//,\/ AlDODOOOOOOOOOOODO40200 2023

yehicdi-1BE Y

B2 # [+ 5 Gradient Boosting

Decision Tree & Graph Neural Network @ th#;

7

Lkag

Bl - Bl AT 2 - Hgith

FEFN 2« APHP BHRHR 3 - 5

NTFRZ Y =v Y 7St (T111-8648 UK

A 2

B HX EHAG 5-20-8CS # U —)

E-mail: rk-ogata@yachiyo-eng.co.jp (Corresponding Author)

2IERER

NTFRZY=v Y 7St (T111-8648 K

B HX EHAG 5-20-8CS # U —)

SR ANTR=UD=F U v 7S (T111-8648 B ATH & B IX I #fE 5-20-8 CS # U —)

FHEHMBTT OFNNY A CEMET H 2 LT, PORRBERBREEZ ML L2 T A LORZBIT
TRCE A 722 BHIEN FTRE L 72 D, AT EREERZRIEZ, A—T T =2 THRA LT T ROT
— X % TR EE I 2 i L7=. &5 /L2 i3 Gradient Boosting Decision Tree (GBDT) & Graph Neu-
ral Network (GNN)Z Fi V>, i o0 bhie & St L7z, b5 170 R AR O LEESRE R & 13 GNN B Th 5 b
DO, ERIHLEZ L OFHETIL GBDT B OMS b EEAETET 22 LM MNIC L. F, BN KE

< %53 5 HR TIL GNNEAL & 72 L,

GBDT & GNN OfEW3iF i >\ Tim Uiz,

b OHLEIC
BT —X% % GBDT ANIF— BT 52 L2k, GBDT #EN LIcHGT5Z L 2R L.

% LC GNN DBEEEATHI7~ b A %) &Il L 7= it

IS,

Key Words: traffic prediction, gradient boosting decision tree , graph neural network, open data

1 [FL®HIC
I R OB B B~ OIE I DIFy, —H7 —
2 EERMBET 52 & TH=F A )= g Rk
T 5L, EHASEEIL XROAD OREEEZHED TN D.
B DAESCTERUEEE, RHERX 7 E Ol E
Gk LT T — S = A A 5 A HEEHARH X
NTEY, FERICIT ETC20 7o — 7 fEioscimi s
GEERT —Z N APLE LT T4 A ATABENS
TETHD O

ETC 20 7' m—7HEHCRiE & & DT — 2 B i3t
DIE, FHS TSN HER X B OMEHSIe, Rifo
AR ESHE IR ENEREL 72D, Z0Fy, RO a—
TT B RTE MBI A T\ X D Asm R T — & 2,
BREAE NTT R e 0E A VLR 97 — 2 S 1%
HDsitETeZ &C, A5l PRI IR 4 72 Ll
T, KUK FREE 72 5.

FEHEICBNTL, TUOXYA B, VT
IWEA MR EEZ TR 5 Z 8T, ZoRREEEIC
Tl OB ASEEEN TE 5. EFRA R X Dk &
L CRBRTPHINH 0, ZHUT L0 B AR
(R RET T D AlREER S 5.

B 51 XROAD 12 L 57 — 2 A% fffiz, 2@k

154

T2 OIEREERGTT A TA 7T ROXRET —
AR INTONDZEIZERL, 20T —¥%
FAWTER TR ZRIT L2 A £, TETIRS T 76
12 X0 2R 7R A #8459 % Graph Neural Network
CGNNZHW=FiEL LB s, KX F~v—7
T—Z -y NCHREMEEZFREL TS 997,

ARTIE, BIED YRR, A7 T RoAd—7
v —X% % AV, Gradient Boosting Decision Tree (GBDT)<>
GNN Z W CASHEE PHlZFE L, WE7 Lok s
1To7z. GNN Z AWz A8 PR OSFER > F~—2
T—4%y NHECI, @O T & OFHl T
TR, TODARFETIE, #islck s GBDT &
GNN DFEFEDENEZH LN T2 L2 AE L, &
#12 GBDT & GNN OV VA FIZ W TR U 7=,

2. BIEWAZR

M EIZIX GBDT % A TRk e @i 2 Tl L 7=
BIRH 5.

B 513 GBDT O—>Th D LightGBM Z Fv>,
BB DRSO A I LT 9. xf
G Licinld L (IE TR,/ WhTR) DA Th -7



//,\/ AlDODOOOOOOOOOOODO40200 2023

B, FOHBNZL > THIEENRR -7 BRI,
ETVOMRBITHRIC L 0 e 5 B %, I kM IS
L LTWA.

£, WEEFEFEARWERIE LT, AR —X
|2 LSTM %t ] L 2id &2 Tl L7261 8%, CNNIZ XY
BRAEZ TR L0 ERnH5 . bbb oM
DHEFRELTEY, T AOIEHICOWTIEE L
L TR0,

BITTIE, GNN Ziff L7-ifgeh 2 < fFEL, EN
THIERT O DA EEGE R 2 %G 10 % O
THIZFE LTS O, Fwgh L, B 7rr=T
INDAZBT —4 T 5 METR-LA X° PEMS-BAYW/: X4
R F~v—r T —H v MZEBWT, GNN A L
FFRENEVEELZRE L TS990, =771, FHiE
P XU RO A F & D TRl L 7BV &
W5, EEICITPEEMROBU LR, Ky, 15%
JAFHOBREEZ EOERIC LY, GEROFEITR Y,
TAUTHR VRS S i T L IR A B LB X T

PLEMNS, AR CIIROMUSORE 2 LT~ —5
HiX, GBDT & GNN OFEEEHEL ATV, FEOA HME
R L-. USRI, GBDT B8XL 0 GNN Ot =
L DRSS A L, FOREZIA SN LT &5
IZ, GBDT LY % GNN MR A4 L7- iV
GNN D24 % 2 T GBDT FEEEM Lo rlRetEz < L
7o Bkl ERoREtRE R AN E 2, GBDT & GNN
EVSFIZ oW iR LT,

3. EERE

QO T—452tvt

B S2MER L7= TWebTRIS Traffic Flow APl DX v &
vona—RULIeA VT T ROT =&z, IWEL
To 7 — 2 3AE 5B B FET D8, T—2DT U
T4 TR KBRE R E 2, M1O7a— |5
ERFPSSEMAREEIT o2, 2B, FEHHE (Avg
mph) @ 75 N—t X A )UfEL 25 N—k L H A IED
IR E VLRI TEEANCEIR S E L TV D & B
L7c. M1o7e—|2XY, BEEAEROT =2 3%
Hidg & L-C Birmingham J&1iZ e & London PaiHiEA 8
JESHIZ7, London PH#lHiLEE M25 B ELSMC T —
230 70 < ZERIRTR AN O DN, ARIFFE TR
JREIFH O AZ G TRl S HAEZ TS 72, ZERIFI7RIRAN
0 D& % Birmingham JEIIHIR A MRS L L, Rf&alc
Birmingham Town Hall 7)> & 4% 30km LAPN O I A E
LEF 0 R A RIS R . Le (K28 K URYD) .

B o v T A NV ADSEIRII B - T W REME
ZEEL, A L7 — 2L 2016 4F 1 H 1 D

155

WebTRIS Traffic
Flow API
15,7431 5

Status = Active?

il

Yes

20154 ~20214F
DETDHET,

‘Total Volume’35
L OAvg mph’ D

Fil R

F—HpE R
TR

AR T Avg mph’ D75/ 83— > &

A A & 2578 —% o X A VAED

FENEMY . T DESDORET
BEfl, ~ v s

l

TS B L BRI A D
Birmingham= Y 7 % 3¢

2015-20214E T
‘Avg mph’ D7 —
4532075 LAk

Birmingham7.0»
(Birmingham
Town Hall) 7%

FlBR

HEE30km D i H

[ETR PSS

1 MM REE 7 v —

2 R |




N

AlDODOOOOOOOOOOODO40200 2023

F#1 WEbagHs (42 170 Hi5)

Id Longitude Latitude Id Longitude Latitude Id Longitude Latitude Id Longitude Latitude

48 -1.9841 52.3557 2700 -1.7255 52.5177 5042 -1.6024  52.6393 9228 -2.0582 52.6646
175 -1.7168 52.4972 2709 -1.5986 52.2960 5088 -1.8878 52.3544 9229 -2.0582 52.6647
270 -1.8752 52.5198 2727 -1.6710 52.5817 5131 -1.6452 52.6004 9234 -1.9314 52.6625
513 -1.8717 52.5181 2899 -2.0169 52.4467 5294 -1.7753 52.5127 9235 -1.9314  52.6624
535 -1.7406 52.5027 2951 -1.7148 52.4838 5297 -1.7357 52.4952 9236 -1.9225  52.6618
561 -1.7131 52.4908 2953 -1.7831 52.5103 5468 -1.9842 52.3555 9237 -1.9225  52.6615
727 -1.9706 52.5311 2987 -2.0905 52.6396 5517 -1.7759 52.3357 9240 -1.8242 52.6444
1011 -1.9706 52.5224 3103 -1.7175 52.4978 5531 -1.8474  52.5049 9242 -1.8141 52.6404
1025 -2.0643 52.3540 3125 -1.8475 52.5051 5596 -1.8530 52.5062 9243 -1.8103 52.6373
1028 -1.8301  52.5059 3184 -1.7748  52.3350 5667 -1.7269  52.5372 9246 -1.7809  52.5800
1076 -2.0180 52.4421 3299 -1.8853 52.5248 5703 -1.8719 52.5180 9250 -1.7349 52.5509
1102 -1.7117 52.4844 3580 -1.8299 52.5058 5709 -1.9592 52.3608 9255 -2.0618 52.6618
1132 -1.7653 52.5146 3708 -1.8818 52.5232 5744 -1.7467 52.5099 9256 -2.0615  52.6618
1170 -1.9013 52.5344 3728 -1.6738 52.5809 5755 -2.0143 52.4499 9273 -1.7675 52.7100
1174 -1.5987 52.2959 3753 -1.9771 52.5572 5830 -1.9471 52.3618 9274 -1.7676 52.7100
1346 -1.9705  52.5265 3760 -1.7818  52.3371 5833 -1.7712 525139 9485 -1.7680  52.6301
1406 -2.0534 52.3973 3837 -1.7592 52.3326 5911 -1.9892 52.5633 9486 -1.7681 52.6300
1415 -1.8054 52.3472 3890 -1.7248 52.5070 5951 -1.9750 52.5555 9490 -1.7019 52.4457
1457 -2.0109 525702 3974 -1.8139  52.3476 6005 -2.0586  52.3696 9491 -1.6966  52.4458
1493 -1.9133 52.5418 3985 -1.9590 52.3606 6153 -1.6806 52.5787 9523 -2.0853 52.6867
1608 -1.7156 52.4798 3988 -1.7834 52.5101 6158 -1.9703 52.5265 9524 -2.0853 52.6866
1633 -1.7272  52.5374 4058 -2.0041  52.3529 6293 -1.9829  52.5609 9525 -1.9859  52.6635
1698 -1.6045 52.6376 4153 -1.8059 52.3481 6932 -2.0172 52.4300 9526 -1.9859 52.6635
1712 -1.8569 52.5076 4238 -1.7481 52.5104 8272 -1.8064  52.6462 9689 -2.0462 52.3810
1725 -1.6778 52.5799 4384 -1.8085 52.3510 8275 -1.7449 52.7277 9980 -2.1200  52.6380
1740 -1.9337 52.5533 4396 -1.6393 52.6054 8276 -1.7447 52.7276 10354 -2.0695  52.6663
1747 -1.7348 52.4944 4402 -1.7981 52.5093 8289 -2.1321 52.6806 10372 -2.0661 52.6605
1784 -2.0509 52.4005 4403 -1.7106 52.4782 8290 -2.1318 52.6905 10373 -1.7230  52.4834
1828 -1.9719 52.5535 4438 -1.8996 52.5320 8296 -1.5030 52.3781 10393 -2.0675  52.6638
1926 -1.7142 52.4883 4445 -2.0149 52.5876 8305 -1.6102 52.2888 10437 -1.7503 52.4049
2011 -1.7372 52.5075 4458 -1.7379 52.4985 8309 -1.5748 52.3066 10449 -2.0703 52.6661
2034 -2.0177 52.4375 4463 -1.8982 52.5304 8405 -1.5142 52.5677 10457 -2.1390  52.6383
2171 -1.9487 52.5511 4600 -2.0582 52.3554 8406 -1.5142 52.5677 10499 -2.0688 52.6645
2279 -2.0918 52.6400 4603 -2.0582 52.3555 8407 -1.5929 52.5911 10504 -2.0564  52.6421
2295 -2.0240 52.3570 4611 -1.7792 52.5114 8408 -1.5929 52.5912 10537 -2.0656 52.6606
2304 -1.9153 52.5440 4767 -2.0517 52.4002 8409 -1.6885 52.6226 10559 -2.0749 52.6696
2306 -1.6429 52.6015 4842 -1.6391 52.6053 8410 -1.6794  52.6223 10609 -2.0968 52.6825
2343 -2.0644 52.3541 4862 -1.7591 52.3328 8446 -1.8139 52.6652 10639 -2.1346 52.6380
2395 -1.8829 52.3552 4912 -1.9435 52.5509 8447 -1.8136 52.6651 10646 -2.0971 52.6827
2436 -1.7278 52.5247 4951 -2.0801 52.6390 8453 -1.7275 52.5372 10648 -2.0889 52.6776
2479 -1.9668  52.5518 4961 -2.0126 525728 8993 -1.8055  52.6722 10655 -2.0992  52.6841
2487 -1.6454 52.6005 4989 -2.0492 52.3560 9092 -1.6915 52.4496
2660 -2.0536 52.3973 5038 -1.9154 52.5439 9093 -1.6912 52.4497
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COMPARISON OF GRADIENT BOOSTING DECISION TREE AND GRAPH
NEURAL NETWORK FOR SHORT-TIME SPEED PREDICTION

Riku OGATA, Toshiyuki MIYAZAKI, Yoshikazu KIKUCHI, Yutaro MURANO, and
Hiroaki SUGAWARA

By constructing a digital twin at key locations, real-time traffic flow forecasting and dynamic traffic con-
trol can be performed to avoid traffic congestion. In this paper, short-time speed prediction was conducted
using open data from England in anticipation of the above applications. Gradient Boosting Decision Tree
(GBDT) and Graph Neural Network (GNN) were used for the model, and a comparison was made between
the two. The comparison results for the entire 170 target locations showed that the GNN was superior, but
the evaluation of individual locations revealed that there were several locations where GBDT was superior.
The results also confirmed the GNN was superior at the points where time contributed significantly, and
confirmed that the addition of data from other points, which was judged to be valid based on the GNN
adjacency matrix, contributed to improving the GBDT accuracy at these points. Finally, the use of GBDT

and GNN is discussed.





