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Risk Management in the Australian Stock
Market using Artificial Neural Networks

Bjoern Krollner, Bruce Vanstone, and Gavin Finnie

School of Information Technology, Bond University
Gold Coast, Queensland, Australia

{bjoern_krollner,bruce_vanstone,gavin_finnie}@bond.edu.au

Abstract. Stock market prediction with machine learning techniques
is a popular field of research due to the potential profit making oppor-
tunities. A less frequently analysed area in financial data mining is the
application of Artificial Neural Networks (ANNs) in the domain of risk
management. This paper aims to contribute to the literature by exam-
ining advances in stock market prediction and use them to create hedg-
ing strategies to protect stock portfolios against downturns in the stock
market. The simulation results indicate that Artificial Neural Networks
provide a flexible and effective decision support tool for risk managers
in the Australian stock market.

Keywords: Financial Data Mining, Artificial Neural Networks, Risk
Management, Decision Support

1 Introduction

Stock index forecasting is important for making informed investment decisions.
The global financial crisis showed that investing in the stock market can poten-
tially lead to high losses for the holder of common shares. Company specific risk
can be reduced by diversification. However, systematic market risk that affects
the whole stock market can have a large negative impact on portfolio returns.
Derivatives based on the stock index, like stock index futures, can be used to
protect a portfolio against unfavourable moves in the stock market. In this study,
we develop a market timing model based on artificial neural networks (ANNs).
This model is used to predict the stock market one month ahead. Depending
on the result of the prediction we short sell stock index futures to protect the
portfolio against downturns in the share market. ASX/SPI 200 futures are stan-
dardised contracts to buy or sell the equivalent of the ASX 200 index value at a
future date at a market determinant price.

We create a hedging model based on artificial neural networks and compare
the performance of our model against the two naive investment strategies of never
hedging and always hedging, as well as the two more sophisticated strategies
based on the futures premium and excessive volatility models. The objective of
this paper is to provide risk managers with additional information about the
state of the stock market so that they can make more informed investment
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decisions. Risk managers need to decide when to leave a portfolio unhedged to
generate profit and when to hedge in order to control downside risk. [39]

Artificial Neural Networks are frequently used in the area of stock market
prediction. Less frequently, ANNs are applied in the domain of risk management.
The contribution of this research is to fill this gap by applying the existing body
of literature in stock index forecasting with machine learning techniques to the
domain of portfolio risk management. We analyse if the strategies to predict
movements in the stock index can be used to derive hedging strategies and
improve the overall risk-return trade off an investor faces.

The remainder of the paper is organized as follows. The next section is a
review of the relevant literature. Section 3 discusses the data used in the analysis.
Section 4 details the methodologies employed in the paper. Section 5 presents
the results of the analysis and section 6 concludes the paper.

2 Literature Review

2.1 Selective Hedging

Hedging is usually performed to reduce the risk associated with holding a risky
asset [26]. Working [42] defines hedging as using the futures market to reduce
risk in a cash market position. A portfolio of risky assets can for example be
combined with a position in a futures contract which is highly negatively cor-
related. Thus, fluctuations in the risky asset are offset by opposite fluctuations
in the hedging instrument. Therefore, hedging is used as protection against ad-
verse price movement. However, favourable price movements in the risky assets
are also offset by losses in the hedging instrument.

There are several views on the purpose of hedging in the literature. Working
[42] states that the main objective of hedging is profit maximisation, which is
achieved by speculating on changes of the basis. The basis if the difference be-
tween the futures price and the cash price of a commodity. Erderington [9] argues
that the objective of hedging is risk reduction which is achieved by minimizing
the portfolio variance. Howard and D’Antonio [16, 17] state that the purpose of
hedging is to optimise the risk-return trade off. Please refer to Floros & Vougas
[11] for a detailed review of the hedging literature.

The term ”selective hedging” describes a dynamic hedging strategy which
establishes hedge positions based on the hedgers market expectations. In a se-
lective hedging strategy, the risky asset can be fully protected, partly protected
or not protected at all. For example, if a hedger expects his assets to rise in
value because of favourable market conditions, he might decide to leave the as-
sets unprotected to be able to take full advantage of the gain in value. If volatile
market conditions are expected, the hedger can decide to protect the risky asset
through hedging.

As an alternative to selective hedging, small investors could decide to simply
sell their assets instead of hedging. However, large institutions like banks or
superannuation funds cannot sell all their assets since the selling itself would
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have a large negative impact on the market. Large institutions can use financial
derivatives as short term protection under uncertain market conditions [19]. The
overall objective of selective hedging is to achieve downside protection and allow
upside gain [20].

Topaloglou, Vladimirou & Zenios [39] use a dynamic stochastic programming
model to manage risk in assets price and exchange rates in a international port-
folio context. The study finds that selective hedging strategies are effective in
controlling risk and generating stable return path.

Kim, Leuthold & Garcia [24] investigate local polynomial kernel forecasts
for the management of price risks in hog and corn futures markets. The study
indicates that combining hedging with forecasts can potentially enhance price
risk management.

McCarthy [29] compares strategies for managing foreign exchange exposures
and finds that a selective hedging strategy based on the random walk model
performs well in the analysed markets. Eun & Resnick [10] also state that the
Random Walk model is a good estimate of foreign exchange rates when analysing
international equity investments.

Simpson [34] analyses the performance of five selective hedging strategies
with foreign exchange future contracts. The author states that a strategy based
on large deviations of prices compared to the purchasing power parity performs
best in the examined market.

Simpson & Dania [35] examine conditional hedging strategies for Euro cur-
rency exposures. It is found that selective hedging strategies can outperform
strategies that always hedge and never hedge. Using such a strategy leads to a
better risk-return trade off for investors.

2.2 Neural Network Models

Artificial Neural Networks aim to automatically learn and recognise patterns in
large amounts of data. There is a great variety of machine learning techniques
within the literature. The popularity of ANN based forecasting has been growing
steadily over the last years. Examples of ANN based techniques are local linear
wavelet neural networks [7], probabilistic neural networks [4], stochastic neural
networks [37], chaotic neural networks [30] and tapped delay neural networks
[33].

Evolutionary & optimisation techniques are based on particle swarm optimi-
sation [28], bacterial foraging optimisation [27] and genetic algorithms [25].

Very common in the recent literature are variations of ANNs and hybrid
systems. There is a clear trend to use established ANN models and enhance them
with new training algorithms or combine ANNs with emerging technologies into
hybrid systems.

2.3 Forecasting Timeframe

In the context of hedging, time-frames of one week or longer are usually preferred.

3
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Butterworth & Holmes [3] use daily and weekly hedging time-frames and
find that hedging performance increases as the hedge duration rises from a day
to a week. The finding that hedging effectiveness tends to increase when the
investment period increases is consistent with previous studies [1] [14] [15].

Chen, Lin, Chou & Hwang [5, p.280] state that ”[a] possible explanation for
this phenomenon is that trading noise in the market will be cancelled out in
longer investment horizons as the true underlying relationship between the spot
and futures prices emerges”.

Kenourgios, Samitas & Drosos [22] use weekly data in their study and justify
their decision by stating that a weekly time-frame implies that hedgers in the
market rebalance their futures positions on a weekly basis. Therefore, futures
can be used for risk reduction without incurring excessive transaction costs.

2.4 Input Variables

Choosing the right input variables is essential for Artificial Neural Networks.
Even the best machine learning technique can only learn from an input if there
is actually some kind of correlation between input and output variable.

The majority of reviewed papers rely in some form on lagged index data. The
most commonly used parameters are daily opening, high, low and close prices.
Also often used are technical indicators which are mathematical transformations
of lagged index data. The most common technical indicators found in the litera-
ture are the simple moving average (SMA), exponential moving average (EMA),
relative strength index (RSI), rate of change (ROC), moving average convergence
/ divergence (MACD), William’s oscillator and average true range (ATR).

In addition to data purely derived from past index data, some studies use
economic data in order to forecast the stock index.

Stansell & Eakins [38] forecast the change in sector stock indices with neural
networks. 19 economic variables are used as inputs variables. The authors state
that input data needs to fulfill certain criteria in order to be usable in the
forecasting process. The information has to be available on a consistent and
timely basis, and there should be a rational economic justification for believing
that the variable has an effect on the predicted index.

Collard & Ades [8] analyse the sensitivity of US stock market indices to the
commodity prices of the US dollar, oil, and gold. The authors argue that the
companies which form a stock index incur capital costs for borrowing funds and
energy costs for producing and transporting goods. Capital costs are influenced
by the value of the US dollar and energy costs are affected by changes in the
major energy commodity, oil. In addition, changes in the gold price are used as
a proxy for the belief of future inflation.

Chen et al. [4] use the spreads of long-term bond yields over short-term bond
yields as input parameter. The authors state that it may have some power to
forecast stock returns since this variable has also a business cycle pattern. In
general it is stated that an independent variable must be observable (available
and published) before the prediction can be made. ”Constructing the data set
in this manner ensures that the generation of out-of-sample forecasts will be
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similar to those made in the real world. It is because only observable, but not
future unobservable, data can be used as inputs to the forecasting models.” [4,
p.906]

Additional economic variables found in the literature are the unemployment
rate [38] and the value of US stock indices for non-US studies. Huang, Nakamori
& Wang [18] use the S&P 500 data and the USD/JPY exchange rate to predict
the NIKKEI 225 index. Jaruszewicz & Mandziuk [21] also try to predict the
NIKKEI index and use data from the US NASDAQ and German DAX indices.
Pan et al. [31] use the S&P 500 index as input to predict the Australian AORD
index. Witkowska & Marcinkiewicz [41] use the USD/PLN exchange rate as well
as the US DJIA, German DAX and Japanese NIKKEI indices in order to predict
Warsaw index futures. This suggests that there is a lead-lag relationship between
established economies and small markets.

The majority of studies try to forecast the stock index directly. Only a small
number of reviewed papers [13, 23, 41] use stock index futures data.

3 Data

This paper uses 10 years of end-of-day data beginning in May 2000, when the
SPI 200 contract had been first listed, to April 2010. The data is sourced from
the Securities Industry Research Centre of Asia-Pacific (SIRCA) [36] and the
Reserve Bank of Australia (RBA) [32]. We split the data into two datasets.
One for training the neural network and one for the out-of-sample evaluation.
While there are several different ratios used in the literature to split data into
a training and testing dataset, we use a ratio of 50:50. This means we use data
from May 2000 to April 2005 from training the neural network and May 2005
to April 2010 for out-of-sample testing. The ratio of 50:50 has been chosen so
that the out-of-sample period covers one bull market (2005-2006) and one bear
market (2007-2010). Therefore, we can investigate the performance of our neural
network model under different market characteristics.

In this study, we aim to protect a portfolio of shares using a hedging strategy.
In our simulation, we use the Australian S&P/ASX 200 stock index as a proxy
for a well diversified portfolio of shares.

The SPI 200 futures contract is the benchmark contract in Australia, based
on the S&P/ASX 200 stock index, and amongst the 12 most actively traded stock
index futures contracts in the world [12]. In contrast to the ASX/S&P 200 stock
index, there is no continuous time series for SPI 200 futures contracts. Australian
futures markets are comprised of individual contracts which expire four times a
year in March, June, September and December. The limited lifespan of futures
contracts makes it difficult to test academic hypotheses and implement trading
strategies in the futures market. To avoid problems with the limited lifespan,
individual contracts are usually linked together to create a continuous time-
series of prices. We account for differences in price levels when linking contracts
together by back adjusting the data accordingly.

5
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4 Methodology

Figure 1 shows a flowchart of the selective hedging strategy based on an Artificial
Neural Network.

Fig. 1. Flowchart: ANN based hedging

The market timing ANN analyses the current state of the stock market and
gives an indication whether unfavourable market conditions are expected or not.
The ANN model is described in more detail in section 4.3. If good conditions
are expected, it is not necessary to hedge and therefore the portfolio of stocks
is left unprotected. If, however, the market timing ANN predicts unfavourable
market conditions, the portfolio needs to be protected by short selling stock
index futures. The number of futures contracts to be short sold is calculated
based on the hedge ratio h.

The ANN model is compared to the two naive strategies of never hedging
and hedging every exposure. Two more advanced selective hedging models found
in the foreign exchange literature are to hedge when the futures price is at a
premium or to hedge when excessive volatility is observed in the market. [29]

The hedge rule based on the futures price level stipulates to only hedge if
the futures price is at a premium, which means that the futures price is higher
than the underlying stock index. The strategy is also said to be based on the
random walk hypothesis. The random walk hypotheses states that the current
index level is the best estimate of future index prices and therefore that higher
futures prices will return to the index level [35].

The hedging strategy based on volatility protects the portfolio when the
volatility of the stock index is deemed to be excessive. McCarthy [29] defines
volatility to be excessive when the moving average of the short term volatility
is greater than the moving average of the long term volatility. The short term
volatility is expressed by the moving average of the previous 6 month volatility
versus 12 month for the long term.

6
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4.1 Hedge Ratio Estimation

The minimum variance hedge ratio is calculated by performing a regression be-
tween the returns of the stock portfolio and the returns of the futures contracts.
The hedge ratio is equivalent to the regression slope. According to Floros &
Vougas [11] hedge fund managers commonly use the ordinary least squares (OLS)
regression to calculate futures hedge ratios. The hedge ratio is periodically recal-
culated as the correlation between portfolio and futures contract might change
over time. Equation 1 shows details how the hedge ratio is calculated. [15]

DSt = a + bDFt + Et (1)

DSt = One month return of the share portfolio.
DFt = One month return of the futures price.
a, b = Regression parameters, where b is the minimum variance hedge ratio h.
Et = A residual term.

The hedge ratio h can then be used in equation 2 to calculate the number of
futures contracts which need to be short sold in case a hedging decision is made.
[19]

N = h
VP

VF
(2)

N = Number of futures contracts.
h = Hedge ratio.
VP = Value of the portfolio of stocks.
VF = Value of one futures contract.

4.2 Metrics

In order to compare various selective hedging strategies, a measure of hedging
effectiveness is needed.

McCarthy [29] states that one of the difficulties in making a statement re-
garding the effectiveness of hedging is that effectiveness has a different meaning
to different hedgers. One group of hedgers might be willing to sacrifice a sub-
stantial part of the returns in order to have more certainty while for others a
significant reduction in returns might not be acceptable. In the following, two
metrics which are used in the domain of foreign exchange hedging are presented.

The Sharpe ratio based hedging effectiveness measure, developed by Howard
& D’Antonio [16, 17], is defined as the ratio of excess return per unit of risk.
This ratio is a standard measure in the investment literature to compare hedging
strategies. [2, 6, 16, 17, 29]

A second measure of hedging effectiveness is the minimum-variance model
of Ederington [9]. The minimum-variance metric measures the reduction in risk
(variance) without considering the return of a strategy.

As part of this research we evaluate if the described metrics used in foreign
exchange hedging are also applicable to stock market hedging.

7
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4.3 Neural Network Architecture

A neural network model is created in order to predict changes in the ASX/SPI
200 futures contract. In order to determine the number of neurons in the hidden
layer, we follow the methodology described by Vanstone and Finnie [40]. The
neural network is configured with one hidden layer and only a small number of
hidden neurons. The initial number of hidden neurons is determined by taking
the square root of the number of input variables. The network is trained until the
maximal number of training epochs is reached. Then the network is benchmarked
using in-sample data. At this point a new neural network is created and the
number of hidden neurons is increased by one. The training of the neural network
with in-sample data is repeated and compared to the previous network using the
in-sample metric. If the metric is superior to the metric of the previous network
the process is repeated until an increase in the number of hidden neurons fails to
further improve the in-sample metric. At this point, the neural network starts to
overfit and a higher number of neurons leads to a inferior performance in regards
to our performance metric.

We begin the in-sample training with a neural network consisting of one hid-
den layer and two hidden neurons. The initial number of neurons is determined
by taking the integer part of the square root of the number of inputs. As in-
sample metric the Sharpe ratio is used. Table 1 shows the forecasting models
and corresponding Sharpe ratios.

Strategy (In-Sample) Sharpe Ratio

Unhedged 0.45
ANN - 2 Hidden Nodes 1.33
ANN - 3 Hidden Nodes 1.50
ANN - 4 Hidden Nodes 1.43

Table 1. In-Sample Characteristics

Based on the in-sample testing, we choose the ANN model with 3 hidden
nodes to go forward to the out-of-sample testing, since the model showed the
best in-sample performance. Figure 2 visualises the created ANN model, as well
as the input variables which have been selected based on the literature review.

5 Results

The described selective hedging model was applied to the 5 year out-of-sample
period from May 2005 to April 2010 and the results are displayed in table 2.
A simulation was performed to evaluate to usefulness of the developed predic-
tion model in a trading context. $1 million was used as starting capital for the
simulation. Orders were implemented as day+1 market orders.

The results indicate that the developed model was able to outperform the
alternative hedging models in the out-of-sample period in terms of the Sharpe

8
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Fig. 2. Artificial Neural Network

ratio, as well as annualised return. However, in terms of variance reduction as
defined by Ederington [9] and maximum drawdown the ’Always Hedge’ strategy
performs best. Ederington assumes hedgers to be indefinitely risk-averse and only
be concerned with risk minimisation. This assumption is plausible in the foreign
exchange market where producers might have exposures to currency fluctuations
while producing abroad. These producers might want to minimise risk associated
with currency fluctuation and are not primarily concerned with making a profit
out of their hedging strategy. However, the assumption of being indefinitely risk-
averse does not apply to the stock market. In the stock market, an indefinitely
risk-averse investor would be better off, in terms of risk reduction, not to invest
in the stock market at all. Therefore, the Ederington risk measure, as found in
the foreign exchange literature, does not seem to be suitable for stock market
hedging strategies.

In contrast, the Sharpe ratio is a measure of risk adjusted return and seems
to be sensible for measuring hedging effectiveness in the stock market.

In the analysed period, the hedging strategies based on the futures premium
and volatility perform better than the naive strategies of always hedging and

9
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Strategy Sharpe Variance Annualised Max DD
Reduction Return

Never Hedge 0.34 0 3.97% -51.88%
Always Hedge 0.29 0.98 0.85% -6.94%
Premium 0.77 0.43 8.40% -35.90%
Volatility 0.87 0.44 9.61% -10.67%
ANN 3 Nodes 1.38 0.60 13.45% -17.92%

Table 2. Out-Of-Sample Results

never hedging. The ANN model was able to reduce the maximum draw down
compared to the unhedged portfolio from -51.88% to -17.92% while improving
the annualised rate of return.

6 Conclusion

This paper developed a neural network based selective hedging strategy for the
Australian stock market. The simulation results indicate that Artificial Neural
Networks provide a flexible and effective decision support tool for risk managers
in the share market. The neural network based model seems to be suitable to
notify investors of unfavourable market conditions.

A limitation of this study is the use of the stock index as a proxy for a
diversified portfolio. It would be useful to see how the model performs with less
correlated portfolios in a cross-hedging scenario. Also, we used a binary hedging
approach in this study, which means that we where either fully invested or fully
hedged. Another possibility would be to constantly hedged, but to adjust to
hedge ratio according to the expected market conditions. We leave this as a
future research direction.

Acknowledgments Data supplied by Securities Industry Research Centre of
Asia-Pacific (SIRCA) on behalf of Reuters.
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Abstract 
This paper proposes a Thai texts indexing method using a 
frequent max substring technique to improve the efficiency 
of indexing Thai texts.  Thai texts are considered as un-
delimited language where the structure of writing is a string 
of symbols without explicit word delimiters.   Therefore, 
some pre-processing technique may need to be applied to 
discover important patterns before indexing can be 
performed.  In this paper, the frequent max substring 
technique is proposed as a promising alternative for 
indexing Thai texts.  The proposed technique extracts 
indexing terms as long and frequent substrings, called 
frequent max substrings, from Thai texts.  This method is 
used to extract the patterns of interest without context 
consideration and is interested in substrings that occur 
frequently in Thai texts in order to reduce the number of 
insignificant indexing terms.  It is also language-
independent and does not rely on any dictionary or 
language grammatical knowledge.  The new data structure, 
called Frequent Suffix Trie, is also proposed to assure 
exhaustive enumeration of substrings to support extracting 
the frequent max substrings.  The frequent max substrings 
are then used as indexing terms, together with their number 
of occurrences and positions, to form an index.  To illustrate 
the proposed technique, experimental studies and 
comparison results on indexing Thai texts are presented in 
this paper.  The results show that the frequent max substring 
technique provide a more efficient way for storing indexing 
terms: by indexing only the frequent max substrings.   

 

1  INTRODUCTION 
In Thailand, the number of electronically stored Thai texts 
information has grown rapidly in the past few years. There 
is a need to provide techniques in solving the challenges in 
producing efficient Thai text indexing. This would further 
enhance the performance of Thai text mining. As it was 
predicted that Thai text information will continue to grow 
exponentially in the near future, there is a need to find 
alternatives to provide more computational and storage 
efficient techniques for Thai text indexing. Thai language 
belongs to the class of non-segmented language, which the 

structure is a string of symbols without explicit word 
delimiters.  Words in Thai language are not naturally 
separated by any word delimiting symbols.  As such, Thai 
text indexing is a challenging task and has become one of 
the important research topics in the area of Thai text mining.   

Many suitable indexing techniques for Thai language 
have been proposed to index Thai texts such as word 
inverted index and suffix array approaches [1].  To index 
Thai texts via the inverted index, a word segmentation 
technique is generally the essential part of an indexing. 
Word segmentation is usually required to extract an 
indexing term from the string of characters before 
performing the indexing.  However, most of the word 
segmentation approaches are complex language analysis and 
require long computational time.  They usually rely on 
language analysis or on the use of dictionary or corpus.  
Beside this, there are some other techniques which do not 
rely on language analysis or on the use of dictionary or 
corpus such as n-gram inverted index [2] and suffix array 
[3].  These techniques are language-independent and most 
widely used to tackle many Asian languages which are 
referred as un-delimited languages.   Another possible way 
of using language independent techniques in performing 
Thai text indexing is to discover the frequent patterns from a 
document. One such possible technique could be the 
technique proposed by Vilo [4]. However, the drawback of 
most language-independent techniques is that they suffer 
from high storage space and retrieval time. 

It is therefore the main purpose of this paper, to propose 
an alternative language-independent Thai text indexing 
technique which could improve the efficiency of storage 
space and retrieval time. The proposed approach is named as 
frequent max substring technique. The basic concept of the 
proposed technique is to extract long and frequent substrings 
as the indexing terms, called the frequent max substrings, 
rather than using individual words from Thai texts.  The 
proposed method extracts the patterns of interest without 
context consideration. The technique is only interested in 
substrings that occur frequently in the Thai text documents 
in order to reduce the number of insignificant indexing 
terms.  This technique is also language-independent which 
does not rely on any dictionary or language grammatical 
knowledge. 
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2 AN OVERVIEW OF THAI TEXT INDEXING 

APPPROACHES 
Unlike European languages, Thai language is considered as 
a non-segmented language where words are a string of 
symbols without explicit word boundaries, and the structure 
of written Thai language is highly ambiguous.  Thai 
sentences consist of several words using a string of 
characters without word separators such as white spaces, 
and in some cases semicolons and commas to separate these 
words. 

There are two existing approaches for indexing non-
segmented texts: inverted index and suffix array.  The first 
approach is by using the widely adopted solution called 
inverted index [5], [6] .  When using the inverted index for 
Thai text indexing, Thai texts need to be parsed and 
tokenized into individual words. Word segmentation 
technique is generally an essential part to perform the 
indexing term tokenization.  Previously proposed methods 
for Thai word segmentation can be classified into three main 
categories: Dictionary-based, Rule-based and Machine 
learning-based approaches.  Dictionary-based approach is 
the technique that try to match an input text with a 
dictionary, denoted Dic, that contains all possible Thai 
words for word segmentation [7], [8].  The performance of 
this technique mainly depends on the quality and size of the 
dictionary used. This technique has limited performance 
when handling unknown words and proper nouns, because 
its success relies on the dictionary used.  Rule-based 
approach is another technique that uses language analysis 
[9], [10], [11].  Thai language is one language that has the 
basic word formation rules.  These rules can be expressed in 
the Backus-Naur Form (BNF).  Based on word formation 
rules, the syllabic boundary’s rules can be formulated to 
segment words from texts.  However, this technique works 
at syllable level which is a unit smaller than a word but 
larger than a character, and it requires hand-crafted rules and 
resource.  The recently proposed method is machine 
learning-based approach [12], [13].  This technique uses 
machine learning technique to learn from Thai text corpus, 
called Annotated Corpus that provides enough information 
to the train the system.  Using a tagged corpus in which 
word boundaries are explicitly marked with special 
annotations, machine learning algorithm builds statistical 
models based on the features of the characters surrounding 
the boundaries.  In this technique, the unknown word and 
ambiguity problems are handled in principle by extracting 
sufficiently rich contextual information from the n-gram, 
and by providing a sufficiently large set of training 
examples to enable accurate classification.  Although, this 
approach does not require the use of dictionary or language 
analysis, it still requires the use of corpus. Its performance 
depends critically on the characteristics of the document 
domain and the size of the training corpus.  In addition, the 
preparation of this approach is time consuming. 

In summary, most word segmentation techniques are 
language-dependent.  They rely on language analysis or the 
use of dictionary or corpus when performing word 
segmentation.  They also work on word-level segmentation 
rather than phrases or sentences.  To illustrate the inverted 
index technique, a typical process of word inverted index 
approach is shown in figure 1. 

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 
 
 
 
Where df = document frequency and tf = term frequency 
 
Figure 1:  An example of constructing an inverted index. 
 

Besides the word segmentation techniques, an n-gram 
based approach [14], [2] is an alternative method for 
extracting indexing terms from Thai texts [15].  N-gram 
based approach is a language independent approach, which 
does not require the use of language analysis, or dictionary 
or corpus. Many Asian research communities have 
acknowledged that the n-gram approach is a viable solution 
for extracting indexing terms in non-segmented languages 
such as Chinese, Japanese, Korea and Thai.  It is also used 
for other non-segmented texts in the area of bioinformatics.   

Let us consider a document d as a string of characters s1, 
s2, ..., sN.  An n-gram is a substring of n overlap or non-
overlap successive characters extracted from texts.  
Extracting a set of n-grams from the documents d can be 
done by using the 1-sliding technique [16].  That is, sliding 
a window of length n from s1 to sN and storing the 
characters located in the window.  Therefore, the ith n-gram 
extracted from document d is the substring si, si+1, ..., si+n.  
Figure 2 shows 1-gram, 2-gram, 3-gram, 4-gram, …, N-
gram overlap sequence of the document d containing the 
string S ‘ก�����ก��ก��’ that means “to be management” in 

English. 

d1: ก�����ก��ก�� 

Index Terms: ก��/ ���/ ก��/ ก�� 

Word segmentation 

Inverted index 

Index Terms df 

ก�� 1 

ก�� 1 

��� 1 
… … 

 

d1, 1 

d1, 2 

d1, 1 

Doc list 

Doc id, tf 

Index file 
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    : 

 
Figure 2:  The sets of 1-gram, 2-gram, 3-gram, …, N-gram 

overlap sequence of the document d. 
 
In Thai language, Jaruskulchai [17] showed that the more 

probable n for Thai language, that is not ideographic, should 
be greater than two.  Since the minimum number of  
character for Thai word appearance is two with at least one 
of them being a consonant, selecting the n greater than two 
could increase the possibility of achieving the retrieval 
effectiveness.  The top 20 of the high frequencies’ 3-gram 
and 4-gram can be used by most complete words in the Thai 
language. 

For information retrieval, after Thai texts are segmented 
into serial of indexing terms using word segmentation or n-
gram approaches, all tokenized indexing terms are then 
stored in alphabetical order in the inverted index for fast and 
efficient retrieval.  The inverted index is regarded as one of 
the popular and important index data structures used in 
information retrieval.  It is useful to speed up the process of 
building the indexing structure and is efficient for the 
retrieval of document containing a query term.  The inverted 
index is composed of two elements: the vocabulary and 
postings file. The vocabulary contains the set of all distinct 
indexing terms that occur in the documents.  The postings 
file contains a list of pointers or index term positions where 
they appear in the documents.  The posting file also consists 
of the identifier of the document that contains the terms and 
the list of the offsets where the terms occur in the document.  
For each term t, there is a posting list that contains postings 
< d, f, [o1, ..., of ] >, where d is a document identifier, f is 
the frequency of the term t in the document d and [o1, ..., of ] 
is a list of offsets o that can refer to term or character 
positions.  As a result, the postings file can be used to 
quickly access and retrieve information because the postings 
file function as a navigator to identify index term positions.  
However, the size of the postings file is sometimes larger 
than the size of the documents.  The following shows the 
organizing of the indexing terms into the inverted index. 

From figure 1 and 2, we can show an example of posting 
lists of indexing terms which are created on the document 
d1 containing the string S “ก�����ก��ก��” by using word 

segmentation and n-gram approaches.  In an n-gram 
approach,   3-grams are used as a parameter to depict in 
figure 3 as 3-grams are probably the best parameter for Thai 
texts because most of 3-gram indexing terms are meaningful 
in Thai language.   

d1:  ก �  �  �  �  � ก  � �   ก    �    � 
 1 2 3 4 5 6 7 8 9 10 11 12  
 
 

Word segmentation 
 
Vocabulary                       Posting file 

ก��                                    <d1, 1, [7]> 

ก��                                   <d1, 2, [1, 10]> 

���                                   <d1, 1, [4]> 

 
 
An n-gram approach 
 

3-gram 
Vocabulary                      Posting file 

ก�� :                               <d1, 1, [7]> 

ก�� :                                <d1, 2, [1, 10]> 

�ก� :                               <d1, 1, [9]> 

��� :                               <d1, 1, [4]> 

��� :                               <d1, 1, [3]> 

��ก :                               <d1, 1, [5]> 

��ก :                               <d1, 1, [8]> 

�ก� :                               <d1, 1, [6]> 

��� :                               <d1, 1, [2]> 

 
 
Figure 3:  An example of the inverted file of the document 

containing the string S “ก�����ก��ก��”  by using word 

segmentation and n-gram approaches. 
 
To build the inverted index efficiently, the trie data 

structure [18] is mainly employed to build the inverted 
index.  The trie data structure is a tree-based data structure 
in order to support fast string matching.  The "trie" comes 
from the word "retrieval" that was first introduced by 
Fredkin in 1960.  The trie data structure is regarded as a data 
structure that can be used to perform a fast search in a large 
text collection, such as searching words in the large text 
document collection or Oxford English dictionary that 
contains many gigabytes of texts.  All indexing terms in the 
vocabulary is represented by paths on the trie data structure.  
In addition, the posting file is kept in the trie data structure 
as well in order to speed up the accessing of the indexing 
terms.  The trie data structure is built from the given string 
in documents and the leaf nodes of each path contain the 
indexing terms and the lists of their positions, so this 
structure is particularly useful for any application that is 
based on information retrieval. 

1-gram ก, �, �, �, �, �, ก, �, �, ก, �, � 

2-gram ก�, ��, ��, ��, ��, �ก, ก�, ��, �ก, ก�, �� 

3-gram ก��, ���, ���, ���, ��ก, �ก�, ก��, ��ก, �ก�, ก�� 

N-gram ก�����ก��ก�� 
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In construction of the trie data structure, all indexing 
terms are stored by collecting one letter at a time in a 
lexicographical order in the trie data structure.  If two or 
more terms have the same prefix, they will be kept in the 
same subtree before moving to the next character.  
Otherwise, if the current character does not match the 
current nodes in the trie data structure, a new branch will be 
made to collect the mismatched character, and then moved 
to the next character.  In addition, at any time when the 
indexing terms are kept in a leaf node, the list of term 
positions is also shown in the leaf node on the trie data 
structure.  Finally, these processes are repeated until the end 
of the vocabulary. 

From figure 3, we illustrate the building of an inverted 
index using these processes as shown in figure 4. 

 
 

Word segmentation 
 

 
 
 

An n-gram approach 
 
 

 
 

Figure 4:  The illustration of building of inverted index of 
document containing the text “ก�����ก��ก��” by using word 

segmentation and n-gram techniques. 
 

The inverted index can be viewed as a word-based 
approach which has shown to work efficiently for 
segmented language such as English or European languages.  
However, the inverted index cannot be applied directly to 
Thai texts because Thai language is considered as a non-
segmented language.  To construct the inverted index for 
Thai texts, Thai texts need to be parsed and tokenized into 
individual words before indexing can be performed.  In 
addition, although the n-gram inverted index is language 
dependent, but this technique still requires extracting 
indexing terms when applied to Thai texts. 

The second indexing approach is by using a data structure 
called suffix array.  Within the suffix array scheme, Thai 
texts are viewed as a sequence of characters which can be 
structured by using an array.  Suffix array is one of the 
efficient computational method.  This type of index can be 
used for computing term and document frequency and 
allows users to answer efficiently for some complex queries.  
This technique was proposed in 2001 [3] by Yamamoto and 
Church.  The algorithm is based on suffix arrays [19] for 
computing tf (term frequency) and df (document frequency), 
and many functions of suffix arrays can also be used to 
solve  substring problems.  Term frequency (tf) is the 
standard notion of frequency in corpus-based natural 
language processing (NLP), it counts the number of times 
that a type (term/word/n-gram) appears in texts.  The suffix 
array data structure makes it convenient to compute the 
frequency and locations of a substring in a long sequence.  
The lexicographical ordering technique is used to group all 
suffixes together in the suffix array, and can be found 
efficiently with a search algorithm.  This technique 
constructs a suffix array that contains all suffixes, sorted 
alphabetically.  A suffix, also known as a semi-infinite 
string, is a string that starts at position i in the texts and 
continues to the end of the texts.  Therefore, constructed 
suffix array shows all possible substrings which are a prefix 
of suffix [3].  Suffix arrays of a string can be used as an 
index to locate all occurrences of a substring within the 
string.  Finding all occurrences of the substring is equivalent 
to finding every suffix that begins with the substring.  This 
enables the algorithm to compute the term frequency using 
overlapping computation.  As a result, suffix array can be 
used to retrieve frequent substring efficiently.  The 
following section depicts using suffix array to compute term 
frequency and to retrieve frequent substring. 

 
Let input text = “ก�����ก��ก��” 
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Figure 5:  Illustration of a suffix array from the input text = 

“ก�����ก��ก��” 

 
From figure 5, the suffixes are enumerated by using 

suffix array, but elements in the suffix array have not been 
initialized and sorted.  Each element in the suffix array, s[i], 
is an integer denoting a suffix or a semi-infinite string, 
starting at position i in the texts and extending to the end of 
the texts.  The elements in suffix array will then be sorted in 
alphabetical order for the next process as shown in figure 6. 

 

 
 

Figure 6:  Illustration of a suffix array from figure 5, that 
has been sorted in alphabetical order. 

In addition, there is another possible technique for 
indexing Thai texts, which is to discover frequent patterns 
from string.  This approach was first proposed by Vilo [4]  
to find frequent substring set in bioinformatics where string 
is the DNA sequences.  However, the survey shows that 
Vilo’s technique has not been used in Thai text mining as 
this approach was proposed for pattern matching in 
bioinformatics where string of DNA sequences are searched 
and matched.  However, DNA sequences can be regarded as 
long contiguous texts with specific alphabets (e.g. {A,C,G,T} 
in genome) [20] which is similar to Thai language.  This 
suggests that Vilo’s technique could be used as another 
technique for indexing Thai texts in the case of a language-
independent technique.   

This algorithm is the generalization of the wotd (write-
only top-down) suffix trie construction algorithm to find 
frequent substrings of the given texts.  This algorithm is 
interested in patterns that occur at least K times on texts by 
constructing only the subtrees of suffix trie that correspond 
to the frequent substrings, as show in figure 7. 

 
Let string S = “ก�����ก��ก��” and K =2 

String S =  ก �  �  �  �  � ก  � �   ก    �    �   $ 

 .pos      = 1 2 3 4 5 6 7 8 9 10 11 12 13 

 
  

Figure 7:  Discovering substring of string S = “ก��

���ก��ก��” having at least 2 occurrences in string S.  First 

node generated into the trie represent the substrings λ, ก, �, �, 

ก�, �� and ก��. 

 
In Vilo’s algorithm, each node in the trie represents a 

unique substring and contains the position list of locations in 
the string where substring occurs.  To create the children of 
a node, the algorithm finds only substrings which occur at 
least K different locations of the string, and only these 
substrings are inserted into the trie.  As a result, the resulting 
trie contains only subtree of substrings which appear at least 
K time on different locations of texts.  From figure 7, we 
have found that the algorithm generated six substrings from 
string S as below. 
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Table 1:  The frequent substring extracted from Vilo’s 
technique. 

 
 

However, the drawback of this Vilo’s algorithm is 
extracting numerous insignificant or small substrings when 
it is directly applied to Thai text indexing. This is because 
this technique will find the complete set of frequent 
substrings.  In addition, it may not necessarily enumerate all 
frequent substrings in Thai texts since most of the complete 
Thai words are composed by at least three alphabets.  
Meanwhile, the suffix array approach requires much more 
space to store the indexing terms when compare to other 
techniques. This is because this algorithm constructs a 
suffix array that contains all suffixes.  The drawback for this 
technique is in term of the index size of the suffix array, 
which seems as a critical factor in determining the space 
efficiency.  Since the size of electronically stored 
information in Thai language has grown exponentially,  
therefore the method of suffix array is not practical to be 
used in real applications.  In addition,  although inverted 
index techniques provide less number of indexing terms and 
index size, but they require pre processing and query 
processing in term of segmentation when used with Thai 
language. 
 

3 FREQUENT MAX SUBSTRING TECHNIQUE 
As described in section II, many approaches have been 
applied to Thai texts or un-delimited texts.  These 
approaches have their own advantages and disadvantages.  
For example, word inverted index usually rely on language 
analysis but use less storage space to keep indexing terms.  
Meanwhile, n-gram inverted index is language independent 
but it still requires extracting indexing terms. Suffix array 
and Vilo’s techniques also do not need any language 
analysis but they suffer from high storage space for storing 
indexing terms.  In addition, word and n-gram inverted 
index seem to be a promising method but these techniques 
require pre-processing and query processing before indexing 
and information retrieval can be performed.  The drawback 
with query processing is that it may lose the meaning of 
indexing terms and extra time is required to perform 
segmentation [12], [21], [22].   

In order to address the drawback of these techniques and 
to improve the efficiency of indexing Thai texts, frequent 
max substring technique is proposed in this paper as an 
alternative method for indexing Thai texts. The frequent 
max substring technique is a substring mining technique 
used to classify the terms called frequent max substring 
from the non-segmented texts where the word boundary and 
characteristic are not clearly defined, and to allow the 
construction of the index using trie data structure.  This 
technique was first introduced by Todsanai et al. [23] for 
indexing un-delimited texts and non-segmented document 
clustering [24] 

In order to explain the concept, the frequent max 
substring is first defined as follows. 

A. Definition of Frequent Max Substring 

 
Frequent max substring technique is used to extract 

indexing terms, known as frequent max substrings, from 
texts. The frequent max substrings refer to the substrings 
that appear frequently (at the given frequency threshold 
value) and have the maximum length on the given strings, 
so these terms are likely to be the patterns of interest.  In the 
following section, the definition of frequent max substring is 
provided. 

 
String 
Let ∑ be a finite set of characters. The size of ∑ is the 
number of unique characters in ∑, denoted |∑|.  Any 

sequence s of n characters, s = a1 a2 .... an, where ai ∈ ∑ and 

1 ≤ i  ≤ n, is called a string over the character set ∑.  The 
length |s| of the string s is n.  If n = 0, we call such a string 
an empty string, denoted byλ .  The set of all possible 
strings over ∑ is denoted ∑*.  Individual characters in a 
string are identified by their positions within the string, thus 
character ai at the position i is also denoted by s[i].  
For example, let string s = “ก�����ก��ก��” over ∑ = {ก, �, �, 

�, �, �, �}.  It can be seen that a1 is ก, a2 is �, a3 is �, a4 is �, 

a5 is �, a6 is �, a7 is ก, a8 is �, a9 is �, a10 is ก, a11 is � and a12 

is �. The length of the string s or n is 12. 

 
Substring 
Let s and x be two strings, x is called a substring of s if s = 
yxz for some strings y and z.  Note that substring x may 
occur more than once within string s.  For each occurrence 
of x in s, it can say that x occurs at position j if the last 
character of that occurrence is at position j of string s.  A 
given occurrence of substring x in s is also denoted by s[i, j] 
if the first and the last characters of the occurrence are at 
positions i and j of string s respectively.  
x ⊆ s is used to denote that x is a substring of s. If x ⊆ s and 
x ≠ s, it can say that x is a proper substring of s, denoted x ⊂ 
s. 
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For example, let string s = “ก�����ก��ก��”.   

If x = ‘ก’, x is a proper substring of s that has length 1, can 

be denoted by x ⊂ s, and this substring has multiple 
occurrences in s.  The occurrences of substring x in s is 
denoted by s[1, 1], s[7, 7], and s[10, 10].  If x = “ก��”, x is a 

proper substring of s that has length 3, can be denoted by x 
⊂ s, and this substring has multiple occurrences in s.  The 
occurrences of substring x in s is denoted by s[1, 3], and 
s[10, 12].  If x = “ก�����ก��ก��”, x is a substring of s that 

has length 12, can be denoted by x ⊆ s, and this substring 
occurs once with in s, as denoted by s[1, 12]. 
 
Substring Set 
Let s be a string.  The substring set for s, denoted SS(s), is 
defined to be a set of all substrings of the given string s.  
 
For example, let string s = “ก�����ก��ก��”. 

SS(s) is {ก, �, �, �, �, �, �,  

ก�, ��, ��, ��, ��, �ก, ก�, ��, �ก,  

ก��, ���, ���, ���, ��ก, �ก�, ก��, ��ก, �ก�,  

ก���, ����, ����, ���ก, ��ก�, �ก��, ก��ก, ��ก�, �ก��,  

ก����, �����, ����ก, ���ก�, ��ก��, �ก��ก, ก��ก�, ��ก��,  

ก�����, �����ก, ����ก�, ���ก��,  ��ก��ก, �ก��ก�, ก��ก��,  

ก�����ก, �����ก�, ����ก��, ���ก��ก, ��ก��ก�, �ก��ก��,  

ก�����ก�, �����ก��, ����ก��ก, ���ก��ก�, ��ก��ก��,  

ก�����ก��, �����ก��ก, ����ก��ก�, ���ก��ก��,  

ก�����ก��ก, �����ก��ก�, ���� ก��ก��,  

ก�����ก��ก�, �����ก��ก��,  

ก�����ก��ก��} 

 
Superstring 
If x and y are two strings and x is a substring of y, it can say 
that y is a superstring of x, denoted y ⊇ x. Furthermore, if     
x ≠ y, it can say that y is a proper superstring of x, denoted     
y ⊃ x. 
 
For example, let substrings x = “ก��” and y = “ก��”  be 

members of SS(s).  If x is a substring of y, then y is a 
superstring of x, denoted  

y ⊇ x  
 

Furthermore, let substrings x = “ก�” and y = “ก��”  be 

members of SS(s).  If x is a substring of y and x ≠ y, then y is 
a proper superstring of x, denoted 
 

y ⊃ x. 
 

 

Substring frequency 
Let s and x be two strings and x is a substring of s.  A 
substring frequency of x in s is defined as the number of 
different occurrences of x in s.  It can say that the substring 
frequency of x in s is f if x occurs at f different positions in s. 
The notation fs(x) is used to denote the frequency of 
substring x in string s. 
 
For example, let string s = “ก�����ก��ก��”, and x = “ก�”  

It can be seen that the substring frequency of x in s is 2, 
denoted 

fs(x) = 2 
 

Substring Frequency Set 
Let s be a string. The substring frequency set for s, denoted 
SFS(s), is defined to be a set of all substring-frequency pairs, 
where each substring-frequency pair consists of a unique 
substring x of s and the substring frequency of x in s. 
Formally,  

 
SFS(s) = { <x, f> |  where x ⊆ s and f  = fs(x) } 

 
For example, let string s = “ก�����ก��ก��” 

SFS(s) = {<ก, 3>, <�, 2>, <�, 3>, <�, 1>, <�, 1>, <�, 1>, <�, 1>}{, <ก�, 

2>, <��, 2>, <��, 1>, <��, 1>, <��, 1>, <�ก, 1>, <ก�, 1>, <��, 1>, <�ก, 

1>, <ก��, 2>, <���, 1>, <���, 1>, <���, 1>, <��ก, 1>, <�ก�, 1>, <ก��, 

1>, <��ก, 1>, <�ก�, 1>, <ก���, 1>, <����, 1>, <����, 1>, <���ก, 1>, 

<��ก�, 1>, <�ก��, 1>, <ก��ก, 1>, <��ก�, 1>, <�ก��, 1>, <ก����, 1>, 

<�����, 1>, <����ก, 1>, <���ก�, 1>, <��ก��, 1> , <�ก��ก, 1>, <ก��

ก�, 1>, <��ก��, 1>, <ก�����, 1>, <�����ก, 1>, <����ก�, 1>, <���ก��, 

1> , <��ก��ก, 1>, <�ก��ก�, 1>, <ก��ก��, 1>, <ก�����ก, 1>, <�����

ก�, 1>, <����ก��, 1>, <���ก��ก, 1>, <��ก��ก�, 1>, <�ก��ก��, 1>, 

<ก�����ก�, 1>, <�����ก��, 1>, <����ก��ก, 1>, <���ก��ก�, 1>, <��

ก��ก��, 1>, <ก�����ก��, 1>, <�����ก��ก, 1>, <����ก��ก�, 1>, 

<���ก��ก��, 1>, <ก�����ก��ก, 1>, <�����ก��ก�, 1>, <����ก��ก��, 

1>, <ก�����ก��ก�, 1>, <�����ก��ก��, 1>, <ก�����ก��ก��, 1>} 

 
Max Substring 
Let x and s be two strings and x is a substring of s. It can say 
that x is a max substring of s if x satisfies the following 
condition: for any substring y of s, if y ⊃ x, then  fs(y) } < 
fs(x). 

 
Max Substring Set 
Let s be a string. The max substring set of s, denoted MSS(s), 
is defined to be the set of all max substrings of s. 
 
For example, from SFS(s),  

MSS(s) = {<ก, 3>,  <�, 3>,  <ก��, 2>, <ก�����ก��ก��, 1>} 
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Frequent Substring 
Let x and s be two strings and x is a substring of s. For a 
given frequency threshold value θ, θ > 1, it can say that x is 
a frequent substring of s at threshold θ if fs(x) ≥ θ. 
 
Frequent Substring Set 
Let s be a string and θ is a given threshold value (θ > 1), the 
frequent substring set of s at threshold θ, denoted FSS(s, θ), 
is the set of all frequent substrings of s at threshold θ, ie, 
FSS(s, θ) = { x | x ⊆ s and fs(x) ≥ θ }. 
 
For example, from SFS(s), 

FSS(s, θ) = {<ก, 3>, <�, 2>, <�, 3>, {<ก�, 2>, <��, 2>, <ก��, 2>} 

 
Frequent Max Substring 
Let x and s be two strings. For a given frequency threshold 
value θ, θ > 1, it can say that x is a frequent max substring 
of s if x is a max substring of s and fs(x) ≥ θ. 
 
Frequent Max Substring Set 
Let s be a string and θ is a given frequency threshold value 
(θ > 1), the frequent max substring set of s at threshold θ, 
denoted FMAX(s, θ), is the set of all frequent max substrings 
of s whose substring frequency is at or above θ, ie, FMAX(s, 
θ) = { x | x is a max substring of s and fs(x) ≥ θ }. 
 
For example, from SFS(s), 

FMAX(s, θ) = {<ก, 3>,  <�, 3>,  <ก��, 2>} 

 
In frequent max substring technique, only subtrees that 

correspond to the frequent max substrings which contain all 
frequent substrings is constructed.  This is more efficient 
and uses less space for storing indexing terms.   

 The frequent max substrings refer to all substrings which 
appear frequently at least a given frequency threshold value, 
and have the maximum length of substring on the given 
texts.  It is assumed that the frequent max substrings are 
likely to be the terms of interest in a document.   

Frequent max substring is based on text mining that 
describes a process of discovering useful information or 
knowledge from unstructured texts.  This approach uses the 
analysis of frequent max substring set to extract indexing 
terms as long and frequently-occurred substrings called 
frequent max substrings rather than individual words from 
Thai texts. 

The frequent max substring set is extracted by using the 
frequent max substring technique.  In this technique, the 
superstring definition and  given frequency threshold value 
are applied to reduce the number of substrings.   

Trie data structure is the data structure employed to 
extract a frequent max substring set and to create the index 
at the same time.  The basic concept of frequent max 
substring technique is to enumerate substrings with their 
frequencies and positions.  Such substrings will then be 
selected based on the given frequency threshold value. 

Therefore, it is necessary to have some efficient 
enumeration method that can be used to generate all 
substrings and their frequencies correctly from texts.  Suffix 
trie structure [18] is an efficient enumeration method to 
extract substrings but it enumerates only substrings without 
their frequencies information. If suffix trie could also keep 
frequencies of substrings, it could be exploited in frequent 
max substring technique.  In this paper, the concept of 
Frequent Suffix Trie structure, FST structure, is also 
proposed. The proposed frequent suffix trie structure is used 
to extract frequent max substrings. The frequent suffix trie 
structure is inherited from suffix trie structure properties: 1) 
the frequency of parent substrings are always not less than 
the frequency of child substrings in the same path, because 
the parent substrings are distributed to child substrings. 2)  
Frequent substring set can be covered by set of frequent max 
substring.  These properties are exploited to reduce the 
number of enumeration frequent max substrings in frequent 
max substring technique.  As a result, all frequent max 
substrings are showed on the resulting frequent suffix trie 
structure.  Therefore, all possible frequent substrings can be 
derived from frequent max substrings because the frequent 
max substring set contain all possible frequent substrings 
while less space is required to keep the frequent max 
substrings.  In addition, the index can also be built from the 
resulted frequent suffix trie structure that shows all frequent 
max substrings with their frequencies and list of positions.  
This technique is easy to implement and uses less space. 

 
For the proposed frequent suffix trie, FST structure, the 

definition is as follows. 

B. Definition of frequent suffix trie structure 

 
A set of all suffixes of an n-length string s or s[i, n]; 

where 1 ≤ i ≤ n,   is a set of substrings of string s that 
starts at position i and ends at position n[18]. 

The frequent suffix trie structure of n-length string s is tree 
structure that represents all suffixes of string s starts with 
root node and ends with n leaf nodes.  Also ‘$’ is appended 
at the end of string s.  $, the terminating symbol, is added to 
show the end of string s and to make all suffixes of string s 
different from each other.  Therefore, all suffixes of string s 
contain $ at the n different ends of the frequent suffix trie 
structure.  The frequent suffix trie structure also shows all 
substrings with their frequencies and position lists of any 
substrings of string s.   

Edge is a symbol or a character that is an element of the 
character set. Each edge starts with the same character, and 
then an extra character is added at each edge.   

 A node is used to represent a substring with frequency 
and list of positions (or .pos).  The position is the end 
position of each substring of string s.  Each depth of node 
leads to increased length of substrings.  All leaf nodes keep 
suffixes with their frequencies and list positions of suffixes. 
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C. Frequent Max Substring Technique 

 
The frequent suffix trie structure shows all substrings with 

their frequencies and list of positions.  The end of a string is 
shown by $.  The frequent suffix trie structure can be 
created by the three steps.   

The following example shows the frequent suffix trie 
structure representing all substrings with their frequency and 
list of positions of the Thai text. 

 
 

Let string s = “ก�����ก��ก���  

And the given frequency threshold value or θ = 2 
1)      Append $ to the string and define the position of each 

character in the string.  

String s :  ก � � � � � ก � � ก  �   �  $  
Position (.pos) : 1 2 3 4 5 6 7 8 9 10 11 12 13 
 
2) Enumerate all suffixes of the string 
3) All suffixes are used to create the frequent suffix trie 

structure, as shown figure 8.

 
 Figure 8: The FST structure for string s = ก�����ก��ก��$ 
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From figure 8, the frequent suffix trie structure can be used 
to extract frequent max substrings by using straightforward 
algorithm as described in the following steps:  

 
Step 1: Enumerate SFS(s) of string s using the FST 

structure. 
Step 2:  Extract frequent substring set or FSS(s, θ)  
Step 3:  Extract frequent max substring set or FMAX(s, θ)  

 
From the above algorithm, frequent max substring 
technique must first enumerate frequent substring set, 
SFS(s),. If |s| = n, then   |SFS(s)| = O(n2), because SFS(s) 
consists of 1-length substrings to n-length substrings.  A 
large memory has to be used to keep numerous substrings 
in SFS(s). Thus, a resolution to reduce memory is the 
reduction of the number of SFS(s) using two reduction rules;  

 
A) Reduction rule using the given frequency threshold 

value, θ, to check extracting termination  
B)   Reduction rule using superstring definition.  
 
 

Rule A:  Reduction rule using θ to check extracting 
termination 

 
From the properties of the frequent suffix trie structure, the 
frequency of a parent substring (Node) is always not less 
than that of its child substring (Node), because the parent 
substring is distributed to the child substring.  Therefore, 
the enumeration of the child substring is terminated when 
the frequency of its parent substring is less than θ in the 
same path.   

Let x  and  y are substrings in the same path on the 
frequent suffix trie structure, if x is a substring of y and y is 
a proper superstring of x, then the frequency of x or fs(x) is 
always not less than the frequency of y or fs(y),  denoted  
 

y ⊃ x         fs(y) ≤  fs(x) 
 

Rule B:  Reduction rule using superstring definition   
 
Substrings enumeration can be reduced by considering 
superstring definition.  For example, let x is substring of s 
that has length 1 and y is substring of s that has length 2, 
and also y is proper superstring of x.  If the frequency of x  
is equal to the frequency of y where x and y are substring in 
different paths, substring enumeration would be stopped in 
the x path, denoted 
 

y ⊃ x and fs(y) = fs(x)         Stop generating x path 
 

In order to improve the algorithm, an algorithm is proposed.  
This algorithm uses the above two reduction rules to reduce 
storage requirement and the number of computations.  Heap 
structure was employed to support the computation for the 
efficient algorithm [18].  Min Heap is data structure that is 

its basic form supports the operations insert and delete-min.  
Therefore, it can insert, update and delete substrings on 
Min Heap structure in order to extract efficiently the 
frequent max substring set.  In the following section, 
extracting FMAX(s, θ) is shown as the following steps. 
 

Let string s = “ก�����ก��ก���  

And the given frequency threshold value or θ = 2 
 
1. Enumerate the 1-length substrings with their 

frequencies, and then select frequent substrings that 
occur at least at the given frequency threshold value.  
Substrings, frequency and position transaction (.pos) 
are kept in Min Heap structure sorted by order 
occurring in texts. The prior substrings can be more 
frequent max substrings than later substrings. 
 

2. Enumerate the child substrings of a substring in Min 
Heap to process, and select only frequent child 
substrings.  Min Heap structure will then be updated by 
using deletion rule [23].  The deletion rule will check 
which child substrings are superstring of existing 
substrings in the Min Heap structure.  If the frequency 
of existing substrings in Min Heap equal to the 
frequency of superstring, the existing substrings will be 
deleted from the Min Heap structure and frequent child 
substrings are inserted in Min Heap instead by 
considering two rules; (1) a substring will be inserted 
to Min Heap structure ordered by the occurring 
position on string s, (2) if the first position of the 
substring is equal to the first position of an existing 
substring in Min Heap, a substring is inserted in the 
last position in the same group. The processed 
substrings are deleted from Min Heap.  The other 
substrings will be processed until Min Heap structure 
is empty. 
 

3.  Extract frequent max substrings by selecting substrings 
having no superstring from substrings in Min Heap. 

 
The next example shows the process of the algorithm using 
Min Heap structure and two reduction rules to reduce 
storage requirement and the number of computations 
frequent max substrings. 

 
 

String s :  ก � � � � � ก � � ก  �   �  $  
Position (.pos) : 1 2 3 4 5 6 7 8 9 10 11 12 13 
 

 
Min Heap structure 
 
1-length substrings are enumerated and their frequencies 
checked, and then only frequent substrings are kept. 
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<ก, 3> is removed from Min Heap.  After that extracting its 

child substrings of <ก, 3> using position transaction of <ก, 

3>. Child substrings consist of <ก�, 2> and <ก�, 1>.  <�, 2> 

is deleted from Min Heap because <ก�, 2> is a proper 

substring of  <�, 2> at the same frequency and <ก�,1> is not 

kept in Min Heap because its frequency are less than the 
given frequency threshold value.  <ก�, 2> is kept in Min 

Heap using the insertion rule because its frequency is equal 
to the given frequency threshold value.   
 
 
 
 
 
 
 
<ก�, 2> is removed from Min Heap, and then its child 

substrings are extracted using its position transaction. The 
child substrings of <ก�, 2> consist of <ก��, 2>.  <ก��, 2>  is 

kept in Min Heap using the insertion rule because its 
frequency is equal to the given frequency threshold value.      
 
 
 
 
 
      
 
<ก��, 2> is removed from Min Heap, and then its child 

substrings are extracted using its position transaction. They 

consist of <ก���, 1> and <ก��$, 1>. They are not kept in 

Min Heap because their frequencies are less than the given 
frequency threshold value.   
 
 
 
 
 
 
 
<�, 3> is removed from Min Heap, and then its child 

substrings are extracted using its position transaction. They 
consist of <��, 1>, <��, 1> and <�$, 1>. They are not kept 

in Min Heap because their frequencies are less than the 
given frequency threshold value. 
 
 
 
 
 
 
 

The algorithm will stop when Min Heap is empty.  That 
means all substrings in Min heap were detected and 
processed completely. 
 
From the process, the frequent suffix trie structure can be 
shown in figure 9.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure  9:   The FST structure using the efficiency 
algorithm. 

   
Figure 9 shows the FST structure using the efficient 
algorithm.  The result is FMAX(s, θ) = {<ก, 3>, <�, 3>, <ก��, 

2>}.  From observation, frequent max substring technique 
provide less number of indexing terms but all possible 
frequent substrings can be derived from the set of indexing 
terms that is extracted by the frequent max substring 
technique without information loss.   

 

4  EXPERIMENTS AND DISCUSSION 
In this section, an experiment for indexing Thai texts is 
shown.  Suffix array, Word inverted index, n-gram inverted 
index, Vilo’s technique and the frequent max substring 
techniques are also investigated.  These five approaches are 
compared and evaluated in terms of the number of indexing 
terms, index size and indexing time.  In the experiment, the 
frequency threshold is set to 2.  

The text collection used for evaluation is a set of 50 
Thai Web pages.  All Thai web pages used are Thai news 
websites which consist of different contents: sport, travel, 
education and political news.  The documents have varying 
lengths.  The set of documents contains 103,287 characters, 
and average document length is 2,065 characters or 78 
words per document.  The basic statistics for the text 
collection are shown in table 2.   
 

Table 2:  Basic statistics for Thai text collection 
 

 No. of 
Docs 

No. of 
Chars 

No. of 
Words 

Avg. 
Chars./
Docs 

Avg. 
Words/
Docs 

Sport 
news 

15 24727 997 1648.46 66.46 

Travel 
news 

15 29096 1022 2078.28 73 

Political 
news 

15 38017 1398 2534.46 93.2 

Education 
news 

5 9445 336 1889 67.2 

<�:3> <ก:3> 

.pos=2,11 

<ก��:2> 

� 

Root 

.pos=3,5,12 .pos=1,7,10 

<ก�:2> 

ก � 

� 

.pos=3,12 

    

       ก, 3                       �, 2                    �, 3 

.pos=1, 7, 10  .pos=2, 11    .pos=3, 5, 12   
 

       ก�, 2                      �, 3 

.pos=2, 11       .pos=3, 5, 12   
 

       ก��, 2                      �, 3 

.pos=3, 12       .pos=3, 5, 12   
 

       �, 3  

.pos=3, 5, 12   
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The methodology used to compare the five indexing 
approaches is based on space and time efficiency for 
indexing Thai texts.  In space efficiency, the number of 
indexing terms which enumerated by using five different 
approaches is compared, and index sizes used by the five 
approaches are also evaluated.  The computational 
complexity used by the five indexing techniques are 
calculated in order to compare the time efficiency for 
indexing Thai texts.  In the n-gram inverted index,   3 is 
chosen to be the n, as most of 3-gram indexing terms are 
meaningful in Thai language.  In the following sections, the 
comparison among five different indexing approaches is 
presented. 
 

 
Space efficiency 
In order to compare the five different indexing techniques 
for Thai texts, the number of indexing terms which were 
extracted is first compared.  The five indexing approaches 
used in the comparison are: suffix array, word inverted 
index, n-gram inverted index, Vilo’s technique and the 
frequent max substring techniques. The results are shown in 
figure 3.12 and figure 3.13.  

 

 
 

Figure 10: The number of indexing terms extracted from 
three techniques: Suffix array, Vilo’s technique and 

Frequent max substring techniques 
 
From figure 10, it can be observed that frequent max 
substring mining technique extracted less number of 
indexing terms when compare to suffix array and Vilo’s 
techniques. 

From observation, these three algorithms can be used to 
retrieve all frequent substrings which occur at least at the 
given frequency threshold value as described in previous 
sections.  The indexing terms extracted by using these three 
techniques may or may not be meaningful as these are 
language independent techniques.  From the result, suffix 
array approach provides less number of indexing terms than 
Vilo’s technique.  The number of indexing terms which 
were extracted by suffix array approach is linear when 
reference to the document size, or n characters as suffix 
array basically enumerates all suffixes of a given string. 
While for Vilo’s technique, the number of indexing terms 
generated is dependant on the size of the longest substrings 
that occur at least at the given frequency threshold value.  
In addition, the frequent max substring technique provides 
less number of indexing terms than suffix array technique 
and Vilo’s technique.  In frequent max substring technique, 
the algorithm enumerates only substrings that correspond to 

the frequent max substrings which contain all frequent 
substrings.  Therefore, it uses less storage space for storing 
and extracting all frequent substrings because all possible 
frequent substrings can be derived from the set of frequent 
max substrings without any information loss.  This could 
suggest that the frequent max substring technique is more 
computational and storage efficient when compared to 
suffix array and Vilo’s techniques. 

 

 
 

Figure 11:  The number of indexing terms extracted from 
three techniques: Word inverted index, 3-gram inverted 

index and Frequent max substring techniques 
 

In the word inverted index method, all indexing terms are 
meaningful because this technique usually relies on 
language analysis or on the use of dictionary.  However, the 
drawback of this technique is that this method requires 
query processing and pre-processing in term of 
segmentation before searching and indexing can be 
performed.  However, the ambiguous context of Thai texts 
is one of the major causes in degrading the efficiency of the 
parser.  In addition, some frequent substrings cannot be 
found on the word inverted index.  

In the 3-gram inverted index approach, the indexing 
terms extracted by using this technique may or may not be 
meaningful.  Despite, using 3-gram inverted index yields 
less number of indexing terms than frequent max substring 
technique.  Whereas, the disadvantage of 3-gram inverted 
index is that it requires query processing before searching 
can be performed and query processing may lose the 
meaning of indexing terms.  The n-gram inverted index also 
requires pre-processing to generate n-gram before indexing 
can be performed.   

From figure 11, it can be observed that frequent max 
substring technique provides slightly more number of 
indexing terms than word inverted index and 3-gram 
inverted index techniques. It is worth noting that this 
proposed technique does not require any query processing 
and pre-processing before searching and indexing can be 
performed.  All frequent substrings can also be found on 
the frequent max substring technique. 

Furthermore, as can be seen from the results, most of 
indexing terms extracted by the frequent max substring 
technique are meaningful as these indexing terms occur 
frequently on the texts.  However, the occurrence of 
indexing terms in texts and the given frequency threshold 
value are the main factors impacting the number of 
indexing terms.  The results show that the number of 
indexing terms increases when the texts contain numerous 
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small frequent substrings and the lengths of the frequent 
max substrings are short.  In addition, the number of 
indexing terms is also decreasing when the given frequency 
threshold value increased.   
 

For another experiment, a comparison of index size 
from five approaches is shown in figure 12, figure 13 and 
figure 14, respectively.  The comparison of index size 
refers to the storage space used by the five different 
approaches to index the terms and their pointers.  Each 
technique requires different index size although they are 
performed on the same data collection.  This is because the 
indexing terms which are extracted by the five approaches 
have varying lengths and pointers.  Therefore, the 
comparison between the number of indexing terms and 
index size are different in term of memory.  In this 
experiment, bytes are used as a measuring unit for 
comparing the index size used in the five different 
approaches.    

 
 

 
 

Figure 12:  A comparison of index size from two 
techniques: Suffix array and Frequent max substring 

techniques 
 
 

 
 

Figure 13:  A comparison of index size from two 
techniques: Vio’s technique and Frequent max substring 

technique 
 
 

 

Figure 14:  A comparison of index size from three 
techniques: Word inverted index, 3-gram inverted index 

and Frequent max substring techniques 
 
From the evaluation results as shown in figure 12, the 
suffix array approach obviously requires much more space 
to store the indexing terms when compared to the frequent 
max substring and other techniques. This is because this 
algorithm constructs a suffix array that contains all suffixes 
from given texts, sorted alphabetically that starts at position 
i in the texts and continues to the end of the texts.  As a 
result, the drawback in terms of index size of this technique 
seems very critical.  Since the size of electronically stored 
information in Thai language has grown exponentially, the 
method of suffix array is no longer practical to use in the 
real environment because the suffix array uses high storage 
space for containing all suffixes of the texts even when the 
texts are short.  Meanwhile, Vilo’s technique also requires 
more storing space when compared to the frequent max 
substring and other techniques but less than the suffix array 
approach as shown in figure 13. Although the given 
frequency threshold value can be used to reduce the index 
size, Vilo’s technique still generates all possible frequent 
substrings from the given Thai texts that requires more 
storing space. 

In the word inverted index, 3-gram inverted index and 
frequent max substring techniques, index sizes used by 
these three approaches are quite similar. They yield much 
smaller index sizes than the suffix array and Vilo’s 
approaches as shown in figure 14.  The frequent max 
substring technique stores only frequent max substrings, 
thus this technique requires a small index size.  However, 
the word inverted index and 3-gram inverted index 
approaches also require less index size than frequent max 
substring technique as  these two techniques store the 
indexing terms in word and small substring levels.  
Although, frequent max substring technique requires more 
index size, but the benefit of this technique is it does not 
need the extra space to store the dictionary and does not 
require pre-processing to generate n-gram when compared 
to the word inverted index and n-gram inverted index, 
respectively. 
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Time efficiency 
In this section, a comparative study of five approaches 

in term of indexing time is performed.  The time used to 
index the texts is calculated in process rounds dependant on 
the text lengths or n characters.  Time complexities used in 
these five approaches are also examined in this section.  
Figure 15, figure 16, figure 17 and figure 18 show the 
experimental results in term of indexing time. 

 
 

 
 

Figure 15:  A comparison of indexing time of two 
techniques: Word inverted index and Frequent max 

substring techniques 
 

 

 
 

Figure 16:  A comparison of indexing time of two 
techniques: 3-gram inverted index and Frequent max 

substring techniques 
 

 

 
 

Figure 17:  A comparison of indexing time of two 
techniques: Suffix array and Frequent max substring 

techniques 
 

 

 
 

Figure 18:  A comparison of indexing time of two 
techniques: Vilo’s technique and Frequent max substring 

techniques 
 
It can be observed from figure 15 that the frequent max 
substring technique uses less indexing time than the word 
inverted index technique.  In the word inverted index, Thai 
texts need to be parsed and tokenized into individual terms 
before construction can be performed.  Therefore, this 
technique requires two processing times: the pre-processing 
and indexing times.  O(n|Dic|) time complexity is required 
to parse words from a given Thai texts by using a set of all 
possible words in dictionary to match a given Thai texts for 
segmenting process.  O(n2) time complexity is required for 
constructing the inverted index.  As a result, the word 
inverted index method takes O(n|Dic|) + O(n2) time 
complexity for indexing Thai texts where |Dic| is dictionary 
size.  Meanwhile the frequent max substring technique does 
not require the pre-processing time.  However, the 
drawback of the frequent max substring technique is 
indexing time required for constructing an index when 
compared to other three techniques: suffix array, 3-gram 
inverted index and Vilo’s techniques.  As can be observed 
from the results,  the proposed technique requires more 
time to check the substring status because each time a new 
indexing term is generated, the existing indexing terms 
have to be checked being substring of the new indexing 
terms in order to reduce the number of computation.  
However, the indexing time is dependent on the given 
frequency threshold value and the size of maximum 
indexing terms.  The frequent suffix trie structure is used to 
perform indexing.  The indexing time is not known before 
the frequent suffix trie structure is built because it is 
dependent on the given frequency threshold value and the 
size of maximum indexing terms.  As a result, this method 
requires O(n2d) in time complexity where d is the size of 
maximum indexing terms.  

In the 3-gram inverted index technique, Thai texts need 
to be tokenized into 3-grams before construction can be 
performed.  As a result, the 3-gram inverted index also 
requires two processing times: the pre-processing and 
indexing times.  The 3-gram inverted index approach takes 
O(n) + O(n2) time complexity as O(n) time complexity is 
required to generate all 3-grams from a given Thai texts and 
O(n2) time complexity is used for constructing the inverted 
index.  As observed from the figure 16, the 3-gram 
approach required less indexing time than frequent max 
substring technique, although this technique need pre-
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processing because only O(n) time complexity was used in 
extracting 3-gram terms. 

In figure 17, the method of suffix array is 
straightforward.  This technique first generates all suffixes 
of given texts.  Then all suffixes will be sorted in 
alphabetical order for computing the frequency and location 
of indexing terms.  As a result, this method takes O(n2) 
time complexity for constructing an index.  Furthermore, 
the indexing time used to index the suffix array can be 
changed dependent on sort algorithms.  In this experiment, 
quick sort is used in sorting indexing terms as the quick sort 
is the simplest efficient approach to build suffix array and 
trie data structures sequentially. 

 From figure 18, Vilo’s technique takes O(nd) time 
complexity where d is the depth of the trie.  In this 
technique, pattern trie data structure is used to perform 
indexing.  The indexing time is not known before the trie is 
built because it is dependent on the defined frequency and 
the depth of the trie.  For instant, if defined frequency = 1, 
the algorithm will construct the full suffix trie of depth n 
that takes O(n2).  In contrast, if defined frequency = 2, the 
algorithm will takes O(nd) time complexity where d is 
depth of the trie or the size of maximum indexing terms 
which occur at least at defined frequency.  

It can be observed that the 3-gram inverted index, suffix 
array and Vilo’s technique performed well in term of 
indexing time as these three techniques are straightforward 
and simple in constructing the index. Meanwhile the word 
inverted index and frequent max substring techniques 
required more time to compute the complex tasks such as 
indexing term segmentation using dictionary match and 
checking superstring definition in the frequent max 
substring technique. 

 

5 CONCLUSION  
This paper presents a proposed technique, called Frequent 
max substring technique, to extract indexing terms, known 
as frequent max substrings, for indexing Thai texts.   

 
 
 

The proposed technique will be able to construct the index 
using less storage space to facilitate more efficient Thai text 
retrieval. The proposed technique used a proposed data 
structure, called Frequent suffix trie (FST) structure, to 
assure exhaustive enumeration of substrings to support 
extracting frequent max substrings.  In practice, the heap 
data structure is employed to compute the frequent max 
substrings by using two reduction rules to reduce storage 
requirement and the number of computations required for 
extracting frequent max substrings.  In this paper, 
experiments were performed on indexing the 50 Thai web 
pages. Comparison results are also presented.  Five 
indexing techniques are compared in term of space and 
time efficiency.  From the experimental studies and 
comparison results, it can be observed that the proposed 
technique requires less space to store the indexing terms 
than suffix array and Vilo’s techniques.  Meanwhile, the 
frequent max substring technique provides similar number 
of indexing terms when compared to word inverted index 
and 3-gram inverted index techniques.  In addition, word 
inverted index, 3-gram inverted index and the frequent max 
substring mining techniques yield similar index sizes, 
which are much smaller when compared to the suffix array 
and Vilo’s approaches.  However, the drawback of word 
inverted index and 3-gram inverted index technique is that 
these techniques require query processing and pre-
processing before searching and indexing can be performed, 
while the proposed technique does not require any query 
processing and pre-processing. The proposed technique is 
also language independent technique that could be applied 
to many applications.  In term of time efficiency, the 
drawback of the frequent max substring technique is 
indexing time required for constructing an index when 
compared to other techniques.  This technique requires 
more time to double check the conditions.  However, the 
indexing time is dependent on the given frequency 
threshold value and the size of the maximum indexing 
terms.  Furthermore, the occurrence of indexing terms in 
texts and the given frequency threshold value are also the 
main factors impacting the space and time efficiency for the 
proposed technique. 
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Abstract. In this paper we introduce WiiFitChair, a new chair interface developed based on the Nintendo Wii Fit 
Balance Board sensor. The WiiFitChair provides a weight-based interaction mode with the use of vision-based head 
tracking for hands-free remote camera control, which could be an effective solution for common multi-tasking situa-
tions in teleoperation. We report a user study comparing the WiiFitChair model, a foot-controlled model and a regu-
lar mouse model for a remote face-searching task. Encouraging feedback has been found in the comparison, also with 
points for further directions. 

 
Keywords: Chair Interface, weight-based interaction, remote camera control, head tracking, foot control. 

Introduction 

In teleoperation, multi-tasking situations are common as operators often need to control multiple devices at the same 
time, such as controlling a remote camera and a remote robot simultaneously. Instead of those conventional hand-
operated interfaces such as joysticks, switches, mice and keyboards which result in a typical hands-busy problem, a 
number of remote camera control approaches with alternative user interaction modes (e.g. head movements [9] and eye 
gaze [8, 10]) have been proposed for such multi-tasking situations. In this research, we particularly look into developing 
a new remote camera control model using chair-based interaction with a working prototype as a potential hands-free 
solution. 

Previous research has already investigated various types of unconventional user interfaces based on body-centered or 
torso-directed steering interactions, since such techniques enable natural proprioception and kinesthetic senses for inter-
actions [2]. Beckhaus et al. [1] introduced ChairIO: a stool with two magnetic trackers installed on the sides of the seat, 
which allows users to use their body motion to perform translations and rotations in virtual environments. The results of 
their user study suggest that using ChairIO helps novice users to enjoy playing FPS games immediately, and it also 
offers a new form of gaming interaction for experienced players. Endert et al. [3] recently presented another chair-based 
interface: ChairMouse which captures this natural chair movement and translates it into large-scale cursor movement 
while still maintaining standard mouse usage for local cursor movement. This chair-based interface is constructed by 
attaching an air mouse to a common office chair, which maps angular movement to linear cursor movement so that 
users can perform large-scale cursor movement by rotating the chair rather than continuously moving a regular hand-
operated mouse. From the results of their experiment, they concluded that ChairMouse had a significant reduction of 
regular mouse movement in comparison to the traditional mouse only. 

Our Design of Chair Interface - WiiFitChair 

To design a chair-based model, our initial intention was to develop a low-cost, intuitive, and easy-to-implement proto-
type. By considering these relative design aspects, we decided to construct the chair model by using a Nintendo Wii Fit 
Balance Board device as the hardware basis. As an input device, the Wii Fit Balance Board is a sturdy plastic panel that 
rests on four feet each of which contains a pressure sensor. This feature makes the balance board an appropriate ergo-
nomical equipment to have weight-based interactions. The hardware design of the chair-based model (named Wii-
FitChair) was constructed by mounting the Wii Fit Balance Board under the seat of a regular office chair (see Figure 1).  
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Fig. 1. Hardware construction of WiiFitChair.  

The four pressure sensors give the balance board 4 degrees of freedom. The basic input data for this camera control 
approach is the real-time weight values (WT,L, WT,R, WB,L, WB,R) received from the sensors of the balance board (see Fig-
ure 2). 

 
Fig. 2. Coordinate system of the Wii Fit Balance Board (T: top, B: bottom, L: left, R: right).  

To process the balance board data, we apply the rate control mapping with a linear function gain to specify the mov-
ing angle (θ) and the velocity (Vcam) for the remote camera to carry out corresponding pan (Vcam_pan) and tilt (Vcam_tilt) 
functions. The mathematical model of the approach can be described as following steps: 

 
1. Calculate the weight differences on X and Y axis respectively: 
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2. If the weight difference value on either X or Y axis is less than the corresponding pre-defined threshold value (

threW ) then the camera will remain at the current position, otherwise move onto the next step: 
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3. Specify the camera moving angle (θ) and the velocity (Vcam): 
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A sigmoid function is used to define the camera velocity proportionally to the weight difference values, which makes 
more smoothed and responsive camera movements than using a simple liner function gain.  

In our default implementation, α=20, λ=0.01, t equals to the threshold value (Wthre=30) which is adjustable in terms 
of a user’s preference, and Vcam_min represents the minimal speed of the used camera. 

 
4. Define the corresponding camera pan and tilt velocity using the following equations: 
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Since computer vision based head tracking technologies have become robust enough to recognize human head 
movements as a form of user input, we considered adding head motion into our remote camera control because of its 
naturalness and interactiveness. We adopted the Lean and Zoom [5] technique to control the camera zoom function by 
using natural head movements, i.e. if the user moves the head closer to the screen, the camera will zoom in, and vice 
versa. The camera zoom level is based on the user’s current head position and the gain of the zoom can be adjusted as 
desired. By adding this head zooming control, the entire WiiFitChair model is able to have a full operation of a pan-tilt-
zoom (PTZ) camera in a hands-free way. 

Evaluation 

A user study was conducted to assess how well the WiiFitChair could perform in comparison with other interfaces in 
exploring real-world objects. We designed a human face-searching task for the user study, which has the advantage of 
being more compelling for our lab-based experimental setting. 

Foot-Controlled Model and Regular Mouse Control 

Apart from the WiiFitChair, we also included a foot-controlled model in the evaluation by integrating a FootMouse. As 
shown in Figure 3, the camera pan and tilt functions are simply controlled by moving the foot pedal. Users can move 
the remote camera at any angle when they move the foot pedal by their right foot and simultaneously hold the mid-red 
button on the panel down by the left foot. The remote camera will stop moving when the pressed button is released. The 
zoom function is controlled by the scroll on the panel using the left foot: scrolling right zooms in and left for zooming 
out. Another conventional hand-operated mouse control method has also been implemented which adopted the same 
control configuration to that used in the foot-controlled model. 
 

 
Fig. 3. Foot-control model.  
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Apparatus and Implementation 

The software implementation of the WiiFitChair is based on the cross-platform WiiUse library [7]. We integrated the 
FaceAPI V3.0 [4] to perform the real-time head tracking for the camera zoom control. A Pelco ES30C camera [6] was 
used to conduct the remote camera control. Figure 4 shows the experimental setting on the participant side.  
 

 
 

Fig. 4. A participant uses the WiiFitChair (left) and the foot-controlled model (right) respectively to perform remote camera control 
in the experiment.  

    On the remote site (see Figure 5), 16 human face images were semi-randomly separated into 4 groups. Each group 
has 2 male and 2 female faces with one smiling and the other not smiling for each gender class. The 4 groups were ar-
ranged as a 2×2 structure and the face images within the same group distributed in a 2×2 pattern with different locations 
for the different face patterns. Each group also has a specific color on its borderlines in order to distinguish it from other 
groups. On the forehead of each face, there is a randomly selected number that was to be reported by the subjects to 
uniquely identify this particular face when they were performing the face-searching task. 
 
 

 
 

Fig. 5. (1): 4 groups of human face images with distinguishing features with border colour (blue, red, green or black), gender (male 
or female) and facial expression (smiling or non-smiling), (2): remote camera, (3) the unique number on the forehead of each face. 

Participant 

Twelve undergraduate volunteers participated in this user evaluation (9 male, 3 female), ranging from 18 to 24 years of 
age (Mage=19.67, SDage=2.02). All participants were regular computer users enrolled in a computing or IT related major 
with experience of playing video games. Four of them had previous experience with games using the Nintendo Wii Fit 
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Balance Board, the rest had no experience. None of them had any previous experience with foot-controlled mouse inter-
faces. 

Experimental Design, Task and Procedure 

The experiment followed a within-subject design and the order effect was counterbalanced by using a Latin square. 
Prior to starting the experiment, participants were first given a short verbal introduction about the system, instructions 
on how to control the remote camera, the structure of the face locations, and what task they were required to accom-
plish. Participants were given a few minutes to experiment with all three control methods. For each control method, 
participants were asked to search for 3 different faces. For each case, a verbal instruction was given before the partici-
pant started the exploration, which was like: 
 
“Could you move the camera view to the group with BLUE border lines, and try to find a SMILING FEMALE face?” 
 
After the participant successfully moved the camera to the location of the target face with its zoom-in view, they were 
required to speak out the unique number on the forehead of the face (see (3) in Figure 6), which was to confirm the 
completion of this face-searching task. Once all the face searching tasks had been finished, the participant was asked to 
complete a short questionnaire in which they compared their experiences with the different control methods across sev-
eral criteria with a 7-point Likert scale for subjective comparisons, and giving an overall rank for all three camera con-
trol methods. 

Results 

The major objective measure is the analysis of the completion time each participant for the face-searching task in the 
relevant camera control trial. The results of a One-way Repeated Measures ANOVA show that the task completion time 
for the face searching experiment using the three remote camera control methods differed significantly, F2, 70=12.31, 
p<0.01. Figure 6 shows the overall mean task completion time for each camera control method. The results of the post-
hoc pair-wise tests reveal that using the mouse control participants performed the best. They were able to complete the 
face searching task significantly faster than the other two camera control methods, the WiiFitChair model (p<0.01) and 
the fool-controlled model (p<0.01). In addition, the comparison between the chair model and the foot-controlled model 
showed very close performance, no significant differences were discovered in the analysis of the results (p>0.05). This 
suggests the WiiFitChair was as good for the task as an unfamiliar mouse. The difference between the foot-controlled 
model and the hand-operated mouse should be due to familiarity. 
 
 

 
 

Fig. 6. Comparison of the mean task completion time.  
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    The subjective measures are based on the user preference data and feedback collected from the questionnaire. The 
mean results for each question regarding participants’ experience of using difference remote camera control methods 
are illustrated in Figure 7. The results show significant differences on the user preference in terms of the camera control 
method for all the questions (p<0.01). The results of the follow-up pair-wise tests reveal that participants rated the 
mouse control significantly better than the other two camera control methods, the WiiFitChair model (p<0.05) and the 
foot-controlled model (p<0.05) for all the questions except Question 7. Similarly, the comparisons between the chair 
model and the foot-controlled model did not show any significant differences in the results of these questions. Especial-
ly for Question 7, participants rated both the mouse and the foot control significantly better than the chair model 
(p<0.01), but the results between the mouse and the foot-controlled model were not significant (p>.05).  
 
 

 
Fig. 7. Mean results regarding questionnaire feedback (7-point Likert scale: 1 - Strongly Disagree to 7 - Strongly Agree). 

 
    The results of the overall participant preference are shown in Figure 8. A majority of the participants ranked the 
mouse control as their first choice (8/12=66.7%) and the foot-controlled model as the second (8/12 = 66.7%). Most 
participants ranked the WiiFitChair as the last (8/12=66.7%), but there are still a few participants showed their prefer-
ence (2/12=16.7% as the best and 2/12=16.7% as the second) on the WiiFitChair over the other two models. 
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Fig. 8. Overall preferences of the participants.  

Discussion 

From the results of the objective measures, participants performed the best by using the conventional hand-operated 
mouse. In addition, the questionnaire results remain consistent to this point. The major reason for this could be the fact 
that the mouse is still the dominant input interface and users are very familiar with the hand-controlled model. Howev-
er, our intention of including the mouse in the evaluation was not to compete with it in terms of either performance or 
user preference as we aim to develop intuitive and hands-free camera control models. The purpose of the comparison 
was to take the most well performing interface as a basic reference for users to provide feedback based on their user 
experience. On the other hand, all participants confirmed in their questionnaires that both WiiFitChair and foot-
controlled models could be used as effective solutions for hands-busy tasks. A majority of the participants believed that 
their task performance could be improved significantly with more training, as very limited training time was offered 
before the experiment compared to the experience they had had of using a mouse. 
    For the WiiFitChair model, participants were mostly able to handle the weight-based control effectively. The ma-
jor issue on this model is the combination of the weight-based interaction and the use of head motion for zoom control. 
Participants commented that they felt using head tracking was a very interactive design, which provided hands-free 
control for the camera zoom function. Nevertheless, leaning the head either forward or backward in order to activate the 
corresponding zoom in or out function would often result in weight changes on the chair as their body would be moving 
with the head, which would lead to undesired and distracting camera pan or tilt movements to the user. This has turned 
out to be a significant issue which affected the task performance and the negative feedback revealed in the results of the 
subjective measures. 

Conclusion 

In this paper, a new chair-based user interface (WiiFitChair) has been introduced for remote camera control in teleoper-
ation settings. The hardware construction of the WiiFitChair is done by integrating a standard Wii Fit Balance board 
into a normal chair so that users are able to have weight-based interaction for hands-free control of a remote camera. A 
user study has been conducted to evaluate the practical usage of the WiiFitChair in comparison with a regular mouse 
control model and another foot-control model. Although the hand-operated mouse control still performed the best in the 
face-searching experiment, encouraging performance as well as positive feedback was gained on the use of the Wii-
FitChair. 
    Further development would be mainly to improve the zoom control of the WiiFitChair. As suggested by a number 
of participants, using foot control could be more acceptable for the zoom control than using head movements in combi-
nation with the chair interaction. Moreover, exploring rotation-based interaction can be another potential future direc-
tion to develop chair interfaces for hands-free remote camera control. All these proposed future work will require fur-
ther system development and formal user studies as evaluation. 
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Abstract  Many training algorithms use mean square error (MSE) for training when we have numeric data, with MSE also used to 
indicate the quality of the results. In many real world applications we are also interested in the number of samples which are “close 
enough” to the correct value and would also use the number of samples which could be mapped to correct classifications in reporting our 
results. We extend our previous work to use fully fuzzy output values, and demonstrate the benefits of our approach which allows choice 
in the shape of fuzzy output error membership functions which can be used to specialize the approach to particular domains or adapt to 
particular kinds of data sets. We show how we can extend our approach using fuzzy true positive, fuzzy true negative, fuzzy false 
positive, fuzzy false negative identifications as well as regression line weighted variants of these. 

Previous work 
Fuzzy Classification Error  In our previous work (Mendis and Gedeon, 2008) we formulated the Sum of Fuzzy 

Classification Error (SYCLE) in the following way. We call it Fuzzy as it considers transition between good and bad 
classifications using several categories of error. First, we specify that both desired output and predicted output of an ex-
periment are in the range [0, 1]. Next, we define a set of rules for the classification and these rules are visualised in the 
following figure. 

 

 
 
According to Figure 1, there are 3 categories of classifications that can occur, they are Good, Bad, and Very Bad (V. 

Bad). Now we assume the pair of predicted and desired values, of the ith input, respectively taken as X and Y coordi-
nates of the point Pi on the 2 dimensional fuzzy classification error rule space, Figure 1. The fuzzy classification error 
of an arbitrary point Pi can be written as, 
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FYCLE Pi( ) =

0 if Pi ∈Good     
0.5 if Pi ∈Bad        
1 if Pi ∈VeryBad

# 

$ 
% 

& 
% 

  

 
Let us consider the 4 straight lines, B1, B2, G1, and G2, in Figure 1. In this experiment, they are equivalent to,  
 

B1 ≡ y − x − 0.5    G1 ≡ y − x − 0.2    G2 ≡ y − x + 0.2    B2 ≡ y−x+0.5 
 
Now, The fuzzy classification error of an arbitrary point Pi can be calculated as, 
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Fig. 1: Fuzzy Classif. Error Rules  
     (Fig 4 in Mendis & Gedeon, 2008) 
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FYCLE Pi( ) =

0 if G1 Pi( ) ≤ 0  AND  G2 Pi( ) ≥ 0            

0.5 if
B1 Pi( ) ≤ 0  AND  G1 Pi( ) > 0( )  OR

G2 Pi( ) < 0  AND  B1 Pi( ) ≥ 0( )
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1 if B1 Pi( ) > 0  AND  B2 Pi( ) < 0            
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Next, the Sum of Fuzzy Classification Error (SYCLE) for a set of data with m records can be calculated as: 

      

!!

€ 

SYCLE P( ) = FYCLE Pi( )
i=1

m

∑

   where  m∈Ν

 

 
The problem with our previous approach is that while it is multi-valued beyond 0 and 1, it is not fuzzy, as we use on-

ly the three discrete values of 0, 0.5 and 1. In the next section we introduce our extensible approach to this problem.  

Fuzzy output error 
In principle, our approach is straightforward and consists of superimposing a fuzzy membership function onto the 

contents of Figure 1. This can be seen in Figure 2.  
 

 
 
The Good region retains goodness value of 1, and Very Bad regions 0, but the Bad region is not limited to just 0.5 

but has a value from 0 to 1 depending on the data location between the lines B2 to G2 or B1 to G1. 
We can extract the shape of a fuzzy membership function using the projections onto the axes for new axis values as 

follows: the True values map to negative, while actual Output values map to positive, see Figure 3. This is an arbitrary 
convention to match the shape of the trapezoid used in Figure 2. 

 

 
 

Please note the labeling convention on the universe of discourse axis retains absolute values of the original axes. 
Clearly this is not literally true by Pythagoras’ theorem (Pythagoras, c. 500 BC) since we use diagonal of Figure 2.  

Data set 
High Salary Selection Problem  We select the High Salary Selection problem, as discussed in Gedeon et al (2001), 

for our experiment. The problem is to find the degree of relevance for having a high salary based on the contacts, age, 
and work experience of an employee. Figure 4 shows a High Salary Selection Fuzzy Signature, which is obtained using 
domain expert knowledge, for the high salary selection problem, as used in our previous work (Gedeon et al, 2008). 
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Fig. 2: Superimpose a fuzzy trapezoidal (or  
  triangular) membership function 
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Fig. 3: Goodness membership function for  

  Fuzzy Output Error, FOE3 
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Fig. 4: High Salary Selection Fuzzy Signature 

 
Note that @i and wi in Figure 5 represent the aggregation function and weighted relevance of the node i, respectively.  

Results 
Figure 5 shows the results of normal training using simple gradient descent on mean square error. Most points lie in 

the Good region, with a substantial minority in the Bad regions which are assigned values of 0.5 in our previous tech-
nique. With our new technique, many of these points would, by inspection, be assigned values greater than 0.5 as being 
closer to the Good region than the respective Very Bad regions, hence the numerical error value will be incidentally 
smaller.  

 
In Figure 5, the MSE is 0.052, the SYCLE is 23, and the FOE3 is 21.9, the latter using the fuzzy membership curve 

in Figure 3. The following diagram, Figure 6, shows the relationship of the Data values to Membership values. 

 
Fig. 5: Test: Fuzzy Classification Error  

   – High Salary Fuzzy Signature 
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Figure  6  also  shows  the  FOE3 and FOE8 values we will need later. 
 
We then trained a high salary fuzzy signature on FOE3 values instead of MSE. 
 

 

 
 
The results on FOE3 training are encouraging, the MSE has increased but the FOE3 has decreased. The fuzzy signa-

ture is now also no longer trying to learn 0 and 1 values (actually closer to 0.92 in Figure 6), but is learning 0.1 and 0.83 
values as being close enough by the FOE3 central part of the trapezoid. 

We tried a number of other fuzzy membership functions with varying results similar in general to Figure 7 above. 
We reproduce the best result below, using a simplification of the FOE3 membership function, shown below in Figure 8. 
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     Fig. 6: Expected membership values, MSE trained 

 
     Fig. 7: Expected membership values, FOE3 trained 

MSE = 0.072 
FOE3 = 14.7 
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MSE = 0.052 
FOE3 = 21.9 
FOE8 = 9.2 
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Fig. 8: Goodness membership function for Fuzzy Output Error, FOE8 
 
The effect of the membership function in Figure 8 is to assign some degree of correctness to essentially all points, 

which has the effect of reducing the calculated error using this FOE8 measure. The value of FOE8 is 9.2 for the MSE 
trained case as indicated in Figure 6. The interesting result is from the use of FOE8 in training, as shown in Figure 9. 
The FOE8 value is reduced by a factor of eight, and the data is clearly much better learnt by inspection of Figure 9. Sur-
prisingly, the MSE is also substantially reduced. 
 

 
 

Extending our approach 
The use of our fuzzy output error approach can be extended to classification problems, Figure 10 shows the 4 classi-

cal quadrants for sensitivity and specificity, or terms precision and recall in information retrieval. 
 
The importance of each quadrant depends on the objective in practice. For example, in a medical condition with high 

mortality, False Positives (Type I errors) are to be preferred over False Negatives (Type II errors). For an annoying 
condition for which the treatment has side effects, the opposite may be true. 

With our Fuzzy Output Error approach, we will prefer to specify some boundary at the edge of each quadrant to in-
dicate the region of uncertainty of the result, given that in practice most of the information used to fill the regions does 
not in fact come from crisp processes producing only 0s and 1s, but is likely to be a numerical result.  

This is shown in Figure 11 with the inner regions corresponding to a goodness of 1 as before. 
A similar notion of Fuzzy True Positive etc has been used by Apolloni et al (2006) and Hamlich and Ramdani 

(2012). 

 
     Fig. 9: Expected membership values, FOE8 trained 

MSE = 0.020 
FOE8 = 1.1 
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Combined FOE  The Fuzzy Output Error goodness values shown in Figures 11 and 1 can be combined by intersection, 
as shown in Figure 12. In Figure 13 we show a similar diagram for really bad prediction results, where the output is 
strongly a Fuzzy False Positive or Fuzzy False Negative. 
 

                           
 
We comment that Figures 12 and 13 have been constructed using the core and support of the fuzzy sets represented 

in Figures 1 and 11 only. If we wish to take into account the 0.5 α-cut, or apply a principle of symmetry, two other pos-
sible alternatives can be readily identified, as shown in Figure 14. 

 

 
 
Our future work will include experimental investigation of extensions of our FOE technique. 

Conclusion  
We have shown that our approach using fuzzy output error can improve the performance of our fuzzy signatures for 

the high salary selection data set. We have also discussed extension of our idea to the classical binary classification ta-
ble and illustrated how the integration of quadrant based and regression line based fuzzy output error can be done. Fu-
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Fig. 11: Fuzzy True Positive and Fuzzy  
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Fig. 10: Binary classification test 
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Fig. 13: Fuzzy membership for  
     really bad predictions 
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Fig. 12: FOE-True-Positive and 
     FOE-True-Negative 

 
Fig. 14: a) detail from Figure 12;  

    b) intersect 0.5 α-cut;  
    c) use principle of symmetry 
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ture work will include further investigation of these and the application of our techniques to other data sets, and com-
parison to other alternative techniques. 
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