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Traffic speed prediction based on contrast and consensus days
SUN Qiuxia, SUN Yangqgi, LI Qing
(College of Mathematics and Systems Science, Shandong University of Science and

Technology. Qingdao 266590, China)

Abstract: Traffic speed prediction is one of the hot topics in intelligent transportation system. Accurate prediction
helps travelers to make reliable travel decisions. Considering the temporal and spatial correlation and regularity of
traffic speed changes in road networks, this study proposed a traffic speed prediction method based on contrast and
consensus days. Firstly, to capture the characteristics of speed changes in a short time and mine the spatial correla-
tion characteristics of roads, a contrast model was constructed and the traffic state set of historical data was updated
according to its value. Secondly, the updated data set was clustered by using K-means method and the best consen-
sus day of each cluster was identified by adopting Rand index. Based on the obtained information, the traffic speed
was predicted. Finally, the validity of the prediction model was analyzed by using RMSE, MAE and ACC. The re-
sults show that the proposed method, with a prediction accuracy of 93. 8%, has higher prediction accuracy, faster
calculation speed, and better applicability.

Key words: intelligent transportation; contrast; cluster analysis; recognition of consensus day; speed prediction

JnpR A B T B 2238 & 4t (intelligent transportation system, ITS) J2 2§ 3% 22 8 #1354 mis 17 308
I/ 25 TG Y A A TE IR R A ROR AR . s TN 7 vk i R BERE 0 O TTS SEBLACHE M5 B ki 55 T i
PRALEE AR SCHE, SOAT DA By A7 3 B R0 B AR o 3T S 3 R T Ay AT A B A A i A2 A S i R B AE
— o R EE X B R ATRE ) R R A AR

H R [ A Ah 2 38 0o A2 3 B S0 5 vk A T R RS MRS R R RS a0 O =28 A iR PR R ) ik
—

i 75 H H9 :2022-06-02

EL£WHB:(LARA BHARB#I LW H (ZR2021MF113)

YEE B A MR (1976 L0 INAR BT 77 N B 082 1 3 %8 A 5858 R B 43 i 5 A 5
PMIRFEF (1998—) o 2 s INFR TG N L 0 5% A= 32 2 DA 5 58 3 OB 20 B I 90 AR SR 1R
E-mail ; 1028265119@ qq.com



PINVEKEZ 4 - 2 368 L R A R 3R T Y 5 il R T « 109 -

FBRBES 2D 7 vk o it Jr vk e M4 g 0 58 5a A5 B R AT 40 B 3254 C e oH B O 408 e 6 47 5000 2 Chandra
&L sz 1 G [\ 5 2 8 H 8 R Cautoregressive integrated moving average model, ARIMA) #4732 38  J& #i
0 2 b8 bR e Xt e e A R ) A 8 A B I 25 L AR A R R €8 T AR AL (gray forecast
model , G X P B i 2 JE AT B0 L JF 45 5SS B 04T 1 S ik TN 25 2R 5 S e R W) B e s S T b
P fe g ARIMA BERLA I P4 A A B i A B 24T B0 » Kumar 600Ky g 22 45 PR 22 40 1 101 0 ¥ 2l
S 4 FE I (seasonal autoregressive integrated moving average, SARIMA) ¥ AU 3 47 45 9] A2 18 T i , {H X 26 45
RUASREAR 4 i b B AR 2 S A5 O IR [R] 2 51 o ARDRE T G831 07 2% AL o7 >0 07 125 AR A% B Jeg b Ak L 5 3k i1%) < 3 5 4
U Sun F5- A A 4 B K 2SR BL I Z AR AL IR A0 S35 DUt 37 M 45 (dynamic Bayesian
networks, DBND Hf 41 5 1 7900 o 1 2% 5 Satrinia 55 5% F 1] DG i v 75 590 58 0 o 1 1) 490500 58000 A S
I] 2t [5] ) (support vector regression, SVR) J5 i Fil Il A 3k 14 58 8 3 B . H A [ 4 ) 75000 7 B 5 Agafonov 45
Pt — B T K A8 i 43 A 2 0 5 T g 0 Uy 12 5 %0 ek R I 2 BT A I i I S A A S H AR BB
SPAE ] k4R T BOORG JEE  ARLALAE AL A 2T 0 B AR AE 1 4R IBOR 2 5 Zheng 25U $2 1 — B B T K A B E
¢ (long-short term memory, LSTM) [ £ %) 52 18 T 75 5 o 3 i i 22 4> 77 it B0 70 41 8 1) — 4 ™) 2% ok 25 i 58
IR GE Y s A OG5 Oy TR E LSTM IR 4% (1 T RS J& . Liu 485 42 1 4l ) 45 B 45 ) 45 (convolutional
neural networks, CNN) 4& BCECHE (19 23 [V RFAE 2 7 108 T bl O 6 B8 R o P 238 ) i ) = 1 550808 6 B mT LA
JE& AN [) B 23 A0 o TN AT 55 (O S0 o A 7 S — 2B 42 0 B D 0 R R AE S B PH AR R R T A B 4
2% (graph convolutional network, GCN) 5 [7]# 1 ¥f BA G (gate recurrent unit, GRU) ZH & 1% %5 I 22 18 i 7 0
T3 1% o R 1 A B 28 1) 24 585 5 () R A 0 ) 28 106 B B 50 5k i B I T s () R AL o FL A RN 85 o 1) B 2 1
FOUIRE BE o RH XS T R R O 32 o VR A 2 O 1% B 605 U b A A S L AR AR B S A WU B2 . B R B
G5 TE 5 e B 1) TIUINRS L 22 00 D s M AR R AT I AEOR B0 M 2 IS T T B AR B R L A T T
20 AT i R

TE S BR N F b A8 38 U A AT — o 1 R P RT B S DGR L 3 43 42 4 B B R AE L AT D B AT AR
A SCERC10-13 R Al A8 BCEE 416 A6 8 43 A e 6 28 3 i 5 6, S5 R R WA B BB R #8145 B I 3,
v T TOINORG B 5 0T RAEY Y ORI Fisher S830000 % 0 800 526, i 4% ARIMA BEAL DL K SARIMA KA FF i
N SE R TR TN 5 LG SE B el i R L SR I I A M R A A R L LA B A B 1 52 3
i BCHE FEAT 70 28 S B0 () S8 AR AR A4 508 4R AL A 21 5 A R AT A IO | AH il 22 AR S AR A T B
] s Chiabaut 50§ B —Ff 56 90 3 BRI B 3000 D7 v 3% 0y 18 S 2 A S8 iR A 4 L 1l P 9 3 PR
71N AL R AR ARG 0 - DR BE R S T A A — R TP E B AR ME RS — RAE S U H R R R H B fE B AT
JE TN AR B 26N B . Ry T A b A R e ) P R P AR s B, Zaki STl R G LB 48 AR 4248 90 min
L AR R e, 8 9 A SRS A I B By R AT SR R AT R T L BT A A Y T ROR

25 B TR B W AR 4 i 5 T R A SRR B N AR AR 20 T 7 2 A R A R g LA A 2 A B i
A AT U I B TR B s S R o AS A SE R e X L R R U Y S 3 R T 5k A R
LU B2 8 AR A7 4 5% 10X S 38 32 A I ] ) 728 Al i A % HE TR i 22 1) A A ) SC IR ok Ul 2R U E L I A A 3R
H e A A2 58 R 2505 2 52 300 5 168 3 A 0 00000 o 2 5 s X I SR B aie R R AT SRS L il b 1 B ) A B A L IR
I Ty 2 1 S ]

1 R XE K E LS

ASHIF 5% 56 26 [ JH 22 38 M fE 4 R 4% (performance measurement system , PeMS) M8 8 {1k (i) % 45t 42 16
UEJ5 ¥ 1B RO B84 A2 0 4200 85 SR FH e 1 DG JE 2 %8 1 38 S B 1 % v o 3 B 10 S8 GBI S B — o LR
PR T S A P T B B IR SRR AL L AR BT ST IO 1680 g 3 B B BE 13 A SR N 4% 1 S R AR L
XA 2 2017 421 H 2 H—6 J 6 H, 3L 156 K PR &8 45 5 min JUR 1 ¥ 418 0 3 B8 B4 4 S P00 2% 45
KN 6:00-—22:00 WEEE S0 B EE 193 UK, I LA K7 Ay B0 % B0 07743 X



e 110 b AHE KR FFIROE RHAF RO 2023 5% 2

1.1 ES#ETA 1 REEFEEEINIEESER

85 ) 2 [ 25 S B N % M PR BCHR Ak A e ], Table 1 Speed levels classified according to speed range
For (45w sl A B B AR R AR EE R . R MRS W/ m/b) S HE(H/ (km/b)
ArcGIS $ R ¥ PeMS 32 4t i %k 8 5 35 = M 1 0<0<10 9 45<v<50
1680 1 3 2 [H% ) 28 ] 3 17 DS i 52 B % 000 #45% % 2 10<v<15 10 50<v<<55
55 723 1) Jegs P 5 52 o b, 3867 R 0T Y 3 15<v<20 1 55<v<60
1.2 EEHEmALIE 4 20<v<25 12 60<0<C65

AW HEEGEE R 0<<v<<90 km/h, £ ¥ 5 25<v<C30 13 65<v<C70
HEEIAE B AR K. b 1 AT 6 30<0<{35 14 70<v <75
A K 5 km/h R 43— > 3R SFE G 7 35<u<40 15 75<v<<80
HF 0~10.80~90 km/h ¥z & & D, XA 8 10<v <45 16 80<v<C90

DX TR] A 45 25 47 40 20 o DT RS 38 82 &) 73 O 16 A4 45
G 1 s . FEEE S5 75 2l s 0 30~35 km/h FI%CT 6 oK.

2 E-Fxitt B4R B e R EEE TG E

2.1 MIEEFE

TR T R R A v R Y S AR A L XA 5 min (VR Bl IR E] P 3 R s R AT S o A
RSN 11 1) A5 VR B — U A 2K — 1 A4 3 000 I I B e 17 19 — A Bl DA A B B I 4% 30 min
52 AR SR A

X B BE S — A B GE bt . AT SR B 5 S 3 DR 2 R ) P 0 A AR B g 0 L B AR 2 I TR) P A8 5E
RS AL AR ZN G5 B2 S T e R el O R T R B RO e AR S R A TR R AR T R
e INAEE ) B PR U I AR AS o X B R I K B SGAE B (gray-level co-occurrence matrix, GLCM) #E4T
T . GLCM J2 M [ 5 Ak B USSR A 8 S S 114 2o 7F 5 10 600 T2 114 2 TR AR O AR5 P R At ok S0 B ) 6 O 3%

ARWETEH  Aei ey 43 R AR AR TE <7 I 20 D05 Y 3 BE S5 9 o d 3R 7R, o a3 B e 51 v o7 ¥ A RS
F(E%ﬁi%ﬁ%ﬂlﬂx%%ﬁﬁ:A:(a”w )MXI\/IG itl:'j 3(1(’,[/- :anum<ci s Cj >ﬁﬂi§ﬁ%ﬁx¢<c, s Cj >|':|:I|

BLA UK N g A R S5 U 5 P B 5 AR RS X R U @ SRR SR O Cea ey BRI s M
N A R . O RN

num<(c; ,c;)

C(i(),\IZELI( ‘C]*C,‘(C_,*CI)TQ @)
DL B S2 080N 6 (81 O={(6.6.5.6.6.4) K4, 4 vt 2 8 4 5 6
Bl 1 s . BT R S R He B e & Y, B DAASBIF 5% 1 2% R o N N
B d =1 W% L BUEXT 6 EEBE B I SR 43 ) 2% ol A 8 o joejojoqfojo

RS B AR RS S 6 BT B 2. 7 s[o9]o]9 0 ]0[0
G S B BSECH 5 AT ae s = 0. 4. BTN % 22 B BUIE T e (9|00 |00
ﬂéﬂﬁkgﬁ,fﬁ%fﬁ(l)ﬂif%f?ﬂﬁHCE (:C()N:(675)2 X 5 L g g Y 0|02

0.2—(6—4)?X0.2—(6—5)2X0.2+(6—6)2X0.4=—0.8, 6 0 0 0 1021]02][,0.4
22 BEFRALRHEHIAL —_

S AR A EL AT — 5 A L HEME 4240 5 o 1 S0 25 DG ot (e [e]s]6]6]+]
O A5 A R 135 % T 0000 4 300 R 5 L

o SR R R S O L A S R K -means B35 05 %) H B 1 BRI AR
A5 AR 20 [ T SR AT B, DR S 1 BB Fig. 1 GLCM of traffic speed sequence



PINVEKEZ 4 - 2 368 L R A R 3R T Y 5 il R T - 111 -

AT SR AR Y 3 B ) AR AR SR 2 A R R P AR SR KT R SR H 2 ) iR A
ABEGE . AR H 2] 0 R iR SRS H 2 ) R A5 0 AR LR A B R i AR H R T 3R H Y Ty s 4R
P AT B . A5 R AT Rand 8 80H 5 RS H Z 1818 B2 S G AHRURE B2 5% d RANEE p RAUE Ny
R(d’p):num{Vd,,(t)—V,,_,(t):O}

M
Ve, (O FREME LA d Ko BN ESF R num{V,, (1) =V, , (1) =0} FoRGIM & L 7£5 d
KNGS p K ¢ I BN 3 BE 45 O [ i) i Bkl MR — Kb i A I I Be gl i
T U C, S d, i Rand HHCZ AR B B0
dk:argmax{ZR(d,p)}c (3)

deCh pecy
PRt AR AR AT I SR B S e 2R H d B G ICHE Dy
2.3 EETN
T TN £ AR S ) P R S g 0 S e 3 R ) AR AR 25 R B H A e I BN E
AR O B AR B d7 o) TR e+ 1 B B E B2 ARG R (O 3 BRI 5 D,
g —IHH 1 B BT N SRR Rand $5 400, 1158 Rand 88U B KR H 47 (OFE R ERAAELIRA
d; (t)=arg inealfi {R{d; d,)}, 4)

W R ISR A SR &7 (OW e+ 1 BB DT 28U Vaep, . DB d; Ko+ 1 BB 58
G d, RIGSHEHEFR V) ¢+ D BER -
V, GH+D=V, o, 1, (5)
G MR B S E V) D ST e+ 1 BB TR

3 XWaHh

3.1 XLEMSEEEEREHN

AT X G JBE - 2 A i — 4> 2D
23 A e A [ B 2 45 . FHAR DI A7 30 min A
M LE 6 A>3 B AR FA B — A 3 B e 81 T 53 % 1
J . HAE 30 min 715 — YCF 2 L G 2R g i ]
PR JBE AR AR AR /N Xk EU 2 IO 3R O o 246 X L EE
AN T2 SRR IR 1000 B s K HE 2 o Y 5 X
PO B RIS T BT rP X B BEARL D O 18 a5 37 38

s(=1,2,-+,13, (2

FRITAA .
WTEL 2 BT R HE X HE FE A (Coon) 2593 1 A2 BESHIL RN
oo LD — 2 Coon 2 W L Fig. 2 Scatter plot of speed and contrast

PA A DX B 2 7R A8 T8 AR A AR AN T 30 B DA AM DX S0 L B A K AR A B R A AR 28k . 51 AN L
S BRI RIE B TR SR (R 1) N BRAR 47 b, S5 W Jact s (1] PN 38 B 19 28 Ak 34, i DA AR 91 XoF b 32 3 3 4 %
T B 4y . RS S R SR LR 2.
32 WMEREREH

X B SR AT R AT E T 0 E R REE ko ARBTFTER RS R EL Csilhouette coefficient, SC) Al
FEN R 22 (sum of squares for error, SSE) P48 41 K 1 & e B B 2K %0

BB AR BOR VI R BRI N8 hr 2 — LB 5 18 T W B A B A B 2R L a] LAAS B AL A SR 2R
BH. R ABEMET 1, Ul A RS 8 & 3 M — 1, B WA AR O 0 3% B A 2R 31 D A B R
SSE P #% O JEVAR R 50 i O 25 A, SRR /N, FR RSWUR AT . e RBORFE N 7 2R B EH I
AE AN E 3 R .



e 112 - b AHE KR FFIROE RHAF RO 2023 5% 2

R2 EFEMEEERE
Table 2 Updated set of speed levels

R/ (km/h) # /(km/h)
Ceon<<—2 —2<Ccon<2 Ceon=>2 Ceon<<—2 —2<<Ccon<2 Ceon>2
0<<v<10 1 2 3 45<Tv<50 25 26 27
10<<v<15 4 5 6 50<Tv=55 28 29 30
15<<v<.20 7 8 9 55<Cv<<60 31 32 33
20<<v<25 10 11 12 60<<v<.65 34 35 36
25<v<<30 13 14 15 65<v<70 37 38 39
30<Cv<35 16 17 18 70<<v<75 40 41 42
35<Tv=<c40 19 20 21 75<v<80 43 44 45
40<<ov=<c45 22 23 24 80<Tv<<90 46 47 48

0.013
wm 0.012
Hd

' 0.011

# 0.010

0.009

0.008
0

10 15 20 25 30
(a) 080 A8 BB IR 2 20 H AR 4k (b) SSEAH ki

B3 FMAREBRBMENRAEHEREREHE

Fig. 3 Optimal number of clusters determined by silhouette coefficient and sum of squares for error
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Fig. 4 Thermodynamic diagram of consensus day traffic levels for the top 6 clusters with the most days
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Fig. 5 Sankey diagram of daily and monthly contribution of each cluster
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Fig. 6 Comparison of prediction effect between single consensus day and the proposed method
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