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4 – Exponential 

Smoothing Methods
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Videos about Smoothing Methods

Galit Shmueli

1. Moving Average for visualization

2. Moving Average for forecasting

3. Differencing

4. Simple exponential smoothing (SES)

5. Holt's exponential smoothing

6. Winter's exponential smoothing

7. Automation and prediction intervals

https://www.youtube.com/user/ProfGalitShmueli/videos
https://www.youtube.com/watch?v=7Rz_ITRIADg&t=81s
https://www.youtube.com/watch?v=Vdv9GSrgLQU
https://www.youtube.com/watch?v=re6N30kBMes
https://www.youtube.com/watch?v=Fqge2HDH2Co
https://www.youtube.com/watch?v=DUyZl-abnNM
https://www.youtube.com/watch?v=mrLiC1biciY
https://www.youtube.com/watch?v=WATKhwRvW14
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Signal and Noise

Smoothing can  be  seen  as  a technique to  separate the signal  and the  

noise as  much as  possible and in  that a smoother acts  as  a filter to  

obtain an "estimate" for the  signal.
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Smoothing a data set
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Smoothing a Constant Process



6Previsão | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

Dow Jones Index (1999-2001) 

– Constant Process

A constant model 

can be  used to  

describe the general 

pattern  of the  data. 

For the constant 

process, the 

smoother in (4.2) 

does a good job
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Dow Jones Index (1999-2006)

The  constant process  

assumption  is  no  

longer valid

How realistic is the 

assumption of “constant” 

process though?
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In real life …

• A constant process is not the norm but the 

exception

• Second Law of Thermodynamics says so: 

left to its own, any process will deteriorate

• Trying to smooth a non-constant process 

with the average of the data points up to 

the current time does not look too 

promising
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Smoothing 

Methods

Minitab Smoothing Methods
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Simple Moving Average

• Average of the data points in a moving 

window of length N

• Of course the question is: what should N 

be?
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Moving Average for Metals 

Data      Metals

Length    60

NMissing  0

Moving Average

Length  3

Accuracy Measures

MAPE  0,890317

MAD   0,402299

MSD   0,255287

Forecasts

Period  Forecast    Lower    Upper

61          49,2  48,2097  50,1903

62          49,2  48,2097  50,1903

63          49,2  48,2097  50,1903

64          49,2  48,2097  50,1903

65          49,2  48,2097  50,1903

66          49,2  48,2097  50,1903
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To calculate a moving average, Minitab averages consecutive groups of 

observations in a series. For example, suppose a series begins with the numbers 4, 

5, 8, 9, 10 and you use the moving average length of 3. The first two values of the 

moving average are missing. The third value of the moving average is the average 

of 4, 5, 8; the fourth value is the average of 5, 8, 9; the fifth value s the average of 8, 

9, 10. 

Centered moving average

By default, moving average values are placed at the period in which they are calculated. For 

example, for a moving average length of 3, the first numeric moving average value is placed at 

period 3, the next at period 4, and so on. 

When you center the moving averages, they are placed at the center of the range rather than 

the end of it. This is done to position the moving average values at their central positions in 

time.

· If the moving average length is odd: Suppose the moving average length is 3. In that 

case, Minitab places the first numeric moving average value at period 2, the next at period 3, 

and so on. In this case, the moving average value for the first and last periods is missing ( *). 

· If the moving average length is even: Suppose the moving average length is 4. The 

center of that range is 2.5, but you cannot place a moving average value at period 2.5. This is 

how Minitab works around the problem. Calculate the average of the first four values, call it 

MA1. Calculate the average of the next four values, call it MA2. Average those two numbers 

(MA1 and MA2), and place that value at period 3. Repeat throughout the series. In this case, 

the moving average values for the first two and last two periods are missing ( *). 
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Moving average methods tem sempre a 

desvantagem de possuírem Autocorrelação!
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As N gets smaller, 

MA(N) reacts faster

to the changes in

the data!

If the  process  is  

expected to be  

constant, a  large  

N  can  be  used  

whereas  a  small  

N  is  preferred  if 

the  process  is  

changing.  (quanto 

maior o número de 

N maior a 

suavização)
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First-Order Exponential Smoothing

• For a faster reacting smoother, have a weighted 

average with exponentially decreasing weights 

Use for:

· Data with no trend, and

· Data with no seasonal pattern

· Short term forecasting

Forecast profile:

· Flat line

ARIMA equivalent: (0,1,1) model
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Single Exponential 

Smoothing



17Previsão | Pedro Paulo Balestrassi | www.pedro.unifei.edu.br

Optimal ARIMA weight 

1 Minitab fits with an ARIMA (0,1,1) model and stores the fits. 

2 The smoothed values are the ARIMA model fits, but lagged one time unit. 

3 Initial smoothed value (at time one) by backcasting:

initial smoothed value = [smoothed in period two - a (data in period 1)] / (1 - a)

where 1- a estimates the MA parameter.

Specified weight

1 Minitab uses the average of the first six (or N, if N < 6) observations for the 

initial smoothed value (at time zero). Equivalently, Minitab uses the average of 

the first six (or N, if N < 6) observations for the initial fitted value (at time one). 

Fit(i) = Smoothed(i-1).

2 Subsequent smoothed values are calculated from the formula:

smoothed value at time t = a (data at t) + (1 - a) (smoothed value at time t - 1)

where a is the weight. 

A value between 0.1 and 0.4 is commonly recommended

Prediction limits

Based on the mean absolute deviation (MAD). The formulas for the upper and lower limits are:

Upper limit = Forecast + 1.96 * 1.25 * MAD

Lower limit = Forecast - 1.96 * 1.25 * MAD

The value of 1.25 is an approximate proportionality constant of the standard deviation to the mean 

absolute deviation. Hence, 1.25 * MAD is approximately the standard deviation. 
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The three accuracy measures, MAPE, 

MAD, and MSD, were 1.12, 0.50, and 0.43, 

respectively for the single exponential 

smoothing model, compared to 1.55, 0.70, 

and 0.76, respectively, for the moving 

average fit (see Example of moving 

average). Because these values are 

smaller for single exponential smoothing, 

you can judge that this method provides a 

better fit to these data.

mk:@MSITStore:C:/Program Files (x86)/Minitab/Minitab 16/resources/1033/MtbST.chm::/ST_Time_Series/Moving_Average/Example_of_Moving_Average.htm
mk:@MSITStore:C:/Program Files (x86)/Minitab/Minitab 16/resources/1033/MtbST.chm::/ST_Time_Series/Moving_Average/Example_of_Moving_Average.htm
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Second-Order Exponential Smoothing

• If the data shows a linear trend, a more 

appropriate model will be

Use for:

· Data with constant or non-constant trend, and

· Data with no seasonal pattern

· Short term forecasting

Forecast profile:

· Straight line with slope equal to last trend estimate

ARIMA equivalent: (0,2,2) model
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Second-Order Exponential Smoothing
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Double Exponential 

Smoothing
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Weights

Optimal ARIMA weights

1 Minitab fits with an ARIMA (0,2,2) model to the data, in order to minimize 

the sum of squared errors.

2 The trend and level components are then initialized by backcasting.

Specified weights 

1 Minitab fits a linear regression model to time series data (y variable) versus 

time (x variable).

2 The constant from this regression is the initial estimate of the level 

component, the slope coefficient is the initial estimate of the trend component. 

When you specify weights that correspond to an equal-root ARIMA (0, 2, 2) 

model, Holt's method specializes to Brown's method.1

[1] N.R. Farnum and L.W. Stanton (1989). Quantitative Forecasting Methods. 

PWS-Kent.
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Because the difference in accuracy 

measures for the two exponential 

smoothing methods are small, you might 

consider the type of forecast (horizontal 

line versus line with slope) in selecting 

between methods. Double exponential 

smoothing forecasts an employment 

pattern that is slightly increasing though 

the last four observations are decreasing. 

A higher weight on the trend component 

can result in a prediction in the same 

direction as the data, which may be more 

realistic, but the measured fit may not be 

as good as when Minitab generated 

weights are used.
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Modeling Seasonal Data

• Additive Seasonal Model

– If the amplitude of the seasonal pattern is 

independent of the average level within the 

season

• Multiplicative Seasonal Model

– If the amplitude of the seasonal pattern is 

proportional to the average level within the 

season
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Use for:

· Data with or without trend

· Data with seasonal pattern

· Size of seasonal pattern not proportional to data

· Short to medium range forecasting

Forecast profile:

· Straight line with seasonal pattern added on

ARIMA equivalent: none

Use for:

· Data with or without trend

· Data with seasonal pattern

· Size of seasonal pattern proportional to data

· Short to medium range forecasting

Forecast profile:

· Straight line multiplied by seasonal pattern

ARIMA equivalent: none

Winters' 

Method, 

Multiplicative 

Model

Winters' 

Method, 

Additive 

Model
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Multiplicative model for 

decomposition

Use when the size of the seasonal 

pattern depends on the level of the 

data. This model assumes that as 

the data increase, so does the 

seasonal pattern. Most time series 

plots exhibit such a pattern. In this 

model, the trend and seasonal 

components are multiplied and 

then added to the error component. 

Additive model

A data model in which the effects of individual 

factors are differentiated and added together to 

model the data. They appear in several Minitab 

commands:

· An additive model is optional for 

Decomposition procedures and for Winter's 

method. Use an additive model when the 

magnitude of the data does not affect its 

seasonal pattern.

· An additive model is optional for two-way 

ANOVA procedures. Choose this option to omit 

the interaction term from the model.

· Median polish creates an additive model to 

describe data in a two-way table. This additive 

model describes raw data as the sum of row 

effects, column effects, residuals, and a 

common effect.
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Model fitting

Winters' method employs a level component, a trend 

component, and a seasonal component at each period. 

It uses three weights, or smoothing parameters, to 

update the components at each period. Initial values 

for the level and trend components are obtained from a 

linear regression on time. Initial values for the seasonal 

component are obtained from a dummy-variable 

regression using detrended data. 

You can enter weights, or smoothing parameters, for the level, trend, and seasonal 

components. The default weights are 0.2 and you can enter values between 0 and 1. 

Since an equivalent ARIMA model exists only for a very restricted form of the Holt-

Winters model, Minitab does not compute optimal parameters for Winters' method as it 

does for single and double exponential smoothing.

Regardless of the component, large weights result in more rapid changes in that 

component; small weights result in less rapid changes. The components in turn affect 

the smoothed values and the predicted values. Thus, small weights are usually 

recommended for a series with a high noise level around the signal or pattern. Large 

weights are usually recommended for a series with a small noise level around the signal.
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For these data, MAPE, MAD, and MSD were 1.88, 1.12, and 2.87, respectively, 

with the multiplicative model. MAPE, MAD, and MSD were 1.95, 1.15, and 2.67, 

respectively (output not shown) with the additive model , indicating that the 

multiplicative model provided a slightly better fit according to two of the three 

accuracy measures.
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Additive Seasonal Model
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Additive Seasonal Model
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Multiplicative Seasonal Model

Note that the 

amplitude gets 

bigger as average 

level of the time 

series gets big.
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Multiplicative Seasonal Model
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