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Neutral density 3X10Y m?®
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RF frequency 80 MHz
Power absorption 3.5 W
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7oo REJEEHIT 80 MHz & L, 7T A~ DWINESH 3.5 W T—E & 722 & 5 1C RF & 4 il
U7z, BI5GB \ARTF Y 80 D 2 EAVRIB S LTz (6], Y L/ A NEfE
LTO0.1, 0.4, 2.0 kA D 3FHAZRE L, BEHIRE I L D KAV Z BAEAITfRIT L7z, 1554
TRERD OB, EHICEST#%D 375 s BT 22 & T I A=nfii vk Lz,

3. #EBLUER

%2 RNCETEE S fin A m T, YLV /A RERELT (a) 0.1, (b) 0.4, (c) 2.0 kA D 3
FEARELCTBY ., MEREICL > TEEMMMPENT D2 LRMRTE L, iz, BEEHE
T BT DI AR o T B EE BT 5 2 E B0 D, ZHED, BIBICHh->TT T X
CNEEISNTND Z EWRBEND,

BT HICERT 5720, yFRoOWmEZR->7=60%28 3 XIRrT, x = 0&x = 1.5 cm
D2 MBI HWIE CTH D, 7272 Ly = 0ITRFREROTZD, y > 0 Ly < 0 1TRFROE LS4
DIAET DFRET VLo Tnd, WxIZ, YL /A RERMN 0.1 kA & 0.4 kA DALy =
0 ICHIE DR KNIEN B % —IEVED S THY . 2.0 kKA DEMETy = 0.1 em ICHBEDREKEN H
D MEMEDSTRTE L E A D, RRE % BT D 2 L T8 D IV~ S TR EIL L TER Y,
BB S TR S E AT OB LA FHE S Z L cEh Lz (6],

RICT T A HERT HEHTANT—EFICEAT D, ZI2T, Xe OFREFIL 12.1 eV D
72, 12,1 VU EDOZRAXF =R OB T A @ RVX —ETLER LT, B4 KICym&E

A==V a—F4 T Za—RA - 10 - Vol. 25, Special Issue 1, 2023



1018

(a) 0.1 kA Ne (M~3)
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1016

y (cm)
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1013

1018

10"

106

y (cm)

101
1014

1013

108

1017

1016

y (cm)

1015
1014

1013

B2l BTEIEin,
YU/ A FERELT (@) 0.1, (b) 0.4, (¢) 2.0 kA IFEHAERAE LIz, BRERIBIMETT,
(Reproduced from K. Emoto, et al., Phys. Plasmas 30, 013509 (2023), with the permission of AIP
Publishing.)

TRVF =BT EE e, 27~ T e 5 3RICR Licn, LRERIC, YL/ A RERA 0.1 kA &
0.4 kA DFEMIEIEIEDNAT L 720 2.0 kA DFRMIE ZIEIEDDHIZ/R D Z L PGS TE 5,
PRI, BHIEESMORIIE T A NLF —EFORNMNUKEL TS EF R D,

— TR RN — BT DIFEE G n /M BB T2 LAERN R D, 55 KIZy Mm%
NFX—BAEN Ny /Mo T T, B4 RKRH b & IT AR | FEEMRBEDITEHIC R RN HN D 2
ENHEBTE D, neEnplEEWMRIAETIZRVEOD, WFho Y L/ A RERTH ZIE
PRIV & 725 TV D, BT F—EILRE MBS Lo TARESNA =D, RE 7 7
NREE SN TV D HEIRBED T T p /e ST DHER Lo 2 B2 BN D,

INHORERLIY | B X —E T EFIEEIE TR L FERREDTE ChRAEN BN S —
J7 . MERT OB TR 2 LFEAREEN LN D CRKRIEZ IS Z B30 D, P xIT, RF
IMENZ & o> TAER SN2 E =R F =B N FOE~ Sk S, PO TEE DR TR —
BADFAE LT 2 2 EWNRBEND, RFHEET LV TIIEGMEZBE L TORWD, B
HARE) Dy )7 R DS I LIRS DA & 7e D, & 2T, WHEIC L D E = VX —E T OBH)
PRffd 2 RS o7, TOREE, WD o 7edhing , DI KAE & ng p /n, DI KAEO MO BEHEIZ 535
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(a)x=0cm (b)x=1.5cm

— 0.1kA
== 04KkA
= 2.0kA

L RF i

Dielectric / \

i

N
T

Away from RF
/\

L=y

ne (107 m=3)

-
T

ne (1017 m-3)

05 ' 0.0
y (cm) y (cm)

I yHAETERESin,.
FnEFEN (a) x =0, (b) x = 1.5 cm DWrEI TH 5, (Reproduced from K. Emoto, et al., Phys. Plasmas
30, 013509 (2023), with the permission of AIP Publishing.)

(@) x=0cm (b)x=1.5cm

F — o1kA
&~ _[ RF I == 04KkA
£ 2T | Dielectric 22 —. 20kA
P [ €
‘é ":o [ Away from RF

y (cm) y (cm)
B4 yHRET R E— T in .
FER (@) x =0, (b) x = 1.5 cm DWrEITH D, (Reproduced from K. Emoto, et al., Phys. Plasmas

30, 013509 (2023), with the permission of AIP Publishing.)

(@)x=0cm (b)x=1.5cm
20 20— ——o
[ —— 0.1kA r way from
15F == 04KA 15F RDF_I .
lelectric
P —- 20KA P
= 10F = 10F
154 b 154 b
05F 05F
00 E 0.0k

y (cm) y (cm)
F5: yhHmE TR X —ETE BN, MNeo
zhzih (@) x =0, (b) x = 1.5 cm DWHE Th D, (Reproduced from K. Emoto, et al., Phys. Plasmas
30, 013509 (2023), with the permission of ATP Publishing.)
KE—HT DL’ pinole, Thbb, FEMREEDOITG CARSNIZET R LT —E NI
TETHPEEE TEE TEDINCE ST, nebng NI RERDGTNIRED L FEAX D, £7o, W
TR AN 513 C R E S K D BENRRE D T D oo | BT IR EE AT R — M D
WEPE~ LB LT LB 2 LD, YERED B\ IR DR ST 10 B30 & KBS H7- 121X, #%E
TREE DUTEE T S L7z @ = L X — A3 FUOED £ TRE) T & 70V VEE BT RESS 78 BE 4 HE N &
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T NEEZ 5,

4. FL&H

W ) ANVA T AR OVERER 10 | S8 2 MBS & B 2 BT D VLRG0 541
(COWTHT 5725, PIC-MCCIEIC K A ) AV AT A X ORI 21T > 1o, iR %
TS5 2 & TRITINEE D Ain N —WeEn D TIEME~ L8R L, ERCTHI S W=l
[V B o3 A 2 FR BT 2 2 LT Uiz, BT IR FE 0 AT DTS AR & R 5 7o DI i =k L F —
BIICERLIZE A, TRV F—ETEEn 1 dn, &R U< —I§MEN S I~ L BT 2
fER L e oTe, — TEOEIAN, /M LTEBABEDT I TR 2 BV | SR (kA
Wtk 2725 2 EARENTZ, ZHHORERA D RF B X 5@ = R X —F 1 DA & ML
22 X B LR~ DR TRIE S D, ERICHEMEE LS X A BBIENdE RS 72 2 A,
Nep DICRNE E Mg /Mo DICKIEDO DO BERE L 5 L2 —B T DRER L 7o Tz, BEESREE O
X o TSR K 2 BEEREN < 72 D720 T e ORI B IESAR ZAED LT
LHEEBEZBND,

2

AWFFED — IR AU A WA o 7 — 35 F - LRI B HERS ) E O SR 22 1 TiT bk
Lz, E£7z, AWFZEE JSPS BHFE: JP21J15345, JP19H00663 AFTNC JST AIFERIRTSE KB H¥
JPMJFR212A DB A 2 T 72 b D TT,

& & x &
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AR TR 2022 FEOFAFE MM € 2 — [T - ZUERREHER | (ZERIR S hizhhse
A TR DN R R E ST 2,

1. 4vrAESY3Y

T AL, Fox BMER OAIETH S HiTeMETh 5, BT AFTFHx ZREMALSLFY . Bk
EFBICBVIAATIND, BEOH T A2y 7ix, Kefiedk ZIZRPERWES S, HEE
ECHRHMSTNDEFET TR, 2O LETTARE IR TELNDDNE, BiE DE I AT X
S THAIRDOTIZIRWES DIy T AR DIIRIRIE %2 SIS 0T EE D 8 2 D T2,
COMFEHNTATLEDOBG TRIEZEDHHABLNTELS LERLIZZEDHDLAB WD
b vy,

HREARRICH 7 NI T BT D03, MBRFEONIIG D AT & & 0T AOME I3RS
RSB E < EEN TS, T LTEEOMmAIT 2 DICKBITE S -

L. [T REEBOBR]  KDIKITAR DBCIFAK S 103 BEH| Uit s 2 k™ 2 DIkt
LT, A7 AFHANE LWEE 2R 72 TR O < SLMEREE D L [l £ > T D, i’
REWER R AT BMEEAEEDLLRWC LD LT, MiEEDZ LN TE LD
59D

2. [ HIADMEKE L TOMWE]  EE T2 BDOH T ADMHEEEZRMITHDL L, ffmL T
SEBRDIRDBENET DI ENEROITAMON TN D, T ADIE 72 BRI & (3T
M, F U TRE fh SIX R R 5 MEE R T DIZA 9 0 ?

ABFZETIE, FRLO 2 SUCBRT 289821757, LT, ERROBHIZE SN T, HF o7k

REMITT 5,

2. PFHBEELTTIEBN AR EI RN —HBM SEBET D

AREITIX, 1 DHDR TH D H T AEBE OB T, 5 T HRRIK ORI A3 71
2] (ﬁ%*ﬂ&ﬂ?/&) CEET LR AR T D,

BER D8 0 4T A FiE IR 2 GUHIZH0T 2 L TEMREND N, HTAE LTHEE DN T AL
BoERNC, BKIE NEGHEE] XN REBICZR D, 2 ommEREKEBIC B W T, #&
TRORERRLF OHEENT P > < D & LebDICRY | BRDIIBERTE & HICE SRR
RKLTWL, ZLTHICH T AEBIRE L IEHEN D EEICEET 5 & RIEOEB)IEHE L <
T ANEREND, T A LIE, EIEOEE MO TEL 720, For OB TIXH IS0
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HEETEX R RoREBEIETOTH D, 1o T, WAHIRIKTIZ 31T Bk 7 0@ % Mg
DT ElE AT ABBOEFEOBMRICERET D, BT AEBHROFIEL b F 2 5 EERTR
Thb, EBRIFEIL, @WEEREOEFNTIZ 2 SO THEIT T2 2 L 25N LT
7o. BWEMITHRAT D o AR L, HIEFMTH4AET 5 Johari-Goldstein (JG) B FEFLEFR
Thbd, ZNETOVI 2 b— a3 VRO ERIZEARMICHTF IZOHRET LT, i
O, MEDOTVI 2L —va rDIFEAEMKILL TEEHM R (BROME) TS h
HH T AET ML, BIBEOHRPEE L, BEOWRIIHEN LV DNLTHD, vIal—va
UTIG B EMABIEET HI2IE, R a2 R RIIRIC T 2 0ENH 2 D72 [1],

FRERAIZIE, =R L — BRI 23 T 7 A ORI X< VWb d, =31 L F—HifE & 13,
AR RREZ BT A R T v vy VERAX—DORBOZ L 2L H T ADZFLF—H
L 1 KO X IZHEFITHM L TN D EB X D, H T ABBEFOKIRIZE S & oL ¥—
A — VMR FT 5728, HIEOMUNI R b TLE S, T78bbh, AR TFETE Dk
HTE O MRS IR IE S 4L, 22272 S P D A 2 T3 L F — B 2R 28 & B 5 2 &3
TERLRD,ZOLDICL T EHEDEBDOA T A1 Dp->< Y & LB AT 2 072,
FEERTROND L DI a FEME J6 B FEMD 2 SOBIEN SEMBHET T H5HE, =3 LF—
Wi 2 R ORSERIEZ D L B2 bND B 1K), Z OB/ —HEOBER 72
AERUE, PEAREE (2021 4RJE) o T F - LMWFIHEHERE) SIEOSHEEZ T, EELICEL>TH
Bt shTns 1],

WA ENRARDFREFN & = /L F —HIIZ I B3 2 BLRIZR WV LG & LT AREN IR EY 2> © D F gD
HoH2], VIalb—rarFOHLRLIIRIT LN T ARBEIY . = LX—HIE R CiTEE
L= RERE (MR OIS T 2) Z3HE L. ZOREREIZL T 2 IKERE AR 2
o g, £ LT, PIEED S ORI EEZ IG5, EORTAREFEF TRE <@z
D aFHFET 5 & PIWIELE ;O 2 ERLE TR < JRE) L T ki & OISR R 6 D
72, ZOMBENEKRT 201, YIMZEREOEECIX, TORORMERE TORME TST5
BAMED> TNDEZEThD (HL, BRFOEESOREERTE LIRS ICEE S
W), REEREIRE OB T ST o BBE J6 B BEMAERTHATHLRY DI L3, FED
2L BHETHENPO DN TND [1],

TRVF—HIFERIIC, ZOBRITA T A, BUCR Lz & 512, IREMRNT 217 5 W1 &
L oo FERITCRD X DRBEOMICIE, J6 B FEFI TR Y B D & M D /N S WFREREDIATE L
TWHMNHETHD, #H 1 REFIcED & O H 5O E (FIZERE) MoVl (a
FEFNITCIR 0 2 B ERE) ORI, 72 SAO/PNESWAE IUAFIELTWD Z L&+, =%
VR =M DD DR, FERN TS REE KD ST TN D DTEA 50,

ZOMWZE R 52 D720 8 O ITRFHRZE R TRV D o | AKJE AR R Lokt
TOMBAEAH L S EE LTz, £ U THRIRIZERTIZ, ZOFHLRMEED W) 55 3%
KD DOPERE LTz, ZORE, =3V —HEH ORI (A A2) ZfRKDH XA 5
A=)V CIRBIEBE O BRp 7y 2SR D —J7 . KIER il (X 2 A AV %KD # A
LA — )V CIHREFAB O Ry b d Z L2 R L, ZofRiE, =3 uF—HEo
AL ANICHTIET D Tl AREREARE O W HER S A L TS Z 2 E® L Tk
D, INZZEDPBEMT SOOI N F—HEHRER TH D, ZOREIL. J6 B HEMDEZEM
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BNV ORESEE TH Y | o FRAOEZEMEB R O HEES) Td 2 P oBigL[1] L&
BHTH D, A%, HETOZM (ZERE) (2B IRET— NIERT L7200 Tide<,
Ol @, B FL) (BT D IREE— RN AR LF500 & W9 R~ L | A0S
THONTCHBEILR L TS RETHA ),
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Y

—~,, Molecular bond
"\ break
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\

3 Atomic bond
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Potential energy

Coordinate

F 1R SRR IR D L — B O R,

W ENR KD T L —HZIR O K D MM Lok &2 D, #EMDY o #Efe Johari-Goldstein B #EFH
D 2 DOMWFETHATT 25 E. MO LS ICKERABHNRZEO/NS @ AENOT 5, BB & 72 5. AHF
JECIE, RARFRIFRIC K o THRBR T 1L —HIE 2 K D BRIZFHIL A A V3RO IRE O MR & 5~ 7,
AL RS A PITFAET DA AL, RS EARE OGRS B 2 Ff > 2 L S BT e o 7, AR T
O N2 o 72 Z OB, IRENE — FOROREM TS REV R HIZ P TR T2 Z L 2HHT 5,
JERIRIR CTo 5,

3. HSRABBEOEIRILX—REDOEEYE

AHEITIX, 2 OH DN T DA T ADREERDIEDITIFRZ BN D, AWFIE TITE R
DR TEH &0 DI EIRENCE R T 5,

2016 FFENLHAEE TOWME TEMI LY, VTADOYIalb—va UffEDaIa=7 11
B ORERER L, EEREEE T 7 AEENR TR RIREOMEIZEE > Tz, F
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FHRDZ L1, BT AYEOFORfE L WO BITE 2R =T —~ThDHEF R D,
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HERTAIXNENDS. T, BTV M ABICBWTIE, KRR K D & 2 5 — BRI R
T DEL, BEDOIRA T —MEEID/NEL B2, KDV y T aBlpBEriRD, &
Hazx bdZL b 5.

BV A 7V ZBUBRICB T 2 RN EFARTE 2] T, GLRRSRIEE O E? KE L Z
F 37012, FETRAUT A DIRDO ZRFNSZ -2 225 ZEBHHNTED, (K1(ab)) 2
DDORID 4 DWRR = WER - T, FEHMICE Loz 8 ok —rr ks (K1) %72,
BEL A4 VXN BWTE, RTELLR S 7 HIEE T 2 D ERANOBRRILEICIED , B
DX FNOEEITROWLE [3] TIX, EHRL A/ VXEBEEHEN R LTwiwnw, 22T,
AT, BREL A VAV IRIBECBT 5, FENRELTUAE (4 oIREBOELR, Lik-<7)
DPEUZHEBENREL, LA AR, VFrx—RY YV, 77 MEEEZ - HERNZEE
20, BRL A 2 VBB 2ERRX 7 SN KRAVCERNEADL G 2 28N, X
27 b NOZXKIRNOEIFIFE D RTREME 2 37 L 72.

2. BUESHEFE

20 k5%, I H(=2h) ODEEAKXZ MHOHNEEZ, FEA LI EEE u, = Q/H? (Q
FOEERE), X2 b EEE KEORESEE AT =Ty — T, £35. BELA J LZBITBWT,
WK FNCRE LELTR ) 7 2 BT 5 720120%, WA A OFEERE 712 E i B
HY, ARFETIIEEDHIE 1] D 10 fFORXD L, /h =407 ¥ L7z, XL I X E G
i

ou . =~ ~ S2~ 7

E + (’LL . V)U = —VP + RGH V2u + RZTey (1)
V-a=0 (2)

oT S 1

4 (a-IT = 2

ot +(@-V) PrReg ®)
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y/hoo Y

e 0 05 10 10 29 — - -
=10 =03 0. -10 -0.5 0.0 05 10 -10 -0.5 0.0 05 10

B 1 RIAANY FL, Rey = 2200, Pr= 0.7, Ri = 0.02 (FEERMEY): (a) A%
B DTEET 2 4 D82 —>; (b) b FEEICHNASEET 5 4 Of X —>; (c) 8 O
Wz —

TH2. 22T, t=t/(H/w), V=HV, &=u/u, p=np/lpw?), t =(T—Ty)/AT £ 3 %.
g7z, X (1),(2),3) KHNS 3 DDWRTAL AT X =&, A2 L4 I VZB (Rer), 75> b
L (Pr) 8 (Pr), VFx—RY Y8 (Ri) BUARDXSITERT 3.

Rep = @(: 2Rey), Pr= % Ri = gﬁA# (4)

RIFFROEIR O EFRMEFEICE 7 — V) BB F 2 ¥y = 7ZHEA R WA L AR

MLVEEZHWS. ARY FAEIR X ZIEAEX 2 + OBEEBUEFE (DNS) O 713V X 4 kil
LD FHIEICOWTIE, WEDFHET [4] TRz, LR Z 9 fRR T % 72 I BT 6
KT 2 V12 BB H D, XA R T v ORI ZENT 2 72012, KEMEEIRERICN L
TREMNZE D I, RN OREFBORE S CIERE L [ENDORTY Y AR ERL . HBRAIT
D 3RILOEE & EIFCOWTIE, BTy — ) TRBEME T2 22T, EELEHDOK
7 =V ZFBUTDOWT, 2 XITD Helmholtz AERZF 2. Iz B@YIREREHFOTTIALIE

R (i (5] 2 TR BIS, ATHIRIOBE 2B Y 55 [6].

Up

y
+h H
g X
/
-h z
0 +h
/
h Lx

2 The computational domain and the coordinate system.
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3. A DBREBOREILLER/NT DEK
X7 NELUICEE D BFHOREXIBENT 2 Ri= 002 BEONMAZE X %, K 1(a) D%
R —> D4 DOIIREE (EAREEICIAND D 2 IR0E) DREMINS. ZOFEMARA =X 11, B
ERERTH 22, HRITIE Navier—Stokes RO ARENE (RELE TR DA IEHEEIEIIC
o TRELENLEDDEEZLNRS [T).

(a) Ri=0.002 (b) Ri=0.011
1.0 — 0.014 = — — 0.016
- 0.012 - 0.014
-t 0.010 -+ 0.012
] 0.008 - 0.010
0,006 - 0.008
: - 0.006
T 0.004 L1 0.004
T 0.002 - 0.002
L 0.000 L 0.000
— 0.0090 — 0.014
-+ 0.0075 0012
L 0.0060 T 0010
- 0.008
H- 0.0045
- 0.006
H- 0.0030 L 0.004
- 0.0015 L 0.002
. - L 0.0000 L 0.000
-10 05 00 05 10 uuw -10 05 00 05 10 uu
z/h z/l

K3 AFT ¥ — GRAFEEERS), Ren = 2200, Pr = 0.7 (Lo/h = 41): (a)
Ri = 0.002; (b) Ri = 0.011; (c) Ri = 0.02; (d) Ri = 0.2. /e, EWHBER (y/h = +1),
THNEEE (y/h = —1), £IBE (2/h = —1, HHIEE (2/h = +1).

3, MO MEEOEH % & Ri BUTH L TRLZ. (ab) X8 DiIkEO b D, (c) 234D
TR (d) DRI X o TAL 2 MK BLD Z KRN D B DTH 5. ZRIMNDE(LE & b ITH
EEBO N AR E L EDZDILBEOME (1] LFAKTH 25, (c) KOWTITEELFH O KX
X (HT—~v TORKE) PRI 2> TWa. 24Uk, FEEHD 5 DEDTAD 4 OiIREE
EREZET, GIRPORFROENDIHFIINTVEDTHS. 20 I L 2ELiEEICEH
L TORT72018, KR b Y — 27 2R TR AR AT A OBERE A WG] O/ R & LTl
ML, ZoMBEOMREEMEEN 4105733, K 4(c) (Ri = 0.02) ITRT L5312, MBI v —
TrAMNELN, 4 OIRES N ZERNTFEL TWD Z bbb,

ST, AHICADIKED 1L TOBDPLREINZDDE S hEFANDS DT, PIZKEE
1(b) O =iz~ TEIRERIC LT GEESZ B b DI 90 EREi X ¥), RFFHO DNS
%ML 7. Uhlmann & 2] E AT D4 DHOIEREZUTO XS5 ITERL, KIS L TSy
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(2)Ri=0.002

0.008
0.004 - . i i
0 -—Av— —47 -# ——-*—
(b)Ri=0.011
0.008
0.004 - - - -
0 | volheny | | ol ——-n—J-l-— 1yl |
(©)Ri=0.02
0.008
0.004 - 4 i i
0 | sty | | el | —J—.— . .
- (d)Ri=0.2
0.004 - - 4 i
AR TSSO ) VUSSR ) (RS i [ I N——

-1-050 051 -1-050 051 -1-050 051 -1-0.50 0.51
z/h z/h vih vih

4 i UEHEZ R ) — 2 Of B OMRELRS (PDF), Rey = 2200, Pr = 0.7 (L, /h =
4m): (a) Ri = 0.002; (b) Ri = 0.011; (c) Ri = 0.02; (d) Ri = 0.2.

FL72DDWX 5 THB.
S1+ 853 — 855 — Sy

I(t) =
(t) S1+ 853+ S+ 85,

S = // (wx)idydx
o}

Q Ay, 2)ly<zny < =z}, Q3:{(y,2)|ly>zNy>—=z}
Qo {(y,2)ly<zny>—z} Qu:{(y,2)|ly>zNy<—z2}

=72 L,

$72, X 6(a) IZHIKAEE T O WA T “RFAT I(t) ~ 0.5 ZRLTVS. (b) &
I(£) ~ 0 (8 DHREE), Z LT, () ZREINT LRI S N RIS X — > TH B, 2000 h/uy
LOEMMESTTO- < D LRIEBET 2 2 L hbh s, 4 OWRIEIZHEINLE TlEdH 225,
RENEBE L ETIBIEBICEVRHZE 202 Z L ARB XN,
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1.00

0.75 -
0.50 -
0.25

I o0

—0.75
—0.50

—0.75 A

-1.00

0 250 500 750 1000 1250 1500 1750 2000

tub/h

5 40RO ORBZA. FIHPIKEIXK 1(b) @ L NEEEREGHCIEN A3 H 5 4 DfiREE Fuw /.

(a) (b)
10 — - 10 ——
- . - ey ~ — §
” =\ - 3 -\ {7
e = N o =
— W]/ — ~
{ AANEN A _
0s 0s — -~
\ |\ / d N W\
St i N -
A
/h o0 ~ 001 ep—e=r  N\SS
y >
- a0y
P
(L \|
: i
0.5 0.5 4| WA
-
o
> - .
-10 -10 ~ 5 s
10 0.5 0.0 . X . -0. 0.0

z/h z/h
6 FAHIEFEE L SR OWEA 2 b L, Rey = 2200, Pr = 0.7, Ri = 0.02: (a)
tup/h = 183, I = 0.52; (b) tuy/h = 829, I = —0.08; (c) tus/h = 2024, 1 = —0.73.

4. Frd

EAEX 7 MRAOELIREBEEIC BV TEERELIRE AT, Bhe BRI EIT2 Y
Fx— Y UREBENZ, GRS 7IREDHERT 2 2 DEETER. K13 KBRS LA /AR
¥ Rey = 1600-2200, V 5+ — FY ¥¥ Ri = 0.002-0.2, 8L, 75> b Pr=0.07,0.7,7
B 2 EBRELTROKAEE £ L Dz, 8-vortex 1B D 8 DIIRAED Xt ; 4-vortex 1ZX 1(a)
DR — DA pufls IFELIR CFED 7 REET () BRAUTANCRTE L7287 ofce
3 (B DPEFETE 28O0 TE, B RO EFROR D HIcKkFE ST %). Pr=0.07
T Ri=0.02 T 4 OIIREPEL T, IDEVRI TELZE5THS. i, KHET S
Pr=7BVTIE, Ri=0157=DTA4ORPHERTE/. KOO EREERTZ 2L
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R1 420058 ORE, FhiFI 7O K, Pr=0.07.

Ri
Rep Ri=0.002 0.005 0.01 0.02 0.05 0.1
2200 | 8-vortex 8-vortex buoyancy-induced (b.-i.)
2000 puffs 8-vortex b.-i.
1800 Laminar Laminar

*2 £1rFEE ZEL, Pr=07.

Ri
Ren Ri = 0.002 0.005 0.01 0.02 0.05 0.1
2200 | 8-vortex 8-vortex 4-vortex b.-i.
2000 | puffs (2) puffs (2) apuff 8, 4-vortex 4-vortex b.-i.
1800 a puff a puff a puff a puff 4-vortex b.-i.
1600 a puff Laminar Laminar Laminar 4-vortex 4-vortex/b.-i.

#3 X1rREMk 7L, Pr=T.

Ri
Rep Ri=0.002 0.005 0.01 0.02 0.05 0.1
2000 a puff apuff apuff apuff a puff,4-vortex 4-vortex
1800 a puff a puff apuff a puff a puff 4-vortex
1600 a puff apuff apuff a puff a puff a puff, 4-vortex

T, XD EHEDHIIEIEH ZH2 B TELBDOEEZLNS. F, 4D0IRKNEOER 2RO
LHIETFEDRAECOVWTHIMA L TWa. LD 7 — X ERER OHIEHTFEP, HRICH 2 Vil
DITIHEE DERAAS, FETEAE O FRNELIR D FlfH 2 BIRANCAT 5 BB ERAIRTH 5.

HiEF
AR TOFEIE, REREERER > 2 —HFMA (2022 1) oEBE2% ), Wisteri-
a/BDEC 01 Odyssey 2 L7

BEXH

[1] A. Sekimoto, G. Kawahara, K. Sekiyama, M. Uhlmann, A. Pinelli, Phys. Fluids 23, 075103
(2011).

[2] M. Uhlmann, A. Pinelli, G. Kawahara, A. Sekimoto, J. Fluid Mech. 588, 153 (2007).

[3] A. Pinelli, M. Uhlmann, A. Sekimoto, G. Kawahara, J. Fluid Mech. 644, 107 (2010).

[4] BEAZ, WRFER, M. Uhlmann, P. Alfredo, BHE KA HHREMR LY X —, A——a v a—
F4 v =2—2 10 (5) (2008).

[5] P. Haldenwang, G. Labrosse, S. Abboudi, J. Comput. Physics 55, 115 (1984).

[6] BAARE, HEAY¥BEHRAEB LY X — R—R—avV¥a—T 4 7 oa—X: FEES | 20204
FE THETF - MR HEHEE ) Bl - R RS 23 (5) (2021).

[7] S. Okino, M. Nagata, H. Wedin, A. Bottaro, J. Fluid Mech. 657, 413 (2010).
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ELRIEEREIC L SBR-ELMEBBRER DK DNS
i FE A

1. [FL®HIC

FEARORTIBR TIE, HE n ORI TH D EMOEFHR COMBEHTE T 2LENH L. Ml
FORSNDMRBIZS EZETH DM, KRGO E, HEEVERE, Ht - EBIEREmHITERE 2 &
NEELR->TND, 2095, HEEERRIIMOBREIEREICER T 57290, FEENRBAIETT
72 ARZENFAT A (GHG) DHEH BRI OB HHEREZ WFET 2RA BN TV D, ITFETIE
2018 A-0> IMO "CELFH & 4172 GHG ARG I, [ERRMEES B7 2> 5 GHG PEH &% 2050 42 F T2
WEEDLZENEELE LTEDLITE Y, REBREIOMEHINER ST, 72720, R
BB CEa A hAEL, BIOT7 7 a—TF & UTIROBEENTTIC X 2P 2 OB b Bt
ENRTWD. 207, KEMITRRE COHEEERE T IR ICHEE L 25> T 5.

AHERRBR TIE, —fRAICEERIC O 28 m O R S OB & FERR O 70— REFn B —F T 5 &

INTHEHEHRE L TRBREITY. LML, ZhS 2007 — LR TIELA /L AE R 3 —F L
RN, MR L OBERE O OSBRI CILERE S E, I CILELRE S e & kxR
2%, 2 CTHRI S CELRIEEEEE A T 110 5 2 & T, BURE Y OB E & LT
NEEBR XL FER RGN TN D, S OFELFEELEE O 5ROV CIEER
IKFEEERSH (International Towing Tank Conference, ITTC) IZX > THA RTAUBED D
VTV DM, BURD T A R T A AFHERD LR VR E R COAERBRIC T2 D TH Y,
BIRERBR COILMMEED RIS N TE BT, A ¥ v Rl L o ThLiiE~ &S L2 i
Vi~ L R EBRCHS LA S0 D, FLHRHEE BB 2 O Zei 38R A0 -
BRAGIFFZEAY 1960 R BATOIL TV DD, AR LIV Tt SLitER 2 BRI 2
TE - EHT LTS8 302 T 5. ELIRELE I B3 5 BlfifdT & LTI, Lee et al. (2021)
I X5 Large—eddy Simulation (LES) 2R &L TW5. Lee et al.  (2021) TILELFRET
NEVELT D LES fifrz1T72-o TR0, HH LIZIRET AMEIR-ELIEER &\ O ELIEOR
AREBIG 2 EREICTPRITTE T D0 E D DOEE 7R STV, £ ZCAMZETIE, R
KA BR C O HE AU BRI R O VERERTAM B OVhRA 7287 L ELTAEHE 7 IR DO BRZE O
ZHME LT, FREICA Sy FIROZEED & 3%\ T 1B OB g O J@ i ELITEB BLGIZ DU
THEHPEEE (Direct Numerical Simulation, DNS) Z FHWCREELARELIREIT 21T~ 7-.
FIAMFFEC L > TEHSILIZ NS T — & 235 LES O SGS G 1ET /WS DOWTD a priori T A
REATVY, A1k X0 2ERE 7R ELRIRE S EOBRR 21T 5 L CHMZRELY & BB T RE 2R LR E T
N LTz.

2. BIEREHTFE (DNS)

SR RRAUILL ISR IR E IR O MR T E 472 Navier-Stokes FRER & HifEOXTH
%, XERAEATETKEE 2 X7 NESERWTHERLL, 7727 a2 T y FEE
TR L. JETIORT Vo IifaiTEmii 7 — V) = 2&¥#4 (Fast Fourier Transform, FFT) ZH
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THBRN . R TIXEZE T TH Y, R ISR E S EEEE ORR A B8 5
7= DI OIAREEFEE W=, 25 OFHEIZA CTELE DNS/LES Y L/ X—T&%H % Xcompatctdd
ZHWTEIT SN2 ABFZEIZBIT 2 EEFHIZIE, Inperial College ¢ Turbulence Simulation
Group ABHFE LTzA—7"0 Y —RAD CFD Y 7 | [Xcompact3d] % CFD ¥ LboN—& LCHIH L7z,

KRR CHW DN D ELTREEE OIRIZZ S BA Y v RTHY, A¥ v ROFIRIL ITIC #
A RIAL U TIRESN TV D ARRA S » REBMZ, ENTIEERRA 2 v RR3% < HWHRT
WEHT=, ABFE TG E AT L Lz, A% v REIE Figure 1 IDRTEBY THY,

S 2. 0mm, AFERIE 2. 5mm, &R 1. 5mm, JEA D) 1. Omm OB A L v R L. ffbrE
WORKESIEAS v REALD) Z8AEL LT, Wi Jim (x) 12 150D, A3 J510] () 12 8D, @S J7
BT D &L, A% v RIZEREFRALLEDS 8D DIGHTIZ 1 DORELE L, A/ HHICHE
BRI S 7 EERORLFHREERE O 1 &7 A FOBREZEE LT (Figure 2). BERSMHITHA
A (x=0) TITFAREEE, F#H N (x=150D) TS E L, (y=15D) © _LRESERIT R
BetEE U F72, PR (r=0) & 2% v RFEHT no-slip §fh& L, AV HRNZIZEMSE
R ZEM L. FHAEE U ICB LTI, Table 1 12579 & 912 KRISO Container Ship (KCS)
A (AR E & Lf=230m, IR X Lm=3. 0464m) OFEMRFHEE Vs O Vs=11.5kn & K&
Vs=4. 0kn O 2 S LT Fn 2#EH L, BAIR A7 —/LTO Fn N—8T 5 X 5 ITHEZHRE L

7o. Table 2 ICRRERIHE A X v RIEZRD ZHEHEL Lz R 239, FHEAE T RS HREASHE
TTHY, TGN Z5 XD D 2 & CREE CO TBIELmD D L I Liz. /T
FEE x JFIEINC 2049, v JFIAINC 257, z JFIAINC 256 TH Y, #kE1m4ki3 134,807,808 ThHH. &#f
BTN L7 iR 23 A R 1 E#EE LT BIhus-Holc R8s d % £ TITV, ALt —

W5t LT v TR B AT o O RSILTTREH R L2 R 72

1.0 mm 1.5mm

S~

iy
Z

Figure 1: Plate stud.
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Inlet flow

Figure 2: Schematic diagram of studs installed on flat plate in main calculation.

Table 1: Tank test conditions.
Condition Value
Ship KCS
L,, [m] (Real ship) 230
Real ship speed [kn]l 4.0, 11.5
Ly, [m] (Model ship) 3. 0464

Table 2: Computational conditions.

Condition Yalue

Computational domain (L, x L, xL;) 150D = 15D x 8D

0.2368 (Rep = 235.9),

0.6808 (Re, = 678.2)
Inflow/ Convective

Uniform velocity U [m/s] (Rep, =U_D/v)

P outflow
iti =0,¥vy=1L
Boundary conditions y=0y=1, No-slip/F slip
z=0,z=1L; e
Pariodic
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3. BHRR (DNS)

A8y FM(z=0)

ASwy FWR(z =4D)

1.0

1 i s i i 1 i i L 1.0 1 1
0.5 1.0 0.0 0.5 1.0y

.x#;

“pﬂ s Fue

Figure 3: Nondimensionalized turbulence intensity y—directional distribution of x-—

directional velocity under low Reynolds number conditions

PLEDOSEETEMUIZDNS IZL Y, AHy REELFTEEREEIC L DHEROFERRE, Fx¥
yF’iof%ﬁ%:ﬁﬁm%%btﬁh@ﬁﬁﬁmﬁ%@fmtzﬁ%6#k&ot.ﬁmm

3 IR TR TAb U 7o 2R 7 M O ELRIREE O y F D5 %, AT m oA EIZ-D
WTTry LI T 7 2R T, KR CORERBRICR 2 S DETIGETIIRA S v FL A X
> ROMOMR ET—REICELAILNIERIC /e o 7214, & 2 A BRICELNVNEER L T D123
BTED., FHEERMNBEIICESS VA I NVZEOFEERERNS, 2% v RERXZ » ROMOMHE
I CIIBE G DORENR RN TR Y v RO % OFERCIEBERE OFEIEME 2 /L 5
To. ZHDOFERD BEERE OFENENA X v REHOFEIKIZ X 2 SO FE ik
IZHGLTWD EEZLND.

ZD XD BRANR FRDOEGMEEN RO R =R B ORI & LTRAZ v N2k > TA
RSN DMEMO AR L TND L EZ NS, MERITEER T OTEEO B AR - & H
AR OED B A RET D Z LM OELIRERICB W TEEREHZ R TMTH L Z
EDRMBLINTNS. Q EICESMOFHULEIT o TofER, A¥ >y REXZ > RO O TIX
) Tk TR T 5 2 L <K LTV D~ TAY v FEBROFERTIE T <ICE=ELTH

0, JHBL T DERF R TE .

PLEDFER DG, 512 DRNREA R SR ELENE OBAFE D72 DI, it % R /2 FF I —ERIC
FFKREITHHTE DAL Yy FOIR - BAEOZERBLETHD LEZHND.

4. BHHER ESETLOFTVAUTAE)

JE - ELE BB SN OB ORISR T 2IEF T U — MREETH Y, WK
SOHLIANPARIC L D ELIOER 2 T 212 H 7> TE DNS WS Z LA Tdhsd. —5T,
DNS (FFERARFH 2R M & BT 2 2 LD, ORI LIRSS O Foii 22 RO E 7 152 24
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HEETEL DY =TT 5 9 2T INS VD Z EITIRENTIH .

ZO7W, EARFEIZBWTIE LES (Large Eddy Simulation) 2k 5 CFD RNBEMHTH 5.
Kim et al. (2020) OWFIEICE D &, %R WALE 7 /L TIL 145 7R AFAGHE DS B U T BRI 72 AR
FEREOILRESNHHTES L SN TS, LiL, A% v MIE EROGLEES BRI,
TITAY v RIT Lo TR S D EHER IEE S ELITERIC B W TR X & E 2 - TR 1,
LES IZ R DMHT AT O BRICIZCN O 2 HBLTE 2008 9 OB EAT 5 LENR B 5.

L2L, Lee et al. (2021) OfT>7= LES ICX AT CIX, EALZETADBAZX v RKEY O
BTN % & 2 E CIERICRBLTE T A OEMRIZR STV, T0, JEilkofi
MCRLNTEAS v REFEEARBERED DNS 7 —# _X—2% AT, [ 2 % v R - i
EIEOBFIZINT 72 LES D SGS JGIIETND a priori 7 A b &ATo7-.

a priori 7 A FOFER, Lee et al. (2021) OWFFETITHOIIZ WALE E7 MZ LD LES fifH Tl
ALy FEHEOEMERMEEL BB CTE CRVWAIRRERHD L 2R L. £
P. L. Johnson (2022) |IZ & » TR INT- PIC BEF/MIA Y v REBROFEMTIXIENDOEF L LD
HEWERZRLED, FTHRTRIENOET VI b A-FTHo -

PLEDFER NS, A% v RIHEOMEK TIX PIC EF/L, 2% v RbEEN-FEETlT WALE £
TN Y, BT NAVOEBECEDETHODIT D 2 8 TR v ML DHHIELFS & EfEC R T
XLHEMR DD EBEZBND.

AT LES €T VEHWZ a posteriori 7 A M EEITL, EBUTED SCSIEITET AN AH
v RBEIZED CPD IZB W CGHEI TH D0 EBETILEND S,

5. #&h

AIFFETIE, SHRTEENEE D & SN TV DRHSEME T 2 KMERBRICAT T, BYTOHR
AL o REVELFARHERE I X 2 SLE & OBR, £7-4% OB $OMNLE B E L TR
A By R &SRS ED DNS Z4T o7z,

DNS 1 dE/INRD A r— )V E THMETE 5 2 E 0 OELTIE TlE—RBICHW BN D FIETH D
B, L O BN LERZ EDBRF A MBE. £ 2 CH 3 B CIIER Lz dH o xs
TEF2—=2 T EITHTET, K 10%DFHHEBNROM LA Lz,

B4 BWCITERIC NS 23T, A¥ v RRIELFEHEEE S AU 52 DRI OV THEEL
7o, ZORER, Ay ROTHEAOMHEETIIEEREORENES, HIRAYELIER A3 7. ViE
Wk L CENOBES R EZ 52 THhD ZERHALN LR o7, F 2D X 5 2 AU JF R OEL
BBEOELSVOECRALNHE L LT, Ay Rk TERSNDME, FCALiERICE
B EN 2 Rl THER OSSR LTV D Z ENbhro iz, MLEORERN D, FERAICERA
PR ELITRAELE R OBFE 2 5 12 b T o LMt Z — R O REITHE T& 2 & 5 ik - Bk
WWEBTAHAZENEELLEZ OGND.

H5ETIL, § 4 BETHELAL DNS F—F_R=ZZH\NWT LES IZBITD SCSISHET LD a
priori 7 A NE{ToT=.  FTOFEHE, Lee et al. (2021) 12L& » TITOILIZHAEAR ¥ » FAVELHRIE
HAEE D LES fATICHV B L7z WALE E7 /W FiO%E L2 ERAEIZ L < HBTE 55T,
ALy FAEOBEME R R EZHEH T2 3HLVW ERHLNE RS — T,
P. L. Johnson (2022) 12 & » TRH% &7z PIC EFATIERA Y v FHEO@IT L < HH TE WD
—5 T, FROFHRESBIIEINOET IV E S TARHTH 72, ZEOFERD B A B OELT
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Abstract

The accurate classification of forest types 1is critical for sustainable forest
management. In this study, a novel multiscale global graph convolutional neural network
(MSG-GCN) was compared with random forest (RF), U-Net, and U-Net++ models in terms of
the classification of natural mixed forest (NMX), natural broadleaved forest (NBL),
and conifer plantation (CP) using very high-resolution aerial photographs from the
University of Tokyo Chiba Forest in central Japan. Our MSG-GCN architecture is novel
in the following respects: The convolutional kernel scale of the encoder is unlike
those of other models; local attention replaces the conventional U-Net++ skip
connection; a multiscale graph convolutional neural block is embedded into the end
layer of the encoder module; and various decoding layers are spliced to preserve high—
and low—level feature information and to improve the decision capacity for boundary
cells. The MSG-GCN achieved higher classification accuracy than other state—of-the—art
(SOTA) methods. The classification accuracy in terms of NMX was lower compared with
NBL and CP. The RF method produced severe salt—and—-pepper noise. The U-Net and U-Net++
methods frequently produced error patches and the edges between different forest types
were rough and blurred. In contrast, the MSG-GCN method had fewer misclassification
patches and showed clear edges between different forest types. Most areas misclassified
by MSG-GCN were on edges, while misclassification patches were randomly distributed in
internal areas for U-Net and U-Net++. We made full use of artificial intelligence and
very high-resolution remote sensing data to create accurate maps to aid forest
management and facilitate efficient and accurate forest resource inventory taking in

Japan.
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1. Introduction

Forest type classification is of fundamental importance for sustainable forest
management, i.e., biodiversity modelling [1], management of disturbances [2,3] and
fires [4], harvesting [5], biomass evaluation [6], and carbon stock calculations [7].
Unlike urban area classification, forest type classification is challenging given the
limitations in training images and ground truth. Expert knowledge is required to prepare
training images for convolutional neural networks (CNNs), but there are few open—source
datasets for forests [8]. Mountainous terrain is more susceptible to spectral
reflectance distortion and canopy shadowing than flat land [9] and has high biodiversity
[10]. Moreover, the vegetation is heterogeneous [11-13] because of the effects of
climatic and regional parameters [14,15]. In the 1930s, before the advent of aerial
photography, forest managers collected information using ground inventories [16]. The
classification of medium—resolution satellite images has been performed since the 1970s
[17]. Natural RGB photographs have been used to identify forest tree species [18] and
to classify forest types [19]. Although extensive calibration and pre—processing are
not required [20], traditional forest mapping and monitoring requires expensive, time—
consuming, and potentially unreliable field measurements, along with professional
expertise for manual interpretation [19]. Forest labels are assigned to aerial
photographs by humans who evaluate textures, shapes, colours, sizes, patterns and
associations [21], vegetation composition, forest structural properties (i.e., stem
density, tree size, and vertical structure), and surface morphology [22]

Automated approaches for forest type mapping with remote sensing data can be categorised
into three types: traditional thresholding methods, classical machine learning methods,
and CNN methods. Traditional thresholding methods are limited to colour features (hue
chroma, and lightness) [23,24] and the discrimination of under—story (background) and
over—story (tree canopy) signals in forests, given the subtle changes in complicated
illumination environments. Classical machine learning methods, 1i.e., support vector
machine (SVM) [25] and random forest (RF) [26], handle classification tasks [27-32]
using a small training dataset with Gabor, Canny, Prewitt, Robert, and Gaussian filters
applied to aid classification [33,34]. Recently developed CNN methods are effective
for representing spatial patterns, such as edges, corners, textures, and abstract
shapes, but CNN-based forest type classification with remote sensing data is still a
very new field [35]. Most deep learning models are based on classical CNN models (e. g.
U-Net [36] and DeepLabv3+ [37]) for mapping non—forest [38,39], forest [40] or tree
species [18, 37].

U-Net [41] can obtain underlying spatial features using contraction and expansion

blocks throughout the encoder and decoder, thereby effectively expanding the horizon
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of the sensing fields to assess the global contextual environment and to derive detailed
information. However, U-Net extracts high-level semantic information using a filter of
a certain size and continuously feeds the features to convolutional layers, while
ignoring the large amount of low—level information and ignore the correlations between
adjacent pixels [42-48]. Redundant information is used many times during the processing
flow, which reduces the capacity to represent key features. The skip connection of U-
Net++ [49] helps prevent the potential loss of information caused by sampling [36].
However, the number of operation parameters 1is very large given the dense skip
connections [50], which reduces model efficiency and increases the computational load

Also, during feature fusion, upper—layer semantic information is ignored and the network
cannot yield effective fine—grained features at the decoding stage, resulting in serious
loss of edge and positional information [51]. Principle component analysis (PCA) [52]
and vision transformer (ViT) [53] were proposed for extracting minimal features.
Research has also focused on using critical local image patches and discarding useless
information [47, 48, 54].

Graph convolutional neural networks (GCNs) have recently been used successfully to
analyse irregular data. Graphical spectral, spatial, and geometric data are rich in
node and edge information [55,56]. In a previous study, a GCN [57] performed very well
when extracting features from irregular graphical data and edge connections to aggregate
node information and generate new representations of the nodes. A GCN is limited to
shallow layers because of the vanishing gradient. To extract more features during
semantic segmentation, several studies [58-60] combined CNNs with GCNs to strengthen
the spatial and spectral information and to reduce pixel-level noise by identifying
graphical nodes and the spatial relationships between them, as represented by graphical
edges. Liu et al. [61] collaborate the Euclidean data—oriented CNN with non—Euclidean
data—oriented GCN in a single network to generate complementary spectral-spatial
features from the pixel and superpixel levels respectively. Ding et al. [62] and Wang
et al. [63] fused two global feature vectors produced by individual CNNs and GCNs; the
fused features were optimised. However, robustness may have been low. Peng et al. [64]
fused features using MopNet and the parameters of a CNN and GCN; all features were
continuously updated via backpropagation guided by joint loss.

Japan has a typical marine climate with abundant rainfall that facilitates forest
growth. Nearly 70% of Japan is covered by forests, of which 40% are plantations [65].
Natural mixed forest (NMX) is defined as forest in which broadleaved species account
for 25-75% of the coniferous canopies [66]. Plantation and natural forests differ at
the leaf scale (i.e., in leaf inclination, morphology, and clumping) [9] and canopy
structure scale (i.e., in crown morphology and canopy cover) [67], as well as in
spectral characteristics [68-71]. They also differ at the forest stand scale (i.e., in
forest composition and diversity and tree distributions and interactions within the

forest). It is challenging to segment NMX, natural broadleaved forest (NBL), and conifer
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plantation (CP) because a mixed forest is more heterogeneous than other forests; it
contains both conifers and broadleaved trees. In terms of vertical structure, unlike
an NBL with a single—story stand, an NMX has multistorey classes with varying vertical
structures within each stand type [72]. Furthermore, the natural forests of Japan are
mostly located on steep mountainsides, which makes forest inventory taking and
monitoring difficult [19]. Challenges to achieving highly accurate forest type
classification include the complexity of natural forest canopy [73], which exhibits
multiscale differences [9]. We can easily identify vegetation properties of interest

even with little reference data, in remote sensing data due to the distinct canopy
structure or contrasting flowers, while subtle differences [18] and complex
relationships require complex algorithms and more ground truth samples to identify
specific features [74]. Second, the ambiguity of the boundaries of different forest
types [9], which usually have a high chance of land-cover mixing [11,26,30], affect
the edge pixels. Finally, redundant content and noise in very high spatial-resolution
remote sensing datasets [25] (such as crown shadow effects [75]) and continuous CNN
filters [54] lead to intraclass variation and high interclass similarity

Our main aims were to develop a novel U-shaped deep learning method using a multiscale
global graph convolutional neural network (MSG-GCN) to improve forest type
classification accuracy. This network has several notable features. First, convolution
kernels of different scales are used to capture image features and data from different
receptive fields are fused to capture features that reduce the computational complexity
when combining semantic information [76,77] from a previous level. Second, a multiscale
graph convolution network (MSGCN) module serves as a transitional module between the
encoder and decoder. The MSGCN combines the features of the encoding module with its
own features to better represent edge and multiscale features [78]. Third, the skip
connection is replaced by local attention (LA) [79] that focuses on salient features,
thereby reducing the use of redundant information. Fourth, fusion of the decoding
layers ensures consideration of both high— and low-level feature information, and
improves the attribute decision-making capacity for boundary cells [80]. The main goals
of this study are to compare the novel MSG-GCN with other state—of—-the—art (SOTA)
methods, investigate the specific areas and digital number (DN) of correctly and
misclassified forest types, compare U-shaped deep learning models (such as U-Net and
U-Net++) and the classical RF machine learning method, and map and classify entire
forest areas, as well as determine the spatial distribution of misclassified forest

types.

2. Materials and Methods

2.1. Study Area

The study area was the University of Tokyo Chiba Forest (UTCBF) in central Japan
(longitude = 140° 05" 33’ / to 10’ 10’ / E, latitude = 35° 08’ 25’ / to 12/ 51’ / N)
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(Figure 1). The area is in a warm temperate zone with a mean annual temperature of
14.1 ° C and mean annual precipitation of 2474 mm [81]. The altitude ranges from 50 to
370 m above sea level. The area exhibits the unique forest landform of the Boso Hills

which merit academic study. The terrain and slopes are generally complex and very steep.
The main soil type is brown forest soil and the geological structure comprises marine
deposits from the Neogene Period that are partly covered by nonmarine deposits from

the Quaternary Period [81]
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Figure 1. Location of the study area and views of typical forest sites.
NMX, NBL, and CP indicate natural mixed forest, natural broadleaved forest, and conifer plantation,
respectively. The aerial photographs form three datasets collected at different times in the Katsuura
Tateyama, Katsuura Otaki, and Minami Boso districts. The aerial photographs were taken by Geospatial

Information Authority of Japan.

The total forest area is approximately 2160 ha and can be divided into three forest
types: 267 ha of NMX, 1117 ha of NBL, and 715 ha of CP (Figure 1). NMX areas have
complicated horizontal and vertical structures, mixed stands, and various age classes
The main tree species include Abies firma, Tsuga sieboldii, evergreen Quercus spp.

and Castanopsis siedoldii [81]. Natural forest is composed of many vegetation
communities that exhibit natural succession over long periods of time and thus have
multivertical layers and a rough texture (Figure 1, NMX). NBL has a complex and diverse
crown structure, but the vertical does not exhibit extensive variance. NBL is dominated
mainly by C. siedoldii, evergreen Quercus spp., Zelkova serrata, and Acer spp. (Figure

1, NBL) [81]. Although NBL areas often have a smoother texture than other areas, NMX
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areas can be easily misidentified as NBL areas. CP areas are generally monocultures
with simple structures characterised by coniferous trees (Cryptomeria japonica and
Chamaecyparis obtusa) that are cone—like in shape with a characteristic crown structure
It is easier to detect this forest type than others. CP established for timber
production is manually planted and managed and exhibits well-organised arrangements in
columns and rows (Figure 1, CP).

2.2. Data Sources and Preprocessing

We used digitally georeferenced orthorectified aerial photographs taken by the
Geospatial Information Authority of Japan (GSI) that were purchased from the Japan Map
Center (https://www. jmc.or. jp/, 18 June 2019). Orthorectification was applied only to
the RGB bands; data in the form of 30 7 X 30" 7 tiles were available. The orthophoto
tiles use the JGD2000 or JDG2011 datum geographical coordinate system. The entire study
area is covered by three blocks of GSI aerial photographs collected in different years.
Four image tiles were acquired on 25 November 2012 over the Katsuura Tateyama district
at a height of 2000 m. The size of each photograph was 3750 X 4650 pixels and the
ground sample distance (GSD) was 0.2 m. One hundred image tiles were acquired on 27
October 2017 over the Katsuura Otaki district at a height of 4000 m. The size of each
photograph was 1875 X 2325 pixels and the GSD was 0.4 m. Finally, 144 image tiles were
acquired on 15 July 2017 over the Minami Boso district at a height of 2350 m. The size
of each photograph was 1875 X 2325 pixels and the GSD was 0.2 m. We resampled all
photographs to a resolution of 0.2 m using the nearest neighbour algorithm [82],
mosaicked them into a single tile, and ensured compatibility of the data with
JGD_2011_Japan_Zone_9 projection using ArcGIS software version 10.8 (Esri Inc.
Redlands, CA, USA). We used TNTmips for linear raster contrast enhancement of the
mosaicked image. Since 1970, the NMXs have not been logged, except to remove obstructive
trees [83]. Until the early 1960s, the NBLs were used as fuelwood forests, but logging
has been minimal since 1980 [83]. Although the aerial photographs were taken in 2012
and 2017, we assumed that the boundaries between forest types did not change greatly
over this period

The fully annotated ground truth classification map was used as the forest type map of
the entire UTCBF (Figure 2). This was produced by UTCBF staff in vector format based
on a forest map compilation, forest register, inventory data, and aerial photograph
interpretations. The original map had a scale of 1:10,000 and was converted into a
raster format tiff file that covered 35,152 X 41,152 pixels using the ‘polygon to
raster’ method in ArcGIS. We reclassified the original classes into three types: NMX
NBL, and CP; other categories, such as the nursery and forest museum [81] used for
education and research, covered very small areas and were not considered in this study.
The images of these areas were removed, set as non—forest background (BG), and assigned
a value of 255. The ground truth map was processed using the raster extraction boundary

of UTCBF and then overlapped with the mosaic aerial photograph using the ‘extract by
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mask’ routine of ArcGIS to create an aerial photographic image of the same scale and

spatial resolution as the ground truth map.
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Figure 2. Ground truth map of forest type classification, provided by the University of

Tokyo Chiba Forest (UTCBF).

The aerial photograph and ground truth map, both of which are 35,152 X 41,152 in size
were cropped into 512 X 512 tiles without any repetition or overlap to ensure that
each image was completely unique. Tiles lacking pixel values were removed. We randomly

separated the remaining image and ground truth maps into three parts into training
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evaluation, and test datasets at a ratio of 8:1:1 (1981, 248, and 248 image tiles,
respectively).

2.3. Model Architecture

2.3.1. Basic Overview

U-Net uses encoders and decoders to model the space of the segmentation target. U-Net
is an effective deep learning model for segmentation [41]. However, during modelling

subtle changes in the target may be ignored and sensitivity to fine details can be low.
The continuous use of single-scale convolutional filters and pooling operations during
encoding makes feature extraction insufficient. Therefore, given the complex content
and high—frequency spectrum of a remote sensing image, we developed a locally aggregated
MSG-GCN for accurate image segmentation.

Figure 3 shows the overall structure of the segmentation framework. There are three
basic components: an encoder with three encoding blocks; a transitional MSGCN module
between the contraction and expansion blocks; a decoder with three decoding blocks.
The LA [79] integrates encoding and decoding features through an attention mechanism.
LA effectively filters out irrelevant information, enhances the capacity to represent
key information, and completes the segmentation task. For each encoding block and
corresponding decoding block, we use 1 X 1 convolution for compression and 1 X 1 and
3 X 3 convolution layers for excitation. Thus, each encoding and decoding block
extracts local and global semantic features by splicing features at different graph
scales to capture multiscale information from the segmentation target. Simultaneously

pooling operations at various scales are run using the final decoder, which aids
description of the global and contextual semantics [84]. The MSGCN is used by both the
encoder and decoder as a transitional layer (strictly speaking, the MSGCN is an encoding
block). This accurately identifies multiscale local and global information of the
segmentation target. The MSGCN determines interactions between pixels by merging and
transferring node information, reduces the intraclass ambiguity caused by different
characteristics, and thus aids the modelling of long—term dependence [85]

2.3.2. Encoding Module

Convolutional operations at various scales replace the continuous convolution layer of
the U-Net model. Specifically, a simple squeeze excitation multiscale [77] is used to
model the multiscale information of the target. The number of network parameters and
computational complexity are thus reduced and multiscale local semantics are captured
more accurately. Each encoding block has an extruded layer, two excitation layers of
different scales, and a splicing layer. Then, the coding information is input into the
maximum pooling layer for fusion and dilution, which improves multiscale representation

The splicing and pooling process is given by the equation below:
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0, = COnC{lt([COnlelxzkw( fu@);Conov, . (Conv, . ( fex(x)))J)

fu(x)=Conv,_ .. (x) 6))
Of, =MP(O!,),k=1,2,3

W is the number of filters, Convl X

where Ocat is the output of the splicing layer
1 X 2kw () and Conv3d X 3 X 2kw (-) are convolutions using 1 X 1 and 3 X 3 filters
2k w is the number of filters, fex(x) are ‘squeeze incentive features’ , k is the kth
encoding module, and Okmp is the maximum pooling layer of the kth encoding module
2.3.3. Multiscale Graph Convolution Network (MSGCN) Module
The CNN described above effectively captures local and global information. To create
long—term dependencies and to identify the spatial relationships between different
semantic details, the encoded information is sent to a large optimised topological GCN
that extracts detailed semantic information and constructs spatial relationships by
merging and transmitting node information [59]. A topological graph can be expressed
as G = (V,E), where V is the set of nodes and E is the set of edges between nodes. The
steps used to construct the spatial relationship are as follows.
Step 1. To improve feature representation, we first send the encoded features to a 1
X 1 convolutional layer for information conversion. In other words, we embed the data
into a unified low—dimension space to compress the features and improve the “expressive”
nature of the network; the reconstructed features provide a basis for the subsequent
graphical representation. The reconstruction process is described as follows:

O, =reshape(Cono, , ... (O,,))
O,, =reshape(Conv, .. (O,,)) 2)

ON c RCx(HxW),OM e RUHW)=C

. o, . . .
where OM and ON are the reconstruction features, "Pis the maximum pooling layer of

the convolutional encoding layer, and reshape(-) is the information conversion function
Step 2. The reconstructed features are used to construct a multiscale graph with
dimensions of CN X CM, where CN is a channel feature with N nodes and CM is a
channel feature with M nodes. The Euclidean distance is used to determine the spatial
relationships between nodes. The construction of adjacency matrix A is shown in Figure
3 and described by Equation (3). The reconstructed feature map is used to construct
the topology map G. If there is a relationship between adjacent feature points, a value
of 1 is assigned; if not, the value assigned is 0. Next, graph convolution is used for
node learning and optimisation, and node transfer is then employed to gather detailed
information on spatial relationships. The multilayer learning graph convolution is

given by the following equation:

1 1
FO = o(D 2AD 2 fIIWID) e RS, A= A+ ] ®)
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where 76 is the output of the 1th graph convolution layer, ( ) is the LeakyRelu

activation function, A is the adjacency matrix normalised by the Laplace method, D is

the degree matrix, I is the identity matrix, A is the adjacent scale, and VK;L_D is the

weight matrix of the (I — 1)th graph convolution layer.
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Figure 3. Overall structure of the segmentation framework

IM is the original remote sensing image, EIl,2,3 is the encoder, DI,2,3 is the decoder, Convl X
1 X w is the convolution operation with a convolution kernel of 1 X 1, and w is the filter. Conv3
X 3 X 2w is a 3 X 3 convolution operation with a filter of 2w, where w is 16. LA(-) is the local
attention module. Concatenate(-) is the matrix concatenation; SoftMax(-) is the classifier; C, H,
and W are the channel, height, and width of the feature, respectively. “UP” indicates the upsampling
operation of bilinear interpolation, where UP1(-) indicates that the upsampling kernel size is 8 X
8 and UP2(-) indicates that it is 4 X 4. UP3(-) indicates that the upsampling kernel size is 2 X

2.

Step 3. The MSGCM creates effective long—term dependencies between nodes using the node
transfer function and efficiently captures the global spatial semantics of target
objects using the aggregation function. Given that the initial encoding features
contribute to the representation of local semantics, we can reconstruct the features
from the third encoding module, fuse them with the multiscale graph convolution features,
and input these into the 3 X 3 convolution layer to further strengthen the
representations of local and global features and establish interactions between them.

2.3.4. Decoding Module

In the decoding stage, the decoder module restores the feature maps to the original

input size. In U-Net, the expansive path involves upsampling of the feature map followed
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by a 2 X 2 convolution that halves the number of feature channels, a concatenation
with the corresponding cropped feature map from the contracting path, and two 3 X 3
convolutions, each followed by a ReLU. A 1 X 1 convolution at the final layer maps
the feature vector to the desired number of classes. Our redesigned expansive path is
roughly symmetric to the contracting path with a U-shaped architecture. The parallel 1
X 1 convolution and 3 X 3 convolution replaced by two consecutive 3 X 3 convolutions
were used to extract multiscale features. Extrusion and excitation feature learning
can better represent target objects through this process. Furthermore, concatenation
of high-dimensional upsampled features can easily lead to confusion regarding the
features of objects at different scales, especially when the contour boundaries are
blurred and irregular. Therefore, to explicitly learn the position and boundary
information from the corresponding encoder blocks and fine—-grained feature maps from
the previous decoding convolution layer, we designed an LA embedding module to enhance
the recognition ability, increase differences among target objects at various scales

and refine the features of different categories of target objects. The LA is calculated

using Equations (4) and (5)

LA = AHEQ,,, fp) ()

AHE(s)

where LA is the local attention module, is the embedding operation for LA, and

Ouw 4 f D

are the maximum pooling output feature of the encoding module and the

corresponding position decoding output feature, respectively. LA improves feature
representation, eliminates redundant information, and establishes a complementary
relationship between high— and low—level features. Thus, when high—-level features are
insufficiently represented, low-level features are strengthened. To ensure that low—
level features do not interfere with high-level ones, a residual module is used to
emphasise (or de—emphasise) the importance of low-level features. The LA embedding
operation is as follows:
Omp t ampomp t fD + anD

LA= (5)
2

a
m’ D

where are the attention matrices of the encoding and decoding features

respectively. Low-level detailed feature maps capture rich spatial and concrete
information that highlights a target’ s boundaries and morphology; high-level feature
maps capture abstract information, which results in the loss of detailed information
Spatial and size differences make it difficult to fuse the high— and low-level features
directly and effectively. As a result, we upscaled each decoding output feature map to

the original input size of 512 X 512 using bilinear interpolation. These three feature
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maps are added directly to the unchanged channels, which increases the amount of
information and reduces the model calculations. Adding the decoder stage output can be

computed as:

{Ouut:upl(fD3)+UP2(fD2)+up3(fDl) ©

Y = SoftMax(Conv, 4(O,,,))

The output feature map of the different decoding modules fD3, fD2, and fD1 and bilinear
interpolation upscaling operations of the various filter kernels are represented by
UP1(), UP2(), and UP3(), respectively; the kernel sizes are 8 X 8, 4 X 4, and 2 X
2. Oout is the total feature plot of the decoded path output

2.3.5. Loss Function

To ensure the robustness of the feature representations used for learning, we employed
Dice loss function [86] to optimise the model and to facilitate attribute decisions
for the boundary cells [87]. This effectively suppresses the class imbalance problem

[87].

2|xNY]|

(M

where Y is the prediction label and X is the truth label.

2.3.6. Comparison with SOTA Models and Experimental Settings

We compared the proposed MSG-GCN with two machine learning methods (RF [88] and SVM
[25]) and five SOTA methods (U-Net [41], U-Net++ [49], fully convolutional networks
(FCN) [89], vision transformer (ViT) [90], and GCN [78]). The methods were implemented
using their original codes and trained on the datasets used herein. The MSG-GCN module
had two graph convolutional layers. ResNet101 [91] was used to create the initial
feature matrices. AdamW [92] served as the optimiser; the learning rate was 1 X 104

the weight decay was 1 X 10-3, and the learning rate was adjusted by cosine annealing
warm restarts. All experiments involved 100 training epochs. The batch size was 33.
All models were implemented using the PyTorch 1.7.1 framework and the experiments were
conducted on the Wisteria/BDEC-01 Supercomputer System (FUJITSU Server PRIMERGY GX2570
M6 (FUJITSU, Tokyo, Japan)) at the Information Technology Center (The University of
Tokyo, Tokyo, Japan), which is equipped with NVIDIA A100 Tensor Core (NVIDIA, Santa
Clara, CA, USA) graphical processing unit (GPU) (40 GB SXM). For the RF and SVM models,
the OpenCV 3.4.2 [93], scikit—learn 0.24.2, and scikit—image 0.18.1 [94] Python 3.7.0
libraries were used to implement machine learning. Using the methods of Canny, Robert

Sobel, Scharr, and Prewitt, edge—based features were extracted as grayscale images that
identified and highlighted edge information [95]. Gaussian, median, and variance
filters were applied to extract noise and to reduce blurring [96].

2.4. Data Analysis

2.4.1. Accuracy and Complexity Evaluation
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To identify the best model, we calculated the overall accuracy (0A), mean intersection
over union (mloU), kappa, Fl-score, precision (Pre), and recall (Rec) metrics and
evaluated classification accuracy using a confusion matrix. In this matrix, true
positives (TPs) are correctly classified pixels, false positives (FPs) are incorrectly
classified pixels, true negatives (TNs) are correctly predicted failures, and false
negatives (FNs) are incorrectly predicted failures. Pre is the ratio of TPs to the sum
of the TPs and FPs and indicates the accuracy within the class. Rec is the ratio of
TPs to the sum of TPs and FNs; this is a measure of class confusion. The inclusion of
Rec in the Fl-score mitigates the imbalance between different types. The OA and kappa
value were calculated as percentages of correctly classified pixels [97]. Kappa is more
accurate and objective when there is an imbalance in dataset types. Kappa denotes the
correlation between human—-based validation and that of the machine learning classifier

The kappa value [98] ranges from -1 to 1, where values below 0 indicate no agreement

0-0.2 indicate slight agreement, 0.2-0.4 indicate fair agreement, 0.4-0.6 indicate
agreement, 0.6-0.8 indicate substantial agreement, and 0.8-1 indicate near—perfect or
perfect agreement. IoU is the ratio of the overlapping area of the sum of the ground
truth and predicted area to the total area and is widely used to assess semantic
segmentation [2]. We compared the number of floating—point operations per second (FLOPs)
and number of parameters [99] between the MSG-GCN and other SOTA models.

2.4.2. Classification Difference Analysis

The MSG-GCN architecture was refined and optimised based on U-shape encoder and decoder
models (U-Net and U-Net++). The MSG-GCN, U-Net, U-Net++, and RF classical machine
learning methods were used to map the spatial distributions of correctly classified
and misclassified areas. A confusion matrix was applied to the test dataset using the
raster calculator of ArcGIS version 10.8 (Esri Inc., Redlands, CA, USA). The results
are shown as I-] values, where I is the ground truth and J is the predicted forest
type. This provides insight not only into the number of errors but also the type [100].
The percentage is the sum of the correctly classified and misclassified areas divided
by the total area of each forest type and makes comparisons within and between forest
types more intuitive. A DN is associated with the value of a given pixel for each
forest type in the different spectral bands. We used ArcGIS software to extract the
DNs for each forest type, which were then summed and divided by the total number of
pixels for each classification type. To evaluate differences in mean DNs between
classification types, we used Fisher’ s least significant difference (LSD) test [101]
and the ‘boxplert’ function of R software v 4.2.0 (R Development Core Team) to analyse
significant differences between pairs of spectral DNs for correctly classified and
misclassified forest types

The spatial positions of correctly classified and misclassified forests over the entire
research site were visualised. The forest type tiles predicted by each model were

merged into a 35,152 X 41, 152 map and overlaid with the ground truth using the ArcGIS
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raster calculator. The misclassification rates of multiple buffer zones (10-170 m)
around the research site were extracted by ArcGIS [102] to analyse the spatial
distribution of the misclassified forests. Given the limitations in data availability,
all aerial photographs and composites of the three series were collected. Thus, the
effects of seasons, solar radiation and weather conditions were included in the dataset.
The areas of misclassified forests from the three districts were extracted to determine

how the dataset affected classification.

3. Results

3.1. Classification Accuracy Indices of Different Models

Table 1 shows the quantitative evaluation metrics (0A, kappa, IoU, Fl-score, Pre, and
Rec) for all classification types, which were calculated using the test dataset to
allow for quantitative comparisons. The accuracy metric showed that the MSG-GCN model
performed best (kappa = 0.7808, OA = 0.8523), while U-Net++ (kappa = 0.7263, O0A =
0.8143) and GCN (kappa = 0.7473, OA = 0.8240) performed well; FCN (kappa = 0.5209, OA
= 0.6895), U-Net (kappa = 0.6706, OA = 0.8098), and ViT (kappa = 0.6942, OA = 0.7914)
performed moderately. RF (kappa = 0.3373, OA = 0.5739) and SVM (kappa = 0.0028, O0A =
0.6344) did not perform as well as the other models. In terms of the classification
quantitative metrics for the three forest types, the MSG-GCN model performance was
competitive relative to the other methods. Of the three forest types, NMX was the least
accurate for all models because of dataset imbalance; few NMX areas were correctly
classified. Although GCN had the best accuracy for NMX, the accuracies of NBL and CP
were lower than that of MSG-GCN. Of the three forest types, CP was most accurately
detected by U-Net, U-Net++, ViT, GCN, and MSG-GCN. RF and SVM detected NBL most
accurately, followed by CP. Considering the parameter numbers and FLOPs required to
process the images, our MSG-GCN architecture combining GCNs with CNNs has the largest
model size (88.10 M parameters) and required more operations for processing and slightly
fewer FLOPs (104.99 GMac). The FCN has the fewest parameters (3.93 M) and U-Net is
optimal in terms of FLOPs (218.94 GMac).

Table 1. Performance comparison of the eight methods. Accuracy, FLOPs, and parameters
are listed as a function of model size on the aerial photo. The best results are in

bold.

IoU_ IoU_ IoU_ F1_ F1_ F1_ Pre_ Pre_ Pre_ Rec_ Rec_ Rec_ FLOPs Params
Models OA Kappa
NMX NBL CP NMXNBL CP NMXNBL CP NMXNBL CP (GMac)(M)

RF 0.57390.3373 0.05960.46050.15840.11240.63060.27340.10170.69640.23070.12570.57620.3357 - -
SVM 0.63440.0028 0.12450.2324.0.14970.22140.37720.26050.34160.29380.36590.16370.5264 0.2022 - -
U-Net 0.80980.6706 0.344 0.66790.67760.51190.80090.80780.51510.77580.85040.50880.82770.7693218.94 31.04
U-Net++  0.81430.7263 0.33670.67410.69920.50370.80540.82290.52210.79190.83580.48670.81920.8105153.00 47.18

FCN 0.68950.5209 0.00070.55310.43670.00140.71230.60790.38570.61490.65610.00070.84620.5664102.19 3.93
ViT 0.79140.6942 0.34990.64540.65300.51840.78450.79000.59130.74750.81890.46150.82540.763222.66  23.28
GCN 0.82400.7473 0.54630.66510.68110.70660.79890.81030.72320.81540.77810.69070.78300.845357.66  9.18

MSG-GCN 0.85230.7808 0.43740.73410.74510.60860.84670.85390.61030.84750.85100.60690.84590.8569104.99 88.10
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3.2. Area and Digital Number for Each Forest Type Predicted by the Various Models

To further evaluate classification, the confusion matrix was applied to the test dataset.
All evaluation metrics (Table 1) showed the same tendencies in terms of the percentages
of correctly classified forest areas of each type (Table 2). NMX and CP forests tended
to be more susceptible to be classified as NBL forest, whereas the misclassification
rates between NMX and CP were very low. Taking MSG-GCN as an example, NMX was more
likely to be classified as NBL than CP, while CP was more likely to be classified as
NBL than NMX. U-Net and U-Net++ showed the same tendencies as MSG-GCN. There were very
few misclassifications of BG points as other forest types; such errors were confined
to the edges because of the inevitable errors in raster pixel values. The RF model
could not detect NMX forest and tended to misclassify NMX as CP rather than NBL.

Table 2. Areas and percentages of forest types correctly classified and misclassified

by the RF, U-Net, U-Net++, and MSG-GCN models.

Ground Truth MSG-GCN U-Net++ U-Net RF
Classification Number Percentage Number Percentage Number Percentage Number Percentage Number Percentage
of Pixels (%) of Pixels (%) of Pixels (%) of Pixels (%) of Pixels (%)

BG 11,654,816 100 11,624,871 99.74 11,651,030 99.97 11,650,029 99.96 11,645,984 99.92
BG-NMX 1138 0.01 343 0 55 0 665 0.01
BG-NBL 18,005 0.16 1597 0.01 2461 0.02 5039 0.04
BG-CP 10,802 0.09 1846 0.02 2271 0.02 3128 0.03
NMX 6,282,528 100 3,833,885 61.02 3,279,871 52.21 3,235,934 51.51 638,718  10.17
NMX-BG 3691 0.06 2741 0.04 5495 0.09 4416 0.07
NMX-NBL 2,342,218 37.28 2,742,520 43.65 2,633,321 4191 4,320,615 68.77
NMX-CP 102,734 1.64 257,396 4.10 407,778  6.49 1,318,779  20.99
NBL 30,431,072 100 25,789,099 84.75 24,098,604 79.19 23,609,032 77.58 21,192,944 69.64
NBL-BG 37,705 0.12 30,617 0.10 51,540 0.17 42,704 0.14
NBL-NMX 2,351,894 7.73 3,308,442 10.87 2,935,850 9.65 2,920,111 9.60
NBL-CP 2,252,374 7.40 2,993,409 9.84 3,834,650 12.60 6,275,313  20.62
CP 16,643,296 100 14,163,402 85.1 13,911,171 83.58 14,153,704 85.04 3,838,865 23.07
CP-BG 13,638 0.08 9119 0.05 22,016 0.13 17,659 0.10
CP-NMX 129,378  0.78 150,747 091 188,197  1.13 1,521,940 9.15
CP-NBL 2,336,878 14.04 2,572,259 15.46 2,279,379 13.70 11,264,832 67.68

BG indicates background areas lacking spectral information; BG-NMX indicates BG areas
misclassified as NMX forests; BG-NBL indicates BG areas misclassified as NBL forests;
BG—CP indicates BG areas misclassified as CP forests; NMX-BG indicates NMX forests
misclassified as BG areas; NMX-NBL indicates NMX forests misclassified as NBL forests;
NMX-CP indicates NMX forests misclassified as CP forests; NBL-BG indicates NBL forests
misclassified as BG areas; NBL-NMX indicates NBL forests misclassified as NMX forests;
NBL-CP indicates NBL forests misclassified as CP forests; CP-BG indicates CP forests
misclassified as BG areas; CP-NMX indicates CP forests misclassified as NMX forests;
CP-NBL indicates CP forests misclassified as NBL forests.

Figure 4 shows that NMX, NBL, and CP forests correctly classified by the four models
had very similar mean DN values for the three RGB bands. LSD analysis revealed that
the mean DN of NBL was higher than that for CP (Figures 4 and 5) and that the DNs for

correctly classified and misclassified forest types were very similar. The
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distributions of the correctly classified and misclassified forest types overlapped

greatly in terms of the DNs, as shown in the plot figures (Figure 4).
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Figure 4. Mean digital numbers (DNs) of forest types correctly classified and

misclassified by different models.
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Figure 5. Least significant difference (LSD) analysis of the digital numbers (DNs) of

the various bands for different forest types and different models

The differences between the DNs of forest types correctly classified and misclassified
by the four models were analysed using the LSD test. In terms of the DNs of correctly
classified forest types, NMX(c) and NBL(a) differed significantly. In terms of the DNs
of misclassified forest types, taking the red band of the MSG-GCN model as an example
(Figure 5), a significant difference between NBL(a) and NBL-NMX(bc) was shown, while
there was no significant difference between NBL-NMX(bc) and NMX(c). There was no
significant difference between CP(ab) and CP-NBL (bc), but there was a difference between
CP-NBL (bc) and NBL(a). There was no significant difference between NMX(c) and NMX-
NBL (c), but there was a difference between NMX-NBL (c) and NBL(a).

In terms of the prediction maps (Figure 6) for the test data set, severe salt—and-
pepper noise was apparent in the RF map, but this was less severe in the U-Net and U-
Net++ maps. However, there were patches where NBL and NMX areas were misclassified as
CP or confused with each other. Moreover, the forest type edges were unclear, especially
for NMX in U-Net and U-Net++, whereas the MSG-GCN map showed fewer misclassified patches

and the edge areas between different forest types were sharper (Figure 6)
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Figure 6. Ground truths of the three forest types.

Example of the limitations of spectral classification (i.e., RF) and the U-Net, U-Net++, and MSG-

GCN spectral-spatial classification methods. (a) a patch tile contains NMX, NBL and CP forests, (b)
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a patch tile contains NBL and CP forests, (c) a patch tile contains NMX and NBL forests, (d) a patch

tile contains NMX and NBL forests.

3.3. Mapping and Spatial Distributions of Forest Types by the Different Models

For MSG-GCN, misclassified (Figures 7 and 8) areas were mostly distributed in boundary
areas. For U-Net and U-Net++, the misclassified areas were not confined to the
boundaries; instead, they were randomly distributed in internal regions. Buffer zone
analysis (Figures 8 and 9) showed that MSG-GCN errors were mostly in the external 30—
m boundary buffer areas. The error rate decreased rapidly from the internal 40-m buffer
zones and plateaued at 3.26% for the 50-m buffer zones. For U-Net and U-Net++, the
errors were concentrated in the external 30-m boundary buffer zones; the internal
buffer zones had lower error rates. However, because of the randomly misclassified

fragments, the internal error rates were larger than for MSG—GCN.
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Figure 7. Visualisation of the entire study area.
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Figure 8. Variation in the misclassification rates of different models over buffer

scales of 10-170 m.

The misclassification rates of the three district images showed that year and season
did not greatly influence classification accuracy (Figure 9). The Katsuura Tateyama
and Minami Boso areas showed slightly higher error rates than the Katsuura Otaki area
with U-Net, U-Net++, and RF models; for the MSG-GCN model, the error rate for Katsuura
Tateyama was higher than those for Katsuura Otaki and Minami Boso. The RF, U-Net, and

U-Net++ made more errors than MSG-GCN (Figures 9 and 10).
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Figure 9. Misclassification rates for the different districts of all models.
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Figure 10. The forest types misclassified by the various models.

4. Discussion

4.1. Classification Accuracy

The results (Tables 1 and 2) showed that MSG-GCN outperformed the other models. MSG—
GCN better extracted the features of minority classes. The IoU accuracy for NMX was
0. 4374, which was higher than those of U-Net++ (0.3367) and U-Net (0.3440), and shows
the utility of augmentation techniques, including the cropping, rotating, and flipping
(of input images), as well as the Dice loss function [103]. The results are in line
with previous studies; the classification accuracy for NMX was lower than those for CP
or NBL [10]. Cheng et al. [32] provided a relatively reliable planted forest (0A =
84.93 %, F1 =0.85) classification at a national scale using multisource remote sensing

data, while the poor data quality and complex terrain and vegetation conditions brought
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errors in planted and natural forest classification. In CP areas, seedlings are usually
planted in lines, such that high classification accuracy is possible. However, if the
lines are not evident because some trees have died or been harvested or broadleaved
trees have naturally regenerated, there is a tendency toward error [2]. The borders of
NMX areas are not sharp and the manual and automatic classification results varied
Although visual classification can be considered accurate, errors may exist due to
inaccurate manual delineation and objective variance [3]. NMX areas with heterogeneous
and irregular boundaries, diverse species, and multicanopy layers were the most
difficult to map. The edges were not smooth and the canopy textural features were
heterogeneous. This severely imbalanced the forest types in terms of the relative
proportions of the NMX, NBL, and CP areas, which complicated classification because
the dataset was biased toward the majority class; this was associated with errors among
the minority classes [104]. For the SOTA experiments, FCN [89] can effectively capture
the local feature information of the target, while it cannot obtain the global
information due to the small receptive field. A shallow GCN [78] with a single structure
cannot effectively spread label information in a large area. During the transmission
of node information, it is easy to cause the node feature vector to be oversmoothed
and result in similar characteristics of each node, which is not conducive to the final
segmentation performance. ViT [90] regards each patch as a task by extracting and
refining relational information through a multihead self-attention mechanism, while
the model requires for heavy computation capacity and high—quality training data. In
addition, the oversmoothing problem limited the number of stacking layers and prevented
the model from encoding the position information, which ultimately degraded the
segmentation performance. The computation complexity performance of MSG-GCN is not the
best among the SOTA experiments, our main aim is to improve classification accuracy
while ensuring moderate FLOPs. In the future, we will try to build concise efficient
graph semantic models to improve the accuracy of forest type classification.

4.2. Area and Digital Number for Each Forest Type Predicted by the Different Models
In terms of forest type misclassification, our model (Table 2) made fewer errors than
the U-Net, U-Net++, and RF models. A drawback of U-Net and U-Net++ is the use of
identical kernel weights, which can cause loss of semantic information during
information transfer between layers [105]. Unlike previous studies that used fixed
graphs, we imported a multiscale graph, which can perform flexible convolution on any
irregular image area and describe the target object in the image at different scales,
increase the receptive field, and improve the feature representation ability. The MSG—
GCN can exploit multiscale information, remove noise, and preserve edges [85]. We found
that MSG-GCN segmented clear edges. The GCN uses edge information to aggregate node
information and then generate a new node representation that automatically learns both
node features and associations between nodes [106]. This allows the model to learn the

characteristic information of boundary pixels better, establishes spatial correlations
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effectively resolves differences within or between classes, and improves the
classification accuracy of objects in aerial forest images. Although the segment edges
of MSG-GCN were clearer than those of U-Net and U-Net++, some misclassification (Figure
8) still occurred in edge areas, in line with previous research [107,108]. In an NMX
area, broadleaved species covered 25-75% of the land occupied by coniferous canopies
[66]. Some tree species are found in more than one forest type. In UTCBF areas, the
main tree species are evergreen Quercus spp., but C. siedoldii, which is found in NBL
areas, can also be seen in the NMX forest type; this may explain the misclassification
of NBL as NMX. Spectral similarities, crown overlap, and similar noise among different
forest types compromise classification accuracy [109], leading to misclassification
The models find it difficult to delineate forest types based on the surface, colour,
and patterns. Thus, we analysed the spectral values of correctly classified and
misclassified areas to understand why misclassification occurred. The DNs (Figure 4)
of different forest types varied, but the DNs of misclassified forest types were similar
to those of correctly classified areas [107]. The DN of NBL was relatively high compared
with that of CP, in line with previous results [28,110]; the forward-scattering
direction of a coniferous forest shows lower reflectance than that of a deciduous
forest because of the distinct optimal angles and leaf directions. An example LSD
analysis of the digital red band of MSG-GCN showed that, within the NMX group, there
was no significant difference between NMX(c) and NMX-NBL(c). Although a significant
group difference between NMX-NBL(c) and NBL(a) was apparent, misclassification remained
an issue. There was no significant difference between CP(ab) and CP-NBL(bc) within the
CP group, but MSG-GCN showed a significant difference between CP-NBL(bc) and NBL(a).
However, some CP-NBL misclassification still occurred, perhaps because the spectral
information was not adequate to allow the model to classify the forest types. Other
factors may also trigger misclassification. There were only three information bands
and the spectral reflectance varied among the bands for different forest types. Within—
species variation in reflectance may be caused by site conditions, species composition,
the vertical structure, and shadowing effects [10, 111]

4. 3. Mapping and Spatial Distributions of Forest Types for the Different Models

As shown in the visualisation map (Figure 7), RF showed severe salt—and-pepper noise.
Object—-based classification by U-Net and U-Net++ reduced this noise, but many patches
remained where NBF was misclassified as CP and the edges were not sharp and clear
(unlike MSG-GCN) (Figures 7 and 10).With MSG-GCN, misclassified forests clustered
mainly along the transition zones of the forest boundary areas (Figure 8), similar to
previous findings [30, 73], perhaps because of homogeneity in the spectral responses
and shade due to the highly enclosed overlapping crowns [2], as well as the greater
sensitivity of edges compared with internal areas. This is a longstanding problem in
semantic segmentation. Unlike the regular morphology of well-defined urban land, the

morphology and texture of forest canopies are heterogeneous and complex and vary
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according to species composition [66]. Thus, ground truths may not be recorded
accurately given the inevitable subjective boundary errors and variation in remote
sensing images caused by weather or the sensor type used. Weight or edge masks could
be assigned to boundary area pixels [112] to effectively mine edge and neighbourhood
information. Apart from edge misclassification, U-Net and U-Net++ misclassified
internal forest areas (i.e., NBF as CP; Figure 8), perhaps because of the similar
spectral values and crown sizes of certain species. However, MSG-GCN rarely made such
misclassifications. Node transfer and aggregation vyielded multiscale graphical
information that highlighted both intra— and interclass differences, thereby improving

the recognition of different categories [106].

5. Conclusions

In this paper, we developed a novel MSG-GCN model that uses a combination of multiscale
convolutional kernels, a MSGCN module, LA, and output features from different decoding
blocks to extract both high— and low-level features. To our knowledge, this is the
first application of multiscale graph convolutions to forest type classification with
aerial photos. Our results show that MSG-GCN is useful for the segmentation task. The
main contributions of this study are as follows: First, multiscale convolutional kernels
were used to learn features from different receptive field scales for forest type
classification using aerial photos. Unlike the traditional fixed square area
convolution, this method successfully learned the correlations between adjacent pixels
in an irregular area with a multiscale graph convolutional kernel filter. Second, LA
was used to refine the features and to highlight the representation ability of salient
features. In the stage of high—level feature representation, excessive interference
from low—level features with the representation of high—level features (and vice versa)
is avoided. Finally, the MSGCN module should resolve the incompatibility between
convolution and graph convolution in the data structure, which has an excessive
influence on encoding and decoding features. Moreover, CNN (encoding and decoding
modules) and GCN (multiscale graph convolution) are used to perform feature learning
on small-scale regular areas and large—scale irregular areas, respectively, which aids
decision making regarding boundary pixels.

We also found that NMXs and CPs were more susceptible to misclassification than NBLs.
Classification of forest types using only the similar and overlapping spectral DNs is
not sufficient. The visualisation map of the entire area revealed that edge pixels were
more likely to be misclassified as neighbourhood pixels by all networks and that the
CNN approaches were associated with random misclassification patches in internal zones

NMF was more challenging to classify than other forest types, given the imbalances in
datasets, the heterogeneous canopy texture, and the fact that edge regions are evident

only in very high-resolution aerial RGB images
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In future research, we will aim to combine a multisensor remote sensing dataset and a
multimodal machine learning model [113-116] to enhance the multidisciplinary nature of
remote sensing images and deep—learning technology, to overcome the remaining problems
with the MSG-GCNs method (such as how to make full use of multimodal [117] data to aid
segmentation of edge pixels). Simultaneously, multisensor data will be applied to build
concise efficient graph semantic models to improve the accuracy of forest type

classification.
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Optimality Comparison of Chemical Kinetic Mechanism
for Large Eddy Simulation of Turbulent Non premixed

Hydrogen Combustion

Rahmat Waluyo

FOR K S A PE AR AT JE T

1. Introduction

Hydrogen has appeared as a promising substitute for combustion fuel to facilitate
energy transition towards carbon neutrality. However, fuel incompatibility between
hydrogen and existing hydrocarbon engines leads to emission and safety issues, resulting
in the need to develop a dedicated combustion chamber for hydrogen fuel.
Among existing methods of combustion chamber development, a numerical approach using
large eddy simulation (LES) has been established as a design tool for combustion
chambers [1]. LES coupled with detailed chemical kinetic mechanism can be used to
predict a thermochemical state inside a combustion chamber. Nevertheless, accurate and
computationally affordable prediction of temperature and chemical species mass fraction
remains difficult to achieve. Therefore, the presented research addresses this issue
by presenting optimal comparison between partial and detailed chemical mechanisms in

terms of LES predictions and computational cost

2. Methods

Turbulent non—premixed flame (TNF) case H3 developed by the German Aerospace Center
(DLR) was used to validate and assess the prediction accuracy of LES. The specific
combustion case H3 was chosen due to strong interaction between turbulence and chemical
reactions. Details of parameter regarding case H3 is summarized in Table 1.

Table 1:Specifications of case H3

Parameter Value/Description
Fuel composition 50% H2: 50% N2 (%v)
Fuel inlet velocity 34.8 m/s

Reynolds number 10, 000

Reacting flow solver reactingfoam embedded in open—source software, OpenFOAM, was used
to solve the governing equations. The chemistry toolkit Cantera was used to modify and

load detailed mechanisms. LES computational domain is presented in Figure 1.

A==V a—F4 T Za—RA - 69 - Vol. 25, Special Issue 1, 2023



_ D=psp | 8
- - = S
Fueljet 4 (0,0)
: B =
EELT LA TR
Co-flowair 1) _ g

Figure 1: Schematic of computational domain for LES TNF and snapshot of generated mesh.

3. Results and discussion

Grid independence of LES was demonstrated by successive refinement of mesh. Three
meshes with increasing cells number (601,600, 1,203,200, and 2, 406, 400) were employed
in LES with a partial Mevel mechanism [2] whose prediction of temperature and reactant
species mass fraction are plotted along with the experimental measurement using Raman

spectroscopy [3] and Raman—combined with laser—induced fluorescence [4].

T Vs 0z
o =40 D w=40D w=40D
Pekn ' C— 601 ﬁnlo ' l ' ' m-'s.- .
L& r 3 0.06 | y B a L o« p
1500 -== 1,203,200 0.2
1000 F b ooa b 2,406,400
®  llaman o1k
so0 b ~ 1 i Lk LI | 3
500 Ty Yeen. 0.02 ama fop e’
Py L L L 0.00 " N
x=20D
21500 F 1 o 006f 1
g 1000 F 1 5 o4 > E
- ‘h aﬁ
£ s i & oozp R
=
& = \‘L
0 0.00 Lt
=10 r=10 D
1500 ) J 0.06 F ]
1000 ‘* 4 0.04 ]
-
500 b 0.02 R
i} L - L L 0.00 1 . L
00 23 50 75 00 25 A0 T3
r/D /D r/D

Figure 2: Radial plot of mean simulated and measured temperature and reactant mass fraction using
successively refined mesh.
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Figure 3: Radial plot of mean simulated and measured product and minor species (OH and NO) mass

fraction using successively refined mesh.

Grid independence test shows temperature predicted by LES converges to experimentally

measured value with increasing mesh number. The use of intermediate mesh achieves

similar prediction accuracy to the more refined mesh, exhibiting grid independence

property, and was employed in subsequent LES.

However, increasing mesh cells fail to capture pollutant NO profile. A more elaborate

nitrogen chemistry in detailed mechanism is expected to improve NO prediction, albeit

with significantly higher computational cost which is subject for future investigation.

4. Summary
LES of TNF based on combustion case DLR-H3 was conducted using a partial chemical

mechanism abstracted from detailed mechanism. Grid independence was confirmed at

intermediate mesh size around 1.2 milion cells. Further LES using detailed chemical

mechanisms is halted due to exponential increases in computational cost
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Investigating Tropical Cloud Organization and Its
Interaction with Large-Scale Circulation Using Global
Storm-Resolving Model
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Department of Earth and Planetary Science, Graduate School of Science, The University

of Tokyo

1. Introduction

The ubiquitous clouds developing in the tropics not only influence local weather but
also play an important role in regulating the Earth’ s climate. With the advance of
wide—range satellite observation, it is well-known that tropical clouds tend to organize
into large clusters maintaining many individual cloud cells. These organized cloud
systems span a broad range of spatial and temporal scales and contribute significantly
to tropical rainfall, weather disasters, hydrological cycle, and energy balance
Therefore, understanding the physics of tropical cloud organization and its interaction
with large-scale circulation is essential to understanding the tropical weather and
global climate.

The interaction between tropical clouds and large-scale circulation is a long—
lasting question in atmospheric science due to its complicated multiscale nature. It
involves processes and phenomenon ranging from kilometer—-scale, hundred—kilometer
mesoscale, up to planetary—scale of thousands of kilometers. The surging advance of
supercomputing provides a great opportunity to explore the multiscale interactions
between clouds and large-scale circulation. For example, global simulations at
kilometer—-scale explicitly simulating how small and intermediate scales of motions
couple to large-scale circulation systems (Tomita et al., 2005; Miura et al., 2007;
Satoh et al., 2008; Skamarock et al., 2012, 2014; Zingl et al., 2014; Stevens et al.
2019). In this research, idealized aquaplanet experiments by a global storm—resolving
model, named “Model for Prediction Across Scales—Atmosphere (MPAS-A)” , were performed
to investigate the cloud organization mechanisms and their relationship with large—

scale circulation.

2. Model and Experimental Designs

MPAS-A is a global, nonhydrostatic atmosphere model that was designed to seamlessly
resolve weather and climate phenomena of different spatiotemporal scales (Skamarock et
al., 2012, 2014). The defining feature of MPAS-A is the use of unstructured Voronoi

(hexagonal) tessellations for horizontal meshes, which allows for either a global mesh
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with quasi-uniform cells or for a variable mesh with smaller cells (i.e., higher
horizontal resolution) in regions of interest transitioning to larger cells elsewhere
on the globe. This unique feature makes MPAS-A suitable both for real-time numerical
weather prediction and for fundamental studies of weather—to—climate phenomena (Rios—
Berrios et al. 2020, 2022).

An idealized aquaplanet framework was utilized as a simplified representation of the
Earth without considering the complexed influences of land, topography, sea—ice, and
seasons (Neale and Hoskins, 2001; Blackburn and Hoskins, 2013). The entire globe was
configured as a water—covered surface with a time—invariant sea-surface temperature
(SST). The latitudinally-varying SST profile of the control aquaplanet experiment was
given as follows (Neale and Hoskins, 2001):

27 X
CTRL: SST(@) =

1 3 3 T
Y Y 2 (2 o n
1 2 <sm (2 (D) +sin (2 Q))] ¢ 101 < 3 Equation (1)

0°c, otherwise

To remove seasonal variation driven by the Sun, a perpetual equinox insolation,
symmetric about the equator, was specified by fixing the declination angle at 0° and
fixing the solar constant at 1,365 W m?2 A global quasi—uniform mesh configuration
with 60-km horizontal-resolution was utilized in current research to reduce computation
cost. A set of sensitivity experiments using different surface boundary conditions
(i.e., globally—uniform or latitudinally-varying SST), external forcing (i.e.,
globally—uniform or latitudinally-varying solar insolation), and the Earth rotation
rate (without or with the Earth rotation rate), was further performed to disentangle
the convective aggregation processes in the full aquaplanet simulation in MPAS—-A. Each
simulation was integrated to its quasi-equilibrium state, and the last 20-days were

analyzed.

3. Results and Discussion

The full aquaplanet simulation (i.e., the control experiment) at 60-km horizontal-
resolution by MPAS-A realistically simulated the large—scale circulation and the cloud
structures as observed in the Earth (Rios—Berrios et al., 2020). Figure 1 showed the
zonal-mean latitude—height structure of large-scale circulation and clouds (left) and
the horizonal distribution of clouds (right). In the tropics, an upward-motion branch
developed and extended deeply up to 15 km, with deep convection growing upon the warm
ocean surface. Convective bands formed at the equatorial convergence line forced by
the imposed SST contrast, with regional organization patterns at mesoscales to synoptic
scales. In the sub—tropics, a downward—motion branch developed and suppressed
convective activities near 20°. In the mid-latitude, a second circulation cell with
weaker strength and lower vertical extension compared to the first circulation cell in
the tropics developed, and clouds grew upon the cold ocean surface and organized in

elongated frontal structures
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Figure 1. Large—scale circulation and cloud structure in the full aquaplanet
Left figure shows the zonal-mean latitude—height structure of cloud water contents (shading; mg kg
') and stream functions (contour; solid lines for clockwise circulation and dashed lines for counter-
clockwise circulation) averaged over the last 20-days. Right figure shows the horizonal snapshot of

outgoing longwave radiation (OLR; W m™) at Day 100.

To disentangle the convective aggregation processes in the full aquaplanet simulation
in MPAS-A, a set of sensitivity experiments using different surface boundary conditions
(i.e., globally-uniform or latitudinally-varying SST), external forcing (i.e.
globally—uniform or latitudinally-varying solar insolation), and the Earth rotation
rate (without or with the Earth rotation rate), was further performed. Figure 2 showed
the horizonal distributions of clouds at the quasi—equilibrium state of each experiment
The results of the sensitivity experiments suggested that the organization structure
and distribution of clouds in the full aquaplanet were governed by the internal self-
aggregation processes, forced aggregation processes, and large-scale dynamics
associated with the Earth rotation.

In the uniform-SST experiment, individual clouds spontaneously aggregated into
hundred-kilometer mesoscale cloud clusters in the moist regions and were advected by
mean flows over the globe. Clouds were organized through the internal interaction
between convection, moisture, radiation, and atmospheric circulation, consistent with
the mechanisms in high-resolution regional storm—resolving models under radiative—
convective equilibrium, which describes the statistical equilibrium state that the
atmosphere would reach in the absence of lateral energy transport (Wing et al., 2017).
On the other hand, in the latitudinally—varying—SST experiment, convective bands formed
at the equatorial convergence line forced by the imposed SST contrast, with quasi-
stationary aggregation patterns gradually developing in the equatorial convective bands
(Muller and Hohenegger, et al. 2019). The quasi-stationary aggregation patterns
weakened as mean flows developed. In its quasi-equilibrium state, convective
aggregation oscillated between bands and zonally aggregated patterns

The comparison between the simulations with and without the Earth rotation showed

that the global distribution and organization structure of clouds in the full aquaplanet
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simulation were largely modulated by the large—scale dynamics associated with the Earth
rotation through its interplay with large—scale circulation. In the tropics, clouds
clustered in bands and zonally aggregated patterns through the internal self-
aggregation and forced aggregation processes, with tropical cyclones developing from
the equatorial convective bands through rotation dynamics. In the mid-latitude,
elongated frontal systems developed through mid-latitude wave dynamics and interacted

with background mean flows.

Uniform SST Uniform SST + Earth rotation
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Figure 2. Horizontal distribution of clouds in the aquaplanet—type experiments using
different combinations of surface boundary conditions and the Earth rotation rate
The horizonal snapshots of OLR (W m®) at the quasi—equilibrium state of each experiment are shown
Left figure is for the full aquaplanet experiment that uses latitudinally-varying SST, latitudinally—
varying solar insolation, and the Earth rotation. The four sensitivity experiments using different
combinations of surface boundary conditions (globally—uniform or latitudinally-varying SST) and Earth
rotation (without or with the Earth rotation rate) are shown in the middle and right panels. All four

sensitivity experiments have globally—uniform solar insolation.

Overall, our experiments showed a close relationship between cloud aggregation
processes and the structure of large—scale circulation. While the forced aggregation
mechanisms rising from the latitudinally-varying-SST drove the large-scale circulation
in the meridional direction, self-aggregation processes rising from the internal
interaction between convection, moisture, and radiation, influenced the large—scale

circulation in the zonal direction.
4. Conclusions

Organized cloud systems contribute significantly to rainfall, global hydrological

cycle, and energy balance. Understanding the physics of cloud organization and its
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interaction with large-scale circulation is essential to understanding regional weather
and global climate. The surging advance of supercomputing provides a great opportunity
to explore the multiscale interactions between clouds and large-scale circulation. This
study used a global storm—resolving model, named “Model for Prediction Across Scales—
Atmosphere (MPAS-A)” , to investigate cloud organization mechanisms and their
relationship with large—scale circulation. An idealized aquaplanet framework was
utilized as a simplified representation of the Earth to reduce complexities and
computation cost. A series of experiments using different surface boundary conditions
external forcing, and the Earth rotation rate, was performed to disentangle the
convective aggregation processes in the full aquaplanet

The simulation results using MPAS-A showed that the convective organization of
tropical clouds interacted closely with large—scale circulation and strongly modulated
its structure. The forced aggregation mechanisms rising from the latitudinally—-varying—
SST drove the large-scale circulation in the meridional direction, while the self-
aggregation processes rising from the internal interaction between convection, moisture
and radiation, influenced the large—scale circulation in the zonal direction. Overall,
the use of the global stormresolving model helped understand the convective
organization processes in the Earth and their two-way interaction with large-scale

atmospheric circulation.
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oo THEDIEIT D L EZ LN TS, ZOTDERO I —R Y =2 — b T AL THLEK
R KRDO LN TWD. BHBRFEL LTHHEABREIDNA S I —R 0 7 ) =B~ ORERBZ 2 b
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W7 TR OB R B 5. TN EEE X TR TIIOKE, 7 28 =T IRBEOBREE T E
DT, FRATRIRITIEREF S ONLE ST 2T, S—F = OFLIETIRAREE L T 5. fRhT
TR EWGET 5725, BIRSMIE Hao Tang & OIRBEEER 2 FHEL L 7-.

PRBEFRAT O F1E & LT Large Eddy Simulation (LES) &V 5. LES|ZA v =2%8-T, W
MHERB IS A TR (LA BT 2 FIECTH Y, IEEFRBREMT C& 5. BRI
95 Reynolds Averaged Navier Stokes (RANS) |(Zrb U CEHEAMIIEWA, FEEROIEH CHiM
L0 D DWER KK EERRITTE B
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2. 1. ¥TalL—>Y3vEH
BE RS IT Hao Tang & DIRBEERR & [FEEIC LT-. ¥ 2 b—3 g U SEILLTO@EY

Aspect Specifications

flame Non—premixed turbulence flame

fuel Ammonia/hydrogen

resource OBCX

Simulation software openFOAM—8

Turbulence model Dynamic—k

Mesh number 0.6M

Chemical mechanism GRI3.0, Modified GRI?, Detailed NH3®
library DLBfoam

#l1 vIalb—rvarft

! Hao Tang et al. “Scalar structure in turbulent non—premixed NH3/H2/N2 jet flames
at elevated pressure using Raman spectroscopy” (Combustion and Flame, 2022)

2 Ekenechukwu Chijioke Okafor “Measurement and modelling of the laminar burning
velocity of methane—ammonia—air flames at high pressures using a reduced reaction
mechanism” (Combustion and Flame, 2019)

® Krishna P.Shrestha “Detailed Kinetic Mechanism for the Oxidation of Ammonia
Including the Formation and Reduction of Nitrogen Oxides” (Energy Fuels, 2018)
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[1]Hao Tang et al. “Scalar structure in turbulent non—premixed NH3/H2/N2 jet flames
at elevated pressure using Raman spectroscopy’ (Combustion and Flame, 2022)
[2]Ekenechukwu Chijioke Okafor “Measurement and modelling of the laminar burning
velocity of methane—ammonia—air flames at high pressures using a reduced reaction
mechanism” (Combustion and Flame, 2019)

[3]Krishna P.Shrestha “Detailed Kinetic Mechanism for the Oxidation of Ammonia

Including the Formation and Reduction of Nitrogen Oxides” (Energy Fuels, 2018)
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FERIT, ED F~ZnEnicBmE, HiE, BERD 3 BIIHT, BREICH DEFIT
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[17 A. Tyagi, R. S. Walia, Q. Murtaza, S. M. Pandey, P. K. Tyagi, B. Bajaj, A critical review of diamond
like carbon coating for wear resistance applications, Int. J. Refract. Met. H. 78 (2019) 107-122.

[2] T. Ma, Y-Z. Hu, H. Wang, X. Li, Microstructural and stress properties of ultrathin diamondlike
carbon films during growth: Molecular dynamics simulations, Phys. Rev. B 75 (2007) 035425.

[3] D. Huang, J. Pu, Z. Lu, Q. Xue, Microstructure and surface roughness of graphite-like carbon films
deposited on silicon substrate by molecular dynamic simulation, Surf. Interface Anal, 44 (2012) 837-843.
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[51 S. Hong, A. C. T. Van Duin, Atomistic-scale analysis of carbon coating and its effect on the oxidation
of aluminum nanoparticles by ReaxFF-molecular dynamics simulations, J. Phys. Chem. C. 120 (2016)
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Magnetic Field Observations
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Run 1 10 43l 10 43l 10 43l 10 43 10 43 fiE Sheeley+(2001)
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X1.5
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Run 4 Gaussian tanh fit tanh fit S SEY B Sheeley+(2001)
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10 FHfE
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RBSP s 2 DOBIANZ IV T, M BT 2 & EH O ULF KB Th o722 L 133025 TS
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~ B X ORUTELE Alfven I DIARE— ROEEHLZ R L TN 5,

RUZ MRy 2B KD 7T A REE LGSR 2§ & 9 ez - E ML O b
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X3 Run 1 O#fER, #GEEITW B,) - HALAITE B,) - FATHmE B)) OMffE ETOE—27 3
U— 27 MV (a,b,c), B— 27 @K% (d, e, ). =2 m number (g, h,i),

VERATo TR, N—A MROEENFHEEL LR -7 (Run 3), & 2T, IWBEIERO
T4 T A4 TREICONWT, SOIZKRGIAIZT v T ¢ 7 L TR S0 72 10
BEOT—2 %2 A1 352 LT, N—ZX MROEEZTD RS 2 ENTE D0 HEE LT,
ZOMRREE 41T, ERE LT, N—Z MROZBEZH PR 2 STk Liz23, &
WS ORFAN KR ELS B L TLE D Z E2VHIH L7, #5IZ toroidal f¥s & poloidal &
BT, REEIZ(LT 5 6-15 mHz OEIREB N EBT 5 2 L RN photze, ZOEENT
3 MLT & HOMSIFIEARMLT, 4 L-shell TEIHISND KO/ m— L BBTh 5, BUE
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4 Run 4 OFER, £ BRESGOBENE (poloidal) H 1A, HLfA (azimuthal) J1a), AT (parallel)
FROy DT — Ay N B OERITIA, AT D/8T — Ay NV BEGEVE T & TR
BHALA T M ORIFRZE, BEGTALA J7 i & ESERE T MO (L = 6.0 R, 6 MLT OREKIRE) .
~ B X ORITETE Alfven D EAE — FORBE AR L TV D,

Bz onb, £io, B X OMPIRTELE Alfven 1O FEARIEEEI KIS LT
IREIE Cpoloidal EH DR T =N KT D Z N5, Ziuid cavity mode & TELEAlfven
WDT TV o 7R D/ T D, FEEE. L-shell /NS <R DI220, IREVED Y
M35 & 9572 L HFROEEEANT MAOZEEfER L THEY | Run 4 (2B TETE Alfven
FEREIE LT D 2 kR CTE T,

Z D toroidal MBI INREIFREIRD & D/8F A — & TEHREN S TWD DDGFERT
72®. Run 5,6 DV I 2 b—ra & fTol, ZOME. RTORMIIMERNT A —4 %
REH B — BT D & toroidal B ZSBIEIIHA L (Run 6) . FEIRE & RFMZ(L S 5721
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Bl > T, Za— 37 toroidal WEEEIZAE T S92 ENRENTEY | toroidal
ULF B D A B = A LDFE =B HHDTH D,

5. BRLFELYD

AWFFECIEL, 2013 45 10 A 29 BB S 47z RBSPs fiikt CELI &7z ULF S B ol A
S RALERIAT DT, Fa— 7 5ot RY 7 MEBGER Y 7 vy NET VAN
T ULF B O R ER 2T - /12, BEEEGT R OT — Z 12 & | BRI % IR E i
BEBRE— ANTILTZE A, A AV OREEVEICERZ oL B compressional
WA B L BEEEICEEEZ b oL BbiLd toroidal BEGEE N EZNENE LI,
toroidal FEBAEEIZ-OUVNT Poynting flux ZFHE Lz & 2 A, IRITLERAVIC T FER O EEE
BH TR X—MafE L TN D Z B Dnotz, Lizd- T, FBEEE BT AU R AL IE FiE
W0 | InREIRRETE ORI B M & O CEEMEEBILZBE L T\ LB 6D,
BHEE O RERUSEE 2 PR b OICEE L THEER, FHRITED ST toroidal #
BEBMPHER SN, 5% & 5725 toroidal BEGEBOBRENROMHNLETH 5,
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