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Abstract  
Forecasting on time series data has been a research issue for a long time. Plenty of methods 

from different research fields have been proposed for this problem. Meanwhile, it is known that 

weather forecasting ensembles perform much better than individual forecasting models. 

Similarly, in pattern recognition problems, substantial improvements can be obtained by 

combining the outputs of multiple classifiers. However, application of forecasting ensembles in 

time series forecasting in domains such as standard product demand or stock market has not 

been equally successful so far. 

In this project we implement a wide range of forecasting methods from Operations Research, 

Statistics, Signal Processing and Artificial Intelligence to evaluate the performance of a large 

ensemble of forecasting algorithms. The implemented methods include Moving Average models, 

Exponential Smoothing models, Holt-Winters method, Auto-Regressive models, and ANN 

models. Eight different data sets from both stock market and product demand are applied to 

these methods. The forecasts of the various algorithms are weighted and taken into account in 

the final ensemble result. We then examine how different parameters in Levinson-Durbin 

algorithm and Artificial Neural Network will affect the results. We also test how the parameters 

in ensemble itself would influence the results. We propose two new ensemble structures, tree 

structure and cascading structure, to fuse the forecasting results. At the end, we design and 

implement a GUI interface for the forecasting and ensemble methods to show how the 

framework works. 

From analysis and experiment results, we learn that ensemble of various methods sometimes 

can achieve a better result than any individual method. Parameters in the forecasting methods 

and ensemble itself do have impacts on forecasting results, but usually not in a monotonic way. 

The structured ensemble (especially tree structure ensemble) can lead to a better result than 

normal ensemble. 
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1. Introduction  
Time series data forecasting has been a research issue for a long time [1-3]. Prediction on stock 

market data, sales and supply chain could be a useful reference to daily business. In this chapter, 

we will first give the definition of time series data, and then introduce several well-known 

forecasting methods we implement in this project. At the end we will give the definition of 

several accuracy measures we are using to evaluate our forecasting results. 

Time Series Data 
A time series is a sequence of data points, measured typically at successive times spaced at 

uniform time intervals [4]. Time series data can come from different sources, e.g. stock market, 

environment observation, business transaction, sensor network and so on. In this project, our 

model for time series data is the following: 

For an infinite time sequence Ὕ ρỄ , we use Ὠ to denote the observed data point at time 

Ὥ Ὥɴ Ὕ. 

If there is an underlying direction (an upward or downward tendency) and rate of change in a 

time series data, we say this data set has a trend component. 

If the time series data shows periodic fluctuations, we say this data set has a seasonal 

component. 

Forecasting Metho ds 
Time series data forecasting methods have been well studied in the literature. The main idea is 

to use the history and present to predict the future. In this section, we will introduce some of 

the methods we are going to implement in our experiments. For each method, we will first 

introduce the idea, the mathematical definition of it, and then pros and cons. Here are some 

symbols we may use for our description.  

 ̧ Ὠ, the original data point at time i 

 ̧ Ὂ, the value we forecast for Ὠ 

 ̧ Ὡ, the forecasting error, Ὡ Ὠ Ὂ 

Moving Average  

The Moving Average method is based on the arithmetic average of a given number of past data 

points. It is considered as the most well-known and established forecasting method [6]. The 

Moving Average method with parameter M computes the next value as the mean of the last M 

data points. The description is the following. 

Ὂ
В Ὠ

ὓ
 

This method is easy to understand and easy to implement, with a reasonable accuracy. The main 

problem is, when the initial time series data has a trend component, the method will keep 
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underestimating or overestimating the data. Another problem is that it gives all the previous 

points the same weight when compute the next point. 

Double Moving Average (DMA)  

Double Moving Average (DMA) is an improvement of the Moving Average method. The concept 

is to catch the trend inside the data so that it will overcome the drawback. To achieve this goal 

the method does moving average again on the moving average of the data, so that the method 

will see if the data is increasing or decreasing and make compensation for that. The description 

of DMA is the following, where ‎ is the moving average of data, – is the moving average of ‎, r is 

the window size. 

 

This method needs twice computation power as the Moving Average method does. From the 

example we see that DMA does catch the trend better than MA (MADMA.m). The example 

generates a data sequence from 1 to 50, added with uniformly distributed noise from -3 to 3. 

We see the MA is usually below real data plot, while DMA does not have this problem. 

 

Figure 1 MA and DMA Comparison 
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The remaining problem of DMA is that when it calculates the mean value, it gives the same 

weights to all the previous points within the window. In most of the cases, the recent value is 

more important than the others, this will not be good. If we assume that the more recent the 

data point is, the more relative it is to the predicted value, we should use a weighted version of 

the Moving Average method. 

Single Exponential Smoothing (SES) 

While the Moving Average method gives to the previous data points equal weights, the Single 

Exponential Smoothing (SES) method assigns exponentially decreasing weights as the 

observation get older. The idea of SES is to introduce feedbacks to the method on previous 

predictions. The description is the following, where a is a user input factor. 

 

Another way to calculate F is the following. 

Ὂ ὥ ρ ὥ Ὠ ρ ὥ Ὂ 

The main drawback of this method is that, when user wants to use this method, he/she has to 

give an arbitrary parameter a to the system. Also SES does not catch the trend component in the 

data set (like MA). 

Double Exponential Smoothing (DES)  

Double Exponential Smoothing (DES) is an extension of SES. The idea is to apply SES on the 

result of SES, so to get a smoother result. This method can get rid of the noise from the data. 

The description is the following. 

 

DES still depends on user input parameter a. By using the same data (as MADMA.m), we 

compare SES and DES. Figure 2 shows the comparison, from which we see DES can get a 

smoother result than SES, where a is set as 0.5 for both SES and DES. This is good for the 

forecasting when there are a lot of random noises in data (SESDES.m). 

1 , (0,1)t t tF F ae a+= + Í

1 1

1

0 0 1

(1 )

(1 )

, (0,1)

t t t

t t t

F aF a F

F ad a F

F F d a

+ +

+

¡= + -

¡ ¡= + -

¡= = Í



4 
 

 

Figure 2 SES and DES Comparison 

Obviously, DES needs more computation power than SES, and both of them do not catch the 

trend component. DES still requires an arbitrary user-input parameter. 

Adaptive Response Rate Single Exponentia l Smoothing (ARRSES) 

The main problem of SES and DES is that the input parameter a is defined by the user, which is 

an arbitrary choice. Adaptive Response Rate Single Exponential Smoothing (ARRSES) method is 

designed to target this problem. The goal of ARRSES is to let the system automatically choose 

the parameter according to different situation; therefore the performance is not relied on the 

parameter anymore. Inside the method, the idea is that when the data is highly fluctuating, 

ARRSES will assign a larger a for the algorithm. When the data is steady and smoothly changing, 

ARRSES will lower the a value. The equation to describe ARRSES is as follows. 

 

The only difference between ARRSES and SES is that in ARRSES the a is dynamic. From the 

definition we see it changes with the error of the previous forecasting. But unfortunately, 

ARRSES introduces another parameter ‍ into the system. 

Levinson -Durbin (LD)  
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be estimated. Therefore the prediction value can be written as Ὂ В ὥὨ , where p is the 

window size, ai is the coefficient. 

Then the problem left is to find out the coefficients according to some criteria. For LD algorithm, 

the criterion is to minimize the least square error of the following formula: 

( )
1 12 1

min 1 ( ) min 1 ( ) ( )
N N

T T T

a a
i p i p

a d i a d i d i
a

- -

= =

è øè ø
è ø è ø= é ùé ùê ú ê ú

ê úê ú
ä ä  

Levinson-Durbin algorithm provides an efficient way to solve this problem. The input parameter 

of LD algorithm is the window size p. The complexity of LD is O(p). LD algorithm is considered a 

good method for forecasting non-seasonal data. 

Holt -Winters (HW)  

Holt-Winters method is a member of the smoothing method family [7]. It is designed to deal 

with the seasonal component in data sets. In HW, a parameter s is introduced to indicate the 

period of the seasonal component. The following is the description of HW. 

 

HW performs well for trend component and seasonal component. But as we see, in HW user has 

to give 4 parameters as the input: ‌ȟ‍ȟ‎ȟί. Computation of HW is more complex than SES and 

DES.  

Figure 3 is an example to show the behavior of HW (HW_test.m). In this example we use a 

combination of sinusoid, linear increasing function and random noise as the data set, and use 

SES, DES and HW to do forecasting on this data. The parameter of SES and DES are 0.5, and for 

HW the parameters are: ‌ πȢσȟ‍ πȢσȟ‎ πȢχȟί υ. We see that HW performs very well in 

this case; it catches both the trend and seasonal component inside data. While for SES and DES, 

the performances are not promising; neither the trend component nor the seasonal component 

is captured properly. 
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Figure 3 HW, SES and DES Comparison 
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forecast time series data. In AI field, Artificial Neural Networks (ANNs) have grown rapidly in 
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time series data forecasting, especially for financial data [12]. There is a family of different ANN 

models for forecasting. In this project, we focus on feed-forward, multi-layer perceptron models 

(MLP). 
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Figure 4 Example of ANN 

In this project, we use the last p observed values as the input vector, and the next value as the 

target. The schema is as Figure 5; if we set p to be 3, [d1 d2 d3] will be the input vector of target 

d4. As we will see later, the window size can affect the forecasting result. 

 

Figure 5 Example of ANN Forecasting 
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linear transfer function rather than hard-limiting (as perceptron does), which allows their 

outputs to take on any value. One example of linear networks is shown in Figure 6. 

 

Figure 6 A Linear Neuron with R Inputs 

Like ANN, linear networks try to use the a set of given input vectors to produces outputs of 

corresponding target vectors, whereas the output vector is a linear combination of the input 

vector. The values for the network weights and biases is tuned such that the sum of the squares 

of the errors is minimized or below a specific value. This problem is manageable because linear 

systems have a single error minimum. In this project, we use the last p points as the input vector 

to predict the future data point. A feedback is given to the network after every prediction. 

Our LN method is modified from the demo in MATLAB Neural Network Toolbox άAdaptive Linear 

Prediction (applin2)έ. In applin2, a linear network is trained incrementally with adapt to predict 

a time series. Because the linear network is trained incrementally, it can respond to changes in 

the relationship between past and future values of the signal. The execution steps are the 

following: 

 ̧ Create the network and initialize it. 

 ̧ Train the network incrementally. 

 ̧ Generate the forecasting results and compare with the original data. 

The good thing about linear networks is that it can be drawn directly or trained to find a solution 

that minimizes the mean square error. In addition, linear networks can be trained to be adaptive 

to changes environment where the network operates. Also linear networks in practice need less 

computation power than ANN. One issue is that the non-linear relationships between inputs and 
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targets cannot be represented exactly by a linear network, which may produce only a linear 

approximation. 
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Measures 
To show how well one forecasting method performs, we need to use some accuracy measure. 

The following list shows some measures which have been commonly used in the literature. In 

this report, we mainly use Mean Absolute Percentage Deviation (MAPD) to measure the 

performances of our methods, since MAPD is a normalized measure and always has non-

negative value.  

 ̧ Mean Deviation  

 ̧ Mean Percentage Deviation  

 ̧ Mean Absolute Deviation  

 ̧ Mean Absolute Percentage Deviation  

 ̧ Mean Square Error  

 ̧ Root Mean Square Error  
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2. System Architecture  
The system works as Figure 7 illustrates. First the data file is loaded into main memory as a 

vector. Then different forecasting methods are applied to the data set. After all the methods are 

executed, ensemble techniques will be used to combine the forecasting results. Measures are 

generated, and figures are plotted at the end. 

 

Figure 7 System Architecture Diagram 

Experiment Setup  
The experiments are developed and executed using MATLAB on a laptop. The details are the 

following: 

 ̧ Hardware: Lenovo ThinkPad T43 Laptop, with Intel Pentium M 1.86 GHz CPU and 1.5G 

RAM. 

 ̧ Software: Windows 7 32-bit version. MATLAB 7.9.0 (R2009b) with Communication and 

Neural Network toolboxes. 

Data Sets 
We apply our forecasting methods on eight different data sets, including financial data, sales, 

production, etc. The details are the following. By saying seasonal we mean that the data set has 

a periodical presence by itself. 

 ̧ INTRACOMOPEN - Daily opening price of INTRACOM Stock, observed from 23/1/2009 to 

23/3/2010 

 ̧ INTRACOMCLOSE - Daily closing price of INTRACOM Stock, observed from 23/1/2009 to 

23/3/2010 

 ̧ IBMCLOSE - Daily closing price of IBM stock, Jan 1, 1980 to Oct. 8, 1992. Download from 

http://robjhyndman.com/tsdldata/korsan/dailyibm.dat 

 ̧ MSFT - Daily opening price of Microsoft stock, from 3/13/1986 to 11/15/2010. 

Download from Yahoo Finance. 

 ̧ WINEIND (seasonal) - Australian total wine sales by wine makers in bottles <= 1lt. Jan 

1980 ς Aug 1994. Source: ABS. Download from  

http://robjhyndman.com/tsdldata/data/wineind.dat 

Load Data 

Use 
Different 

Forecasting 
Methods 

Ensemble 
Calculate 
Mesures 

Plot Data 

http://robjhyndman.com/tsdldata/korsan/dailyibm.dat
http://robjhyndman.com/tsdldata/data/wineind.dat
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 ̧ HSALES (seasonal) - Monthly sales of new one-family houses sold in the USA since 1973. 

Source: Makridakis, Wheelwright and Hyndman (1998). Download from 

http://robjhyndman.com/tsdldata/data/hsales.dat 

 ̧ WOOLYARN (seasonal) - Monthly production of woolen yarn in Australia: tonnes. Jan 

1965 ς Aug 1995. Download from http://robjhyndman.com/tsdldata/data/woolyarn.dat 

 ̧ CO2 (seasonal) - Monthly mean CO2 concentrations at the Mauna Loa Observatory from 

1974 to 1987. Download from 

http://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4411.htm  

In our experiments, all data sets are preprocessed and saved as text files. In each file, every 

single line is a data point. This can be easily done via copy and paste when you have an Excel 

compatible file. Also you can implement your own methods to load data from other file formats, 

even from the internet. As soon as the outcome is a data vector in the workspace, the system 

will work. 

How to Get Stock Data 

There are many free time series data sets on the internet. For stock market data, one 

convenient way to get the historical data is to download it from Yahoo Finance. Here shows how 

to download it step by step. 

Go to Yahoo Finance [5], type in the interested stock name, e.g. MSFT (Microsoft). 

 

Figure 8 Screenshot of Yahoo Finance 

http://robjhyndman.com/tsdldata/data/hsales.dat
http://robjhyndman.com/tsdldata/data/woolyarn.dat
http://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4411.htm
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Then choose άHistorical Pricesέ on the left panel, select the date range you are interested in, 

and at the bottom of the page, there is a link to download the file. Hit the link, then a CSV file is 

downloaded, which contains very detailed information about everyday transaction of this stock. 

 

Figure 9 the Link for Downloading Data File 

If we only care about the opening price, we can select the specific column and copy it to a text 

editor. 

 

Figure 10 Downloaded File in Excel 
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3. Ensemble Study 
A very common and efficient ensemble method is to calculate the weighted average of the 

existing forecasting results. Assume that we have L different forecasting methods. For method i 

(É ρỄ,), Ὂ denotes the forecasting result for data point k. The weight ύ on Ὂ is the MAPD 

of Ὂ. Then the weighted average ensemble result is defined as: 
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In this project, we use weighted average ensemble method as the default ensemble method. All 

the studies start from it. Also when we introduce the experiment, we will put the MATLAB script 

name at the beginning so that users can check the implementation and rerun the experiments 

by themselves. 

For seasonal data sets, apart from observation, there is another way to discover the seasonal 

effect, which is to do Fourier Transform on the data set. For example, Figure 11 shows some 

results we do FFT on our data sets (ffttest.m). It is clear that when there is a peak on the x axis 

(time axis), there is a seasonal component with that period. 

 

Figure 11 FFT on Seasonal Data 
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Ensemble Normal   
At the beginning of the experiments, we test how ensemble works on all data sets with different 

forecasting methods. The methods are: Holt-Winters (HW) (only for seasonal data sets), Neural 

Network 10 (ANN 10), Neural Network 30 (ANN 30), Neural Network 50 (ANN 50), ARRSES, 

Levinson-Durbin (LD), Double Exponential (DES), Double Moving Average (DMA), and Linear 

Networks (LN). If the method needs a parameter, it uses the default one set in the function. The 

error measure method is MAPD. 

Non-seasonal Data (all_nonseason.m) 

We first plot the forecasting results compared with the original data. 

 

Figure 12 Normal Ensemble Data Plot (Non-seasonal) 

Then we plot the MAPD of each forecasting method. 
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Figure 13 Normal Ensemble MAPD Error Plot (Non-seasonal) 

At the end, we compare the absolute value ensemble result with the optimal result. The optimal 

result on each point is the nearest prediction result of di (άὭὲ Ὂ Ὠ ). We see ensemble 

result is always worse than the optimal one, but sometimes they overlap. 
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Figure 14 Normal Ensemble Real Error Plot (Non-seasonal) 

The observations are the following: 

 ̧ There is no best forecasting method for all data sets. That is also one reason for using 

ensemble method. 

 ̧ For big data sets (e.g. IBM stock close), the forecasting methods tend to be stable. This 

is because that the MAPD error measure, which accumulates the errors from the 

beginning, will not be highly influenced by any recent change. 

 ̧ Ensemble method may reach a better result than any of them. 
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Figure 15 Normal Ensemble Data Plot (Seasonal) 

 

Figure 16 Normal Ensemble MAPD Error Plot (Seasonal) 
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Figure 17 Normal Ensemble Real Error Plot (Seasonal) 

Some observations still hold: 

 ̧ There is no best forecasting method for all data sets. 

 ̧ Ensemble method may reach a better result than any individual one. 

 ̧ Holt-Winters method could be a good choice for seasonal data sets, which is stable and 
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Evaluation of Levinson -Durbin Algorithm  
For Levinson-Durbin algorithm, the input parameter may affect the prediction performance, so 

in this section we do some experiments on different inputs. In our experiment, input variable 

changes from 2 to 8. The other way to think about the algorithm with different parameters is to 

treat them as different methods and do ensemble on them. Here still the error measure method 

is MAPD. 

Non-seasonal Data (levinson_test_nonseason.m) 

When we apply LD algorithm on stock market data, we see that with some parameters the 

result tends to change dramatically. 

 

Figure 18 LD Test Data Plot (Non-seasonal) 
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Figure 19 LD Test MAPD Error Plot (Non-seasonal) 

Seasonal Data (levinson_test_season.m) 

 

Figure 20 LD Test Data Plot (Seasonal) 
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Figure 21 LD Test MAPD Error Plot (Seasonal) 

Here are the observations: 
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best result.  

¶ For the data sets which have dramatic changes, there is no single solution.  
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¶ Ensemble sometimes can lead to a better result, especially for seasonal data sets. 
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Evaluation of Neural Network  
For ANN method, there are two parameters that the user can input: the hidden layer node 

numbers and the window size. In this section we evaluate that how will these factors affect the 

results. 

First we examine how hidden layer node number will affect the result. We run ANN with 

different hidden layer node numbers range from 10 to 90, and do the ensemble of them. Here 

we set the window size to 15. The experiments are run on both non-seasonal and seasonal data 

sets. 

Non-seasonal Data (ann_test_nonseason.m) 

Data Plot 

 

Figure 22 ANN Hidden Layer Number Test Data Plot (Non-seasonal) 
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Figure 23 ANN Hidden Layer Number Test MAPD Error Plot (Non-seasonal) 

Seasonal Data (ann_test_season.m) 
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Figure 24 ANN Hidden Layer Number Test Data Plot (Seasonal) 

 

Figure 25 ANN Hidden Layer Number Test MAPD Error Plot (Seasonal) 
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Here are the observations: 

 ̧ The performance is not monotonic with hidden layer numbers. 

 ̧ For stock market data, ensembles are likely to achieve better results. 

 ̧ There is no single number best for all situations. 

 ̧ Because of the randomness inside ANN, it is good to use ensemble on ANN. 

The window size is another parameter in ANN forecasting. Here we try to use different window 

size to see how it will affect the result. We set the hidden layer node number to20, and test 

window size from 2 to 20 for ANN. The following is the plot of MAPD value for the end of every 

data set. Since MAPD value takes all the previous errors into account, this shows how the 

forecasting methods behave. In the plot, the x-axis is the window size; the y-axis is the MAPD 

error. 

 

Figure 26 ANN Window Size and MAPD Error Trend (Non-seasonal) 
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Figure 27 ANN Window Size Test Data Plot (Non-seasonal) 

 

Figure 28 ANN Window Size Test MAPD Error Plot (Non-seasonal) 
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Seasonal (ann_test_season_window.m) 

For our seasonal data set, they all have the period of 12. We want to see how the window size is 

related with this number 12. We try window size from 2 to 24, and also plot the final MAPD. The 

observation is: after window size of 10 the performance is more stable, but there is no unique 

solution, the period of 11 or 12 sometimes can achieve the best result. This means when we use 

ANN on these data sets the better way is to set the window size larger than 10. 

 

Figure 29 ANN Window Size and MAPD Error Trend (Seasonal) 
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Figure 30 ANN Window Size Test Data Plot (Seasonal) 

 

Figure 31 ANN Window Size Test MAPD Error Plot (Seasonal)  
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Ensemble with Different Parameter s 

Order of Data 

For stock data, take first order and second order sometimes can help to improve the estimation 

performance. Assume we have data sequence Ὠ, the first order (Ў) is the distance between the 

data points, and the second order (Ў) is the same operation on the first order data. 

Ў Ὠ Ὠ  

Ў Ў Ў  

Here we use two stock market data sets to test the impact (INTRACOMOPEN and MSFT). We use 

Linear Networks as the prediction method and draw the MAPDs of all these forecasting results 

(stock_order.m). The observation is that take the order of the data sometimes can achieve a 

better result. 

 

Figure 32 Different Orders of Data on INTRACOMOPEN 
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Figure 33 Different Orders of Data on MSFT 

Ensemble Weight  

For weighted average ensemble, the weight is defined as the MAPD of each forecasting method. 
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and the best forecasting method. This is because there are so many forecasting methods that 

even each one of them has a small weight, the overall weight is non-negligible. We can use 

some trick to make the ensemble get closer to the best method, one way is to change the 

definition of the weight. E.g. if we change the weight from  ύ  to ύ , the difference 

between each forecasting method will be magnified, therefore the ensemble result will try to 

reach the best result more aggressively. 

The following is an example to show how the weight function will affect the ensemble result 

(ensemble_weight.m).As usual, we apply all forecasting methods we have on INTRAOPEN and 

HSALES data sets, but when we do ensemble, we change the weight function to ύ . We only 

plot the normal ensemble and the ensemble after we change the weight, The result shows that 

the weight function does improve the ensemble result. 
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Figure 34 Weight Function Comparison on INTRAOPEN 

 

Figure 35 Weight Function Comparison on HSALES 
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Window Size  
As we mentioned earlier, in weighted ensemble method, the weight wi is the MAPD value of 

forecasting method at time i. According to the definition, MAPDi depends on the calculation 

from the beginning. If we do not want it to be calculated from the beginning, we can define a 

new measurement, called Mean Absolute Percentage Deviation with Window (MAPDW), where 

p is the window size.  

ὓὃὖὈὡρππ
В

ȿὩȿ
Ὠ

ὴ
Ϸ 

In this case the value is only related with the previous w data points. This change will affect the 

ensemble result. Here are some experiments. 

Experiment 1 (mapdw_test.m)  

In this experiment we generate a sin curve according with time. We assume there are two 

forecasting methods. One is good at the beginning, but bad at the end. The other is the opposite. 

By applying both MAPD and MAPDW to the methods and do ensembles, we can see MAPDW 

has a quicker response for prediction method performance changing. Here the window size is 2. 

 

Figure 36 MAPDW Window Size Test 

Experiment 2 

In experiment 2, we apply MAPDW to the real data sets. The candidate forecasting methods are 
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window size from 1 to 10, also compared with the normal MAPD measurement. The final 

measure for all these methods is MAPD. 

Non-seasonal Data (ensemble_window_levinson_nonseason.m) 

 

Figure 37 MAPDW Ensemble on LD Data Plot (Non-seasonal) 
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Figure 38 MAPDW Ensemble on LD MAPD Error Plot (Non-seasonal) 

Seasonal Data (ensemble_window_levinson_season.m) 

 

Figure 39 MAPDW Ensemble on LD Data Plot (Seasonal)
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Figure 40 MAPDW Ensemble on LD MAPD Error Plot (Seasonal) 
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 ̧ The performances sometimes are not monotonic. We cannot just increase or decrease 
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 ̧ The best result comes from either window = 2 or infinity. If this holds for every data set 

we can just deal with these two situations. 

Experiment 3  

In experiment 3, we change the ensemble candidates to different forecasting methods (DMA, 

DES, etc.). Then do the experiment again. Here are the observations: 

 ̧ Still, ensemble is not "always" the best result. 
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Figure 41 MAPDW Normal Ensemble Data Plot (Non-seasonal) 

 

Figure 42 MAPDW Normal Ensemble MAPD Error Plot (Non-seasonal) 

Seasonal Data (ensemble_window_all_season.m) 
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Figure 43 MAPDW Normal Ensemble Data Plot (Seasonal) 

 

Figure 44 MAPDW Normal Ensemble MAPD Error Plot (Seasonal) 
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Ensemble of Ensembles 
In previous experiments, we do ensemble on all forecasting methods at once. If there are 

several candidate forecasting methods, it will be difficult for the ensemble result to reach the 

best one. In this section, we want to try different ensemble structures on existing forecasting 

methods, to see if there will be any difference. We propose two structures, tree and cascading. 

Tree 

For the tree structure, the forecasting methods are splitted into small groups. We do ensemble 

on each group, and do ensemble on the ensemble results. Figure 45 illustrates the tree 

ensemble framework. 

 

Figure 45 Tree Structure Ensemble 

We test how different group size (2, 3, 4 methods as a group) will affect the results. Same as we 

did in ensemble normal, we apply Holt-Winters (HW) (only for seasonal data sets), Neural 

Network 10 (ANN 10), Neural Network 30 (ANN 30), Neural Network 50 (ANN 50), ARRSES, 

Levinson-Durbin (LD), Double Exponential (DES), Double Moving Average (DMA), and Linear 

Networks (LN).on the seven data sets. We compare the result between normal ensemble and 

tree ensemble. The observation is that usually 3-group tree ensembles can reach the best result, 

which is better than normal ensemble.  

Non-seasonal Data (layer_ensemble_nonseason_test.m) 
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Figure 46 Tree Ensemble Data Plot (Non-seasonal) 

 

Figure 47 Tree Ensemble MAPD Error Plot (Non-seasonal) 
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For INTRACOMOPEN and INTRACOMCLOSE, 3 methods forming a group get the best result. For 

IBMCLOSE, however, the normal ensemble is the best. In this case, it is not necessary to change 

the structure for ensemble. Also notice the performance is not monotonic with group numbers. 

Seasonal Data (layer_ensemble_season_test.m) 

 

Figure 48 Tree Ensemble Data Plot (Seasonal) 
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Figure 49 Tree Ensemble MAPD Error Plot (Seasonal) 

For seasonal data, three as a group achieve the best result in all data sets. This is because for 

seasonal data, the forecasting result varies from method to method. Normal ensemble result is 

highly influenced by the bad ones. 

Cascading 

Another way to make use of the candidates is to do cascading of the methods; the logic is like 

the following. We do ensemble of two methods. The at each step, we introduce one new 

forecasting method to the result, ensemble the ensemble from last step with this method. 

 

Figure 50 Cascading Structure Ensemble 
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The experiment setting is the same as tree ensemble. The order of the cascading methods is: 

ARRSES, DES, DMA, LD, HW (only for seasonal data), ANN 10, ANN 30, and ANN 50. The 

observation is the following. 

¶ Cascading can always achieve a better result than normal ensemble 

¶ More levels of cascading not always leads to a better result 

¶ Performance is not monotonic with cascading level 

Non-seasonal Data (cascade_ensemble_nonseason_test.m) 

 

Figure 51 Cascading Ensemble Data Plot (Non-seasonal) 






















