virtual rack in normal section;
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X = x coordinate value of center position of left elliptical arc in
S, coordinate system;
Yo = y coordinate value of center position of left elliptical arc in
S, coordinate system.
A (x,y0)E Sy FFEA A EFLE Y 9% xHo|al, Eq. 2.259 ol A
At

P _On=y)®
COS,B ,02 *1 Eq 2.25

Xo =

Yo = _ht*lpOmTl. +p
where, hg,, = addendum coefficient of virtual rack.

A (kY1) 2 xpy FHA Qe BEEA @ For, B AFA=

Eq. 2267} 7o] AAbakedct.

mm, .
X = — -y tana
1 4cos B Y1 t
Y1 = —hgpomy + p(1 — sinay)

28R xy, FAGA BEEAe] Q90 A Qo) HEL Eq 2277 @

Eq. 2.26

o] Alike .
- (x — x%o)* Eq.2.27
[" ot (p/cosﬁy‘ b
ARAow 5, FHEANA 7HEEe] o] F= EH(Fig. 2.7°14 1A
Aoz mdd F)ydel sle 999 A Q= dE7lold Ersols
ol¥te] el Q= Folw, Eq.2.287 #o] AAtE T
T
2 | ,_ ol e x)? Eq.2.28
for=|xmdtaml yome 1 Greospy ¢ 1‘ i

where, RZ%. = equation for Q2.
Aol Ao dofxl Ry RLl S, HAEANA Sy ARAR

o] WS 9|3 3 H(transformation matrix)s 7 oF O A Spo 23 A
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2

rlr

hgae)

S Eq.2.299 o] Aakg 4= 9t}

OH

°f 3% (conjugate surface) ?12 A2 3 Ry, Ré,

1 1
RspO - MpORsr

Eq.2.29
Rgpo = MpORgr
where, Mp, = transformation matrix from S, to S,.
M, Eq.2.303% o] Artdh
M,, = M,M, Eq. 2.30
where, M, = transformation matrix from S, to Spo;
M, = transformation matrix from S, to S,.
M,$} M= Eq.2313 Zo] Aitet,
1 0 0 -V
M. = 0 1 0 ny+xym,
Plooo 1 0
0 0 O 1
[ cos8, sing, 0 0 Eq. 231
M, = —sin6, cos6, 0 0
0 O 1 0
L0 0 1 -
Ri07 Rioc 27t S, 3% 741011*1 7pdEe JEFE xWd ol

Be Ewol g F4olth Rl T R%,& Eq 2329 2o] Ealgriw
Eq. 2338 2-& A4S B3 5,0 HEANNY HEES I 5 ok

_ 1y R1z
spO [Rspo Rspo spO 1]

, Eq.2.32
spO_ [Rspo ngo Rngo 1]
1 0 O\’
. 01 0
Ry = | (R pO) 0 0 1
0 00 Eq. 2.33
1 0 O\ a
* 0 1 0
R =| (R pO) 0 0 1
- 0 0 O ) -
bge ERakel gt 2199 2 Rl R0l A 39 2w
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of thd 42 ¥ (normal vector) Ng,o ¥ Ni,oi= Eq. 2.349 o] AAHH

.

OR30 N ORg

ngo =
on a¢
PGS Eq. 2.34
2 _ sp0 sp0
Novo =50 "z

ge EEdel ol 9909 A Rbedt Rye0l EA: 39} 29

o 5 WSt At &% ¥ E(relative velocity vector)i= Eq. 2.359} o]

Vl — aR%;O
oy Eq. 2.35
, _0R%,
sp0 — avr

fllo

iGH
2
o
&
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e
i
[
=]
5
_\7;1
I
il
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o
I
o
=
A

“~2](mesh equation)=
Fe] g =9 F42 Eq. 2367 o] 2dT F SITH9I]
fslpo = Népo V;po =0
fspO_NpO VpO_O
AIA O Z Eq. 2365 WSS R ¥ Ri= THOEA I%57]09]

Eq.2.36
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QBFE EWst ERo|S ole] EHE TAT + vk
X
-
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As st Axred 5 Aot

E

of
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!
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P
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Fig. 2.6 Coordinate systems of helical gear and virtual generating rack.
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r
Yr Yro

Fig. 2.7 Arbitrary points on tooth surface of virtual generating rack.

V! Yn

(eryO)

(x1,y1)

Rack transverse section Rack normal section

Fig. 2.8 Elliptical tip fillet in transverse section and circular tip fillet in normal section of
virtual rack.
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2.3.2. 3 A & 7089 =8 A

3

2 g3}

(slice theory)=

=

AFel A Belh slofo] 27t of

<

}i= Zo)t} Fig. 2.99F #9]

S

= 714

[si3Xe)
\H—

=

252

2 ol 7o) B7lel =

ol

ol

“J (supporting stiffness)ell 2]l <

& 4 olvh4). s

el gel Abgol grhal47),

g Axs

H 3

=
=

7t =ZH(instantaneous roll angle)©l]

o] o]} #g-X(action line)?] Zo]+= 7T} Fig.

ﬁO

=N

o

=
T

=]
=

s

Eq.2.37% o] A

Eq.2.37

arctan(fl_n + len)

arctané, =

a; =

instantaneous pressure angle, deg;

a; =

where,

instantaneous roll angle of the first pinion tooth in mesh, deg.

Fig. 2.10°] o€ A Z} (n

$o

gl,n ﬂ]‘ gz,n

o
pu

| —
R
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57100 A= w WrEbATh. &, Eq.2.383F o] At

Fig. 2.9 Contact line of helical gear(left) and sliced helical gear(right).

Root Base
circle circle

Fig. 2.10 Instantaneous pressure angle and roll angle of spur gear.
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Sip=%0+Sr—Su—%p

a-sinay —& Ty Eq. 2.38
$1w = —$ow
Tbw
where, &p = correction roll angle according to number of meshes, deg;
&y = correction roll angle according to helix angle, deg;
a = center distance, mm.

§onic Eq.2.399) #o] Alakdint

T .

$op = PN +inv a,,;
Z, Eq
i .

$og = 5+ invay,
2z, ] ]

invic Eq.2.40% Zo] Aojd JAEFE 45 vt
inv a,,; =tana,,; — &y, Eq.

Fig. 2.11:> &9 AHel e 782 8 vEdzbe &
Z}e] 2ol

A] (circumferential pitch)oll st F47t2> s d3t7] wiZEol 5719

] 2l (working pitch circle)’dl 4]

gl

HoFEH A%

>

i

2.39

&2
4% 3
o =

H el = A 28k pdA 2] Abol o] 2l &= Eq. 2.413 329]

ARt o

_ 1 21

where, ¢t = " tooth pair in the mesh.
HEY SHY ATas devh
1

ojxt Aol thit SO T Eq.2.429 o] At

t
= by x b Eq
)
where,  b; = distance from end of gear to jth slice.
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Bpi 712942 ¥l &7 Zh(base helix angle) &= A4S Eq. 2433 7

I(+[)’b (if apinion has left — hand helix angle)
B, =< 0 (if apinionis aspur gear) Eq.2.43

k —Bp (if apinion has right — hand helix angle)
Fig.2.12¢] ¥ A" A T3 A T, 44 S22 gl +
s71olek FE7101e T2l s SR )] HAdeln A

H AFR R vEr]ole] A o

tl, apin®F amax= Eq. 2.448} o] AlAke o)

I
Qmin = arctan | —

T,A + AE)

Tpp

Eq. 2.44

Amax = arctan(

where, «a,;, = minimum pressure angle of gear pair, deg;
Amax = Mmaximum pressure angle of gear pair, deg;
T;A = distance between two points T; and A, mm.
AE = distance between two points 4 and £, mm.

2t 2249 3l mE =" AAE Ash] fstdM = WA TE



Operating
Pitch circle

Base
circle

Fig. 2.11 Correction roll angle for tooth pair(left) and base helix angle(right).

Base circle

L Active tip circle

Active tip circle

Base circle

Fig. 2.12 Line of action in transverse plane of helical gear pair.
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2.3.3. 71919 9 24

Al 7101482 B9 $l(mesh foree)> Fig. 2.137 o] 354 (vhat

A Ayl ARl Fgow Agdnh 29 A2 vlEdgel g F4

Y

ek (F)¥ & Wk 3(F) o2 yvyl=dl, Eq. 2459 Eq. 24602 A4t

rﬁ
e
é
@
>\l
A=)
g
_Y‘i
E
=
[4)°]
0
=
~
r o
e
)
o
it
o
oo
kit
=
v
ok
it
ajc!
oy

ol
ol
rlr
:oé
1%
Y
td
e
o
=
s
,
(o]
ol
1
N
o
(g
H
e
iy
N
i
o
O
i
=
—
o
=
w
<
[¢]
]
a

Me B7Iol 24EE vra, 7 279 & EEAE o A(total potential
energy) 7 H =9 AAS S5kt A% WEgor g A& YA
71019l &8 A2 A 734 (tooth stiffness), E T 7 (foundation stiffness),
A% 7 (contact stiffness) 0.7 FAAHETCE X A 33 734 (bending

stiffness), AT “JAd(shear stiffness), W3 U= 7 (axial compressive

stiffness) ©. = Ut} 7]o] A= HF Fig 2.14¢ YEld A3 Fo] &

o

o

FE} 7} obd 2] X (non-uniform cantilever)= 1123}, Eq. 2.475 ©| &

tol %47 wate] 29 ol o & A oUAZ Axra

ol

Utooth = Up + Us + U, Eq 2.47
where, U, = energy generated by bending deformation;
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Uy = energy generated by shear deformation;

U, = energy generated by axial compressive deformation.

7} o[ A= Eq. 248, Eq. 2.49, Eq. 2.502 AF8-3lo] AlAbsio}

2 a 2
U, = ZF_]; _ fo Zﬂg’;x dx Eq. 2.48
2 da 2
U, = ZFI; = fo ;gi’c dx Eq. 2.49
2 da 2
U, = ZF_I; - fo Z?Ix dx Eq. 2.50
where, F; = transverse mesh force of gear pair, N;
kg = bending stiffness, N/mm;
ks = shear stiffness, N/mm;
Kk, = axial compressive stiffness, N/mm;
d = effective tooth length for integration as defined in Fig. 2.14,
mm;
M, = moment for the variable cross-section x distance away from

the mesh point, N-m;
E = Young’s modulus, MPa.

M,T Eq.2.513 #o] AAbe o Sl

M, = Fyx — F,h Eq. 2.51
where, F = bending force of transverse mesh force, N;
F, = axial compressive force of transverse mesh force, N;
h = distance from the center axis of gear to the mesh point, mm.

LAy, G= A2 29 AFdelA xnbs gojxd vk o] uidh ¥4 =

(&,

E Ad Hol, I &4 74 (shear modulus)©] T} Eq. 2.52, Eq. 2.53, Eq.
2.545 AHE-ske] Alakt
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_ 2h3Al

8 2 Eq. 2.52
A, = 2h, Al Eq. 2.53
E
=— Eq. 2.54
2(1+v)
where, h, = halftooth thickness of section that is at a distance x away from
mesh point along tooth center line, mm,;
Al = face width of sliced helical gear, mm;
G = shear modulus, MPa;
v = Poisson’s ratio.

Ao, BY ARt w7 FYo] FHW AF YFOR
A A B slele 78 B

b

2.55,Eq. 2.56, Eq. 2.57& Ab&3to] AAbe 4 Sl

d b 2
i:J (x cosé; — hsiné&;) d Eq. 2.55
ky 0 EIl,
a 2
lzf 1.2 cos“ & Eq. 2.56
ke J,  GA,
d gin2
i:j sin”&y Eq.2.57
ke J, EA,

A WEE wydof st} 7]o] FAle] WMFLS ALt flstoA =
B S AAEoF dho) e AHE A=A Muskhelishvili ©] &S
Ag3tol Eq 2589 ol AMAoR Er) AHE AZeHL, FRLs

AMow AZF A3 % FAES HFTH10,34, 35,44, 45].



Fig. 2.13 Mesh force of helical gear.

A

-

- - Le=—"
| -
e =-—

Root‘ Base Tip
circle circle circle

Fig. 2.14 Schematics of model for transverse tooth stiffness calculation of sliced helical
gear.

1 cos?§ uy 2 uy 5

~ «[Zf | L * * Eq. 2.58

K EAl {L (Sf) +M 5, + P*(1+ Q* tan®* ;) q
where, us =

length from root circle to junction of tooth center line and

6 2



where, h¢
Tint
Ty
O

LOA defined in Fig. 2.15, mm;
= arc length between two junctions with root circle defined in
Fig. 2.15, mm.
Q" A Ao R RHE Eq. 2.595 o] &3t

Cihy  D;
f

X*(hy,6;) = =% + BihZ + -
f 7

ratio of 77 to Ting;
= radius of inner circle defined in Fig. 2.15, mm;
= radius of root circle defined in Fig. 2.15, mm;

= angle between tooth center line and junction with root circle

defined in Fig. 2.15, rad.

A4 A, By, C;, D;, E;, F;o Table. 2.3 01#] Qlt}.
1A= Aol B R T]ojgo] vHEe Zobd uwl Ed AR elA
= W3 (contact deformation)©] HA sttt HFH A& AAteE oY F

2150] AQFE QA WF H o A= Weber[29]7} #¢F3E H] A& Hertzian

A% 74
98 S A=

1 2[(1-v; 12hxp v
kn mb|\ E, ) beom 2(1—vp)

where, b.on

hyp

th

(nonlinear Hertzian contact stiffness) 2] ?1 Eq. 2.60= A}-&3}3it.

(

e
oN

Py %l

rir

g gete o r oA

Eq. 2.60

(1 - v‘f,) 2h,, Vi

+ {ln - }
Ew bcon 2(1 - Vw)
half width of contact region on tooth, mm;

h, of pinion, mm;

h, of wheel, mm.

beoni= Eq.2.613} 7Fo] AArE T}
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con

., o 1/2
E 1-v; N 1—vy TepTew Eq. 2.61
b E, Ey, Tep + Tew

where, 1, = radius of curvature at point of contact of pinion, mm;
T.g = radius of curvature at point of contact of wheel, mm;
E, = Young’s modulus of pinion, MPa;
E,, = Young’s modulus of wheel, MPa;
Vp = Poisson’s ratio of pinion;
vy = Poisson’s ratio of wheel.

Eq.2.607 Eq.2.61 258 & 5 S50l A= A4S A8 ot Fol tid

go) .

=9 A4S 28 sksol thet 572l (independent) x| A 9 E

o g2 2 stz tist E5 4 (dependent) FF FAHOE T

of Atk wekA, & AFelA = 7o EY AAS A AT E

el For o]Foxl stE HHZA QI 74 (load independent stiffness) 2}
=

o]Fo % stz T4 7 (load dependent stiffness)e] 3t

|o
il
o
1o
o,
3%
O
it
fait)
o
fuj
=2
%0
rlr
,
X,
~N
2
2
1o
—.
E
X,

N
N
=
>,
F_E;

1 1 1 1

1
(kind)i,j,t (kb)i,j,t (ks)i,j,t (ka)i,j,t (kf)ijt Eq 2.62
AnFow, 7o) BF FALS Eq 2633 2ol xHA
Eq. 2.63

= + +

kij (kipnd)i‘j‘t (kinadije  (knlFeDije

BE A ATsodA AHFS IS 43 Hertzian HF 7H/d(linear
Hertzian contact stiffness) = A H]AE  Hertzian 5 74

(approximated nonlinear Hertzian contact stiffness) ©. = AL 2T 10, 35, 36, 44,
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Y}(load sharing

e 2% &

S

45, 92, 93].

effect)7} L& = =] gkom %

o

= ©

Fol WEE Al4E 9 (terative method)

S

7] )

- X
=

) UH40]. = A LSR;

[e)
PN

1

jiA 22kl A i =1 SAY W =9

u 71o]9] 3 A S Eq 2.64% AA

gtk whA o= slole] AA A

Eq.2.65% AAFETH

=
T

=t

PN
T

sk
=

N¢ Ng

TVMSl = Z Z ki,j,t

Eq. 2.64

=1 ]:1

t

t
TVMS,;

Eq. 2.65

LSTE;

time-varying mesh stiffness at i meshing position,

TVMS;

where,

N/um;

load static transmission error at i meshing position, um.

LSTE;
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Root circle

Fig. 2.15 Schematic of model for transverse gear foundation stiffness calculation.

Table. 2.3 Coefficients for approximate polynomial function

A; B; C; D; E; F,
(x107%) (x107%) (x10™%) (x1073)
L*(hs,6f)  -5574  —19986  -23015 47702 00271  6.8045
M*(hs,6;) 60111 28100 83431  —9.9256  0.1624  0.9086
P*(hs,6f)  —50952 185.50 00538  —53300  0.2895 0.9236
Q*(hs,0f) —62042 9.0889  —4.0964  7.8297  —0.1472  0.6904
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Assume F; = F,
i=No. of meshing tooth pairs

h 4

Calculation of contact stiffness k;, [£;]
at each meshing tooth pair

-

h 4

Calculation of load sharing ratio
LSR;

h 4

Determine the load F;
on the ith meshing tooth pair

abs(FEkH — Fik)/Fik <€

Fi — Fik+1

Contact stiffness kj,[F;]
on the ith meshing tooth pair

Fig. 2.16 Flowchart for calculating load sharing of each meshing tooth pair.
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2.3.4. A4 AGox A Ay @ =9

TAM'P: 7]01 i17]‘ 7]}__-%]_01] Z%Qoi O]]:]‘J—l 7}.;(—]—8 , x:v]aj 701‘

ox,
o

jar}

SAPHE EAP7HARE-S Tefate] AAbgteh sRAINE, A Al 7o) A= o]
gldell o] Slvh wEbA, TAM RS o] gatd 7|2 o] ot
Hoy 2= Aol A e AgrkE L, vl Agels A Aol

SagbA ol s BAS dAsts] $lstel, B ATelA Ak 1AM

& A AL A W oY AR BHRAH ) A FAF e
o AGHE EES o] §3to] Table. 240] AAE MA MFES AL |

N2 % 710] & (Case DT} 2712 Aa]lA 7]o}%(Case I, Case II1)2] TVMS S}
LSTEE AAFSFA T} Case I, Case II, Case I+ A =2 Y& HEHZS 714
= 309 7o ® ASATE At UwA AA W B Fd
sttt 1A E S AdelA AATE dudlo] WA U= gow
A7 wj ol

TAM, IAM, FEM= 3] A2 dEde a5 s]4] k= %12 Intel Corei7-

10700KF CPU (8 cores and 3.80 GHz)°l| 4] <=3 =] 3l T}
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Table. 2.4 Geometrical parameters of a helical gear pair

Description Symbol Pinion Wheel
Normal module m, 6 mm
Normal pressure angle an, 20°
Helix angle B 0°(Case 1), 5°(Case II), 10°(Case II)
No. of teeth z 25 76
Face width b 30 mm 30 mm
Center distance a, 308 mm

0.6110 (Case I),
Profile shift coefficient X, 0.2715 0.3980 (Case I1),
-0.2170 (Case 1)

Rack tip fillet radius .

coefficient Pn 0.38

Rack addendum coefficient hapo 1.25

Rack dedendum coefficient htpo 1.00
Young’s modulus E 206 GPa

Poisson’s ratio v 0.3

2.3.4.1. IAM3} FEMY] 314 A3 vlw

IAMCS 2 AAbE TVMSS} LSTEE #H53sh7] $138FI A1 Abaqus/CAE2]
C3D20R< ©]-&sto] CaseL IL IO it FsteARdS TE3lth Xie &
[37]> A& *] Z+Ad(static tooth stiffness)= AlAFE o] 7]o] {3t ARd
ANA A 2 7F obd Aol Auk yHstAE Foust A Art A
ofXtti Hustgith thE A8 AF5[92, B]E AT AT-olA] Albst
] f1ste]l AA A 7F obd A&Fe] ARE nH ¥
o ARES ARRSIITE 2 AT YA do] [Fite aR e
A 71l A5 A2 579k 878 gtk U feh e AR ES 63,308

Mol ==} 13,640702 247 FAEATE B F3Q AR UL Case |, 11,

%
1%
X
ko
e
o
o,
o[\
ol
ol
AN
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e A kA 2ol 7k QA gh, th2k 152,00070 8] =9} 33,50071¢] 224
2 FAEAY feesss Ay, 2do w4 $F(mesh quality)> 4
of FE3 RoT FAEh
Fig. 2.17°1 Yelhd ZAH, IAYydz o] 7|skes Fo wiiH
= (master node)E AT YA WA He EAets Re &
= YA wAE keEe] AAHAL, viAYH == 3 WES A
eIt B= AErb AltE v 2o W "ol A8
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™

Loyl vha] wtol 314 Nm7b Ql7bE T w2y $)x oA

rlr
L
([
b
(1
rr

47 Mol FAEJL, FFHAARAL 7% I X (base pitch) Zo| T
13] sjdssict o 4 g god)o] g Q7] wiel] 7]

o

of &4 A4+ ¥ A& ndsty] flstdM =de 4 T4 A

A agsA shgich 2t 2RelAe] LSTEE sl 84 zhxe] sujel

D
>
o
=
o,
o
o,

=
(@]
o
=
oo
Q
r
iy
o]
=
5
a
o
=4
oo
Q
o
=
(@)
o

ol =
oo
Q
flo

Nk

L
i
N
5§
rlr
v}
<

A5 9902 oA Fadrt

Fig. 2.18% SAPH-H EAP7HA YA & Zt%o] wet IAMY FEM S
LSTE Z2#Z ©A3F Zo|th JAMCO & AAME LSTEZF FEMS A ¥} oj
9 FARE S sk 5=tk Table. 25914 #Feld 5= Ql%o] 1AM
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PPSTE7} FEM®| Az xth kb ATh FA| 5, B E Caseoll Al A 2217}

3% vvto g 8 Jtest dy2 ddE

Fixed

Pinion
Master Node

Torque

Gear
Master Node

Fig. 2.17 FE model for helical gears.
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——IAM
FEM
0 0.5 1 1.5 2
(a) Case 1
10 -
E)
=
7
—
0 0.5 1 1.5 2
(b) Case II
10 -
8 L
6 L
4 L
27 FEM
0 . . .
0 0.5 1 1.5 2

(c) Case III

Roll angle of pinion [deg]

Fig. 2.18 LSTE results of IAM and FEM for Cases I, II, and III.
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Table. 2.5 Comparison of PPSTE for each model for Cases I, 11, and 111

Description Unit Case | Case Il Case 1l
IAM pm 3.44 3.34 3.39
FEM pm 3.52 3.44 3.46

Relative error % 2.27 291 2.02

2.3.4.2. IAM3} TAMY % 24 314 A3 vx

Table. 2.42] 37FA] 714l tfalA] TAM¥ IAMS o] &-35Fo] Iy

<)
ot
1o
ﬁr‘
o
oX,
flo
2
|\

SFS T Table. 2.6 2 A-oA] AQtst 7]o] A
o st gvEY 2ES o] g3t IUAdy do] 7|2 wkg e o

Rele WA ANE Asfolth BE Casedld WU o]zl w7

_

T

< 7129 RPEET Atk whE, Fo olfdd w2 Ve wb

Figs. 2.19-21> TAM#} IAM< ©|-§-3to] Y Fo] A A o=
Ans vad dxtolth [AMO R oAS5H FAUAd A FALS TAMY
Ay ¢ ZAgkt e JAMOE o SH o] X AALS TAMO] A}

wrt o gk

Table. 2.6 Base circle and root circle radii of a helical gear pair

o ) Case | Case I Case Il
Description Unit

Pinion Wheel Pinion Wheel Pinion Wheel
Base circle 70.48 21425 7071 21497 7143  217.16
radius
Root circle
radius mm 69.13 22417 69.42 223.76 70.29 222.72
Difference

between radii (-)1.35 (+)9.92 (9129 (+)8.79 (-)1.14 (+)5.56
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—O— TAM (pinion)
= g0t —5—IAM (pinion)
g — % —TAM (gear)
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Fig. 2.19 Tooth thickness, bending stiffness, shear stiffness, and axial compressive stiffness
results of TAM and IAM for Case I.
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Tooth stiffness [N/wum/mm]

100 8
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=104
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Fig. 2.20 Tooth thickness, bending stiffness, shear stiffness, and axial compressive stiffness
results of TAM and IAM for Case II.
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Fig. 2.21 Tooth thickness, bending stiffness, shear stiffness, and axial compressive stiffness
results of TAM and IAM for Case III.
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Fig. 2.22 TVMS and LSTE results of TAM and IAM for Case I.
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Fig. 2.23 TVMS and LSTE results of TAM and IAM for Case II.
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Fig. 2.24 TVMS and LSTE results of TAM and IAM for Case III.
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Fig. 2.25 Load sharing ratio for Case I, Case II, and Case III.
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I IAMO] LSTE 95 A3} xpol= St Z o= detd)

Table. 2.7 Contact ratio for Case I, Case II, and Case III

Description Case | Case Il Case Il
Transverse contact ratio 1.5401 1.5363 1.5481
Overlap contact ratio - 0.1387 0.2764
Total contact ratio 1.5401 1.6750 1.8245

Table. 2.8 Peak-to-peak values of LSTE for Case I, Case II, and Case 111

Description Unit Case | Case Il Case Il
TAM 5.72 5.15 4.38
pm
IAM 3.44 3.34 3.39
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Table. 2.9 Macro-geometry of gear pairs

Description Symbol | Gear Pair 1 Gear Pair 2

Normal module (mm) my, 25 3.0
Normal pressure angle (°) a, 20 22,5
Helix angle (°) B 5 15
Number of teeth of pinion z; 35 27
Number of teeth of wheel z, 47 36
Face width (mm) b 20 20

Profile shift coefficient of pinion Xn -0.451 0.370
Center distance (mm) a,, 101 101

Table. 2.10 Performance metrics of gear pairs without considering manufacturing errors

Description Symbol | Gear Pair 1 Gear Pair 2
Safety factor for tooth root stress of pinion Sr1 1.001 1.680
Safety factor for tooth root stress of wheel Sro 1.153 1.669
Safety factor for surface durability of pinion Sy1 1.068 1.216
Safety factor for surface durability of wheel Su2 1.095 1.257
Weight of gear pair (kg) m 2.494 2.490

Volume of gear pair (mm3) |4 5.022E+05 5.082E+05
Efficiency of gear pair (%) Ness 99.205 99.441
PPSTE (um) - 3.137 3.137

Table. 2.11 Manufacturing errors of gear macro-geometry

Description Minimum value Maximum value
Tooth thickness tolerance (mm) -0.110 -0.070
Tip diameter tolerance (mm) -0.100 0
Center distance tolerance (mm) -0.011 0.011
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Fig. 2.26 Flow chart of Monte Carlo simulation using 100 random sample sets for two gear
pairs.
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Fig. 2.27 Frequency distribution of safety factor for tooth root stress of pinion and wheel of
each gear pair using random robustness analysis.
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Table. 2.12 Robust analysis results of safety factor for tooth root stress and surface
durability of pinion and wheel of each gear pair

Gear performance metrics ~ Normal value Avg. Stdv. Avg.-3Stdv.
Sg, of gear pair 1 1.001 1.000 0.004 0.988
Sg1 Of gear pair 2 1.680 1.680 0.006 1.662
S, of gear pair 1 1.153 1.154 0.004 1.142
Sg, of gear pair 2 1.669 1.669 0.005 1.653
Sy of gear pair 1 1.068 1.069 0.004 1.057
Sy, of gear pair 2 1.216 1.217 0.002 1.210
Sy, of gear pair 1 1.095 1.095 0.002 1.089
Sy, of gear pair 2 1.257 1.257 0.002 1.250

Table. 2.13 Robust analysis results of mass, volume, efficiency, and PPSTE of each gear
pair

Gear performance metrics  Normal value Avg. Stdv. Avg.+3Stdv.
m of gear pair 1 (kg) 2.494 2.494 0.001 2.497
m of gear pair 2 (kg) 2.490 2.490 0.001 2.493
V of gear pair 1 (mm?) 5.022E+05 5.022E+05 1.375E+02  5.026E+05
V of gear pair 2 (mm?) 5.082E+05 5.082E+05 1.586E+02  5.087E+05
Nerr OF gear pair 1 (%) 99.205 99.204 0.007 99.226
Nerr OF gear pair 2 (%) 99.441 99.441 0.002 99.447
PPSTE of gear pair 1 (um) 3.137 3.136 0.249 3.884
PPSTE of gear pair 2 (um) 3.137 3.132 0.039 3.251
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oH69]. Liu E[701& FEAS o] §dte] 14 dlo|HE wEw &

% 7] Al(extreme learning machine)® 11 ®F XIS FHIUTL

3 A AtAlEE B aE 71, 72].
SHAIRE, =9 7)o WA A wi/fAFEY thekst 7)o] e A%
of e o5 % HAAE 9% dyrd=zxa wiled
= o]&3s A= A9 glvh Haefner 5[76] HEE 7]o] o|#e
<9 dA el AFAAT RS o] &3k3ith Urbas 5[77]¢] A7+ 7]
AA A WAy 2dS Juto g oj¥iy] 8-S oS3 Algolty 1
FE Ao 7]o](non-involute gear) Al Al 3 A4 9
| Z0]7] §5te] Maleld 2ds A 8390 thakdt Al
Y Rdo Aeg vud Ay, HAEFE Ao sjojo] gk o]

SgS 95 y= WY EAE(random forest)y EEAI} oot AE

ot
¥
il
H
~

4

;

P
71o1e] =4 9 71etek miiRle S ol &st] 7 el e A
&

1ty 9 E= 29 ¥Ed BRIEFE Yo I AFE dSdhe
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ettt B 23 ATk ANes SEAe e 2.

7109l e AR A5 Bl o] mazAd wirhaeS(R1A 4

&, ¥ TS Zat A9 Ay REES Abeg £,
o]

7101 wjAaZ AL A BAFAA 7]

2
o

(SVM, AdaBoost, Random Forest, DNN)= &35}t vlx|eto g 7]
T A5 W AAE Y3 Haled Bl 5 A] ZA3 golHAIES] A

R T
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7hesh B Zgkel diel AHAl iR 7)o] dfA EWE o] &ste] 7)o
e AxsES F7Eekgld. J3719 23+ 5 ddFA & Al(undercut
failure), 27} =& i Al(transverse contact ratio failure) 2} -2 7]o] 3

2} F-A(gear geometry failure)”} §lal 3 Z&E W A Fxo fidt I

& QHIAS 21 WESHE AL 7o AA delHAEd T

WAEd BAE5Y o5 ASES ol 9dkd] A4 MeSo o
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Operating condition
- input torque
- input speed

Gear profile information
- gear profile type

- gear accuracy Define deSign condition
Other parameters

- gear ratio v

- center distance Define design space of

- gear material gear macro-geometry

- application factor

A 4

Calculate gear performance
metrics with in-house code

\4

Generate data set on gear design
with gear macro-geometry and performance metrics

A\ 4

Data pre-processing and
hyperparameters tuning

A 4

Train model
with K-fold cross validation

\4

Test model and
evaluate accuracy

A 4
Determine optimal model

Fig. 3.1 Flowchart for determining optimal machine learning models for gear performance
prediction and gear design of involute gear set.

103



Information

300

1383

101

Involute
(1.0/1.35/0.30)
1.0
18CrNiMo7-6

Description
Input torque, Nm
Input speed, rpm
Center distance, mm
Gear profile
(addendum / dedendum / root radius coefficients)
Application factor (based on ISO 6336:2006)
Gear material
Gear accuracy grade (based on 1SO 1328:1995)
2

3.2.1. 7]°] 24 dHolg A
710 mja =AY

Table. 3.1 Information on design condition for gear design dataset
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Ak g BE2 o @tk vek me 2z Jlol4e] ulg RS o)

Table. 3.2 Design variable space and interval for each geometrical parameter of gear macro-
geometry

Geometrical parameter Symbol Minimum Interval Maximum
value value

Normal module, mm my 2.5 0.5 4.0
Normal pressure angle, deg a, 20 2.5 25
Helix angle, deg B 0 5 20
Number of teeth of pinion z; 17 1 35
Profile shift coefficient xi -0.6 0.0001 0.6
Face width, mm b 10 2 20

3.2.2. 39 EAIE A ¢ #HAHY 2L
710l A d5 B AA 2AE sidsty] flste]l vhket maled
ndSo] AR A8 37, SVM, kNN (k-Nearest Neighbor), ©l o] th4-
E(AdaBoost), Y 3 A E(Random Forest), DNN.
7o) e ARE 9 7o) mjaRALd v|setd mppRFES
A A Q) (numerical) MFECIER, o] ES 53k 2L 37 EA WD
gt 87 EAlE ARgAbel] o ¥ (labeled)o] ® 1Y =4

A EE AR Sl Sat. B Ayl waed mu

&

il

I~
2=
= 9% dxdQd 2E golrgy F shuel “}O]ﬂﬁi(scikit-leam)

o] &3} tH96]. Figs. 3.2-32> & <AFolA AAIE walzd 2 7|

A

:]7_

o

o 7o) A% 15 D slo} WAZAL A F§ Wetolth Fig 32 7]
of MAZAY MEFEQY WMFHS o st se 4
AX(FY WP)E ST WAlYd TRES R FUh Fig 338 7o)
s AEEEQY A5F5E wpgow dite) Jlo] WAz uEs
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$13ke] & A A5 5 (ordinary least squares)= ©]-&

b AE 39 BRde uE Aldd EEE9 dse Brietr] 9%
Ala ERmA ARgE = lTT7].

SVM= HolE] &5 #% A A 7 7k ElelH

Abole] AglE gvete vh(margin)©] Hth7F H =5 sk AAAAS 3

= daugFoltt. drtdow A3y AY(kernel)= AFEstY, A3 SVMO

RBF(radial basis function) ¥ ©]g&-3fo] o]

rr
jin)
o
o
==
(i
iy
o
u
r
il
i)
D
3
=

r
o
rir
P
ftlo
Qle
ofo
_c>|£
rlr
o
kr
i

el w7 (bagging) S Z-43Holch o, SVME A4S o w41 g

SREEE IR E R

o
32

kNN 7FashA Rl = A& 7HA &3] AbgH s dagFolth
Mz deolEl7 Eolgke W, ke 7 ZH7e dHiolH &3 vl aste
MMz dlolEel] gk o53S =&TTHI8L kNN o] 3 ghefw] Bl &
= 13 ofx(dele)e] F, dlolE Atole] Al i 7tFA F,
o 271 Fol ATHIIL.

=
[¢}
oot AE = thg o] oFsl &4 7](weak learner)E X 3ste] R dl O]

s Eolt R selth ok

¥

70 wAg FERUE 39
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L7t o sE Rl FE6] A kol H3k(bias)o] =th. elo]thy-
AEE 3] AdAetA &S AP A U (decision tree)?l A7 T1F-E]
7](decision stump)E °F3h TE7|E ARE-SITh o, oFdt 57| AY &

A8 Zol7] Slstel vhadl ofdt SISOl WA AFES whgo
=]
—

+5719 Aol Aol 24 A" dAA 2 dGT e A g Tok

7} e 101].

Lol i 4 (bagging)e A 83 daEFolth oot AEA = 242t
Ue BdSo] saAor AAHL o) RES9] HAFE ve REE

if-else® 7Y UFE3 o2 FIult](internal node)2} E vt (leaf node)
2 FAEY 44 Uhre g9E AF 28 dagF(greedy recursive
partitioning algorithm)®]l 7|®Wtsto] A ¥tk &8 LduglFS ZF dAollA

Sa49 AAANE Aeshn, A0A 8 WEd Ao Fgol b
Ea

dAEl] stolduetuH R A4 e A, A v A o),

A riHE 2] fske] e e HA EE9] ol SlTH102].

DNN2 13Aldds o] 1 242 Zor dejdolzgtax &dv
A3AFT HAled Bd T she]7] wel, HazdS "Hefd=
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=
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Linear

Regression

)

SVM

N—
—

TI7TT]

A 4

Gear performance metrics

SF1'SF2'SH1i SHZ'
SSTE' n, V'm

kNN

—_—
e A

AdaBoost

N—

Random

Forest

)

DNN

—

Fig. 3.2 Machine learning models for gear performance prediction by predicting each gear
performance metric from gear macro-geometry parameters.

Linear

Regression

SVM

TITTITTT

A 4

Gear macro-geometry
parameters

Mmy, @n, B, 21,22, %1, b

AdaBoost

—

Random

Forest

)

DNN

N~—

Fig. 3.3 Machine learning models for inverse gear design by predicting each gear macro-
geometry parameter from gear performance metrics.
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3.3.3. Hlojg AXg 4 HAHY B As 7t A%
2 AFoAs AAHoR JiEgE 7o i EWHE o] &35t
2,379,302701 2] 71o] A dlolHE AAdstSlth o] HolHAEES wAa=

Ade] AA W F3elM vhs F e Ee 2% T 710 9% 24

A% QrAS 1= AR

Table. 3.3} Table. 3.4 Zt7Z; 7]o] WA ZA Y wiZlHF=3 7)o A

s AREEZ TAE HolHAES dFES HoFEr o& £°], Table
339 = A HA HolEl g Vo] marAdoE ALS 7o) s A
EE°] A7t Table. 3491 & A WA dlo]E{ o]t} Table. 3.4¢14 2]
& A YA 29 53 9 AF AT E Hax HAAFE At
st gholghs Zlojth 5, gkel 1.0 ©]/do]

7101 A HolHAE: Maled BEs shgebr] 913k g5 dlo]

)
ko
41
N
o
o
r d
B
ot
S
o
A

B ES shpo]l gknd RH Ass BH7isty] 9% AE doHAE
2 gtk sy dolHAEsS AF dolHMES A7)E 27 7)o
A dlolH A ES] 80%%}F 20%C] At 8t Alell= 574 HlolE A Eolrt
Z AR =(fitted) A2 HA ] flste] k- wAHTE AEaion,
olwf k 2 5= AFE3FATE
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aety] fletelr = W A71E 24 (scaling)dh=dl, o<

i

UHE2E HAa-HY A3 (min-max normalization)®} z-H 5 X T 3H(z-
score standardization)”} 1t g7 8h= Eq. 3.1 #o] 18 WFE2] HA
Ak FHEgks ol &ste] A W o ®E HolElE WEsk= Aol

N7 A& =] -
X3+ E

Xscaled = Eq. 3.1
Xmax — Xmin
X—p
Xscaled = S Eq.3.2
where, Xscqeq = scaled input variable;

x = input variable;
Xmin = minimum value of input variable;
Xmax = maximum value of input variable;
u = mean of input variable;
s = standard deviation of input variable.

2+ ZAEeA=

%
)%

Rl thgk BFrF AxEA AAY AF
(coefficient of determination) R?*E AF&-3l3UT} gh5o] ¢k5d WAlYd B
4o oS HAgrE Hrbsh] s AZENE F AlE 2% (mean
squared error, ©]3} MSE)?} B+ At 2 X}(mean absolute error, ©]3F MAE)
E ARt olE BUF VIS FAAR d5s F¥skeE wAlYd
2dlg Frtsty] Sleto] 2 ARGHE St 77]. RP= B g
SE AA #El Ao ®E Uis #OE Eq. 3.3% o] AAtET R? B
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ol 1.0°] 7MhasS 37 BHo] HojEE & AW

=

o} o)
o MSEX Al gkt S g Abeld] AIF oate] B#e ovlshe Eq
3490 o] AXHEth MAE: A gh3t el S gk Atelo] Al @il 3

7S 9v|sly Eq. 3.5¢F o] AliteElth MSE® MAE: 09l 7745

rlr
ftlo

A

e

gt5E 39 Rdo] St HlolHAESt thE HolEE2 7E A}

OEIA Ee] tisl AS5S F AT s ord.
N (5 _ )2
R? = Z};Lﬁ)z Eq. 3.3
s i =)
N
1
MSE = NZ(yi —9)? Eq. 3.4
i=1
1 N
MAE:ﬁZb’i -9 Eq. 3.5
i=1
where, ¥, = predicted value of output variable;
v, = averaged value of output variable;
Vi = actual value of output variable;
N = number of data items.
112



Table. 3.3 Part of the gear design dataset of gear macro-geometry parameters

Gear macro-geometry parameters

No. my, an B Z1 Z3 X1 b

1 2.5 20.0 0 34 45 0.2123 16

2 2.5 20.0 0 34 45 0.2124 16

3 25 20.0 0 34 45 0.2125 16
2,379,300 4.0 25.0 20 20 27 0.5998 20
2,379,301 4.0 25.0 20 20 27 0.5999 20
2,379,302 4.0 25.0 20 20 27 0.6000 20

*Note: unit information = m,[mm], a,[deg], f[deg], b[mm]

Table. 3.4 Part of the gear design dataset of gear performance metrics

Gear performance metrics
No.

Sr1 Srk2 Sh1 Stz st n 14 m
1 1.018 1016 1.000 1.045 8525 98434 400527 1.994
2 1.018 1016 1.000 1.045 8525 99434 400525 1.994
3 1.018 1016 1.000 1.045 8525 99434 400524 1.994

2,379,300 2239 2082 1195 1209 2565 99.081 502.880 2.436
2,379,301 2239 2082 1195 1209 2565 99.081 502877 2.436
2,379,302 2239 2081 1195 1.209 2565 99.081 502874 2.436

*Note: unit information = 8grz[um], n[%], V[cm?], m[kg]
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3.3. HAlEd 71He] 7]o] A A5 4 7)o vz
A A

7ol wiazAe viziRese 7o) Ade AxsR 7Ed
2,379,302711 2] 7]o] A HlolHAER thekst Mgy RdE kAl
I oS Aes BT ®WA, 7)ol A eSS Sle mald 2d
| A8t 48 ®SFE 7o) wiazAd SR s &
o] As AXE st tFoxEe 7o wiazAd A
5 A% malYd BES 75517 flete] o WaE Vo] A A%

1 =Y HEE 4 7)o MiazAd wiHsE SRl mpA e
, 710l A 5 9 AAE Se waled mde] AA &84 S
S AES] f8te] AMER EOHAES A7)ef wE wiley mdl
% A5 WHrlEGith RE waleld RH9] stolHsEtn|El= oS
925 Fol7] flate] =4 E ST

3.3.1. 7]l WiazAdE 5% & 7o A AR A5
Zt 710 A% ARE AFshe Walyd REE9 Aes Bk
gk vlw Baw g 37 Edo] ARE-H Itk Fig. 3.4 710 mA A
b7 710 s ARE dF5she A8 39 29
o] R? 45 wAFE veb mel el Z7zF 098759 0.99742] R?

A AR7F gl Sr1,SF2, SH1;SH2,65TE°ﬂ W—“Sﬂj‘ﬂ*‘f 0.8 o]4e] R? H

ke

TE BAoy, a8 st A 379 Zd2 0.74652 R? A= M
g2 Aess RoFSloh

Fig. 3.5% 7]o] WA 2414 vi7hisE v o R Z; 7)o A A%
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R2 score

1.0
0.8
0.6
0.4
0.2
0.0
SF1 Sr2 Su1 Suz 14 m

OstrE n

Fig. 3.4 R? score of linear regression models for predicting each gear performance metric.
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k" giREiln
0.0 NIk Al AAE L AL
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Regression Forest

Fig. 3.5 Training results for machine learning models for predicting each gear performance
metric.
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3.3.2. 710l A5 ARE T8 4 7] HA=AL 4F

7t 710 MiARAdE A5es wAled Bl des Brte

g v B2 Ay 37 Bl AMEH AT Fig 3.6 7]0] de #
4 K

ol 2} 7lo] viA gAY dHAFE S5eke A
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i
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g o] RZ HFE HoFh bl A= 099932 R? H4 Ao vt

My, 21, 200 WA= 095 o142 R? A A7k yshtt s} xiol

A= R? A7 0.8 oldk 3t anol W R A 044992 T G

ke

Fig. 3.7 719] A& AXE vtgo=Z 7t 7]o] wjazAd mjrids
9l A¥E et Aotk kNN, dH
g AE, DNN2 B 7]o] iz w7l thaiA 24 0.9961 ©]
el R? A= dERlTh sSVME B A9 89 BE B 7) 7)o
AL wpASe] et R?Z FA57E wmokeh AR xf o disiA

0.95572] R? 7<=, 0.00442] MSE, 0.05662] MAEZS UEFW =T o]&= xjo

= A5 mAled B
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1%
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m

2

Frg ne@e W % %o] ¥4 ke 2o weky gk AdaBoost
= AF B9 mdel wal bE AAS A o] mazAd uAw
FEA oA R2 A5 8 R,

wE Jo} WA dEse ot s Aueld R2 4571

rir

HZA 09961 o]FC®E & kNN, did X AE, DNNE Al Ho]E e
A= MSEQF MAES] HJgko] 0.00337 0.0517% YElgth A md 5
ANx 7Hd & A5 A7 U A9 DNNS ©] &35t z; & A5AS
w1, MSE7} 0.019801%131 MAEZ} 0.12070]%lth. aFA]wE, 2, & Ao
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Fig. 3.6 R? score of linear regression models for predicting each gear macro-geometry
parameter.

Em, Ba, Oz Hz, Ox; ®p

E
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Fig. 3.7 Training results for machine learning models for predicting each gear macro-
geometry parameter.
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3.3.3. FI°|HAE 7] W& HMAlE Ed 45 F¥E £4

KNN, #E ¥ AE DNNZ 7|0 A5 o5 W AAE s Haly

al

DelAE 710l e 5 9 dAE A waled 2El 5] A
delHAES] A7]5 AIFsr] flate] dlolel 7iFel wE kNN, dH
¥ A~E, DNNO R* A5 Blasqlth 37k4 b& HolHAES] =7
7F AREESITE 1) 7o) A dlelE S 1710004 (2,38070); 2) 71o1 AA
dlo]E o] 1/1008) (23,79470); 3) 71o1 A A d@lolE <] 17108 (237,93171).

Fig. 3.8> 7]°o] wjazAd wi7fi4E 7Ivte® 7} 7]o] s A%
£ =38k kNN, Y ZYAE, DNNE R? 5 AHEE HolHAE
o] A7lel wet EAS ol 7t &AL A7]e] HolHAETE AFE-H
Ae W(F, 1/10002] HOJEAE) kNN &8& nE A9d vux] 7)o
s Axe] disl 09 0142 R? HFE BT HolEHAES A7
7} 23,79470(%, 1/1002] HIOJE A E) o]A¢l ZHM= BE 7] As
Aol gk R? A7 100 FHENH. dAH FUAES HolEAE
o] A7lel A#glol e 7ol s Al wisl R? HAF7F 09 oL
2 UEstth kNNZF rR7E R dY XY AER dHolHAES] 277

23,79470(Z, 1/100¢] HOJEJHE) o]l Z7dAE BE 7] A% X

ol st R? A4=7F 1.00] =HskIth DNN2 7H8 22 =7]9] dlolH
AEZE AFEEAS W Syt nE AAST WA 710 s A 3kel il
0.9 o] R? A5 HoJFth DNNE HlolEAES] A7]7}F 23,7947

o gl M= nE AT YA 7o e Axel e R? H¢
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7} 1.00 =1 3k3ltt. kA RE DNN2| pell tist st A= A dlolE
7 AHEEAS W0l FEska, arg Fe dolEl b AMEEH IS
W= R? A57F 0.9 o]3kATh

Fig. 3.9% 7o) A5 A®Z 7|wto= 7} 7]o] wjazAd w7
= o F3= kNN, 99 EZ#AE, DNNO R? H45 A HolEHAE
o] A7le] wet =AS Flojtk 7 A 7)) HoEAETE AFE-H
RS (S, 1/10002] HOJEAE) kNNI} Y FUAEE o,7 x5 A
eIk YA 7lo] vzl wiZisE il 0.9 o] R? AE B
olFd et "HolEHAIES] A7]17}F 23,79470(5, 1/1002] HIOJE A E) o] A<l

o

N

AelMde e 7o) wiazAd mjziiael gk R* A7 1.00]
Hatoltk. DNNS 7 22 719 HolHAEZL AREHS w(=,
1/10002] HO|EHAHE) a, S AL Uwx] 7]of mjma2 A vjsfe|
O3] 09 o)A R?2 A4S RolFr). A TE kNN 2 dY XY AE
& dolHAIE S 3717} 23,79470(F, 1/1009] Hlo]E

D
AE)RL 5ol Wl slof WAz AL wAwe] et k2 F57h 1,000

A7b 1.0l FH skl
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Fig. 3.8 Comparison of the R? scores of kNN, random forest, and DNN for predicting each

gear performance metric based on the dataset size.
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Fig. 3.9 Comparison of R? scores of kNN, random forest, and DNN for predicting each gear

macro-geometry parameter based on the dataset size.
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wES HRI § 22l gy R fdEt 1) ver 4
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where,

2
hi=fi Z wPx; + b Eq. 4.1
j=1
3
1=/ z wj(lz)hj + biz) Eq. 4.2
j=1
h; = i output of hidden layer;
fi = activation function at hidden layer;
ny = number of input variables;
wj(il) = weight of h;;
bi(l) = bias of h;;
V1 = output of output layer;
fa = activation function at output layer;
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w® = weightof 9;;

w7 deHE o bolP® AAF SN VINke] HAsE Tl HAa
ok b= A E Eq 440l T}
N
1 2
Ly=% ) i =) Eq. 43
i=1
oL, 0L
[_’”, _”] Eq. 4.4
dw 0b
where, Ly = loss function of predictor;
N = number of samples in dataset;
i = true value of i output variable;
Vi = predicted value of i output variable.

AA719] AL 28 AP AR)E ALk 48 H5aE
7 £ Eq 459 2ok 3% & oS

s 2ol S setlesh xeke Aolth F, A4 s el A4

£ Bl HAAsaEoF sk A X Eq 4601tk olwl A7) wst b=
5 W7ol okym AS7]M S5l ¢RE wé bE IR ARSI
L&
2
Lg = NZ(Ytarget - }’i) Eq. 4.5
i=1
d0Lg4
—a Eq. 4.6
ox a
where, Ly = loss function of designer.
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Input Hidden Output
layer layer layer

Fig. 4.1 Simple architecture of artificial neural network.
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[Step 1]
Generate design dataset [«
using physics-based model

|
v v

[Step 2] [Step 5]
Analyze distribution Train predictor
of performance metric (learning variables: weights, biases)
v
[Step 3] [Step 6]
Analyze mean and standard Designer with weights and biases
deviation of each design variable of predictor

(learning variables: design variables)

[Step 4]
Generate initial design points
based on Gaussian distribution

v
[Step 7]

Optimization with designer
(minimizing or maximizing performance)
v
[Step 8]

Remove designs not satisfied with constraints
using physics-based model

v

[Step 9]
Update design dataset with optimized designs

[Step 10]
Converged distribution of
performance metric?

[Step 11]
Optimized designs

Fig. 4.2 Overview of GIDNSs.
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Fig. 4.3 3D landscape of the peaks function with several hills and valleys.

Fig. 4.4 Initial design points for designer to start optimization.
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Fig. 4.5 Plotting samples of dataset 1 according to weight and PPSTE of gear pair.
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Fig. 4.6 Training and testing results of predictor.
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f2: PPSTE [um]

10 A

® original dataset O st optimization results
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f1: weight [kg]

Fig. 4.7 Macro-geometry optimization results from designer after 1% iteration.
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Fig. 4.8 Macro-geometry optimization results from designer after 2" iteration.
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® original dataset 3rd optimization ~ <I 6th optimization
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Fig. 4.9 Macro-geometry optimization results from designer after 7" iteration.
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Fig. 4.10 Nondominated sorting for 100 random samples.
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Fig. 4.11 Nondominated sorting and crowding metric for 100 random samples.
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[Step 1]

Generate design dataset [«
using physics-based model

v

[Step 2]
Get 100 samples and Pareto-front
based on nondominated sorting and
crowding metric

[Step 3]
Analyze mean and standard
deviation of each design variable

.

[Step 4]
Generate initial design points
based on Gaussian distribution

v

[Step 5]
Train predictor
(learning variables: weights, biases)

h 4

[Step 6]
Designer with weights and biases
of predictor
(learning variables: design variables)

v

[Step 7]

Optimization with designer
(minimizing or maximizing performance)

v

[Step 8]

Remove designs not satisfied with constraints
using physics-based model

v

[Step 9]

Update design dataset with optimized designs

[Step 10]

Pareto-front converged?

[Step 11]

Optimized designs

Fig. 4.12 Overview of NSGIDNSs.
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® original dataset O sorted 100 samples

10 ~
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f1: weight [kg]

Fig. 4.13 Sorted 100 samples based on nondominated sorting and crowding metric.
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® original dataset

f2: PPSTE [um]

O nondominated solutions on Pareto-front (original dataset)

;
: .
8 -
-
6 ® # .
P 4
44 .
i 0z ® £
ooz
L]
’ 1?7 1?8 1?9 2?0 2?1 2?2 213 2?4 2I5

f1: weight [kg]

Fig. 4.14 Pareto-front of dataset 1.

152

]Jﬂ_



® original dataset
O sorted 100 samples (original dataset)
¢ sorted 100 samples (after 1st optimization)
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f1: weight [kg]

Fig. 4.15 Sorted 100 samples based on nondominated sorting and crowding metric after 1%
optimization
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f2: PPSTE [um]

® original dataset
O nondominated solutions on Pareto-front (original dataset)
¢ nondominated solutions on Pareto-front (after 1st optimization)
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1.7 1.8 1.9 2.0 2.1 22 23

f1: weight [kg]

Fig. 4.16 Pareto-front obtained by NSGIDNS after 1% optimization.
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e original dataset

O sorted 100 samples (original dataset)
¢ sorted 100 samples (after 1st optimization)
sorted 100 samples (after 2nd optimization)
10 A
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o
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—
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44 °®
»
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1.7 1.8 1.9 2.0 2.1 2.2 23
fl: weight [kg]

Fig. 4.17 Sorted 100 samples based on nondominated sorting and crowding metric after 1%
and 2" optimization.
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f2: PPSTE [um]

e original dataset

O nondominated solutions on Pareto-front (original dataset)

¢ nondominated solutions on Pareto-front (after 1st optimization)
nondominated solutions on Pareto-front (after 2nd optimization)
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fl: weight [kg]

Fig. 4.18 Pareto-front obtained by NSGIDNs after 1% and 2™ optimization.
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f2: PPSTE [um]

nondominated solutions on Pareto-front by NSGIDNs
[0 nondominated solutions on Pareto-front by NSGA-II
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0
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O
317 o
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Fig. 4.19 Pareto-front of optimization results from NSGIDNs and NSGA-II.
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Abstract

Development of gear design algorithm

based on machine learning

Woo—Jin Chung
Biosystems engineering
The Graduate School

Seoul National University

The traditional gear design process mainly uses a method of selecting two or
three gear macro-geometry based on the designer's experience and then taking the
design that is considered to have the best gear performance among them, or a brute-
force approach. The brute-force approach evaluates various gear performance
metrics for all candidates that can be combined in a defined design variable space
and selects some gear designs that meet the objective function and constraints,
thereby obtaining gear macro-geometry that satisfies various requirements for
operating conditions and is possible to be manufactured. However, traditional gear
design methods require a designer's high background knowledge of gears and a gear
analysis solver to evaluate the gear performance. In this study, a machine learning-
based gear design algorithm was developed to improve those difficulties in gear
design.

For the use of machine learning in gear design, it is essential to prepare enough
gear design dataset with good quality. In this study, an in-house code for gear analysis

was developed to generate a gear design dataset by the author. In order to ensure its
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calculation accuracy, the safety factors for tooth root stress and surface durability
and gear mesh efficiency were evaluated based on the international standards. The
volume and weight of a gear pair were calculated based on the geometrical
characteristics of the gears. However, since there is no standardized method for the
static transmission error, an improved analytical model for predicting it was
proposed considering the exact involute and trochoidal root profile of the gear. As a
result of comparing the proposed analytical method and the finite element method, a
relative error of about 3% was shown, and through this, the superiority of the
proposed model was verified.

Using the developed gear analysis solver, two gear pairs with the safety factors
satisfying the design requirements and similar performance for peak-to-peak static
transmission error, efficiency, mass, and volume were selected when the macro-
geometry errors were not considered. For those gear pairs, Monte-Carlo type
robustness analysis was performed to investigate the effects of gear macro-geometry
errors on various gear performance metrics. Unlike previous studies that focused on
analyzing the effects of micro-geometry errors on the gear performance, this study
confirmed that it is very important to consider the macro-geometry errors and
robustness of static transmission errors when designing gears. In particular, when the
errors were considered, the standard deviation of peak-to-peak static transmission
error for the two gear pairs showed a difference of about 6 times.

A gear design dataset with about 2.3 million data was generated by using the
developed gear analysis solver within the defined design variable space and design
intervals. The effectiveness of machine learning as a surrogate model was evaluated
for various models. The k-nearest neighbor (kNN), random forest, and deep neural
network (DNN) showed R? scores of 0.9973 or higher for all gear performance
metrics. In addition, these models exhibited R? scores of 0.9961 or higher for all

gear macro-geometry parameters. In other words, kNN, random forest, and DNN not
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only predicted each gear performance metric with high performance through gear
macro-geometry parameters, but also inferred each gear macro-geometry parameter
with high prediction accuracy through gear performance metrics. In order to evaluate
the applicability in the field, the appropriate dataset size for training the machine
learning models was determined.

Finally, a multi-objective optimization algorithm for gear design using
backpropagation of the artificial neural network and active learning was proposed.
Since the gear performance metrics cannot be expressed in an explicit form in terms
of design variables, the optimization process is generally performed based on a
stochastic method such as the genetic algorithm instead of a deterministic method
such as the gradient descent, which can quickly obtain an optimal solution. In this
study, NSGIDNs (nondominated sorting generative inverse design networks), an
artificial neural network-based multi-objective optimization algorithm with a
nondominated sorting based on crowding metrics, were proposed. NSGIDNs was
able to find the optimal Pareto-front with 2,984 data through two iterations by using
2,380 initial samples. On the other hand, when NSGA-II, a representative multi-
objective optimization genetic algorithm, was used, the Pareto-front was converged
after a total of 6,000 data were secured by 60 generations with a population size of
100. Through the comparison with NSGA-II, the effectiveness and superiority of
NSGIDNs were confirmed. The proposed optimization algorithm not only solves the
difficulties in traditional optimization problems of gear design, but is also expected
to be a good example showing the possibility of using machine learning in the field

of optimum design.

Keywords : gear analysis solver, gear optimum design,
machine learning—based surrogate model,
machine learning—based optimization
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