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Time Series

Time series data is represented by R classes that keep track of the times at which the data was observed.

The dataset beer has observation on monthly Australian beer production in megalitres from Jan 1991 to Aug 1995.

> library(fma)

'tseries' version: 0.10-22

'tseries' is a package for time series

analysis and computational finance.

See 'library(help="tseries")' for

details.

This is forecast 2.03

> data(beer)

> class(beer)

[1] "ts"

> start(beer)

[1] 1991 1

> frequency(beer)

[1] 12

> end(beer)

[1] 1995 8

> summary(beer)

Min. 1st Qu. Median Mean 3rd Qu. Max.

119.0 135.5 145.5 149.3 156.2 192.0
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Making your own time series

The ts() function turns a numeric vector into a time series

> x <- c(1, 3, 9, 4, 6, 22, 0.5)
> class(x)

[1] "numeric"

> y <- ts(x, freq = 4, start = c(2010, 1))
> class(y)

[1] "ts"

> y

Qtr1 Qtr2 Qtr3 Qtr4
2010 1.0 3.0 9.0 4.0
2011 6.0 22.0 0.5
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Plotting time series

> plot(beer, col = "brown")
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Seasonal plots

> monthplot(beer, col = "brown")
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Seasonal plot (quarterly)

> qbeer <- aggregate(beer, 4, mean)
> monthplot(qbeer, col = "darkred")
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What color names are available?

> length(colors())

[1] 657

> colors()

[1] "white" "aliceblue"

[3] "antiquewhite" "antiquewhite1"

[5] "antiquewhite2" "antiquewhite3"

[7] "antiquewhite4" "aquamarine"

[9] "aquamarine1" "aquamarine2"

[11] "aquamarine3" "aquamarine4"

[13] "azure" "azure1"

[15] "azure2" "azure3"

[17] "azure4" "beige"

[19] "bisque" "bisque1"

[21] "bisque2" "bisque3"

[23] "bisque4" "black"

[25] "blanchedalmond" "blue"

[27] "blue1" "blue2"

[29] "blue3" "blue4"

[31] "blueviolet" "brown"

[33] "brown1" "brown2"

[35] "brown3" "brown4"

[37] "burlywood" "burlywood1"

[39] "burlywood2" "burlywood3"

[41] "burlywood4" "cadetblue"

[43] "cadetblue1" "cadetblue2"

[45] "cadetblue3" "cadetblue4"

[47] "chartreuse" "chartreuse1"

[49] "chartreuse2" "chartreuse3"

[51] "chartreuse4" "chocolate"

[53] "chocolate1" "chocolate2"

[55] "chocolate3" "chocolate4"

[57] "coral" "coral1"

[59] "coral2" "coral3"

[61] "coral4" "cornflowerblue"

[63] "cornsilk" "cornsilk1"

[65] "cornsilk2" "cornsilk3"

[67] "cornsilk4" "cyan"

[69] "cyan1" "cyan2"

[71] "cyan3" "cyan4"

[73] "darkblue" "darkcyan"

[75] "darkgoldenrod" "darkgoldenrod1"

[77] "darkgoldenrod2" "darkgoldenrod3"

[79] "darkgoldenrod4" "darkgray"

[81] "darkgreen" "darkgrey"

[83] "darkkhaki" "darkmagenta"

[85] "darkolivegreen" "darkolivegreen1"

[87] "darkolivegreen2" "darkolivegreen3"

[89] "darkolivegreen4" "darkorange"

[91] "darkorange1" "darkorange2"

[93] "darkorange3" "darkorange4"

[95] "darkorchid" "darkorchid1"

[97] "darkorchid2" "darkorchid3"

[99] "darkorchid4" "darkred"

[101] "darksalmon" "darkseagreen"

[103] "darkseagreen1" "darkseagreen2"

[105] "darkseagreen3" "darkseagreen4"

[107] "darkslateblue" "darkslategray"

[109] "darkslategray1" "darkslategray2"

[111] "darkslategray3" "darkslategray4"

[113] "darkslategrey" "darkturquoise"

[115] "darkviolet" "deeppink"

[117] "deeppink1" "deeppink2"

[119] "deeppink3" "deeppink4"

[121] "deepskyblue" "deepskyblue1"

[123] "deepskyblue2" "deepskyblue3"

[125] "deepskyblue4" "dimgray"

[127] "dimgrey" "dodgerblue"

[129] "dodgerblue1" "dodgerblue2"

[131] "dodgerblue3" "dodgerblue4"

[133] "firebrick" "firebrick1"

[135] "firebrick2" "firebrick3"

[137] "firebrick4" "floralwhite"

[139] "forestgreen" "gainsboro"

[141] "ghostwhite" "gold"

[143] "gold1" "gold2"

[145] "gold3" "gold4"

[147] "goldenrod" "goldenrod1"

[149] "goldenrod2" "goldenrod3"

[151] "goldenrod4" "gray"

[153] "gray0" "gray1"

[155] "gray2" "gray3"

[157] "gray4" "gray5"

[159] "gray6" "gray7"

[161] "gray8" "gray9"

[163] "gray10" "gray11"

[165] "gray12" "gray13"

[167] "gray14" "gray15"

[169] "gray16" "gray17"

[171] "gray18" "gray19"

[173] "gray20" "gray21"

[175] "gray22" "gray23"

[177] "gray24" "gray25"

[179] "gray26" "gray27"

[181] "gray28" "gray29"

[183] "gray30" "gray31"

[185] "gray32" "gray33"

[187] "gray34" "gray35"

[189] "gray36" "gray37"

[191] "gray38" "gray39"

[193] "gray40" "gray41"

[195] "gray42" "gray43"

[197] "gray44" "gray45"

[199] "gray46" "gray47"

[201] "gray48" "gray49"

[203] "gray50" "gray51"

[205] "gray52" "gray53"

[207] "gray54" "gray55"

[209] "gray56" "gray57"

[211] "gray58" "gray59"

[213] "gray60" "gray61"

[215] "gray62" "gray63"

[217] "gray64" "gray65"

[219] "gray66" "gray67"

[221] "gray68" "gray69"

[223] "gray70" "gray71"

[225] "gray72" "gray73"

[227] "gray74" "gray75"

[229] "gray76" "gray77"

[231] "gray78" "gray79"

[233] "gray80" "gray81"

[235] "gray82" "gray83"

[237] "gray84" "gray85"

[239] "gray86" "gray87"

[241] "gray88" "gray89"

[243] "gray90" "gray91"

[245] "gray92" "gray93"

[247] "gray94" "gray95"

[249] "gray96" "gray97"

[251] "gray98" "gray99"

[253] "gray100" "green"

[255] "green1" "green2"

[257] "green3" "green4"

[259] "greenyellow" "grey"

[261] "grey0" "grey1"

[263] "grey2" "grey3"

[265] "grey4" "grey5"

[267] "grey6" "grey7"

[269] "grey8" "grey9"

[271] "grey10" "grey11"

[273] "grey12" "grey13"

[275] "grey14" "grey15"

[277] "grey16" "grey17"

[279] "grey18" "grey19"

[281] "grey20" "grey21"

[283] "grey22" "grey23"

[285] "grey24" "grey25"

[287] "grey26" "grey27"

[289] "grey28" "grey29"

[291] "grey30" "grey31"

[293] "grey32" "grey33"

[295] "grey34" "grey35"

[297] "grey36" "grey37"

[299] "grey38" "grey39"

[301] "grey40" "grey41"

[303] "grey42" "grey43"

[305] "grey44" "grey45"

[307] "grey46" "grey47"

[309] "grey48" "grey49"

[311] "grey50" "grey51"

[313] "grey52" "grey53"

[315] "grey54" "grey55"

[317] "grey56" "grey57"

[319] "grey58" "grey59"

[321] "grey60" "grey61"

[323] "grey62" "grey63"

[325] "grey64" "grey65"

[327] "grey66" "grey67"

[329] "grey68" "grey69"

[331] "grey70" "grey71"

[333] "grey72" "grey73"

[335] "grey74" "grey75"

[337] "grey76" "grey77"

[339] "grey78" "grey79"

[341] "grey80" "grey81"

[343] "grey82" "grey83"

[345] "grey84" "grey85"

[347] "grey86" "grey87"

[349] "grey88" "grey89"

[351] "grey90" "grey91"

[353] "grey92" "grey93"

[355] "grey94" "grey95"

[357] "grey96" "grey97"

[359] "grey98" "grey99"

[361] "grey100" "honeydew"

[363] "honeydew1" "honeydew2"

[365] "honeydew3" "honeydew4"

[367] "hotpink" "hotpink1"

[369] "hotpink2" "hotpink3"

[371] "hotpink4" "indianred"

[373] "indianred1" "indianred2"

[375] "indianred3" "indianred4"

[377] "ivory" "ivory1"

[379] "ivory2" "ivory3"

[381] "ivory4" "khaki"

[383] "khaki1" "khaki2"

[385] "khaki3" "khaki4"

[387] "lavender" "lavenderblush"

[389] "lavenderblush1" "lavenderblush2"

[391] "lavenderblush3" "lavenderblush4"

[393] "lawngreen" "lemonchiffon"

[395] "lemonchiffon1" "lemonchiffon2"

[397] "lemonchiffon3" "lemonchiffon4"

[399] "lightblue" "lightblue1"

[401] "lightblue2" "lightblue3"

[403] "lightblue4" "lightcoral"

[405] "lightcyan" "lightcyan1"

[407] "lightcyan2" "lightcyan3"

[409] "lightcyan4" "lightgoldenrod"

[411] "lightgoldenrod1" "lightgoldenrod2"

[413] "lightgoldenrod3" "lightgoldenrod4"

[415] "lightgoldenrodyellow" "lightgray"

[417] "lightgreen" "lightgrey"

[419] "lightpink" "lightpink1"

[421] "lightpink2" "lightpink3"

[423] "lightpink4" "lightsalmon"

[425] "lightsalmon1" "lightsalmon2"

[427] "lightsalmon3" "lightsalmon4"

[429] "lightseagreen" "lightskyblue"

[431] "lightskyblue1" "lightskyblue2"

[433] "lightskyblue3" "lightskyblue4"

[435] "lightslateblue" "lightslategray"

[437] "lightslategrey" "lightsteelblue"

[439] "lightsteelblue1" "lightsteelblue2"

[441] "lightsteelblue3" "lightsteelblue4"

[443] "lightyellow" "lightyellow1"

[445] "lightyellow2" "lightyellow3"

[447] "lightyellow4" "limegreen"

[449] "linen" "magenta"

[451] "magenta1" "magenta2"

[453] "magenta3" "magenta4"

[455] "maroon" "maroon1"

[457] "maroon2" "maroon3"

[459] "maroon4" "mediumaquamarine"

[461] "mediumblue" "mediumorchid"

[463] "mediumorchid1" "mediumorchid2"

[465] "mediumorchid3" "mediumorchid4"

[467] "mediumpurple" "mediumpurple1"

[469] "mediumpurple2" "mediumpurple3"

[471] "mediumpurple4" "mediumseagreen"

[473] "mediumslateblue" "mediumspringgreen"

[475] "mediumturquoise" "mediumvioletred"

[477] "midnightblue" "mintcream"

[479] "mistyrose" "mistyrose1"

[481] "mistyrose2" "mistyrose3"

[483] "mistyrose4" "moccasin"

[485] "navajowhite" "navajowhite1"

[487] "navajowhite2" "navajowhite3"

[489] "navajowhite4" "navy"

[491] "navyblue" "oldlace"

[493] "olivedrab" "olivedrab1"

[495] "olivedrab2" "olivedrab3"

[497] "olivedrab4" "orange"

[499] "orange1" "orange2"

[501] "orange3" "orange4"

[503] "orangered" "orangered1"

[505] "orangered2" "orangered3"

[507] "orangered4" "orchid"

[509] "orchid1" "orchid2"

[511] "orchid3" "orchid4"

[513] "palegoldenrod" "palegreen"

[515] "palegreen1" "palegreen2"

[517] "palegreen3" "palegreen4"

[519] "paleturquoise" "paleturquoise1"

[521] "paleturquoise2" "paleturquoise3"

[523] "paleturquoise4" "palevioletred"

[525] "palevioletred1" "palevioletred2"

[527] "palevioletred3" "palevioletred4"

[529] "papayawhip" "peachpuff"

[531] "peachpuff1" "peachpuff2"

[533] "peachpuff3" "peachpuff4"

[535] "peru" "pink"

[537] "pink1" "pink2"

[539] "pink3" "pink4"

[541] "plum" "plum1"

[543] "plum2" "plum3"

[545] "plum4" "powderblue"

[547] "purple" "purple1"

[549] "purple2" "purple3"

[551] "purple4" "red"

[553] "red1" "red2"

[555] "red3" "red4"

[557] "rosybrown" "rosybrown1"

[559] "rosybrown2" "rosybrown3"

[561] "rosybrown4" "royalblue"

[563] "royalblue1" "royalblue2"

[565] "royalblue3" "royalblue4"

[567] "saddlebrown" "salmon"

[569] "salmon1" "salmon2"

[571] "salmon3" "salmon4"

[573] "sandybrown" "seagreen"

[575] "seagreen1" "seagreen2"

[577] "seagreen3" "seagreen4"

[579] "seashell" "seashell1"

[581] "seashell2" "seashell3"

[583] "seashell4" "sienna"

[585] "sienna1" "sienna2"

[587] "sienna3" "sienna4"

[589] "skyblue" "skyblue1"

[591] "skyblue2" "skyblue3"

[593] "skyblue4" "slateblue"

[595] "slateblue1" "slateblue2"

[597] "slateblue3" "slateblue4"

[599] "slategray" "slategray1"

[601] "slategray2" "slategray3"

[603] "slategray4" "slategrey"

[605] "snow" "snow1"

[607] "snow2" "snow3"

[609] "snow4" "springgreen"

[611] "springgreen1" "springgreen2"

[613] "springgreen3" "springgreen4"

[615] "steelblue" "steelblue1"

[617] "steelblue2" "steelblue3"

[619] "steelblue4" "tan"

[621] "tan1" "tan2"

[623] "tan3" "tan4"

[625] "thistle" "thistle1"

[627] "thistle2" "thistle3"

[629] "thistle4" "tomato"

[631] "tomato1" "tomato2"

[633] "tomato3" "tomato4"

[635] "turquoise" "turquoise1"

[637] "turquoise2" "turquoise3"

[639] "turquoise4" "violet"

[641] "violetred" "violetred1"

[643] "violetred2" "violetred3"

[645] "violetred4" "wheat"

[647] "wheat1" "wheat2"

[649] "wheat3" "wheat4"

[651] "whitesmoke" "yellow"

[653] "yellow1" "yellow2"

[655] "yellow3" "yellow4"

[657] "yellowgreen"
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Monthly averages

cycle() gives us the sub-period for each time series observation.

aggregate() for ordinary data can group data on the basis of a list of classifying variables.

unclass() can convert time-series data into ordinary data.

> aggregate(unclass(beer), list(month = cycle(beer)),

+ mean)

month x

1 1 147.80

2 2 138.80

3 3 156.20

4 4 140.20

5 5 140.60

6 6 128.00

7 7 134.40

8 8 143.80

9 9 140.50

10 10 167.25

11 11 183.75

12 12 186.50
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A simple forecast

The training set

> beer.t <- window(beer, end = c(1994, 12))

The test (holdout) set

> beer.h <- window(beer, start = c(1995, 1))

The forecast

> seas.mean <- aggregate(unclass(beer.t),
+ list(month = cycle(beer.t)), mean)
> beer.fore.seas <- ts(seas.mean[1:8, "x"],
+ start = c(1995, 1), frequency = 12)
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Comparing forecast to actuals (graph)

> plot(beer.h, col = "red", ylab = "Beer production (megalitres)",

+ main = "Accuracy of seasonal means forecasting")

> lines(beer.fore.seas, col = "blue")

> legend("topright", c("Actuals", "Forecast"),

+ lwd = 1, col = c("red", "blue"))
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Measures of forecast accuracy

Forecast error

et = Yt − Ft

PEt = [(Yt − Ft)/Yt ]× 100

Measure Formula
ME (

∑
et)/n

RMSE
√

(
∑

e2
t )/n

MAE (
∑
|et |)/n

MPE (
∑

PEt)/n
MAPE (

∑
|PEt |)/n

Table: Some measures of forecast error
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Theil’s U statistic

Definition

U =

√∑
(FPEt − APEt)2∑

APE2
t

where
FPEt = (Ft − Yt−1)/Yt−1

APEt = (Yt − Yt−1)/Yt−1

Use

A naive forecast using just the previous value gives U = 1. We must do
better.
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Comparing forecast to actuals (numbers)

> accuracy(beer.fore.seas, beer.h)

ME RMSE MAE MPE
-3.7187500 11.9383180 10.4687500 -3.2530246

MAPE ACF1 Theil's U
7.7651967 -0.4130891 0.5499421
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The components of a time series

Trend+Cycle Long-term slow movements of the data.

Seasonal Fluctuations of fixed periodicity. Usually a year.

Erratic High-frequency fluctuations in the data.
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Decomposing using simple average

> e <- rnorm(20)

> x <- 50 + e

> f1 <- rep(mean(x), length(x))

> plot(x, type = "l", col = "pink", lwd = 2)

> abline(h = 50, col = "gray", lwd = 2)

> lines(f1, col = "brown", lwd = 2)
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The sampling distribution of the mean (N = 20)

> N <- 20

> sm <- replicate(10000, mean(rnorm(N)))

> hist(sm, freq = FALSE)

> theory.x <- seq(from = min(sm), to = max(sm),

+ length.out = 100)

> theory.y <- dnorm(theory.x, sd = 1/sqrt(N))

> lines(theory.x, theory.y, col = "salmon",

+ lwd = 2)
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Decomposing using simple average

> N <- 50

> trend <- 50 + 0.2 * (1:N)

> e <- rnorm(N)

> x <- trend + e

> f1 <- rep(mean(x), N)

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(f1, col = "brown", lwd = 2)
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Decomposition using regression

> t <- 1:N
> l <- lm(x ~ t)
> plot(x, type = "l", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)
> lines(fitted(l), col = "brown", lwd = 2)
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Decomposition using regression

> N <- 50

> B <- 25

> t <- 1:N

> trend <- 0.2 * abs(t - B)

> x <- trend + rnorm(N)

> l <- lm(x ~ t)

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(fitted(l), col = "brown", lwd = 2)
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Simple moving average

Ft = (Yt−1 + Yt + Yt+1)/3
> f2 <- filter(x, rep(1/3, 3))

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(f2, col = "brown", lwd = 2)
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Simple moving average

Ft =
1

11

(
k=5∑

k=−5

Yt+k

)
> f2 <- filter(x, rep(1/11, 11))

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(f2, col = "brown", lwd = 2)
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Choosing a moving average order

A higher-order simple moving average:

Gives a smoother trend.

But has more omitted values at the ends.

May smooth away interesting features.
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Simple moving average of even order

Suppose we want to calculate simple moving average of order 4. Do
we use,

Gt = (Yt−1 + Yt + Yt+1 + Yt+2)/4

or
Ht = (Yt−2 + Yt−1 + Yt + Yt+1)/4

neither of which are symmetric.

Solution: take moving average of moving average

Ft = (Gt−1 + Gt)/2

=
1

8
Yt−2 +

1

4
Yt−1 +

1

4
Yt +

1

4
Yt+1 +

1

8
Yt+2

Ft is known as the 2× 4 MA of Yt
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3 MA passes through a linear trend

Suppose Yt = a + bt

Ft = (Yt−1 + Yt + Yt+1)/3

= [a + b(t − 1) + a + bt + a + b(t + 1)]/3

= [a + bt − b + a + bt + a + bt + b]/3

= [3a + 3bt]/3

= Yt
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..but not a quadratic trend

Suppose Yt = bt2

Ft = (Yt−1 + Yt + Yt+1)/3

= [b(t − 1)2 + bt2 + b(t + 1)2]/3

= [bt2 − 2bt + b + bt2 + bt2 + 2bt + b]/3

= [3bt2 + 2b]/3 = bt2 + 2b/3

= Yt + 2b/3

6= Yt
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3 MA, pure quadratic trend

> N <- 9

> x <- (1:N)^2

> f <- filter(x, rep(1/3, 3))

> plot(x, type = "l", col = "red")

> lines(f, col = "blue")
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A filter that passes through a pure quadratic trend

> N <- 11

> x <- (1:N)^2

> f <- filter(x, c(-0.1, 0.4, 0.4, 0.4, -0.1))

> plot(x, type = "l", col = "red")

> lines(f, col = "blue")
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Passing through arbitrary polynomials

A filter {aj} passes through arbitrary polynomials of order k, i.e.

Yt =
∑

j

ajYt−j

if and only if,∑
j aj = 1∑
j j raj = 0, for r = 1, . . . , k
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Passing through arbitrary polynomials (example)

In our example a−2 = −0.1,a−1 = 0.4,a0 = 0.4,a1 = 0.4,a2 = −0.1.
We can verify,

a−2 + a−1 + a0 + a1 + a2 = 1
(−2)a−2 + (−1)a−1 + (0)a0 + (1)a1 + (2)a2 = 0
(−2)2a−2 + (−1)2a−1 + (0)2a0 + (1)2a1 + (2)2a2 = 0

So quadratic trends are passed through unmodified.

What happens to cubic trends when passed through the same filter?
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A seasonal series and 3 MA

> N <- 40

> seas <- c(2, -1, -3, 2)

> trend <- rep(5, N)

> e <- rnorm(N)

> x <- trend + seas + e

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(filter(x, rep(1/3, 3)), col = "brown",

+ lwd = 2)
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A seasonal series, 5 and 2× 4 MA

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(filter(x, rep(1/5, 5)), col = "brown",

+ lwd = 2)

> lines(filter(x, c(1/8, 1/4, 1/4, 1/4, 1/8)),

+ col = "seagreen", lwd = 2)
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A seasonal series, 9 and 2× 8 MA

> plot(x, type = "l", col = "pink", lwd = 2)

> lines(trend, col = "gray", lwd = 2)

> lines(filter(x, rep(1/9, 9)), col = "brown",

+ lwd = 2)

> lines(filter(x, c(1/16, rep(1/8, 7), 1/16)),

+ col = "seagreen", lwd = 2)
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Real seasonal data, 7 MA

> plot(hsales, col = "gray", lwd = 2)
> lines(filter(hsales, rep(1/7, 7)), col = "brown",
+ lwd = 2)
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Real seasonal data, 2× 12 MA

> plot(hsales, col = "gray", lwd = 2)
> lines(filter(hsales, c(1/24, rep(1/12, 11),
+ 1/24)), col = "brown", lwd = 2)
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Real seasonal data, 2× 12 MA

> plot(hsales, col = "gray", lwd = 2)
> lines(filter(hsales, c(1/24, rep(1/12, 11),
+ 1/24)), col = "brown", lwd = 2)
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Real seasonal data, 2× 12 MA

> plot(hsales, col = "gray", lwd = 2)
> lines(filter(hsales, c(1/24, rep(1/12, 11),
+ 1/24)), col = "brown", lwd = 2)
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Classical decomposition (trend)

Yt = Tt + St + Et

Compute Tt by filtering Yt with a 2× 12 MA filter.

> hsales.trend <- filter(hsales, c(1/24, rep(1/12,
+ 11), 1/24))

Detrend the series by subtracting Tt from Yt

> hsales.detrend <- hsales - hsales.trend
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Classical decomposition (seasonal component)

Compute seasonal component by taking seasonal means

> hsales.months <- split(hsales.detrend, cycle(hsales.detrend))
> hsales.mmean <- lapply(hsales.months, function(x) {
+ mean(x, na.rm = TRUE)
+ })
> hsales.seas <- unsplit(hsales.mmean, cycle(hsales.detrend))
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Classical decomposition (the erratic component)

What remains is the erratic component

> hsales.erratic <- hsales.detrend - hsales.seas
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Classical decomposition (putting it all together)

> plot(hsales, col = "gray")
> lines(hsales.trend + hsales.seas, col = "seagreen")
> lines(hsales.trend, col = "darkred", lwd = 2)
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Local regression

For each observation take a subset of data centered around that
observation (like moving averages).

Give high weights to nearby observations and low weights to distant
observation (like weighted moving average).

Fit a weighted regression on this local subset.

Take the predicted value from this regression as the trend for this
observation.

Repeat
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Local regression smoothing

> plot(internet, col = "gray", lwd = 2)
> lines(filter(internet, rep(1/25, 25)), col = "pink",
+ lwd = 2)
> lines(lowess(internet, f = 0.25), col = "brown",
+ lwd = 2)
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Degrees of smoothing

> plot(internet, col = "gray", lwd = 2)
> lines(lowess(internet, f = 0.25), col = "wheat",
+ lwd = 2)
> lines(lowess(internet, f = 0.5), col = "pink",
+ lwd = 2)
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The STL decomposition method

1 Use loess on the detrended seasonal subseries to compute the
seasonal component.

2 Use loess on the deseasonalised series to compute the trend
component.

3 Iterate.

4 The actual process is more complicated. See textbook.

Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods Winter 2010 44 / 45



STL decomposition of electricity production

> plot(stl(elec, s.window = 4))
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