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Abstract

The study of prediction has drawn great interest in a wide range of field. T-Method which was developed specifically for prediction of
the multidimensional case using historical data to develop its baseline model proved that making a prediction is possible even with lim-
ited sample size. The element of the signal to noise ratio (SNR) adopted into the T-Method strengthens its robustness. Orthogonal array
(OA) in T-Method was used as features selection optimization in improving the analysis speed, cost and computer burden during the
analysis. However, the limitation of OA in dealing with higher dimensionality and complex combination factors restraint the optimiza-
tion accuracy. Artificial Bee Colony (ABC) was adopted in this study to overcome this limitation. The result of this study shows that T-
method +ABC provide the best error% accuracy with only 2.45% and 2.53% (3 optimized features out of 15) compared to T-Method
+OA which 2.81% and 2.67% and T-Method +Spearman Correlation as 3.16% and 3.06%. The power consumption prediction case study
is a good example for cases that deal with high correlation coefficient (R?) baseline model (>0.8). If the R* is lower than 0.8, further en-
hancement needs to be done to ensure a low risk of high error% prediction.
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1. Introduction

The future in industrial systems is always to some extent uncertain
and unpredictable. Disruption tends to be a daily challenge to
ensure a robust design, the robust operating system as well as
liable performance and responsive risk control are all well re-
sponded and predicted. Not all the uncertainty is a result of unpre-
dictable consequences. Perhaps the uncertainty is a good sign of
better prediction. Much of our current mood of uncertainty has
specific causes. How well we leverage it with the advanced cogni-
tive algorithms, predictive modeling and statistical analysis to-
wards better industrial system were aggressively discussed among
analyst. Various prediction tools have been used by several
practitioners in various areas for the past few decades and it is
progressively enhanced up to recent. Even though the argument on
traditional statistical tools were aggressively debated and en-
hanced up to recent, machine learning finds out to be the most
preferable approaches in prediction analysis over the decades.

Up to recent, the enhancement on machine learning algorithm is
widely practiced and in fact merging the statistical methods or
any other prediction methods with machine learning as hybrid
tools were mostly the practiced nowadays. J. Drgona et al.,
(2018) combined the approach of multivariate regression and
dimensionality reduction algorithms together with deep time-
delay neural networks (TDNN) and regression trees (RT) to
derive the dependency of multiple real-valued control inputs on
parameters for building control [1]. J. Reynolds et al., (2018)
which also done analyses on building energy optimization are
combining Artificial Neural Network (ANN) and Genetic algo-

rithm (GA) in their prediction model [2]. S. Mohsen et. al.,
(2014) developing a Generalized Feed Forward (GFF) network
model for predicting annual flood depth of Johor River in Penin-
sular Malaysia [3]. Besides modern and classical statistical
methods, other prediction methods are also widely applied such
grey prediction model used by S. Ding et al., (2018) to predict
China’s electricity consumption which proved to provide supe-
riority as a benchmark model [4]. N.H Abd Rahman et al.,
(2016) used time series methods namely seasonal autoregressive
integrated moving average (SARIMA) and fuzzy time series
(FTS) as an effective decision making of the modern statistical
tool in forecasting air pollution index and predicting air quality
in Johor [5].

However, all methods available recently were highly depended on
data trend and normality assumption. Methods that can provide
most accurate prediction is the best but not to forget methods that
can easily understand and less time consuming for the calculation
with an acceptable amount of accuracy will definitely bring bene-
fit to the industry that relies on fast response and prediction re-
sults. On that purposes, there comes the idea of this paper which
intentionally to highlight an interesting prediction method called
T-Method which rarely shared by analyst yet very helpful in mak-
ing fast and acceptable range of prediction with some enhance-
ment of feature selection element been absorbed into it. T-Method
is one of the numerous tools within Mahalanobis Taguchi System
(MTS) theory which weightage by signal to noise ratio (SNR) in
making a prediction by relying on historical data. The fundamental
T-Method theory consist the concept of unit space and zero-
proportional linear regression while orthogonal array as feature
selection optimization tool. The benefits of T-Method are its
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straightforwardness to be understood as well as its ability to do a
prediction even with a very limited sample size. When developing
a product or determining the optimum manufacturing condition of
a new product, it is recommended to acquire knowledge through
systematically organized experimentation with the help of orthog-
onal array. But if one has had experience in manufacturing condi-
tion modification or gradual improvement of the manufacturing
process, then T-Method is better suited to acquiring useful infor-
mation [6]. There are various cases study conducted which applied
T-Method as the tool for dealing with certain prediction analysis
such as [7]-[11].

An additional key element embedded into T-Method rather than
making a prediction with all features consideration was the pa-
rameter optimization or also known as feature selection which
used for making a prediction based on important features only.
The orthogonal array (OA) was the current practiced. The unique-
ness of this OA element in T-Method was it robustness in as-
sessing variability among noise factors through the signal to noise
ratio (SNR) analysis. SNR helps in identifying the most insensi-
tive features to variation as well as cost-effective gain. However,
the operational and utilization aspect of OA as an optimization
medium were judgmentally argued and claimed as inadequate
since it produces a sub-optimal solution [12]-[15]. The main in-
tention of this study is to share an adoption of swarm intelligent
method called Artificial Bee Colony (ABC) which used as same
intention as OA in optimizing feature selection while maintaining
the SNR element as the key indicator for optimum results identifi-
cation. The optimized parameters were then will be used to predict
the power consumption of district thermal cooling storage system.

2. Alternative Feature Selection Method Re-
placing Orthogonal Array Within T-
Method

Feature selection is a method optimally used in selecting an opti-
mum subset of good features with least error. In this work, it is
needed to fulfill the least error for prediction accuracy. Techniques
of feature selection introduced up to recent help in reducing over-
fitting during the learning loop. In the current method, orthogonal
array (OA) with a signal to noise ratio (SNR) is the one been used
for this purpose. However, W.H.Woodall et al., (2003) critique
that the run for which all factors at their low level in the MT
method is not a valid run since at least one variable must be used
in the analysis. Thus, Orthogonal array (OA) containing this run
could not be used and claimed that solution governs by this might
lead to inadequate and inaccurate analysis [12]. Issues on OA been
highlighted as well by several experts and practitioners especially
on the fact that OA design tends to assume that there is no interac-
tion between variables which might lead to an inconsistency in the
identification of the important variable, especially high dimen-
sionality issues [13], [14], [16]. The enhancement on OA are
widely discussed and been emphasized continuously up to recent
but most of its application is only for adaption into MT Method
which been called Mahalanobis Taguchi system (MTS) by most of
the practitioner. The enhancement since the past 15 years covered
a broad area of feature selection optimization tools [17]-[25]. In
the context of T-method, no published work on the enhancement
of OA within T-method being reported yet up to this study been
written.

Recently, various methods introduced including Ant Colony Op-
timization (ACO), Genetic Algorithm (GA), Particle Swarm Op-
timization (PSO), Simulated Annealing (SA) and many more
which used heuristic and random search methods in searching for
the optimum subset. This paper focused on the application of Arti-
ficial Bee Colony (ABC) algorithm replacing OA for fulfilling the
intention in making a prediction in T-Method by relying on opti-
mum features only rather than full features consideration. A. L.

Bolaji et al., (2013) Summarized that besides having fewer control
parameters, ABC also easy to be implemented, robust and having
high flexibility as well as efficiently solved engineering issues
with high dimensionality [26]. There are quite numbers of practi-
tioners that applied ABC as single and hybrid approaches in find-
ing their optimum feature for classification case [27]-{29]. E.
Zorarpaci et al., (2015) Modified the ABC algorithm for feature
selection purposes into a binary form that affects the way of pro-
ducing the new neighborhood of food source operator while the
fitness function was done separately using Weka J48 classifier.
The team proved that ABC is performing better than other algo-
rithm and can be applied efficiently in solving hard combination
problems with high dimensionality [30].

3. Methodology

This section will explain the theory behind T-method as well as
the replacement of Orthogonal array (OA) with Artificial Bee
Colony (ABC) algorithm as feature selection optimization tools
prior making a prediction on the expected output which mainly
relies on optimized feature rather than the whole feature for future
prediction.

3.1. T-Method

Combining the concept of Mahalanobis Distance theory with Sig-
nal to noise ratio (SNR) which emphasize on three core elements
(sensitivity, linearity, and variability) bring the formulation of T-
Method a practical approach to be applied in a dynamic environ-
ment particularly. Following the Zero-proportional concept with
linear regression line pass through zero-point (origin) helps in
simplifying the regression formulation. The core element in T-
Method is the establishment of unit space and signal space for the
normalization analysis. Selection of unit space is one of the most
crucial decision-making before making further analysis. Relying
on two main rules which are homogenous as possible and taken
from the high-density population requires some level of expertise
to properly defined the target region prior to selecting the unit
space. Taguchi clearly mentioned in his main reference book by
following these rules, the selection of unit space will always be in
the middle position between low and high data of the selected
region [6]. Figure 1 illustrates the unit space concept in a simple
manner. Prediction accuracy, as well as a strong justification, can
be made once the rule of unit space is fulfilled as well as putting
some effort into defining the main population data trend.
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Fig. 1: The concept of unit space selection for T-Method

To fulfill the prediction model which is the Integrated estimate

output value (M) as in equation 1, the proportional coefficient (B)
and SN ratio (1) need to be computed item by item basis with the
use of normalized data (X)) calculated by equation 2. The original
data was taken from a historical track record on the specific analy-
sis, which then the determination of unit space is done, and the
selected data excluded and average out a single unit space value of
each variable and output. The remaining unchosen data were

treat as signal data. Here is where equation 2 been used as ex-
plained earlier. Equations 3 until equation 9 are the formulation of
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Error variation,S, = Sp — Sg (6)
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Error Variance, V, = ﬁ (7)
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Variation of proportional term, Sg = LT (13)
Error variation, 5, = Sy — Sp (14)
Error Variance, V, = ns_gl (15)
SN ratio,n = 10 log (M) (16)
rVa

Depending on a total number of features, the type of orthogonal
array (OA) to be used will need to select accordingly with 2 level
types. Value of estimation for each sample calculated using equa-
tion 1 will need to be multiplied by the actual value of output data
as in equation 10. Following the combination of L, as in table 1,
if the control factors are no 1, it means that factor will be included
as Xj in equation 1 else if the control factor are no 2 it will not
includ and assume as zero value. Equations 11 until equation 16
are the remaining formula to generate the SN ratio for the final
optimization result. If the different between used item and not
used item in each variable is high, it is high possibility showing
that contribution of that factor is relatively significant. Once the
overall model elements been identified, the integrated estimate
value (Y) for unknown data can be calculated easily. Average unit
space value of the output called (My) will need to be added with

the Integrated estimate output value M; which can be relying on
optimum feature selection or considering all features will provide
the estimate value of (Y) for the unknown data No.1. The proce-
dure repeated accordingly for the remaining unknown data availa-
ble.

(Note: 1 "Item will be used" and 2 "Item will not be used"'.

Y, = M, + M, (17)
Table 1: L, Orthogonal Array combination
Control Factors
sample | A | B|C|(D|E|F|G|H|I|J|K SNR
no. (db)
1 1 [ 1 [ 1T [1]1]]1 1 [ 1 ]1]1 SNR1
2 1 [ 1]1 1 |1 |22 |2]2|2]2 SNR2
3 1 [ 1 ]2 1|1 1 222 SNR3

3.2. Artificial Bee Colony As Feature Selection Optimi-
zation In T-Method

By following the procedure of T-Method and equation shared in
the previous section, the overall prediction can be calculated if
analysts tend to assume all factors are important. However, since
the requirement on most of the prediction analysis is to focus only
on significant variables and knowing the limitation of OA in deal-
ing with high-dimensionally data, this is where the Artificial Bee
Colony (ABC) will be considered into the loop of T-Method re-
placing the OA. Figure 3 shows the overall review of the applica-
tion of ABC in T-Method which specifically focus on optimiza-
tion stage prior final prediction been calculated. Applying the
ABC with the binary method in this study ease the overall pro-
gramming flow since it is likely OA concept. This study purposely
maintaining the SNR as the objective function, due to its insensi-
tivity to variation. What follows is a brief overview of how ABC
been practiced within this study.

ABC algorithm will randomly produce initial distributed position
based on population size and a total number of features defined
until initial fitness amount (SNR wvalue) calculated. The
investigation will continue by employed bees which will make a
little change based on their local knowledge memory and generate
new source. The fitness amount has then been compared to initial
sources and higher value will be memorized while the lower will
be forgotten. If previous fitness is higher, the value will maintain
as it is. Once the job completed, the employed bee will then share
the information of new position to onlooker bees which are in the
dance area. The Onlooker bee will then evaluate the new position
(nectar) and choose the food source relying on the probability
value. The onlookers will modify the position if the criteria ful-
filled and fitness amount will be calculated. Same as employed
bee, higher fitness value will be memorized while lower will be
forgotten. While onlooker and employed bee performing the ex-
ploitation process, scout bee will discover for new food source
randomly in the search area. The cycle repeated until the require-
ment met.

Overall procedure of T-method is basically following the
S.Teshima et al., (2012) [6] but for the method used by the bees
(employed and onlooker) to search for the new food source which
having more nectar amount within its neighborhood are basically
following the approach introduced by D. Karaboga and B. Bastuk
(2007) [31]. Equation 18 summarized the approaches used in ful-
filling this intention but also an enhancement approaches made by
E. Zorarpaci et al. (2015) [30]. X,; and X,, in equation 18 are the
random numbers in terms of (0,1) while »/ and r2 is just a random
number between 0 to 1 and X; is the initial food source. After dif-
ferent component been identified, the random component of r/
and 2 used as the coefficient of the neighbor solution. The fitness
value is calculated, and minimum fitness value will lead to better
SNR value in fulfilling the objective function to maximize the
SNR. Figure 2 gives a better illustration of how ABC is adapted
within T-Method. The objective function stated in figure 2 is simi-
lar to the SNR equation used in table 1 as mentioned earlier the
robustness of SNR is the key element to be maintained and ap-
plied within this combination approach.
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Fig. 2: ABC algorithm adaption into T-Method feature selection stage

4. Result and Discussion

The construction of T-Method, OA and ABC algorithm was done
using Matlab R2017a application software. Analysis and discus-
sion within this paper were mainly on a case study conducted at
the Nuclear Agency Malaysia in predicting the power consump-
tion of thermal energy storage system (TES) in their plant area.

4.1 Case Study: District Cooling Thermal Energy Stor-
age System

District cooling thermal energy storage (DC-TES) contains the
provision of Chilled water to the air-conditioning system as the
efficient way of cooling the multiple buildings and facilities
through a central plant. Thermal Energy Storage helps in reducing
the peak power demand which leads to lower operating energy
costs due to lower demand charges and/or lowers energy usage
time frame charges. Aware on the district cooling system cost
saving gain, the study conducted intentionally for making a pre-
diction on daily power consumption so that an optimum parameter
control can be relied on to achieve better performance. Data from
15 parameters (DP- speed (%), delta-pressure(bar), STL-supply
temp (°C), STL-return temp(°C), STL-PHE supply (°C), Chillerl-
supply temp(°C), Chilleri-return temp(°C), Chiller2-supply
temp(°C), Chiller2-return temp(°C), Chiller2-PHE supply (°C),
Ts(°C), Tr(°C), KW(r)/KW(e), Chiller1(KW), Chiller2(KW)) was
recorded in hourly basis which taken from month of January until

signal data model creation. In order to simplify the analysis, an
average of daily usage is calculated. The data classification of DC-
TES within this study was divided into three stages (charging
stage, discharge stage, and transition stage) and been analyzed
separately. In the charging state, the storage tank (STL) been
cooled by chillers system to store cold energy. This cold energy
was then discharged to the system. The transition stage is the stage
between the transition of charging state to discharge state and vice
versa. During the transition, the temperature will extremely drop
or increase until it reaches stable temperature for charging and
discharge state. Figure 3 below shows the time frame for each
state within 24 hours. Charging state will be done during night
shift while discharge state during the day shift. Since the charging
state is the one consumes the highest power or energy consump-
tion, this research is mainly covered analysis of charging state
only.

TYPICAL NUCLEAR MALAYSIA DAILY LOAD
PROFILE
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Fig. 3: Thermal Energy Storage (TES) - Load Profile
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In measuring the prediction result accuracy, it is important to en-
sure the accuracy value is higher as possible. For this study, the
accuracy been calculated relies on the formula calculating the
mean relative error (MRE) as stated in equation 19.

£
1 ro— AT )
MRE = 100 .- ZM (19)
5 - Vi
=

In order to see the strength between actual and estimated value of
signal data to validate the model in equation 1, the value of corre-
lation coefficient (R?) is calculated resulted to the value of 0.8264
as stated in figure 4 below. This reflected that the baseline model
created able to provide a strong correlation between predicted and
actual data and it should able to provide good prediction value for
the unknown output data in future. Prediction analysis of the two
unknown output data which considering all features as important
features shows that the error percentages accuracy using MRE
equation was basically fallen within 3.19% and 3.31%. This low
error rate is possible by referring to the good correlation
coefficient (Rz) value that has been mentioned just now.

Distribution of actual and estimated values of signal data
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Fig. 4: Distribution of actual and estimated values of signal data

Figure 5 shows the scatter plot for all the features. If looking at the
spread of the raw data, KW(r)/KW(e), Chillerl(KW) and Chiller2(KW)
are having less variation since its fall within + the projected line.
However, relying only on the scatter plot data spread might not be
a good reference since the normality and outliers identification is a
need to understand the behavior of the data population. Despite
that, for this case study, the analysis on R? should be enough to
represent the strengths of the model equation since the R* value
can be considered high. The same variables (KW(r)/KW(e),
Chiller1(KW) and Chiller2(KW)) are the selected features in T-
Method + Spearman Correlation analysis with error percentages of
3.06% and 3.16%. The analysis for Spearman Correlation was
done using the minitab17 software while the prediction accuracy
was evaluated using Matlab code.

Scatterplot: Analysis of Power Consumption
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Fig. 5: Scatter plot for Power consumption

Figure 6 illustrates the OA factorial effect on SNR gain using L,
Level 1 in x-axis represents the variable is used (included) within
the analysis, while level 2 represents the variable is not used
(excluded) within the analysis. The y-axis represents the average
SNR value for each level in the respective variables following the
combination shared in table 1. Among all 15 parameters, parame-
ter 15th is obviously contributing to a negative effect on power
consumption since the average SNR is higher when not
considering the feature rather than considering it. Having said that,
supposedly considering the 15" parameter into the analysis will
directly affect the whole prediction but the MRE (considering all
features) is still low even considering the 15™ feature. As for this
study, a features with higher level 1 average SNR value will be
considered as important features in T-Method+OA analysis which
are (DP- speed (%), delta-pressure(bar), STL-return temp(°C), Chillerl-
supply temp(°C), Chillerl-return temp(°C), Chiller2-supply temp(°C),
Chiller2-return temp(°C), Tr(°C)). By relying on these features only,
estimation of the two unknown data leads to an error percentage of
2.67% and 2.81%.

As for the ABC analysis, maximum cycle number used for this
study was 1000 with 100 run and 50 number of colony size. Mo-
hammad Shokouhifar Shahid (2014) used a colony size of 50 for
their case study due to convergence speed acceptance [32]. While
E. Zorarpaci et al., (2015) used colony size 50 and the maximum
cycle of 500 on their case [30]. M.S. Uzer et al., (2013) uses 100
runs with 300 maximum run cycle and 20 number of colony size
[33]. The parameter defined within this study is using the greater
value of maximum cycle number, run and colony size which
should cater the risk of high error rate due to non-rigorous explo-
ration. The selection of optimum features was based on the one
selected more than 90 times out of 100 runs. Figure 7 shows the
evolution of the optimum global best of SNR value. The final
optimum parameter was given by (delta-pressure(bar), STL-supply
temp (°C) and Chiller2(KW)). After considering all these, the result
of the two numbers of unknown data shows that the error percent-
ages are between 2.45% ~2.53% accuracy.
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Fig. 6: Orthogonal array factorial effects for 15 features
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Results show that T-Method + ABC with only three features se-
lection giving fewer error percentages compared to T-Method +
Spearman Correlation and T-Method + OA. Table 2 shows the
summary across 4 different combinations including considering all
features as important.

Table 2: Prediction accuracy and feature selection for four combinations

T-Method T-Method T- T-
P Method Method
Spearman + +
Correlation 0OA ABC
Best/optimum All #13,14,15 #.,2,6,7, #2,3,15
features (15 89,12
features)
Prediction
accuracy: 3.31% 3.16% 2.81% 2.45%
Unknown data
1
Prediction
accuracy: 3.19% 3.06% 2.67% 2.53%
Unknown data
2

The result shows some similarity between T-Method + ABC and
T-Method + Spearman Correlation in selecting features 15" as an
important feature but it's been contradicted to T-Method + OA.
By looking at the overall trend, the prediction accuracy results
didn’t vary much but the variation is due to the different method
used. T-Method +OA represent better result which full fill the
main intention of this paper which is to share an adaption of
swarm intelligent method called Artificial Bee Colony (ABC) as
feature selection tools to find optimum features in making a
prediction on the power consumption of district cooling thermal
energy storage system.

However, by relying on this case study only might not able to
conclude that T-Method + ABC will work well for all case study
involving prediction accuracy but if the baseline model is having a
high correlation value which more than 0.8, it is believed that the
method will provide good result compared to the other three
methods shared in this study. Despite that, we believe that there
are various enhancement needed in emphasizing the T-Method +
ABC, especially in adapting the cross-validation method in in-
creasing the accuracy. Test on several case studies will be very
much needed in ensuring the validity and accuracy of this method.

5. Conclusion

Overall, this study strengthens the idea that prediction on certain
issues can be determined by using optimum feature selection only
instead of overall features that lead to cost and computer burden
during the analysis stage. T-Method + ABC proved in this case
study conducted as the best tool in dealing with parameter optimi-
zation with low error % impact to overall prediction. However,
further work needs to be done in emphasizing the critical element

within ABC algorithm as well as the T-method procedures so that
when dealing with low correlation coefficient data, the risk to-
wards high error % accuracy is lesser and avoidable. This method
is applicable when dealing with high correlation coefficient base-
line model, but if beyond that, it might need something extra to
ponder.
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