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Development of a Speed Prediction Model for Urban Network

Based on Gated Recurrent Unit
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ABSTRACT

This study collected various data of urban roadways to analyze the effect of travel speed change,
and a GRU-based short-term travel speed prediction model was developed using such big data. The
baseline model and the double exponential smoothing model were selected as comparison models,
and prediction errors were evaluated using the RMSE index. The model evaluation results revealed
that the average RMSE of the baseline model and the double exponential smoothing model were 7.46
and 5.94, respectively. The average RMSE predicted by the GRU model was 5.08. Although there
are deviations for each of the 15 links, most cases showed minimal errors in the GRU model, and
the additional scatter plot analysis presented the same result. These results indicate that the prediction
error can be reduced, and the model application speed can be improved when applying the
GRU-based model in the process of generating travel speed information on urban roadways.
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JatAtt. oy vldolHE AElstr] 25t Deep Leamning 713 5 GRU(Gated Recurrent Unit)
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1. GRU(Gated Recurrent Units)
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<Fig. 1> LSTM and GRU cell architectures
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T Hae grides wdste] Adsialon, s A9 AT 7],
5 = Atk & A7 FAHS HolHRE 5E o]F9] ¥4 FiEE HolHE
AR on, tekdt A wolE el Aste] AT Data Set& T3 oFf <Fig 2>°l4= & 4
e UES st woly W e AT
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4> °
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<Time t traffic parameters>
The last cycle average speed
The last cycle volume by turn types...

<Day parameters>
+ National holiday
weekday & weekend...
<Weather condition parameters>
Temperature +
rainfall...
<Traffic signal parameters>
The intersection offset

Green time for through vehicles...

<Adjacent node-link parameters>
Last cycle traffic parameters
Traffic intersection parameters...

<Fig. 2> Road network and input data features

2. 28 75

By F50 oA 7 93 H BAEE BXE AASS|E Ad <Fig. 3>3 #Zo] AolstA UERaL 910
Hd HE B¥s IFF et s I 239 dolEHe 2¥ g5S 93l Training
Data(80%), Test Data(20%)= 7733}, Training Data Woll 4] TFA] Training Data(80%), Validation Data(20%)=

-
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<Fig. 3> Different range of the traffic speed data per road section
£ BE B4 WTE 2y F&5tH dHolH HAY Ao B3 ALt A% AV A 2 5
7} IS Ao Z AN T wiebA Keras®d Scikit-learn 53 Random Forest 28 758 %3] £45H5<
dZ B8%% dolel(y,, , ) Input Data 18] PFIS 5315tk o= 54 Wo] do|HE T29]2 4
2 Data Set-S 2] 3}5AlA Loss a4t WSS 53 /g9 TAEE gofste AL2, Wy 7+ AT
7t 28 A9 Fo% 29 A8 =7 313 Training DataS o2 W4 7F AAAA S B3 A
A7 wEFI ot A7 e I FEAATE 05 o g2 e oH, Offsetst - 3HF Offset 1t 33
A A 05 oo 2 Yehgt) A a5 W) Offset IS A ASI AATAE ThA] B4 A3
Hg ko] AR AAVE BT 05 oFtE EEH U

©]%, Python®] GridSearchCV &S %3 Random Forest $4-2] %2 2] Hyper ParameterS T=Z&3}9TH &

<% Hyper Parameter= Max dapth=16, Minimum Samples Leaf= 8, Minimum Samples Split=48, Random State=0,

N_Estimators=300°]t}. 319 Z}2}u]E] & Random Forest @& 75311, g 2dS 53 PAS =33
o} 26709 A F PRIGEY] HIE0] & SMUE FHALS w 9% ol sFshs HeEe &
5, 7

S, F 15709 Wvh AEEAT 157] Mae SAUE ¢ AR FAEE, AR d3 595
T, F5 4R 93 A3 1% sk ¥4 L E, sk ¥ A7 wEE, HA3d s, i
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1 W7 W 859 oF R2%E AASAL v ASE YERT.
o|F, 91| 157] MR o] FolXl Data SetS &-8&3te] 7} ¥3°| GRU B3-S FF3ta, 85 549 &
< 93] 03} 1 Aol 2 Data ScalingS 13T o] F Inverse Scaling 8-S AA HA TP&= do|H
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T TA tg ASE T8 Al HTE BT E8hE Data Set, F=H 157 MFTS X3ee
Data Set®. 2 &3} th 249 T 3 Training Datag T’ 2.2 GRU 1 Layeroll tj$t RMSEE =&3}%Th Yl
W Ay} 7 00428 TS Fs Eoi—.tq At 5= A Wl vlolE o 2ol 50.60%, T4 W O
oJH 9] B3o| 30987} AQF o] FZ2H WG HolHE H83 BPo] O AEHU SR RIS

GRU =89 Layer 1-% % Hyper Parameter 4172 GridSearchCV ZES 53| 72 Z Validation Data2]
RMSEE E4ste] AA3AT. HF A 28 729} Hyper Parameter= <Table 1>04 A Alstith £ A
TEY9 o= A2 vusty] 93 28 Baseline Modeld HE5A Q0 AAE REQ o|FATHE 28 S
kol A E Aol wt FE5EAH.

<Table 1> GRU Model Structure

[ Model Structures | [ Hyper Parameters ]

Model: "seauential _1633"

Laver (tvpe) Output Shape Paran #

aru_B467 (GRU) (None, 1, 30) 4230 [J Batch Size : 32

drepout 3845 (Dropout ) (None, 1, 30) 0 [J Epoch : 100

aru 5468 (GA) (Nene, 1, 45) 10395 (] Optimizer : Adam

dropout _3846 (Dropout ) (None, 1, 45) 0 [J Learning Rate : 0.01

gru_5469 (GRU) {(Mone, 1., 15) 2790 [J Activation Function : Leaky ReLU(Alpha=0.01)
flatten_1629 (Flatten) {Mone, 18) 0 [J Dropout : 0.1

dense 1629 (Dense) (None, 1) 18 (] Early Stopping : Patience 20

Total params: 17,431 [ Loss Function : MSE

Trainable params: 17,431
Non-trainable parans: 0O

J

3

M
b

v. 23

el

Test Datadl] TH3F RMSES %3] GRU 233 vlw 23 ES H7}3 A3 <Table 2>9F 2th AAE vhe}
Zo] GRU E&2] RMSE #to| 1471 FIoNA Hla BRT UHA TEEH o F F5o] $-53 A2 et
wioh ok 293 F T oA E °lw11*ﬁ% 2o| 7P 43 A& VeSO Baseline 235 GRU 2
PET F2 QAo ® YUEyth BE H3 vlolH g =X tig RMSE @& %3¢ 27, GRU, Baseline

mln
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<Table 2> Performance Comparison of Different Models

. . Double Exponential
Link ID GRU Baseline Model oo thm’;p"M el
249 4.00 6.23 493
251 6.31 10.67 8.09
252 4.11 6.34 5.19
254 4.56 7.63 591
285 7.03 9.85 7.59
289 5.28 7.42 6.43
291 491 7.76 6.09
293 8.34 7.29 5.79
297 4.95 6.62 5.80
299 3.70 5.57 441
306 5.79 9.72 7.51
307 3.57 5.62 4.43
310 5.60 9.33 7.20
312 4.38 6.09 5.33
313 3.60 5.77 447
Average RMSE 5.08 7.46 5.94
3 4 JAEE AA SHEE g S e A s ARE AHHEE T At A s
ANME xFakol LA, y=atol dSH oz o] FofA vt webA, Al g3t ASA7F s LA
=4

HE7} y=x & a2 ol AF= o] el Bk o]e)d A% 2R T <Fig. 4>= 251 o) o
& AHHEE eI, GRU B39 d5A7t y=x Tl TS LA vepds Felstith o4,
Baseline model > ©]FA4HE g9 AAROE OS 248 AHEE Kol Agi AT YA

< GRU model > < Baseline model >

A

Double exponential >

8 8 g 8
-
®
L]
L
.

predicted traffic speed
8

predicted traffic speed
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