Modeling and Simulation £ 545 EK, 2026, 15(4), 143-158 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2026.154060

ETIRIBEALSTMER NS R A KSR E
B 7S T 5

E ke
FigE R BRI R AR, B

Wk H . 20264F3H24H; FHEM: 20264F4H16H; KA H: 20264F4H24H

HE

FITREABSY B T ERENNEE RS S TERMERE, RN MR R &R
BEXEE, AXEE T —FET WA KE#HC1Z M 4 (Dual-Stream Recursive LSTM) ) £ 47 & 38 il
RETM A%, B, WEEW - P0 - EWSBEERRAMER, LIX100 miow B SRS 5
EEE: HR, WXL, SdEREER S P EENERES, FRERT 2%
BENEFIFBETICEE; BE, SINRBRIZEMANG], FHZERMYWEL LLARBIE
KEFHAUHZE. ETHRSZRRERY B LRESUEENLRRE: S5 EERIALE T MR
MG (MAE) R BRI R L 4935%, BEHR T NHEESH BRMRIMEEE: R, F£RK60
SEP R TRIG, ZEE TR E (RMSE) K T 27%, BRGEIR T A58 RN A R E M. SR
EMEHWEBIEEARIM R, AN TR E SRS B R T R .

KA

FEABSY 2, @RS, NRLSTM, SRR, #RRHTHM

Research on Multi-Granularity
Traffic State Prediction for
Expressways Based on Dual-Stream
Recursive LSTM Model

Xinyi Qu

Shanghai Urban-Construction Information Technology Co, Ltd., Shanghai

Received: March 24, 2026; accepted: April 16, 2026; published: April 24, 2026

SCES| G, BT XGRS LSTM BT F e e 24 % 20 R PSSR A BN TE ). SRS 15 5L, 2026, 15(4): 143-
158. DOI: 10.12677/mo0s.2026.154060


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2026.154060
https://doi.org/10.12677/mos.2026.154060
https://www.hanspub.org/

KA

Abstract

Aiming at the highly nonlinear and multi-variable coupling characteristics of traffic flow during ex-
pressway reconstruction and expansion, as well as the blind spots in traditional section-based mon-
itoring, this paper proposes a multi-granularity traffic state prediction method based on a Dual-
Stream Recursive Long Short-Term Memory (LSTM) network. First, a hierarchical “Micro-Meso-
Macro” spatial sensing system is constructed to achieve precise mapping and full-domain coverage
of 100m micro-segments. Second, a dual-stream independent architecture is designed to decouple
the feature learning of the congestion index and average speed, effectively solving the gradient in-
terference problem caused by dimensional heterogeneity. Finally, a recursive rolling mutual-feed-
ing mechanism is introduced to correct long-term prediction trajectories by leveraging physical in-
teraction constraints between variables. Experiments based on field data from the Changhu and
Guanshen expressway reconstruction projects demonstrate that the proposed method improves
the prediction accuracy (MAE) of the congestion index at the micro-granularity level by approxi-
mately 35% compared to single-stream models, significantly enhancing sensitivity to congestion on-
set. Furthermore, in the 60-minute long-term prediction, the root mean square error (RMSE) of speed
prediction is reduced by 27%, effectively overcoming the instability of traditional recursive predic-
tion. The model exhibits superior performance across macro to micro spatial granularities, provid-
ing reliable decision support for lane-level refined control during construction.
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Flgure 1. Schematic diagram of hierarchical spatial granularity division for expressway reconstruction
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Table 1. Description of input features for the microscopic traffic prediction model
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Figure 3. Schematic diagram of dual-stream independent architecture
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Figure 4. Flowchart of recursive rolling mutual-feeding inference strategy
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3) ArdE B K H1E 12 M 4% (Standard LSTM)

FritE LSTM B8R Y 5 A SO AR [F) 1 = 480 S el SR e iC B, (e S 850 EAREAR B X0 %
R R B 2 M AR A, BOKE B AR B0 (CD 5 T 3 4 (Speed) B HF HE N B — I RRAE 1) B
x, =[CL,V,,-| S NAE , e 5 0 B2 AU [R] I 27 T W R AR BRI FPARRAE , R fa 7 HE 2 B Tt
iR U XA TR E O P A o @) L U SN R S R S S AR R I, WA
LRI R AR SCHE H 1A% B AR SR I 2 15 e 8 A R 22 A0 B B AN 2 S s SRR B2 TR 1) R, AT AF B XX
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4.1.3. FNERR

T ARTH S W VP A 2R T v T A B e R it A S RS T R s R, AW SR T AN
2 N I 1] 47 P U R G T 2R AR bR IR 2 (Mean Absolute Error, MAE). %) 77212 % (Root
Mean Square Error, RMSE) 1345 H 73 LL % 2 (Mean Absolute Percentage Error, MAPE).

BN AR SRR N, i DR R SOWINE S p, , BRIRTE S P, , SHEFRIE LR
HHEAXWT:

1) “FH4ax% 2 (MAE)

MAE #i & 1 WA 5 5 SAE 2 A 24800 22 (1)~ F 350 K7, BE UL R WA 28 o) &5 R i A1 14 (A ccu-
racy). MAE {HBR/)N, U WY (1) B A ff 22 /)
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l N
MAE =— = 1
N;Iyl 7 (18)

2) IR ZE(RMSE)

RMSE iR 2 7 5 B B HE AR 7R . 5 MAE ML, RMSE S KR ZREA BA 0w 18 5
R (BP0 B 1 RS R o A L X ST I 22 R, SRR P B A B Al R PR A A R S
WO, PRI RMSE & PP Al BB AR R i 00 N S PRI G FR bR

(19)

3) “FII4ax) B 43tk % (MAPE)
MAPE #& 7 FlE 2 A0 T R SAE G b, VHBR T EAR EN A5, GRS S B Fii £ S A X ]

ETA
MAPE = izN:

i=1

2 100% (20)

Vi

fabriE PR 5 R EIAHE T A TN A B AR 22 57, AES5 R h B i P AN A
TR T A VG E BN AR R BHGE 0 il RE A, MAPE THER 5 ™ L BUE AT E -
[K0t, R MAE A1 RMSE V(S0 BUIRE . 6 T PR3 25 S 0 e 5 XL ek,
MAPE g 5 47 B e e T v 22 %0 55 B H AT A6 f 52

4.14. BHEE

1) MeESHRE

R T AREXT HESEEG A T, A SCH A XU AR 2 (DSR-LSTM) 55 L HE AR 7 (Standard LSTM)AEAZ 1
W% = B IR — 2

BINSHE: PR EKERERNT =10 (RIFRIAE 2 50 280ER), WlbKieh H =12
(R TR A K 60 43 Bh 1 50E) -

LSTM Z5#: XU ZEH R 44 Ol 5 0 BE SRR 3 05 2 2 HES LSTM,  [sl= Fc i — %
SEN 640

IEME: N T B IR 54 R, 7F LSTM 2 54382 2 (8 5]\ Dropout HL#l, % FFHk
FIEN 0.2

2) A5 I ZR3kng

PSR R FH i 81 i ) M B 2 20 07 30 400K BRI 0008 Y 3 U o 22 SR A B TR 5 LS 2 IRV 22 57
A48 1% H Adam (Adaptive Moment Estimation), KA F1E R85 5] %, BARRPIWSGEE . B
PN GRAMS a0 F -

% 3] % (Learning Rate): #J4A% %4 0.001, [FIH KA Reduce LR On Plateau %, 450IEH
Loss 7 5 /> Epoch WK NS, K5 > 22808 5K 1 0.1 5.

LR /N (Batch Size): W EH 1024, LA FIH GPU A7 I ORUERA BE AR € 1 -

IEAEH(Epochs): R IIZRFE BN 100,

FL {5 ML (Early Stopping): % & i L {E (Patience) N 10, = I UEEERRAEESE 10 4~ Epoch N A HI LB
5, WERATZEIINZR, IR ORAFIIESE R e O AR B A A g b A5 Y

LRV KW EESHOL LAWK 2 FiR.
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Table 2. Summary of model hyperparameters and training configurations

2. REBSHSINSFEELD

ZH0 SR ZHE
J3 2B R 25 (T) 10 (50 mins)
WARE To e [R] 22 (H) 12 (60 mins)
FHE4EE (D) >3 (CI, Speed, Time)
LSTM JZ#(Layers) 2
R 2% &5 44y [ 8% 2. 7o 3 (Hidden Units) 64
Dropout Fb#% 0.2
i1k % (Optimizer) Adam
WI4f 5 > R (Learning Rate) 0.001
UIZRSFNS i K7\ (Batch Size) 1024
& K5 #(Max Epochs) 100
FL{ZiiCME (Patience) 10

4.2. BETAEREXTEL

A [E1Z (B EE R RE VRS

N T AT AR T AEROU - AU - R SR AR 2R BRI SS, ARFFCORG 1A R A = A
FIRRE RETHITERERIL . FAAPPAG ST

PO EE : ELEETTSITA 100 m B ocHE BEHIN S5 R T 2R 22, BB J5) S A58l s s A L g

HOMUREEZ - I8 T A — WAL (O [R) — 5 U DX e 2 2 A B N RO e BOIR A 147 23 ) B (A
), TR B TC R T R 2 5

TFWURLIEE = R B8 5 vy T A BRAE PR — T ) L O T B BORS HEAT JE A, TS 2 IR bR O TN R 22

13 JEoR TAEARK 60 B CR, ASCHRY(DSR-LSTM) 5 FEAERUR (HA, Std-LSTM)ZEANA] 4
[ADRLE _F AR PEREXS EE o

Table 3. Performance comparison of different models at different spatial granularities

3. NE=ERE TRIRE M REXTEE

N ” BT EL ROt
7 [ far et
MAE RMSE MAE RMSE MAPE (%)
HA 1.85 2.42 8.92 12.55 11.24%
; SVR 1.55 2.10 7.85 11.15 9.85%
e
Std-LSTM 1.25 1.89 6.89 9.75 8.95%
DSR-LSTM 0.82 1.35 4.56 7.12 5.85%
HA 1.65 2.15 7.85 10.85 9.50%
SVR 1.32 1.85 6.55 9.45 8.25%
R
Std-LSTM 1.05 1.58 5.45 8.25 7.20%
DSR-LSTM 0.68 1.12 3.85 6.05 4.92%
HA 1.20 1.65 5.50 8.15 7.50%
. SVR 0.92 1.35 4.65 6.85 6.15%
T
Std-LSTM 0.75 1.15 3.95 5.85 5.10%
DSR-LSTM 0.45 0.78 2.55 425 3.25%
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MAPE 1A 3.25%, 1T HA (7.50%)H1 SVR (6.15%), 15t IR ) 75 4 41 4 1 58 308 vk A% 34 77 T [R) 4% L
AR . (EAE R, SVR 7R Z W2 mFRD BRI T HA, H5 LSTM RABA A
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4.3. jHRESELE ST
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) 52 B AR T (DSR-LSTM) AT X L
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4.3.2. LWHERIH
El 5 o T AR AR ARLTE 60 23 K FLI(Step = 12)1F55 FHITEREXTEL, 32 4 DAt sL a0 404k
XS R

4.3.3. Rt

BB IPLTARAE . X E Ak A SACSCERIaT LUE i, B BB Aet fa,  HEE H8 20 i i 2
TEINMAE M 0.82 5BALZE 1.25, #IRIE 52%). X4 IS AR ERRAET T, BT4
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Figure 5. Performance comparison of ablation study
[ 5. JHRhSCIG M REXTEE
Table 4. Detailed data comparison of ablation study
= 4. HRLSCIGIFAREERTEL
" EiHi R LS
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MAE RMSE MAE RMSE
Ak A 1.25 1.89 6.89 9.75
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