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Abstract

Traffic flow data have the characteristics of periodicity, instability and complexity. If a single model
is used to predict it, the prediction effect is not very good. Therefore, a combined SARIMA-GPR
model is proposed. The SARIMA (Seasonal Autoregressive Integrated Moving Average) model and
the GPR (Gaussian Process Regression) model fit the linear part and the nonlinear part of the traf-
fic flow well respectively, and the GPR model takes into account the noise of the data and can bet-
ter capture the data information. Perform feature extraction and analysis on the original data,
train the SARIMA model and the GPR model, and obtain two prediction models. According to the
MAE of the model, the weight values of the two models are obtained, and the final prediction value
is obtained. The combined model is compared with SARIMA, GPR, SVM, and SARIMA-SVM combined
model. The experimental results show that the prediction effect of SARIMA-GPR model is better
than that of a single model, and the mean absolute percentage error (MAPE) of the prediction re-
sults is reduced to 4.51%, the prediction effect is closer to the real data.
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TEMS, MR RGRAVAETG R T 2 AL, FAERE T AT HATSE, Wie Tie
A 77. Fegeit[l], #E 2020 4], StFHTTRAHAMA 168.71 /3%, o E—FE¥IHEK 7 13.0%, H
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2. BiEFREEMRGE
2.1. BAEkR

RS BB R E N A B BH T L8 DX AR s, e A B L XA KA T i P o KIE S 71
AT ORTZER, @357 2020 4F 4 A 13 H 00:00 F] 2020 4F 4 A 17 H 19:10 L4 4d E &, &
HF 1384 NEHE, A 15 0B ENEIRERS 8], R&SITRIEEEE 461 4. 1 /NESBERIN TR 1 .

Table 1. Traffic flow section data

® 1 RERBOEIER

ingl Lk
2020.4.17 17:30 42,301
2020.4.17 17:45 43,058
2020.4.17 18:00 14,297
2020.4.17 18:15 162
2020.4.17 18:30 125
2020.4.17 18:45 107
2020.4.17 19:00 93

HRLAR 2 1 AT LA H S5 0D B R )9 5 0 (ARG LA 36 B O ) (1058 K
FEL L I, T LA MR 5 O — AR B TR BB AT R, L T
OO PR A BRI s — R A LR, R A R P K S B AR R I A% 0
BRACEL. 5% B0 S B MR 0T T O RE P, BRI 5 B0 5 B AT 4T LT, e S
BT, AT R S U TR

R TSR R AR, 2R H SR B R (LA B T L, — M S A S R PR L0
SRR I LA AT AR B @I RO T %, A5t T

%(t) = E(X)—2,Var(X) (1)

KA E(X) 25 t I ZIAHAT A i & A, War(x)%stHfJZMH@BEW;@Jﬁ%E@ﬁ‘@%, Hy pg A
I %15 t B 248 o B 518 2 5 5 TN BB A 148 43 71 v 38,985, 37,904, 35,555, 32,607 30,609
22. ARF=*E

2.2.1. SARIMA &8
A YEZE 4 H [H)T3E 303 [10] (Seasonal Autoregressive Integrated Moving Average, SARIMA) T &
B4 IR 2 8N AT AR RS Z TR R R A — IR R o SO 20 R R IR HE 2 R, R L
53 R T B R S SR R Y
a) MR . 2 A T R RO S AR N TR R OC R 8 T AR &, Rl
Xy =T, +S, +1,.

RIS R RN R E BIRBGE B A Z 1, SR d friaszsy, D BPINFENE I,
fi] LR 2 PR R & 21 S s P S OB . B SR I T
©(B)

VDV Xt :Wgt. (2)
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Ap:
D NN, d ZRBCEHELFTHNEDHEL (o) MAMFTFH], JFHE(s)=0,
Var(g)=o0? .
®(B)=1-4B~-~¢,B", JpBrHEIHRKZ TN,
©(B)=1-6B~----0,B%, Jyq Bz Rz,
1 TR T 1 ARIMA(p,d, q)%(0,1,0)[D] .
FEFEA] SARIMA RTINS, 5 e SRR SR Rt 5201, WS8R P81,
Ol 2 T IR BRI, SRUE P ARMA @RRHEAT T .
b) FRANTEATHA . 5 RS HAN N Z [ OC R R T aRiE R R, A
X =T, -S- 1.
EATHEAE d Brikas 229y, D BrbA S NIRRT 2200 aa 0, R SRA M 1T PR AU & 2 A
A I - AR A T
VIvVOx :Mgt_ (3)
D
A
®(B)=1-¢4B-----¢,B?,©(B)=1-6B—-----6,B,
O, (B)=1-4B" —---—4,B™, ©4 (B)=1-6,B° —---—,B%
AT 1E 9 ARIMA(p,d,q)x(P,D,Q), «

2.2.2. GPR t&#&J

T A2 A1 U9 11] (Gaussian Process Regression, GPR)FEZY, & A DL 28 PR A, AH ] DL JE LR PEAR R,
ASCRI B ST AL MR R IR R, R R Bayes EARM—Fh B2 )7k, R —FAESHIEIE. A
Bk, R DU TR SR I S S I A, RS RS 2 H S 56 0 A IR SRR L It
AR 34T, AT VISl o 5 X TR B [12] . &5 SR U, SR L iR, JE e
TMEFEIRE, REW LA A HEE, PUREBERE S AR AR

p
Y(X)=D2f,(X)B,+Z(x)=fT(x)B+Z(x). 4)
j=1
Fot (), f, () FRAERIEARE, f= (8, f,) RAMMEARER R, Z ()24 039
TR, 17 (x) B R x HIKIIES, 11 Z (x) BRI R Eb R B K.
By = (y () y (X)) FEmAas i n A IGECR, vy =(y(xe), - y(x2)) dmkmmn, 4
WA, Y = (Y (x )oY (X)) Ay = (Y (x),oenY (X)) 50 B VI i 5 0 M A

n. B
Y N _ Fte -1 Rte RTE,tI'
{[YM v Je) 5] ©

Hepa? =i2 FORIRERGE, R AR, 705 IR 5 I 2R (R BR 2
(o3
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7(B) T BB FERE, W DUt A FTAR 2 B 558 5345 (1% B2 s 0
ﬂ(Y‘rlﬂ)-ﬂ(,B)

dﬂWW=——;ﬁﬁy——“”W"ﬂlﬂﬂ> (6)
T e X (6) A1 227G 125 53 (1) 26 A 53 AT T 45 2]
YOV =y B~ Ny (FuB+ Reo R (Y ~FUB). 4 (Re — Ry RIRL ) %
(ve|y") = [=(ye. By )dB = [=(y°|B.v" ) =(B]y")dp. ®)
i B I SeiefE B A iR — 2 T IES A, st 2 [B]~ N ( ANV ) M AT LA B 1 5 5

A A
['3|Y" = y"] ~ Ny (50 Z g ). ©
Hge =(AFTRIF, + V1) x(AFTRMY, + 24V, )
2 = (AFTRIF, +4,V,1)
N A5 2R B Y BT 43 A R
-

.ute|tr = te”ﬁhr + Rte tr Rtr ( Ftr.”ﬂhr)'

v,t R Fe
S {ae worle B ]}

73 2 TN EAE §° = E[Yte Y"} = g o T UNZREE 5 IR ECHE 2 18] (0 B 7 22 B AT A o it AT
Rff, WK (ts)=Cov[ YY" ],

Y=y ]~ N (B B ) (10)

2.2.3. SARIMA-GPR {58

TESZBRRIE o, T AOEFHR 05 2 15 2 A0, 78 (O (0 (52 T i 2 R B VF 2 A 2 (0B
DR 25 . S ELGH TR m A T W R, T SR [ (6 T 45k 25 R % RR R AT T, L A T —
ABLR Rt 55 4 T T TOASEIRI, PR 2/ 20— R BRI AT AL 4 T . 4 BT R A 21
P B — B PR £, 8 — 2 [ U % — (R R A A

TEZAL AR, 5 B R B e 8, I3 PR A P S [ (BT [ — /P S B 12 8
BRI, F, BUERE P2 g B HR TIOR3 B MAE B RS [13] K M 1 4L A B,
T MAE /NIRRT 5 (R A, TSR T+ T 2R .

LTI X = (%, %+, %, ) » SARIMA 15 GPR HI T { g, @, } 75 LIS ZIFIMEIE S {0, (), 0, (1))
BHALE A (A, 4, ) (R TT DS B4 & T 20 g

o(t) =401 (1) + 4,0, (1) (11)

ﬁﬁ@ﬁ%ﬁ%ﬂ%MAEﬁ:MAE:%iWU}JU»hﬂngn
i=1

ae—t G g BB MAE.
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3. SEflsr4r
3.1. £F SARIMA-GPR &I § BB E R ETN

FEALFE 5 (11X 461 N 7R 8:2 (1 L kil o il Zrde S5 AR AE . B2 A 384 M4 (2020 4E 4 F
13 H 00:00 3 2020 4= 4 A 16 H 23:45 SRYIZAAY, 77 N E#E(2020 4= 4 H 17 H 00:00 | 2020 4 4 A 17
H 19:00) R MHARAL B IF IR o 38 5 VAR — ISR S5 DA 0 FR0I PP 777 2 39 A 44 T 5% 22 J T R Pk 3] B /)~ o
TR ZE ()T IR 2 Fh[14]: A5 W TT R ZER(RMSE) PR Z(ME). ~F348%) 1% % (MAE)
P S LR ZE(MPE) P38 4850F 1 7 LR 22 (MAPE) %% .

ARSI B T 2 SR R U IRV SRS )5 % 25 (RMSE) P ¥4 067 22 (MAE) LA K- 34 46506 7 43 L
®ZE(MAPE). A8 A 5 51K

Yi Vi
Yi
Hrr, y, RoRESHE, § FRTME, n ZoRBIERAN . FIWTN: RMSE. MAE #il MAPE FI{E V)N,

FHC IR B T RS R LA R R R FE
XPEAE ST SARIMA {5 B4R, W SEHE R e I LA K B AH 5K 2R BB AT i pse
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Figure 1. Traffic flow time series diagram (left) and autocorrelation coefficient diagram (right)
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32T ARIMA(3,2,3)(0,1,0)[96] #£ %L .

PENZA TR ZZRGI045 U N 72 2 For. JEiB IO 6 BRI ik, BIRMECR AR LS Y p fEoN 0.1187
KT 0.05, RIEINATE 0.05 B ZF MK FARIEA R, Bk, 1Z5REFHNEEES T, B
KR ZF P AHRAE B Ok 17, Frll @ s s A 24
Table 2. Model residual series test results
F= 2. BREKREFIIRIELER

HLRY BZETHI LB &it & Y p-value
ARIMA (3,2,3)(0,1,0)[96] 10.144 6 0.1187

X R AR, &by =0, ek U A LD v A 1 A R R e X A R AR ) A
52177 PR SR BCHEAT 2 5 A TN 8 R S o R A2 1) 2 A% R BRI 5201 75 A A% R B0 A 3 3

k(%,x)=exp —”X_X‘HZ
i 252 !
- 5 (12)
2sin (rc||x—xi|| )/p
k (%, X)=expq— 5 :
DR LA 20 5 (R e 2
s _ZSinz(n"t—S"z)/p
k(t,s)—exp{ 5 +exp 5 (13)

Hrh 2 FRKERRARE, p Bt R B A . TRA SR, A BOabR R, B
TRAE, W), MWL AR S M @ ={5, p} = {458} -
HFLL BT, ATLLRIE SARIMA B[P 48 %1% 22 (MAE) d, =1153, GPR R )P4 26 5% 1%
2846 1153

FMAE) d, =205, TSI BURIBR AN Ay =222 2y =2 00

3.2. {REITRMRS L

4 actual detection value A actual detecton value 0{ 4 acual detection value

aa,.

hicles/15 minutes)
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Figure 2. Comparison of predicted values and true values of three single models
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MIE 2 ATLLE H SARIMA #584(75). GPR #E8Y (H)F1 SARIMA-GPR #E8Y (47) 7R 844 40L& 80R I8
AR, FUOME S BESHE KEBGES—FE, (HE A SARIMA-GPR HAL FIN{E 5 1 B 9fE, RWPT
P AR A R

3.3. HREITMBLRAILL 534

RN T =B SARIMA-GPR 15 74 5o 1218 6 A2 3 it Bk 00 T 25 3, % AR ) 5 i 1 255 X%
SVM AT INSGR, SVM 25T B dE AT AE 2R M40, & e i i) — /AL, DR F TR RE O BUE 8 56 7 30
@ — SARIMA-SVM # R 3% HHEAT 125, SHe A THEAT FRINRCR AL (6 3, 1 3).

Table 3. Comparison of the prediction effects of the five models

3. AMIEERMTUNURI LR

e RMSE MAE MAPE (%)
SARIMA 1498.91 1152.61 9.90
SVM 3229.54 2846.05 31.25
GPR 3260.75 2705.21 19.05
SARIMA-SVM 1057.44 750.40 4.64
SARIMA-GPR 1071.15 749.72 451
E S
50001 ©  SARIMAEAL TR ZE X} 15 22 s
A SVMELRS RN A% 22
A SARIMA-SVIMIBE T3l s % 12 3% *
GP RS T £ 30f 158 7 .- e
X SARIMA-GPREAL Tl £ 3] 12 7 i ¢
- » g
¢ *
& . * * .
R 4000 * . o .
@ & ‘. ¢ g Y .
j}g * ° : ot o °° X
:‘vg—:': LY . " X
= * as 0o
t"é o o
o
g o o N . X
20001 R . = ° ° o k& X
¢ s * » .‘ .‘0‘ ‘K&é ° s ° X oo
Lo PN A. - . X ° X Ox o ° QQ ’
4 X ;& x °X g = 050 o X % Q’A“.
o °°° ° A ﬁ %% :
X, o o000 o° ° ¢ 00 3 o ° X Q
%% oo o ® o, X% *a é X XA OK\ oo *o o
° X A4 )
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0 20 40 60 80

I [] B (1593 %)

Figure 3. Comparison diagram of absolute error prediction of five models
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Wit 7 3 & SARIMA-GPR AL Tl 45 1) MAE 5 MAPE /23X F R B2 i /M, SARIMA-
GPR BT~ 35 4 i 22 (K] 3) B /N T HoAth JL/AMSEARY, TR SCR 2240 T HABAE AL . SARIMA f5 5 R
RIS HAR 2R 30 7, GPR BB B IR B HAR (e 75, Refg B IICEE(E B, HELE, SNEF
FUFITRIN SR B b, PRIl SARIMA-GPR A5 BSR4 58 e i (1), BE RS AR A7 vy Tt I v Aff 5

4, g5ig

3 x5 B T L DX PR S A B AT 0 A, T BARE 12 A 0 e s AR PR i 1R 5 S
HA @ MR, A ARRVERF L. 10 TR B RS AE, SR 7 — PPk LA 52 3 1) SARIMA-
GPR HA IZIE M AZ I FEAT T . SIRSIRRY], SRIRERE T — BRI s, AERRBCR E AT
S 1 HIREE o ASCHIEE R TR AR H e, 8 UG RAZE RESRICGIE A H A Bl - 3T A,
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