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With the increasing generation of time series data, forecasting models
trained on a set of time series, known as global forecasting models,
outperform univariate forecasting models trained on individual series.
However, the performance of global models may decrease when faced
with heterogeneous data sets of time series with different lengths. In this
study, a new method for localization of clustering-based global forecasting
models is presented. The main steps of the proposed method include (1)
extracting relevant features from each time series (2) clustering time series
based on features extracted using K-Medoids and spectral clustering
algorithms (3) implementing a global forecasting model using a
combination of Temporal Convolution Network and its training for each
cluster. To evaluate the prediction accuracy of the proposed approach,
experiments were conducted on the M3 dataset that contains 1426 time
series with unequal-length. The results of the experiments show the
superior performance of the proposed clustering-based models compared
to the baseline models and the benchmark models. The proposed model
has 0.57 less error in terms of SMAPE metric.
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1) INTRODUCTION

A global forecasting model is a model that is obtained by considering samples from several time series.
Compared to separate models for each series, these models perform better in predicting related time
series. As a result of this evolution, the tendency to use deep learning methods as predictive models of
time series has become more popular than other statistical methods. Considering that most time series
are not homogeneous, the model obtained using the whole series usually does not have good accuracy.
For this reason, localization of global models is a method to increase the accuracy of global forecasting
models. The motivation behind this study is to propose a new method for the localization of global
forecast models based on clustering.

2) Solution Methid

In this research, we use a clustering-based approach to localize global prediction models. The proposed
method generally includes three stages: pre-processing, global forecasting, and post-processing. The
pre-processing step comprises extracting the features of the time series for clustering, clustering the time
series based on the extracted features. The global forecasting stage includes special pre-processing
operations, such as mean normalization, logarithmic transformation, and de-seasonalization, as well as
training a forecasting model based on the TCN-CNN model. The topology of the model is represented
in Table 1. In the post-processing stage, the obtained forecasts are returned to their original scale by
considering the parameters calculated in the pre-processing. In this research, we use the M3 dataset,
which includes 1426 time series, to evaluate the proposed method. For clustering time series, we
employed K-Medoids (CL.KM) and Spectral clustering (CL. SP) algorithms. The results of
experiments indicated that clustering-based models have better results than their baseline counterparts
in SMAPE and MASE error measures. Also, the results show the superiority of the proposed models
over some benchmarks.

Tablel. Topology of TCN-CNN

Input (shape: (1, Lag (input window))
TCN (filters: 64, kernel size: 3, dilations: (1, 2, 4, 8))
1D Convolutional (filters: 64, kernel size: 4, activation: linear)
1D Convolutional (filters: 16, kernel size: 4, activation: linear)
Flatten
Dense (units: Forecast horizon, activation: linear)
Dense

3) Equations
We use relations 1- 4 for normalization, logarithmic transformation, de-seasonalization.

X

Xi,normalized = 1 @)

Yk X

k ~t=1 ik

k: number of points in time series X;
T _ {log(Ti,normalized) ) min (TS) > 0; )
inormalized & log _trans — .
lOg(r[‘i,normalized + 1) ’ mll‘l(TS) =0,

Ti,normalized &log _trans =5 + ti + I (3)
Ti,normalized &10gtrans & deseasonalized — Ti,normalized &log _trans — Si 4)

si: seasonal components, ti: trend components and r; residual components

For model evaluation we used two major metric: SMAPE (relation 5) and MASE (relation 6 )

h
SMAPE = 200 < |A; — Fil ) )

h L\ |Ai] + |Fi
i=1
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1 h (1A, = F,
MASE = - — Yic (A = FiD ©)

n— MZ?=S+1(|A1 - Ai—Sl)

Ai: Actual value Fi: Forecasted value

4) Conclusion

The results of this study indicated that clustering-based global models (CL. KM and CL.SP models in
Table 2) that train a separate model per cluster outperform their baseline counterparts, in which a single
model is trained using all time series data. Time series clustering identifies homogenous clusters, which
leads to accuracy improvement. Also, we investigated the effect of de-seasonalization and showed that
it positively impacts the performance of both clustering-based models and baseline ones.

Table 2. Comparison of the proposed model with competing models

~ MASE | SMAPE | Model
0.894 13.94 CL.KM
0.898 13.99 CL.SP
0.914 14.51 FFORMA
1.065 16.41 CatBoost
1.167 15.74 DeepAR
0.934 14.76 N-BEATS
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FeaturesClustering (¥, n)
C « C(Cluster F using a clustering algorithm into 7 groups

Return €
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Forecasting (D, €, lag, look forward, frequency)
{Time series preprocessing stage}
Foreach time series X; € D do
m; < Mean (X;)

X « :1— # divide by mean

x{ransformed ) ogTransformation (X;)

ptransformed Append (Xfransformedy 4 Add transformed data to list
End
Seasonalities « DecomposeSeasonalities (x{ransformed ¢ ptransformed)

@ﬁdm“bb}o.rﬁ)sﬂ'

{Model building stage}

HyperparametersGrid « Define Hyperparameter Grid for predictors 6,: [65, 63, ..., 65]

Initializing the predictors corresponding to hyperparameters M

Foreach cluster C; in €, j in {1,2,...,n}do
Foreach X{ransformed jn ¢, do

# multi-input-multi-output (MIMO)

GeneratedSamples« GeneratingMIMO (X{ransformed jn\window, OutWindow)
End

Dirain» Dvalidation Drest < Splitting(GeneratedSamples )

BeSt—GFMj « Train (Mr Dtrainv Dvalidation)

End

NS Al g0 . & iy 595!

{Time series postprocessing stage}
Foreach cluster C; in C,j in {1,2, ..., n}
Foreach x{ransformed jn ¢, do
r; < Predict (Best_GFM;, X{ransformed)
rreseasonalize . Reseasonalization (r;)
ridenormallize « Denormalization (rireseasonalize)
r]"e"°%8  InverseLogTransform (rdenormalize)
Re,-Append (r{™ere1°8) #Add forecasting results to R¥
End
R.Append (R¢;)
End
Return R

3o ol c.\.::.w.agilsu.ujjjw\.:iaLg\)l_sc@bjLgfﬂobbij&):;ﬁy&bdﬂQl%Q
.); Sy Laesls (g9, Lﬁuu’:)bﬂd&ﬁ- B ol ‘)Lj TS = {Xi}i=Nl TE3) GFM w\.ﬁ u':‘J}”’T )}k..uu

. . F . a . .



Vo ot 5 305 EG b pel o i g (Slode (5l s

Siwdb y (Y—1-Y¥
0 o )5y o o5 OT o 80Ln gy (6 2 p3li 1l 3 Gl (slacs o 53 e 03 S5 sl
Xj

T )
EZ}c(=1 Xi,k

Xi,normalized =
Sl TE{L2, 0N} 5 Xj Sl 6 m b sluss siaslias KOT s a8

ooty B (F—V-Y
3,8 o Doy (1) dlaly 3l eslizal b odsidle 5 (5 (535 02 )E ok (Sls A by o slates

10g(Ti,normalized) ) min (TS) > 0;

x)
1Og('-[‘i,normalized + 1) ’ min(TS) =0,

Ti,normalized&log _trans — {
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Input (shape: (1, Lag (input window))
TCN (filters: 64, kernel size: 3, dilations: (1, 2, 4, 8))
1D Convolutional (filters: 64, kernel size: 4, activation: linear)
1D Convolutional (filters: 16, kernel size: 4, activation: linear)
Flatten
Dense (units: Forecast horizon, activation: linear)
Dense

o319 5 o (Y-
g Jlasl o3l 4 saze 53 Glos (G 2 S5 seT Gidu ) edeT sty Jue (Gt Jobe 55T Sl day
J 1 e 5San ¢ 5315 g3 ey Sl o ki3 8 s nosls ad gl e 4B i s 5515 55 ey b oda Tty iy iy iolie

b e Gl G 0

Sibwhad (\-Y-Y
FB (it B ) G5 6 12 05057 (e sl aad slaadl o jpalie (5515 3 ey o o 53 Sl gr
il go osls (55 1y 2bed Silaslpen Jhe & 0 g03T o Jhad slaadd so 0355 T Cwmsay (5l 05535 Arwloea
o2lizal & 55T Sidey had sl o ot 61 Je OT 515 o oo 5 50T SLej 5 m 2 (S35 00T i (huad

gd m 0393l Sl (6 m B st polie 4 odaTCwsay ez slaad o (5l o 5o V”s@

o )8 gSao Jood (YT
J}&GA (br.a‘ ﬂ)@ w‘,g;u Jf."\"s ca.LATCMJQ QS'T-GU’:"% J;”:La.a 89 4.1>J.A Ui‘ B

Sl g p (F-Y-F
@\ Gmtn ol 5 25k e 0t Gl e Sl SlEe 3 el Tsh ot pslie o e 0l 3

.u\dea Cowdd

bty (F

Qﬂ)uﬂl)gﬁlcauﬁbjTQ@E;ﬁog{A{Wm:f@qujba:uzﬁ\;)}» 03l54e gazen Il ide opl 53
(’T‘;u‘" Cro s 1y S gladte e sbdde Calise ‘_gLM.J}f poman 5 o atls b (glaylae
S o 5ol shae ladie b ans e 53 1 edsiad SIS sladie s Shas olgiss

091945 oo (V—F
esls L;<;_ 03l34e gazea ol (":5@ oslamul algiis Aoy gLl ) M3 eslsas gams I Lo (Guims opl s
PSS s Cglize sladsh boslaas sazes cpl 51 Sloj (6 m amn ol Sla3 (6 (s oy Sl 53 03lituals ) 5o

R J"-’-L“" \n J)..«b B l@.:T Olasine S ol ab\.}“‘vw 4 6‘)"’ M3 ob‘b“‘—w Cwlodl aJ.:.if ﬁj«éj 4



’f'f;’oju:”AJchfj'ﬁ’ébjwwqjj.u VFA

A 5 6w ol S g 4SSl ol OLSS it slad b b Slej slacs o (115 03154 gazes Cpl . Canlods
g-gﬂ\fu\».?wﬁ&;‘ﬁ#‘&lﬁ‘a}%‘ﬁjv}ﬁ‘sbdv\ﬁrw)ﬁ&Mﬂ‘\??}??bj‘j&_é‘j@”}“ﬂd‘))&fﬂ
A0 ot B LN ol S a3 Olesen sk 1) Gl LD Gl ot 08U ST 05 ST 1l

Cwlodd Cave 5 ¥ J g 53 03l34e gazes ) ‘gl.a;jw Syl Caslles oslsas gazs

M3 odl34c gosxe Lo i V7 (J9u

o o e

M3-demo 111 18 slale
M3-finance 145 18 slale
M3-industry 334 18 alale
M3-macro 312 18 slabe
M3-micro 474 18 slale
M3-other 52 18 slale
—— N2479 (66 points)
30000+t
o 20000¢
=
g
10000
0 L
—— N1919 (133 points)
9000
8000
()]
% 70001
>
6000
5000
12000
10000
(]
S 8000t
it
6000
4000} _. N1879 (144 pciints) . ; | , , |
0 20 40 60 80 100 120 140
Time

glite (Sl Jgbo b M3 03134c 9030 3l Sl (§ w0 duw (S5l ygpan £ K



VF4 Szl 2 3,500y G b gl o 2oy (Slada (5l e

2 o 3 91 g ©lilo 3T oloutiss (Y—F

Tl Al 1 e olods (65 luosly KeTas Goee (6,8 3 4l jleslizal b5 0524 0L b algtig )
L 203l ol o s ¢ st Al o )3 Camlodld oslizul R 0L s tsfeature wlswlS” 1 sloj slags m 51 S5
s byl ol ol sl 3lie 05 gudoen o ¥ J)u\q-).s.g:.wlgsﬁf:li'cj))p 3ldad cazwd 0 511 (639590 2y 031
Sasb 031348 gome 2 (51 (635,55 0 2y 03Il ¢ Sl Sl pw Jsb 03 0L 8 4 o 57 b o Culod ols (LS
AEL Bl 3y Sl (6w i I8 Sledbl I (6 S s olinal 3Gl &S s § Sl

By 2ol yb gl colawl 3590 polao 009 £ Ju>

ey s e

0.01-0.0001 [5-50] [20-100] M3-Demo
0.01-0.0001 [5-50] [20-100] M3-Finance
0.01-0.0001 [5-10] [20-100] M3-Industry
0.01-0.0001 [5-50] [20-100] M3-Macro
0.01-0.0001 [5-35] [40-100] M3-Micro
0.01-0.0001 [5-50] [20-100] M3-Other
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3 Adaptive Moment Estimation
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“1 Early stopping
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