The Korean Journal of Applied Statistics (2019) DOTI: https://doi.org/10.5351/KJAS.2019.32.6.851
32(6), 851-865

Multiple aggregation prediction algorithm applied to

traffic accident counts

Doorham Bae® - Byeongchan Seong®!

“Department of Applied Statistics, Chung-Ang University

(Received August 6, 2019; Revised September 20, 2019; Accepted October 4, 2019)

Abstract

Discovering various features from one time series is complicated. In this paper, we introduce a multi aggre-
gation prediction algorithm (MAPA) that uses the concepts of temporal aggregation and combining forecasts
to find multiple patterns from one time series and increase forecasting accuracy. Temporal aggregation pro-
duces multiple time series and each series has separate properties. We use exponential smoothing methods
in the next step to extract various features of time series components in order to forecast time series compo-
nents for each series. In the final step, we blend predictions of the same kind of components and forecast the
target series by the summation of blended predictions. As an empirical example, we forecast traffic accident
counts using MAPA and observe that MAPA performance is superior to conventional methods.

Keywords: temporal aggregation, combination, multiple aggregation prediction algorithm, time series com-

ponents, exponential smoothing method
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Ha ok AEE 52 H5) ARSE = o 3 A S o8 7HA] dE3E 2gehe Aot
Trabelsi2} Hillmer (1989)-2 T} 3= 7] 9| A 2] autoregressive integrated moving average (ARIMA) &
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Step 1: Aggregation Step 2: Forecasting Step 3: Combination
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Figure 2.2. Temporal aggregation.
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Table 2.1. Component prediction in the additve formulation

Seasonality
Trend N A M
livh =1 livh =1
N ln =l Si—m+h = Si—m+h Si—mth = (Si—man — Dlign
livh =1; livh =1 livh =1
A bipn = hbitn bith = hbiyn bith = hbiyp
Si—m+h = Si—m+th Si—m+th = (Si—mah — 1)(lign +biyn)
livh =1 livh =1 livh =1
Ad bipn =3 ¢7b; bigh =1y &7b; bith =Xy &7b;
Si—m+h = Si—m+h Si—m+h = (Si—m+h — 1)(litn +biyn)
livn =1; livn =1 lixn =1
M by = (b — Dlign biyn = (b = Dlitn biyn = (0] = Dlitn
Si—m+4h = Si—m+h Si—m+h = (Si—man — D)(lign + bign)
livn =1 livh =1; livn =1;
M by = (20 =) lipn bipn = (Biioy &= 1) L bign = (bi)my &9 1) Lo
Si—m+h = Si—m+h Si—mih = (Si—mith—1)Lign+biyn)

N = none; A = additive method; Ad = additive damped trend method; M = multiplicative method; Md

= multiplicative damped trend method.

ETS 232 71 (additive) ¥ %5 (multiplicative) 9] 5 71X 9 & S ARR3l] 4] 227} A
4 ag 2AAch AL Tol, AT 42 b — 29] dlolEelAE /W WAE FARAL 2%
A% 72 k = 69 ABoAE Y PR FALAS FAY £= Stk AT F 7] A
FAGor AHAA vt E7bsskal o] % 23 BA A S B3 (complexity) & S 7HAI7]7] Wl
of S Wleg Y 24F 7P WA E wgkete] ARGt ThY FHIEZ MYPE 8452 S5
e e AT ARGE T, ZHZke] AA D 840 A5 Table 2.19] A& ARg-3to] A bgict.
Table 2.19] 4|2 7|2 ETS 282 2459 oS54S5 7MY FEE W3S o], A4 8] M %
& Mdoj AU AZ 22lo] M B97F 7k Pz Hed Aoz mdHo] ok o714, M2 4
23& U de o8t 2% (damped model)& HEHH A& E0], Mde #4117} o3hd s &
I oot
72 A sFA 7PY el AskE AAD s YF oS3k vhed) o] Astdr

9 g =1 o s (2.2)

A (2. 1 g,0,b,s9] [kl A% 5L ou|etd rY (k)& i A9 A 52 UERATH
o 2 ZHL 22 e dSsiHEte A3 50 wet dE5#e] et vEA e 548
Hkdsl7] e ALt oS So, 2% 5 k= 19 9 AAG 2= YA vl 24 AJHS o
1o 24700] o Z7Fo] AAE AT 22 7oA Y2 o Z7te = sfule] AAE R okir) o]&
ME=o] zpel7h Qlomz A AALLY Al BE A F2ANAM9 d&3E 23] fsire 2~
ALE A AAG A5Y 2A Lo 2A 24 a7 oy 2AD izg"ﬂt Young (1967)°] A A8k
1 Kourentzes 5 (2014)°] t5 23 & dae]Eol 283 piecewise constant interpolation ¥
S ARgST}E o] B2 Figure 2.3 28-S E3] RdFH o Jon 3702 A 45 k = (1,3,4)00A
o] A 8219 &S HAFT Utk A7IA BT k= (3,4)9] B k=19 =AY 5L
A 23 F2 7} 9t} piecewise constant interpolation A2 AA Y-S 2A37] Y5 AL =F
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Figure 2.4. Combinated predicted value.

A (2.5)9 K*& AR #dd= Al 2 +F, m2 4 AAE As59 AR F71E vEH
m/k7F Aol k < mE WS ko] A-f-olut AAtETE Figure 2.4 piecewise constant inter-
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J#)Z = Figure 2.39] vA|e Ja=9} SAS IO 2 piecewise constant interpolation©] &5
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3. HEEH

=

o] gollXe AA AAE ARE B8t AIA AFS o83t dSS AWt i 4 A5
duES 3= 9SS A5 R MAPA #17]A (Kourentzes2} Petropoulos, 2018)2] <=9l
mapas AR, 2 A 529 A+FEY A= RO forecast 37]A] (Hyndman, 2019)2]
2l ets FHE ARSBISITE 74 2 oA HHY AR RIS FAY] A% EoR
Burnham¥} Anderson (2002)¢] 473+ Akaike information criterion corrected (AICc) R FS &
&3kt

3.1. AI2dY: I JSALD YA
A B A3 AgE FAZ FA4F FY AF 2E5ARL S Agoln, 20059 1958E 20183
12971219 €9 25 olt). F AAIE AR Zol& 1687011 B3 A 3t T AFE (training
set)9] 7|7+ 2005 1€HE 20169 12€7kA] & 124, 144 ARty As F7HE A% 45 A
B (test set)9] 7172 2017d 195 E 20189 1297HA2 £ 24, 24 AP AR E AR %
AP B A28l (traffic accident analysis system, http://tass.koroad.or.kr)S o]&3lo] A& 4 St}

Figure 3.12 JSARAL W8 A Ak5o] 4 AAIE Tzt =g 487 AAE Zezolnh. o
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Figure 3.1. Time series plot of monthly and yearly data.

Table 3.1. Temporal aggregation of the traffic accident counts

Aggregation level Length of time series
1 168
2 84
3 56
4 42
5 33
6 28
7 24
8 21
9 18
10 16
11 15
12 14

=8 9P 2 zA 2 5 9
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l 2013 dEE] 20159744 = =

7¥elal ThA] Zadhs FAIS Hol: 5 % 1499 37 59

STV AU Zadhe FAIZE BelA] gkon AxAoR AR F2odlA FA
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23 AA A% s A 128, 242 7\]7‘}754, A3 A2 & Table 3.1¢ Uehd A 22 ZolE
T E 12 A AAE AAEe} Fdsihy 4 A= wEA A dsE gk

4 a9z %OM AR 2718 A= wEAbal 2 Aae] 879 59 «WIE

F 69 B¢ 670E D= ol AR whdd wEAb A Ao 489t 5
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3 P o~ o) 5 -
Qalvl, AT 42 129 3¢ W BEAT A A50) R} S Yo,
71& dlelge] AE F717F 120|122 27 28 oA AN AE 277 EAeks 249 k < 120]1L

2 d il
12/k7h A5eke 24€ BEHE BY FES 1,2, 3, 4, 6917 AF Y AT ALYo] 2
6 3, 3.2

4 9t} o] A% £Fo) HostE ABRI)E 12, 6, 4, 3, 20|tk Figure 3.2 AA| ©lo]E| 2 AL
sto] WE 17E 127029 23 oAl AIAE 2-olth. 2% & 19 9 AAE ARddA= A
Ardo] TS e, 2% 2 29 37+ W&E Adge] Hole A2 &AT & At} A
g A% 49} 6ollAE ol AEolAl viehd A HE AlEA o] FEEHA YEhHA] Far R A
€ EES &I 5 Ak

3.3. 0= |

E =FdAME AAE d&3tel digk 84 v E 913+ root mean squared error (RMSE), mean
absolute percentage error (MAPE), 12|31 mean absolute scaled error (MASE)E ©]&3}3it}.
AALG A5 y: 2k &3k gioll i v A - h7bAe] RMSE, MAPE, MASEE o} & 7@«]54#
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Table 3.2. Aggregation level selection

Maximum aggregation level RMSE MAPE MASE
1 751.44 3.64 0.83
2 730.53 3.61 0.82
3 685.75 3.44 0.78
4 633.00 3.13 0.71
5 642.84 3.22 0.73
6 589.98 2.97 0.67
7 597.00 3.02 0.68
8 600.29 3.05 0.69
9 616.19 3.17 0.72
10 619.00 3.19 0.72
11 626.79 3.24 0.73
12 626.65 3.24 0.73

RMSE = root mean squared error; MAPE = mean absolute percentage error; MASE = mean absolute
scaled error.

Table 3.3. Estimated ETS model according to aggregation level

Aggregation level Model
1 ETS(A, N, A)
2 ETS(A, N, A)
3 ETS(A, N, A)
4 ETS(A, N, A)
5 ETS(A, N N)
6 ETS(M, N, M)

The model column represents the taxonomy of exponential smoothing method as follow: ETS = method
for estimating error, method for estimating trend, method for estimating seasonality. N = none; A =
additive method; M = multiplicative method.

Q=5 [y — ol /(T —m)ol L me A AAD A8 AR 7712 Lhehict.

7 AR A 2] = —% Adsl7] 8, Ao 2% 25 104 127X 2 wAgsaA i 27
= &8 s 23 A eSS A8, A5 ARCA Y dFYe] M & 2R S A
e5H3itt. Table 3.2004] &1d 4 Slxo] AF 5 k = 64 w A5 A5 148 RMSE, MAPE,

MASEZ} 71 2 vYelyez &4

,d
N
:“.:

A 2% £ k = 65 EE3He dS5Fhe] 7P &3 AS
gletitt. o] 7| Ryye ujw v A AdE o) 2 58S ARSI

A 2 55 622 AAAS wl, 4 2F £59 AAL dlolEolA AFH ETS E¥-E Table
3.33 Zro] vtehdtl. Z+zhe] ETS 23L& RO forecast 7] A9 ets TS 7|vle g 507 AF
st BYS Ao, 7ol HE FEFL AlCcolth. AZ 899 vehd 5= & AF £
k=(1,2,3,4,6)0A 2F A o] EAske Z2o® FAHHAUY. A 5 k = 69 A 2F
dlojg oA Rt S Ao A gQlo] FRHHH A A fEoAe 7hY o E 24
Ak =AM 2919 A nE A3 £ZoA] 2AH A AU o] Figure 3.2004 LJERE upe} o)
A A oA FEEA S AU Zadte FAI7E HolA] ¢k7] wiiel A f.90o] EAskA] F

2,

F

g 5o Aee vlasty] Asl, e 23z A AAL dolHdl tid ETS &2
28E& A3k ETS 2383 ARIMA 232 RO forecast #|7]X]9] ets T
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Figure 3.3. Comparison. MAPA = multiple aggregation prediction algorithm; ETS = exponential smoothing
method; ARIMA = autoregressive integrated moving averag.

Table 3.4. RMSE, MAPE, and MASE for test set

RMSE MAPE MASE
ETS(A, N, A) 1043.12 5.21 1.20
ARIMA(2,0,0)(2,1,0)[12] 751.44 3.64 0.83
MAPA (agg.lev = 6) 589.98 2.97 0.43

RMSE = root mean squared error; MAPE = mean absolute percentage error; MASE = mean absolute
scaled error; ET'S = exponential smoothing method; ARIMA = autoregressive integrated moving averag;
N = none; A = additive method.
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Table 3.5. Time series cross validation with non-fixed aggregation level and models

Forecast horizon ETS ARIMA MAPA Best
1 756.18 755.21 743.46 MAPA
2 824.68 781.42 629.47 MAPA
3 875.05 789.96 618.28 MAPA
4 873.59 797.52 622.87 MAPA
5 795.21 658.78 630.37 MAPA
6 896.95 641.74 610.56 MAPA
7 924.06 622.19 690.60 ARIMA
8 944.35 644.87 580.85 MAPA
9 971.98 726.02 591.31 MAPA
10 822.00 730.16 480.72 MAPA
11 606.80 591.85 362.09 MAPA
12 466.49 606.24 326.77 MAPA

ETS = exponential smoothing method; ARIMA = autoregressive integrated moving averag; MAPA =
multiple aggregation prediction algorithm.
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Table 3.6. Time series cross validation with fixed aggregation level and models

Forecast horizon ETS ARIMA MAPA Best
1 756.18 839.71 748.63 MAPA
2 824.68 880.48 636.27 MAPA
3 875.05 896.74 614.65 MAPA
4 873.59 883.15 621.58 MAPA
5 795.21 793.76 643.36 MAPA
6 896.95 816.47 618.35 MAPA
7 924.06 829.21 699.43 MAPA
8 944.35 802.63 590.33 MAPA
9 971.98 854.38 595.88 MAPA
10 822.00 837.50 499.72 MAPA
11 606.80 709.06 374.14 MAPA
12 466.49 709.79 354.56 MAPA

ETS = exponential smoothing method; ARIMA = autoregressive integrated moving averag; MAPA =
multiple aggregation prediction algorithm.
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