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Abstract

In the context of the rapid development of Intelligent Transportation System (ITS), short-term traf-
fic volume prediction technology is an important support for traffic regulation and travel manage-
ment, and its research value is becoming increasingly prominent. Most of the current research fo-
cuses on single-step prediction, ignoring the dual needs of multi-step prediction and uncertainty
modeling in complex traffic environments. In order to improve the accuracy and robustness of
multi-step prediction of short-term traffic flow, this paper proposes a hybrid model based on data
quadratic decomposition and uncertainty modeling, TEL-BiLSTM-PSO-CKDE. The model fuses time-
varying filtering empirical mode decomposition (TVF-EMD) and local mean decomposition (LMD)
to form a data quadratic decomposition architecture (TEL), which is used to deal with the nonline-
arity and nonstationarity of the original traffic data. At the same time, the bidirectional long short-
term memory neural network (BiLSTM) was introduced for subsequence prediction, and the prob-
ability density function of the prediction residuals was modeled by combining particle swarm opti-
mization (PSO) conditional kernel density estimation (CKDE), and finally the multi-step prediction
interval (PI) was generated. Experimental results show that the hybrid model proposed in this pa-
per is superior to traditional methods such as ARIMA and BP neural network in terms of PICP,
PINAW, CWC and other indicators, and has good prediction stability and generalization ability,
which can provide effective support for ITS system.
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Figure 1. Bi-LSTM recursive multi-step prediction flowchart
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Figure 2. TVF-EMD-LMD data decomposition flow chart
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Figure 3. Bi-LSTM model structure diagram
[ 3. BI-LSTM 1RV E

a
\
\ 4

(&

DOI: 10.12677/0jtt.2025.144049 497 LA


https://doi.org/10.12677/ojtt.2025.144049

KA, ERK

2.3.2. BILSTM BVA% LHNRE

TSEBZ BT, AR 56t BILSTM XTI RS #4T HoB ), S 4555 A T
—IFZIHIN, GRSETI R — AN S, ARVGEAR, IR e B 20 TR .

XTI R SRR R T, (HRIRB AR R AR A, TRl & G SO e M e it
TR ZEAME SR e I R

2.4. PSO fi{tH CKDE 3R =& &

2.4.1. CKDE & /43

NFAAR RO, A BADN . 18 ORISR x PGB S y R EL S (v]x)
HEERA T
:lleh (x—x,.)Kh, (y—y,.)

:’:1Kh (x—xl.)

I/ (v]x)=

Hof, K, () RRBIN b OERE (x,,v,) WP AR
CKDE Hief£ 5 KDE B35 & T804 2 1 F I ACHER 22, 7T S A7 M 2 A 2 028 (LA«

24.2. NFHRUTEFRESH

CKDE 57V G v FE AR T35 Te e 56, A SCHI NRL PRI BE(PSOYXT i e S 4t AT & R & .
PSO i BIUBAMEST 2, Sl SR FEM SRR R EIE, HEAEHAXWT:
viHl = inl +an (Pil —xil)+czr2 (gl _xil )

t+1 1

xM=x" 40"

i

e, xv v R R T ESEE,  p AR LRI E, g NERRIAE, n o NEEPLE
T ow NBHER T

3. RPISLE SEBIXFEE S Hh

NI UEASCHEH ) TEL-BILSTM-PSO-CKDE  2H -G 155 8 7 Ji i A2 168 2 AN 4 22 25 ) o f 3k P 1k
SR, AR HE T IE F FE A R SE A E AR R St . it ARIMA B!, BP #1242
LR AR DL R A AL S ) BILSTM SR EAT S bE, A TIPS BB R AR AS IR T 25K 1 T 1 &
Foett, P HEREREEI RS RTINS HEESHET . RS ARIMA 5 BP #1424 L oh,
IRGIN SRR RS (4 GCN, DGCN)YE NS5 #3550t L, LB IE TEL B i) Ed 1

3.1. HEKRFESTALIE

SO BT RO R AR B B PR VL AL X ZLBEIA % 11, BACRIEON S Xtk Br A/B J7 [ AR DI 5 4
FrC sk (0 F o0 B e R S A, 0diE b s I RUBASIN AR SER RIS, A5 A A0 T 0 POk 2 1R Sl it
HICR(LE 4). BB OR RGN T SR 5 T . 2% 58 2 FUa 0 h vl BEAAE R BUR
AN HAR L, B e AT AR TIAL B . RIGHR  R IR E T i 5, 7 H a2 0y
Wikl b, JFt— DS R — AL AR B, AR A IR I TR MBI R FEREARRI YT, 1%
IS TR G 6 S A B £ 70 N 2R ER 5 IRAE U 80% 5 20%, i RS 27 2] i e 55 SEBn U A 455
A8k AL, RRSEEAGIATEE . BHRIFR R FEE, DS IRARAR AR S 500 5 i
5z LRE

AZ I A 18] 7 51 2 B L 0 ) R Ak B AR v, 7 ey e TR A7 AR AL R R 2 B LR, T

DOI: 10.12677/0jtt.2025.144049 498 LA


https://doi.org/10.12677/ojtt.2025.144049

KA, ERK

BURNUAR R PR, XA R AR PR SN AR PRI R 1 B BRI [EIR ] DAY B WL 5%
FISSHERAE RN IR Y, v SEE B S IRE I it 1T EOEA

prat B plsdtl
1.00
0.751
0.50-
0.25
025
-0.50
-0.75
-1.00
2012-05-30 2012-05-31 2012-06-01 2012-06-02 - 2012-06-03 2012-06-04 2012-06-05 2012-06-06
1i5

Figure 4. Normalized sequence diagram of traffic flow (5-minute granularity) at the intersection of Hongqi River Ditch in
Chonggqing
Bl 4. EREMARZ R OZBERES 7R ))A— L FFIE

3.2. RBEESHRETN S E

e, AT RIE R TEL-BILSTM-PSO-CKDE # 8! i =# /> 4 ik #i%i L TVF-EMD 5 LMD
R EARE IR R 0T IR AR AR AT FIAL B, rhiA] 2SR F BILSTM #4128 I 268 o A5 A 43 5 40l i A2 5
TR 25 5, JE ] FH PSO A4k CKDE Xof FRUMI 5k 22 3047 Rk 28 5 P G ASE, e 246 g Jg 5 368 2 1) X ) ot
o N THRRBERIRE TS T S0, & FRMSHINEET AT 3o 8Os SRR AR . TVF-
EMD K F AR S8 i 2% H sh i 2 IMF 2 40, LMD 70D B 4% 58 115 5 4 2R 3R Utk 47,  # iR
AT AR PR MR . BILSTM M 4% HH I JZ 64 FLUGI LSTM 41K, % B 0N tanh, KA Adam
AR AT SET B, F R E N 0.001,

CKDE #3346 FH iy S0 o0 A8 7 R 22 25 2 oR 4, R SR PR iy 98 2 B0 I br 1 B S 3 s A R A5
PSO Ak fE, FiFHEBE R 30, HAERXECH 100, BHER T 55 2] F 735 % Tk e
FUBUE, PRIEA R 2R B8R S S8R 1)1l o 7E 25 A B I 2R 72 o 3 AR B A IR I Zrie 20 S A
MU, DAHERR I ZRad FE X st 25 R i) T4k

AR P B8 ) T B AN T AR Ge iR ZEF b, 38 5N DX 8] TR0 AH S Fia A DA 4 T UPAy T 45 SR 1 o] (5 72
o DU BLR 2= R An B HE 38 7 iR Z2(RMSE) I Z4E% 1R 72 (MAE) “F348%) H 73 thiR Z(MAPE) 54
X877 AR R ZE(RMSRE) o IX S84 bt [R] 7 B UM A 5 S S 2 T BB R 22 . e Ah, DA SN o 1
B, ARSCHI XA 353K PICP. X [H] 58 5 PINAW 5356T %8 B 578 o5 R InBLUK CWC Fbx, M
B 4T S BUASE Y ()AR e TR X TR T A5

3.3. SHEHMERRTEUABRS

FESRIH, R E TN 10 3 5 5 ASWE A, il s A b i as RO 5). £
DR b B A AGRIE I R B, 200 il 2 AR AN [P BT 5 S S 2, A
B U R R I AR 3 . IR TTLAE H, ARIMA RRLZE D0 HE P e S il s i 40 & ROR B2,
JERAE B AW R PR . BP M4 BEAT 2 AR EME AR BE 7T, (BTN Hh 2 sh R, RIL

DOI: 10.12677/0jtt.2025.144049 499 AR


https://doi.org/10.12677/ojtt.2025.144049

KA, ERK

HIA R AT EN . BILSTM BEAUHE AL St & N4 BAT AP T HICIZ 68, TR0 KB R R I
A, AHBEA TSN, R ZR R ENE D B, 5 BT h 2w 2 S bR AR L

FHELZ~, TEL-BILSTM-PSO-CKDE #8175 2 AN [A] B3 e R SR i A il im AR a3, JUHAE =ik
) DX 1) A A SR A o A oy () 000 — S0P o JCFIOI B 2670, I ZE s, e B Ao ) e () S B e ) S ik
o 75 5 DTMETL T, ZARRUK IH4EREAE & BRI TRINYE ], R BRI T A AL,
1E 2 5 TAT55 1) SR PR AR 18

N T VA SASEHOG AR PERE I RE I, ASCBETE T =R SES, KRR LMD BB, PSO fifts
CKDE #8, 255K, #/b PSO J& X RTINS B T BE 18.7%, WeiF HOCHIEM .

210 |

[

353 wn 0

S o O
T T T

90

30

T E (peu/55ET)

¢ ALY —EEXE R

(=3

B X ) _F R

‘15lO 2(‘)0 2%0 300
)R]

100

AT E (pow/55-4h)

W
(=Rl -1

&
S
T

| BSf —BEX I TR

BAE X A LR

‘150 200 250 300
it 18] 757

100

(a) ARINA {RBIF) % STUNLER

200

o B —EEXH TR —EE X LR

150 200 250 300

I 18] 7 571

100

200 -

¢ B —HEEXE TR —EEXE R

250

150 200 300

I} 18] 51

50 100

(b) Bi-LSTM =B #9225 FMEE R

180

© JUHH —EEXE TR —EEXE R

150 200 250 300

I 18] 537

100

180

@
S

—
[
(=3

A & (peu/55E)

w
(=}

(=]

¢ HYAH —EAEXA TR —EEXR R

‘130 200 250 300
IS 18] F 31

50 100

(c) TEL-BiLSTM-PSO-CKDE #RBYH % £ FNILE R

Figure 5. Multi-step prediction fitting effect of each model under different prediction step sizes
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