Eanst 2 &) Transportation Planning Journal

RE——=%+—_4 December 2024
" 281~& 311 PP. 281~311

R IR AR H AN TR AT S R
AR FTEA!

APPLICATION OF HYBRID DEEP LEARNING MODELS IN
FREEWAY MULTI-PERIOD TRAFFIC SPEEDS PREDICTION

=)

% ¥ Zih-Hua Wu’

# 82 4% Jau-Ming Su”’

# B %& Liang-Tay Lin*
63% 5 Chien-Yen Chang’
3B % Pai-Hsien Hung °
% % 7% Tong-Ling Wu’
#7423 Yu-Fen Ho®

(1114 6 H 17 Hilieff: > 111412 F 26 HEE—XEIE - 11242 H 7 HEBEXEL
H2 452 H 8 HiEX)

wm B

WX ARGARFE LR FR A B KRR BT LB R EA
REMEM A RELZAEREmE > A E RBEFARNZMET LR

1. TR R Ze A sestE (MOTC-10T-110-IFB001 » MOTC-IOT-111-IFB010) Z 543
R -

2. EFRKERE I BB TR R B AR LA e A (B sttt « 40724 2T vg i SCEERE 100

9% BBEL 1 04-24517250 434 4535 » Email : ronniewu@jcitl.com) °

FEHR B E R YR R Y -

FER R B R BB R R -

FEFRBAR BRI -

FEHR BE R BB R R -

BRER I T ER R R S A R -

B B T ST P R R B A AR = AR ST AT -

PN W

—281—



EIEEF FR V=4 Fuwlh BREE——=%+=A4

ey FRME o ROTRA LA ETA R ETAR M - 122 4 B R R
By BEEEMESD  TRJARR S B AEE E ROF RSB TR ey AR o FH SbAR B — A
ZORARA > A kel (LSTM) 2 & 7 #a A % & kel
4% (Bi-LSTM) » o5l 414 6 481535 » 62 B 20 » 2 B RERFf& -
IAER AR - T/ER RS R BARRERFEETRER
FFAR] o ZREAX A ES LSTM R A 5 ag4Fh » AR ERT R E
R T ARE - BAIR Attention MAIR T EMBEEEEMMEE 0 REF A
Bi-LSTM 4 &% 2 WmiA & (ATk » £18)) #9238 75 7] A REATTER] - &
REAT A RAL R Z R mW’X%#XEH%&$Hﬁ& Hran 2R
Hopk b A R AF T 5 o it HTRHAR K & RS & 2 X ik R TER E g
M o

RASEER ¢ zadTER - S AFETaR - RabiRmn  EE AN Sh Rl
Te4gvs

ABSTRACT

Traffic speed prediction plays a crucial role in traffic congestion mitigation.
With the advent of deep learning, transportation researchers are empowered to
forecast traffic with an unprecedented accuracy. However, in the context of
short-term prediction, such accuracy fails to hold consistent at hourly level; In
particular, at peak hour periods. To bridge the gap, this study proposes a novel
hybrid model that integrates LSTM, Attention Mechanism, and Bi-LSTM to for
traffic prediction in six scenarios: “One week-24 hours”, “One week-Peak
hours”, “Weekday-24 hours”, “Weekday - Peak hours”, “Weekend-24 hours”,
“Weekend-Peak hours”. By leveraging the strengths of each constituent model,
the proposed model demonstrates its capability of capturing peak hour traffic
patterns as compared to previous models.

Key Words : Traffic Prediction ; Multi-period prediction ; LSTM ; Attention
Mechanism ; Bi-LSTM
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BT FFA SR (SVM) BEEUAS S HETTA MR R THH o AR SRR T A TR RE AR b g
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2H TAEH R Bz
(Tﬁfg’fﬁ%) 24H | PH |24H | PH |24H | PH RISz, HRHRE fé
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T(i;gl)ii. lf;e;n v HE LSTM RNN [61]
(1\2/10a1:t.§;.) v EH R LSTM NN [37]

eots06) v b A e
Q(12 ())5_1231'50}163)1( \Y2 B Stochastic Approach  |[50]
s v AR | oA
((j;(??;:) Z; \ R NN-EXP-LM [51]
(21(;110356) \% = =R 4 SSVRCSA [52]

A5 V|V |V |V |V |V| H#EE LSTM-Attention-BiLSTM| -

ZF ¢ 24H FoR 24 /N PH FoR4R0&/NEF (Peak Hour) ; H-LSTM : Hybird Long Short-Term Memory ;
CNN : Convolutional Neural Network ; DFBD-BIiLSTM : Data Fusion powered Bi-Directional Long
Short Term Memory ; EMD-ARIMA : Empirical Mode Decomposition Auto Regressive Integrated
Moving Average ; GATCN : Graph Attention Temporal Convolutional Networks ; STATF :
Spatial-Temporal Attention Traffic Forecasting ; STANN : Spatial and Temporal Attentions Neural
Network ; AR-LSTM : Attention » Recurrent Neural Network ~ LSTM ; DNN-BTF : Deep neural
network Based Traffic Flow ; EFNN : Evolving Fuzzy Neural Network ; BPNN : Back Propagation
Neural Network ; HMM : Hidden Markov Models ; SARIMAKal : Seasonal Auto Regressive
Integrated Moving Average with Kalman filter ; NN-EXP-LM : Neural Network Exponential
Smoothing and Levenberg - Marquardt ; SSVRCSA : Seasonal SVR(Support Vector Regression)
with Chaotic Simulated Annealing °
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I EHIRCIERE ¢
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ABEEIE
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) SR EEEEE -
BI-LSTM et
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1. & A (Input Layer)

S BB B A - HersziZe itk s 2 o B E R TEH AR TR
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PERFE (EATRE B C REISETR i — 4 (1) SPAE) DURZERIRFIERF B (e B
— %] (t-1) SR E R T A « M ASESIRATT ¢

X = {(5:(5,0),S5(5,1),S5(5,0), ... S,(5, 1)), (By (5, t — 1), By(s,t — 1), B3(s,t — 1), ... By(s,t — 1)),

(Uy(s — 1Lt = 1),Up(s — 1,t — 1), Us(s — Lt = 1), ... Up(s — 1, t — 1)), (Wy, Wy, W, ... Wj,),

(Hy, Hy, Hs, ... Hy)| S,B,U € Q} (1)
- S AU s BRER t G SEE3R © B By s BRERAT—X (t-1) IR © Uy L

BEE (s-1) B—%0 (t-1) PR o WoR I 5 H R/ NRF 5 n Fy SRR AR RIR -

2. LSTM J&(Long Short-Term Memory Layer)

LSTM RREEFM 1997 4F » FAHA B EAITERIRE R 5 R A i R
M (Hochreiter B2 Schmidhuber ™) o 35 @E M FEYIRLE — IR I0R - BT ARIES
ST R AR » 76 LSTM iiTTHi & e N — (A EoRa B O 7804
H R R S TR BV B S - H AR RNN HER - ] UG Sk Bh i 15
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1;“\ h ®
2 I 1 \11/|(,|
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| —bﬁ ct I:’,
I:mh
| ‘-i @ l|||1]1 b; ll -
. |
| _| '
\:EE: ':/_x| :gttl\,'
B 5 LSTM ik
ip = oW [he—1, Xe, C—q] + by) ()
fe = o(Wg  [he_q, x¢, ce—q] + by) 3)
¢ = tanh(w, - [he—q1, x¢] + bc) “4)
= ferCo1t i 6 Q)
0 = oW, * [he—1, X, €e—1] + by) (6)

(7
h; = o; - tanh(c;)

A i R AR ;A RESR oo Rl ht%ﬁ%ﬁﬁtﬂ?yiﬂﬂ’ﬁﬁﬁﬁﬁﬁ s Ccky
FOIREETT 5 o Ry R IEHHREAE t REZIRVMIH A& 5 wy ~ wp > we > W, ~ by ~ by ~ b~ by % Byl
A~ 3B ~ SRR ~ i R R ~ x %Hiﬂ@ﬁmﬁﬁ%i&fﬁﬁi»G(SlngId function)
#0 tanh (hyperbolic tangent function) 7RG RAEL (Activation function) ; - AIERE -

3. ;EE HH4IE (Attention Mechanism Layer)

VLS TR B L M P A B % 4+ 14 2014 4EHH Google DeepMind [EIBK AR H;
(Mnih A V) o [E4E » Bahdanau % A1 (I8 SIS E RIS R FFY Inh 2 I RGES
(NLP)&g1s, » AHUE RSS2 B » EHBHR T 2 TR A R e P o 3 e

B E—PE Y LSTM Ziii R i i A2 108 » FEEE oS S B B I Tl
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rEfEE - MERAE AR TREAEE - FEATERAIZE D - RIS AT REEROR
are

e; = tanh(w,v; + b,) ®)
exp(e;)
A == 9
YL exp(e,) ©)
n
bt = AV (10)

i=1

A e By IR %0 A GBS R F A (ve) NER IR0 i {H (Attention
Distribution) ;  w,M1b, R EEEMN R & - #FE# softmax ¥R e, EHETTHR —1b
(Normalization) [0, 1EFIRIGE] a, - HFFEHEEGEIEEIES <@L AE (o) -

4. #E RISHIECE 2 (Bidirectional LSTM Layer)

K Attention JiF < By HiAE IR - By A 2R {E Bi-LSTM ##% > Bi-LSTM JZHiR{[A(Forward)
FI#& 1A (Backward) WifiE ¥ e LSTM #HA MR - Hoaiiie LSTM FoRii AGEBIAGEIHRT R
R [E)AGE R RS IAGEITTRM » #205) LSTM Form ATERTR BB R A 2GE HER P51
AGELTTEH - 75 BERE T AR SGEER Y EER - REfe T B AUTHIIA RS MERE -

FEARWFSCHRIZERE T - Bi-LSTM Bl ET BB FRATT ¢

hi = wy[h], h?] + by, (11)

e ] Ryt LSTM §EBSAORHIEL 5 hY By LSTM §EREAGHRHIFI 5L wy Rlby B
PEEENREE -

5. ZiEEMEEH /8 (Fully Connected & Output Layer)

ARG IRC IR < (ht) Zm P (Flatten Layer) 2R —ifER -
PSR 2E R (Dense Layer) dE{TBIGT S H B SGHER (y,) JTHHER 31 HHEAE
FORUTR

ye = o(wyhi +by,) (12)

M RVBEEERER

N

A THHITR ZEARIEA R A R H A AR O PRI RF RIS - 5 BEh T ] 5
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Ry ] P A A 22 T B P DR » A S PRI PSR R s B e (i 1 0~ 3 J}fsﬁ
5 J}ﬁﬁ 10 73 8 TG IRF I AT 5 5 SR AGE T B il sh - RELIBEE RNVl
TR - HEHAGE THIATEE IR RS EE & Ry 30 708 ~ 60 %ﬁﬁ%@%ﬁ%ﬁiﬁ&iﬁﬁﬁﬂ%
EIEAAL o AR TS Rl A B AOE 2 I HAVBRIA R - I RIVITRN #Es - Tl
i R o B DA Bl 2 S o B B S 4R Sl i B Sl A B R (L R R R 2 0
4.1 BRI EEMTREE

1. FFTEEEREA

AGTENTERIREEEE < HARES B R EE 1 BRI & 166.4~172.5K - BR Bk 2RI

SRR - AURAT - R BRI 28 o B EES By IR B [ — DR AE

Fo PERHIR CAE R OE A - 1T L3 BB R B3 1 58T B 162.1~166.4K - % Biphz i L -E2
SRif-SR > W R A RRANE] 6 o o DU N %t s i 3G 2 BTH G E A U R

BUSEREI T > WEEREAE - BRTHEE - TR R B B B

¥

WO L |
P R j Rz /
/-""‘-h:\ 5 162 1K Fiay aem " f
| £

A S, N

e "-'E':P%%xﬁi‘s‘\ ....... /.

4 / IEBAR G- /o

@y foni”
/ p j
y L
* el
;'ﬁ%;-.n;i :
= | a4 1
|:I I.
! L) . :
RRARG - '
Fd g. ’ b.\,q..._i E ¥ -
i, i
N e o3 Wi By
i 7 : kTR

6 RBFRAMFTHZEE
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2. BHEE

AWFFELAEER AR ETC SRR SR < AR E R T2 W MR THHIE AU 2L - ZRPsk
R Ei RIS R R SR B MOSA » ERtEL 6 &l » fu7% Timelnterval » GantryFrom -
GantryTo ~ VehicleType » SpaceMeanSpeed J¢ Volume » [FIAERIZUE N AUNER 2 FE 7
FiR o ERITEEERE Ty 365 K » HrpE & 1 261 il TAFH K 104 fE8EAKH - BLh - AREF5E5S
SRR SRR EORL  FELIBEE R SRV ET A A @ THIMNZ 522 BRI Ry CWB Observation
Data Inquire System (CODIiS) 2 iEiHlLs -

|2 MOSA BEXRBHEAR

VA ey ERTH HURE KAt E T
, I o Tt ¢ 2021-04-12 22:55:00
A Timelnterval % e B o LI 5 4haihy— s
GantryFrom RS A4 -
C GantryTo AR AR -
31 /NEHL
32 /NEH
D VehicleType RS 41 : K&EH
42 : KEH

5 BAEE

o HRA  WIIHHE | &
EREE I/

E SpaceMeanSpeed ZE RS o F— NG EI I  AHAR LTI E

ik PIEE R A IR TR R (BEAT

km/ hr) -

3 STE TN ERIEAE PR R R

= B A S B A

N|

il

F Volume

BRI © B ERSR MOSA BRI R « AT
3. BMTERERIE

BEEZER MRS RRAE TR TR - o0 R/ (ES B - 0 al R « SR
i BRI ETa RS - BRRS  HINEEA - BRRE (WEER - 2R
R ~ SEIIERF RIS « RFEOMAT - 406 8 FR o At S P BRI T AT TRV
(1) BEREEAL : E /A HRE=EES Python 3.8 B A 105,120 {EfE5HY 20 ZAEE L BEER -
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JER iR A R B F B AN SRR S stk R AR

MAGTEATANER 2 /el NEREE ST © Intel(R) Core(TM) i7-9700 CPU @ 3.00
GHz ~ NVIDIA GeForce GT 1030 ~ 64.0GB RAM -

(2) ER}EE « B EITERENE - K ERE e HARRS B 01F1664S~01F1725S e H: |-
Ek B 01F1621S~01F1664S & HHEIERHETTERAR » THERE S ST 25 0% B 73 71l
HYHY S SR - A 9 Fos - HARRS B BORT SRR ET 525,600 ZE(5 SEE0RF*105,120 fE
%) » LIRS B R ORFE -

Q) EREFaAREHE KRB 105,120 EREZRETERFHS » BT Timelnterval ~
VehicleType * SpaceMeanSpeed + Volume It 4 {Ef#{7 » M43 B S Fran RS ~ #HiE -
MR iR R RPRRE AN 10 ﬁﬁT M&ERHEERCEy 525,600 2 -

(4) ERFEG IR R fEAT RO K S g Ry — R E RN G | /Ny —5E
JREME 25 HFE: 12 558 (40 0:00 ~ 0:05 ~ 0:10 ~ 0:15 ~ -+- ~ 0:55) JIFEFEE 1 /NEFE
$H00:00 ~ 01:00 ~ 02:00 ~ 03:00 ~ -+ ~ 23:00) » DIE] 10 &R RIEEH] » & 5 205G 5
(5 EEERE) EELGLEER - KItE 1 /NEFEEE 60 EER - Aitgeli=l (13) #T
TR RIS - BLIRH SRR B BRI SRR Fy 8,760 2 -

Zi1=21 215'=1(17i1'xfi1')

13
2231 fij (13)
A B C D E F G H J K L
1 20194/5 18:10 01F0017N 01FO00SN 31 93 690
2| 2019/4/5 18:10 01F0017N 01FO00SN £ 91 15
3| 2019/4/5 18:10 01F0017N 0FO00SN 41 86 I
4| 20194/5 18:10 OIFOOIN O1FO00SN 42 % I
5 | 2019/4/5 18:10 01F0017N 0TFO00SN 5 0 0
6 | 2019/4/5 18:10 O1F0029N 01F0017N 31 % 82
7| 2019/4/5 18:10 OTFO029N 01FO017N 32 % 19
8 | 2019/4/5 18:10 01F0029N 0IF0017N 41 3 4
9 | 2019/4/5 18:10 O1F0029N 0TFO017N o) 84 I
10 2019/4/5 18:10 O1F0029N OTFO017N 5 0 0
11 2019/4/5 18:10 OTF005S 0TFO017S 31 87 77
12 2019/4/5 18:10 OIFO005S 01F0017S 32 % 19
13 2019475 18:10 0TFO00SS 01F0017S 41 84 2
14 2019/4/5 18:10 OTF005S 0TFO017S 2 0 0
15 2019/4/5 18:10 OTFO005S 01F0017S 5 0 0
16 2019/4/5 18:10 OIFO06IN 01F0029N 31 % 109
17 20194/5 18:10 OTFO06IN 01F0029N g 96 31
18 2019/4/5 18:10 OTFO06IN D1FO029N 41 9 4
19 2019/4/5 18:10 OIFO06IN 01F0029N o) 0 0
20 2019/4/5 18:10 OIFO06IN OIFO029N 5 0 0
21 2019475 18:10 OTFO017S 01F0029S 31 % 3
22 2019/4/5 18:10 OTF0017S 0TF0029S E0) %0 21
23 20194/5 18:10 OTFO017S 01F0029S 41 % I
24 2019/4/5 18:10 O1FO017S 01F0029S I5) 0 0
25 2019/4/5 18:10 OIFO0I7S 0TFO029S 5 0 0
26 2019/4/5 18:10 OTFO099N 01FO06IN 31 9 125
TDCS_MO5A_20190405_181000 (O] 1

ZORIIE ¢ A BRR) MOSA BIFEDR
Bl 7 MOSA REaEkiEIsE
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EHHBNEF FE+ZK Fulhl RE——=4%+=A4

SBER -
ey | RERE
' '
Python et By
H N HE ARES
| b
o Ene %ggﬁ
F B . )
szmEs AN |
| '
ANBE — | EHERE

8 BERFREERE

o A sl c | o | e | E_| G
10 2019/4/5 19:00 OLFIE2LS OLFL6643 31 9 138]
21 201945 19:00 O1F1621S OLFL664S 2 97 2]
31 2019/4/5 19:00 017 D o o 41 93 41
I s T =5 iy

41 20194551900 01 LisgERER 61 2l
5 1..2010M40 1000 OLFLIG2LS QLELSEAS oo Slered sl
6 [ 2019/4/5 19:00 OLF1664S OLFL7258 31 ) -
7| 20194/ 19:00 01F 16645 OLF17258 32 97 41
8| 201945190000 H3m Bl 41 % 7
9 | 20194/ 19:00 01 HIRERER 42 90 1
10| 2019/4/5 19:00 QIFI6645 QLFIT2SS 5 75 3

ikl

9 ERRBRZBEMERTE

o i R BURTIREER I j Ry R 5 0y d WFEY j BRI SRR (SNELVINKD) 5 fiy B
BB j B PR (BEEBS £35E) -

(5) EHREBIN © FARRETAE A » BB E IR EY 01F1664S~01F1725S ZRIEH 9 4558
IRl PSR RS VM (Historical Average) LUNIFIZ IR BAHMINEEL .. V498
SEFTRREELNG + 0 LU7BSEE 01F1621S~01F1664S ZrRHHIMEETR(E -

(6) BRI * R RO« R BB AR R R B A A R TR Y -

(7) HF PR -

BRI H AR EIRE (411 2019/1/1 20:00) BB IAR (1~7) Ko/ INFE(0~23) -
SRUERFRS (Interday) SERIMEREB H A (Intraday) SERIPER - S RTCRRE RS 2e e

op
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A E C B

1 A5 Tal HiE #EE  FHE

2 | 2019/141 00:00 31 107 63
3| 20194141 00:00 32 107 10
4 | 2019141 00:00 41 100 3
3 2019/1/1 0000 42 105 4
B 2019/1/1 00:00 3 107 1
7| 2019/1/1 00:05 31 106 S0
8 | 2019/1/1 00:05 32 111 &
9 | 201%/1/1 00:05 41 85 2
10 2019/141 0005 42 104 £
11 201%/141 0005 3 o 0
12| 201%/141 00:10 31 112 a7
12| 201%/141 00:10 32 110 16
14| 201%/141 00:10 41 107 2
15 2019141 00:10 42 113 3
16| 20194141 00:10 ) 106 1
17| 20194141 00:135 3l 107 119
18| 2019/141 00:15 32 108 28
19 2019/1/1 00:15 41 95 3
20| 2019/1/1 00:15 42 104 3
21| 2019/1/1 00:15 3 o 0
22| 2019/141 00:20 31 104 168
230 QA NN a2 114 4an

10 BEXEHGRAESRZENERTE

E TSR RV TR PR B
A BRI SR BRI One-Hot Encoding 23 [ AU » HIATEL 7
WIS 43 IR + T H P A0 = (0,1.0.0,0.0,0] ~ SR bty A Ry
[0.0.0.0.0,1.0] 3 1L 24 BERIZUGSHFI/INKH » B0 RGNS EYSUENERF By 2 72 58
BFgn 17:00 H1y 17 o< £[0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0] -
(8) FF BT
2 BN BRI (Feature Extraction) » S HUAUER AUZDRLAGEIEATUR » B1A
VR EC B 2 S0 » BTS2 5 O B R K R AL R R ) - L
AT UL O I 2 IR SR R A T SR T 5 e
IEGHEIE » S (UM LT RETTR A BRI R - AT D 2R R B BB ST
ot -
A RS AR (speed) » SLALIRABZ FFHOERT 7 T8 (FERR 3) - Sl OB
U 2 BB TR (bf60_volume) ~ L U BT —BHREEER. (bf60_speed) -
LB BT — BB (us_bF6O_volume) + [k BYHT—BFRESER (us_b60_speed) 7Y
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I8 JRIN IR S 2R (day_of week)/[NKF! (hourly)~ SEFRIRERN (precipitation) o

SHEFE AR - I A ARMERIFREL (Pearson Correlation Coefficient) 4347 /71 -
43 AT G VAT R B 5 B TR [ A GO BT AR B R S A O T S R Ak
B HAR LHEEHE A 0.0~0.2 FEIRE A FEISAHRI S IEAERY + SHB oM REAE A - R
FW (ANOVA) S 71 + 4307 = IE4 R R Ao B T A GOR) R s (B
L) FASCRYE () » p (B/IN7 0.05 HIFRZE SR MO A TEI B A B g s »
& RIS 4 5 v, (Partial Eta Squared, iF eta ¥ 7) BUAFET S (RFAO#S) BHK
S T A R AR TR > BUURAA » 0.01 <n,” < 0.058 Fy/NICE » 0.058 <n, 0.138 15
AR » 0.138 <n,? By AR -

K3 AMAREAEZECHTRHEEHHEER

AT BYER JE
speed SR Target Label
bf60_volume H A B R — P T & Spatio-Temporal Feature
us_bf60 volume S B R — R R T = Spatio-Temporal Feature
bf60_speed E AR By i — P =R Spatio-Temporal Feature
us_bf60_speed U R — IR R Spatio-Temporal Feature
day of week EHAR Periodic Feature of Interday
hourly AN Periodic Feature of Intraday
precipitation EEBEN Other Feature

IR 4 ZVISERF BRI AT IS (TAF H R ~ SEAGHEAR) (AR A e ml
A1 MEBETEEARY 0.2 - AGTERE Lt fHBR MR At R S B e DU 52 L 340 11
FiR » TR SR BAEEHME>0.2 Z R0k T LURE -

RIBER 5 L —IARF R R AT IR B BRE M AT e B T A > =3 R p (B
/N 0.05 » FOREI TAE H SGER SR AEREE L B E0R - JRAI =38 SR A A TR
HELREHE - MFE-Pr/ N (hourly) (& n, {EEFEIE 0.138 » R hourly [hIERF 3
HSHER AR - KPR E R R P R a2 B ) - 230051 (day_of_week) it
Ly (AT 0.058 ~ 0.138 [ » Fyrh Uit SBRRE - IR Al (RS 1 R o T A
FEGEFH - T2 ESHERN (precipitation) FFEAEELS n,’ (/2 0.008 ~ 0.016 [ - /NS LR
Fof&RY 0.01 ZHESREZEREIT - KRR B0 T DAAIRR -
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x4 ARBREZERERRESEMEREED T

i EFZAE 4 (Target Label)- 3R
E[EEEER o TEH SER
bf60_volume -0.53 —0.67
i us_bf60_volume —0.61 -0.71
(Feature) bf60_speed 0.73 0.80
us_bf60 speed 0.33 0.70
=

bf60_volume ~ bf60 speed : HIEM BRI —RiETE =R
us_bf60_volume ~ us_bf60 speed : FIFIGEHTI—FFFETE 3R

ERESHFUEMGHANE(TIFR)

100
rspesdtr 10000 DEEDGEN 05334 06114 l:o 75 igpeedt* 0000 07035 06673 L0.7136
bf60_speed S 0000 0.5484 06118 00 b60_speed o000 07511 06538 0.6925
-0.25
us_bf60_speed - IRILUN 01697 0.2172 -0.00 us_bf60_speed
--025
bf60_volume S5 bf60_volume
--0.50
us_bf60_volume | I"‘J 5 us_bf60_volume
g i ' --1.00 J 4 v
E . o £ “-;; : B . g '§_
11 EREZEFHZ ARG NE-TERRBER
xS AEBHRRZERESBRIFHESEH N
. SEHAR NSl B AR RR
mEE | HEE | e Bzl R
(day_of week) (hourly) (precipitation)
100.325 338.718 98.237
TAEH p 0.000 0.000 0.000
e s 0.062 0.564 0.016*
= F 79.349 183.687 19.619
SEAR p 0.000 0.000 0.000
N 0.032 0.638 0.008*

2L 1 0.01 <n,7< 0.058 Fo/[VECER 5 0.058 <, < 0.138 B HiCR 5 0.138 <n,” By ASCE -
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=t FER FE =8 ol RE——=F1+=A

FRETHT + AR THHIEAR (Target Label) FydR » IR AR Z FF i &
Al —HFRE TR (bf60_volume) » HATE& ELRT—REFEIESR (bf60_speed) ~ F-iff#l& B AT —IRF TR
H(us_bf60 volume) » FIFHEELHT—HFEHE (us_bf60 speed) ~ EHAH] (day of week) » 7]z
A1 (hourly) » HRPRfE M ot 2 R

42 RIVBEATRAER

1 BIBE

A ZEF R TR A AR AN 12 - RS b Bk TH R B R s U et
etk BORETTERESD - e T L B R R T B A A - Rm AR
Follleh > iR AR of - ZR 2R 0 Tl 4E (Training Dataset) ~ B#7E%E (Validation
Dataset) » #IZX%E (Test Dataset) » FlIREEEZ R aIRIE BURFBE A ~ BaRE SR 1 BUR FR AR Al
SRR ~ HIEASE B R AR ARG SR © TARIER 1 3t 52 B2 ERsE - &
o3 Rl IRRERATHIGAER - BIBREE Romi 48 SHEH) - HEARE R R, 4 BER - SOHFIREH
FHIRT 10%/FRBEEIERL » & 0% RallRE R -

HiREE S

, ! .

~

IR R [ RIBEERSE ’ { EIAE AR ]

J

P S

RESBAE ~ REFRAMET

S T

RN
(A% iﬂ—%— LA

x
PR S

RERAELEY

— T

FAGSRES

12 FRAMRNBERE

Iy

FRISEBIY SR - SRRSO 2 BB AR — R

\
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BEHE - §5G 7 LSTM ~ {EEJIHH] ~ Bi-LSTM » 5 M IS5 PRI Y S HA [R]RF B 28
TRIRFZERFIERYEE T » DI THIINRG BE - 58 RNk FH DA - s S F DAREAG
2RI » ERBIARIF AR IR = TAHR 2 AR R - B ERE RS AFIHR
R TR - B BT RIAERRZ AN 2O i TR - R B A R HE &
kSR A S FE TR A TR R TE » 367 H RS TH MRS R -

AT AR ERRIRELU NEREIHHETT ¢ Intel(R) Core(TM) i7-9700 CPU @ 3.00
GHz ~ NVIDIA GeForce GT 1030 » 64.0GB RAM - fi H DA & F A FEAESEAL T2 HERE
M AEIEEMEIRZH 7L (Mean Absolute Percentage Error, MAPE) ~ SEIFR B AR 7
(Mean Absolute Error, MAE) e MAPE {%&H Lewis 7 A 1982 4E4EH, - b 3 Ah TE G HE FE i
W FIERE » BE RS » BAZ R TEHNE B BB E R/ N RS2
HHEBLE B {2 2 R R - HAKUT R - MAPE {ERVEIERy (0, +o0) » MAPE
By 0% » FoRRySEEMER o FRISEDERATT @ HEREEED y FoR - EEREHED § &
e

n
100 |y: — 9
MAPE(y‘y)szlyt -yll
=i (14)

n
1
MAEG,9) == Iy =7l
=1 (15)

2. FRRAIKEREREA

ARFSEH ] LSTM-Attention-BiLSTM HEAUMEST 6 FEIEHE (B H RWFEE ~ 2 HARIERT
Bt~ TAFH IR ~ TAFHRQIEREEE ~ FRBIFE - SFERSIERTEY) (2 ASEERTEH] - 3
Eil LSTM ~ BILSTM ~ -~ LSTM-Attention » BiLSTM-Attention f&7 > K Transformer f& AU
1T LL# - Transformer J Google [E|[% Vaswani 5 A (681 5A 2017 4E4E Attention Is All You Need
— 3R 0 BZSCEEA] Attention R TS Seq2Seq #RAUHRHEFEA5HE - Transformer HY
RIS T Self-attention FIRTERIFFSHEES (Feed Forward Neural Network) #HEK » £ERFR
Froliz FARGE S FUBRIS R TR © TIAFFEEEBUIRIA R L Attention {F Ry iU 3=
S+ F AL IIACHE RS LSTM (HiER) s Bi-LSTM (Hij#E+56E) Pk » B2 Transformer
KEIDL o T ANKIT ST R it P 288 B o AR =02 A5 /N R IR R ] e &7 AR B o PN 7 T 3 L A TR AR
=+ #CHY Transformer JE1TELHL

Rl R B R 1 ZRIFEH) LSTM-Attention-BiLSTM 55U [2) ke A FH A ELER A B
HEFEHY (LSTM ~ BiLSTM - LSTM-Attention » BiLSTM-Attention + Transformer) 7E 3|5k
Firh - SRR i (MSE) {Eh BURIRIT IS BB Loss Function) - 4% Adam i
HE R BUEBRAVE(LES (Optimizer) - SRR EL (epoch) Fy 40 HERFREEA/]N (batch size)
By 64 TR T HE T A G R B (Activation Function) RI2E%FH softmax  BFET AN (time
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window size) B 24 -

EESRGRGBAN5R 6 » AIF MAHSERTHE Hiz LSTM-Attention-BiLSTM 5 AUfA 6 Fdi{
B FHMEE M B R oAt 5 FEARAY » fERIFEETHMHI . MAPE /MR 6.852%~6.946% -
MAE 1A 3.953~4.384 ; {EAERSELTEIIAT MAPE /1A 15.762%~16.354% ~ MAE it

EAGBLANE 13 FiR » SR e B R S T B, -

14 B ARWF e8RS LSTM-Attention-BiLSTM &2 Google ;2 Transformer &
2R - NEHBZ BRFEFRH EEREE) B Transformer 185K 43.447%~99.385% ;
A2 HRBZ RIERFEFHM] (RLEaRAR) 2 Transformer = 60.497%~68.196% - HAMSE
AR H K TIEHZRIERRFHENE RIEEHESN S HRE - 8/R LSTM-
Attention-BiLSTM AU RESA R HE 2 SN F B R A E R B 7 s i e M -

®/O6 AEMRELZTREAIMRELLE S

_ e 2B A B

R B MAPE(%) | MAE | MAPE(%) | MAE
LSTM 8.026| 4.671 18.032| 9.404
BiLSTM 7.759| 4.655 17.273| 8.857
PN LSTM-Attention 8.004| 4.722 17.998| 9.650
BiLSTM-Attention 10.890| 6.152 22.924| 13.413
Transformer 10.166| 6.447 26.248| 12.839
LSTM-Attention-BiLSTM* 6.880| 4.163 16.354| 7.798
LSTM 9.192| 5.491 19.170| 10.784
BiLSTM 8.103| 4.888 19.010{ 9.277
LSTM-Attention 8.038| 4.655 18.503| 9.844
LEH BiLSTM-Attention 8.959| 5.361 19.124] 11.012
Transformer 9.829| 6.440 26.511| 12.666
LSTM-Attention-BiLSTM* 6.852| 3.953 15.762| 7.916
LSTM 10.663| 6.144 22.668| 14.613
BiLSTM 8.950| 5.482 18.718] 11.215
o LSTM-Attention 8.530| 5.234 19.283] 11.153
A BiLSTM-Attention 11.230| 6.573 23.092| 14.522
Transformer 13.849, 7.570 26.765| 19.782
LSTM-Attention-BiLSTM* 6.946| 4.384 15.988| 9.869

At o AT TR AR
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FRA R

FRBRXA SRR S R BRFETAR

R (QB/NS)

]

]

EE(QB/INE)
B s

I r;‘ ! I.“".rl‘:"\ll“l" '.'."W' i TM' '!'
|

AHFELSTM-Attention-BiLSTMH# z{

|!v I
I
®

00 00 %00

2127

() ARWFFEFHHIE

Transformertiz

\ l"

Afh
|

\

1..

ih*

)

]‘ﬁ (

]

i

'Illll

i
|

0

%0

%0
I%IEEW

(b)Transformer FEHIRZ,

| h "" ﬁy 1‘ 1, UM

w0

|

i

i

A

AHFFEE A —#t A
TR R T/ TH
PR - Ry
{o AR e s = H
& TEHIMEL (A i) B
HEMHME OB
sF B R
Google Transformer #
=7 H iz THEE (%
i) E B E(E S
) B[] -
& O FRAERE K T
O 5% fE jZ 17 Ik
B R LR AET
MR EH BRI B T B
) FoR BB TEHHEI
HEESFEEHE - [~
F< BEE s THEIRL
SR N i THHE
=X o QIR OIRHESR
IRIA]

13 AMFARK Transformer B 2 FRAER AEE LB E

AWFAELSTM-Attention-BiLSTM{#* Transformer Z i i

47.760%

60.497%

BT

43.447%

EEH

68.196%

99.385%

67.404%

A

14 AMFEERXNEHETEERER Transformer X ZIEE
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BEAh - FEAIET PRI AL . RARRY » BRZ ETEHIVEREE SN - BARFISOEIE P AT 2
RS R ES RE G TR i - BRI EZE - ERHEE (OREIEF
) ~ EISRRE ~ B S BRI R - AR &R & - ERHEE X
RfE 2 BRI Ry 82 2 1B T » PLHER F A [RIR AL 2 B RIS R 72 Sl e e e 15 s e
FHIE AT AR TR < AR - SRR AR H B8 BB Google [BIRXATHE HY
Z Transformer 5=, » BLIHA[A R (LSTM ~ BiLSTM) JKRafEEA 2 IR AR
(LSTM-Attention » BILSTM-Attention) ZAl#RFFEIHEITLLE - REHHE LT 37~156 #
(0.6~2.6 434#) FISRIER] ; TAEHHRE T2 T 44~85% (0.7~1.4 534) s HARHRE NS T
158~312 % (2.6~5.2 474 » MEAMFEAE AT ig I ALY 31 [FoRIRE R 6 1 ] B 2 ] - AR AR
] I R i o TR R T 7 o IRE R o

ke = £ 1-f= FH [N
H BRG] (Sec) Heiig
2000 1783
1800
1600
U 1400 1197
(53]
@ 1200
= 1000
= 800
& . 477
= 600 152
o400 o, 216 170 245 282 0 % s 1o 212 0 1
200 “ 40 o 4 .
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