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Abstract

Power transformers are the link between power generation systems, and the clients that are
supplied with power. They are one of the most important components in a power
distribution network, and hence their reliability is of the utmost importance. Maintenance
data from the power transformers is in the form of Dissolved Gas Analysis (DGA) time
series data. This research attempts to consolidate industry knowledge on the maintenance of
power transformers and time series forecasting techniques into a coherent system for the
purpose of predictive maintenance of power transformers. In addition to this, the
generalisability of forecasting models is investigated by measuring performance of single
models across multiple transformers, and hence, multiple data sets. The data preprocessing
method utilised an exponential smoothing technique specifically designed for the type of raw
data received (aperiodically sampled, noisy data). Additional features were engineered based
on research in the field, and added to the data set. The preprocessing technique is novel in
the context of DGA forecasting. The forecasting method developed utilises a Least-Squares
Support Vector Machine (LS-SVM), and the hyper-parameters of the model were chosen
and optimised using a Particle Swarm Optimiser (PSO). Performance of the developed
models was measured against various metrics, including previously developed univariate
forecasting techniques; built-in Support Vector Regressors; Naive and Mean forecasts; and
ARIMA and Exponential Smoothing forecasters. Two sets of experiments were run
(LS-SVM(1) and LS-SVM(2)) which differed in how the Training, Validation, and Testing
sets were chosen. LS-SVM(1) held out an entire transformer for Testing; and LS-SVM(2)
held out the final h points of each transformer, h € [1 : 4]. These experiments were run for
different input vectors; the Original input vector, and an input vector Augmented with the
additionally engineered features. The statistical significance between the difference of error
distributions produced by the different input vectors was discussed, and found to be highly
feature-dependent. The LS-SVM(2) model outperformed all other models, when the
distributions of the Testing errors were considered. In terms of the generalisability of the
models, it was found that the models trained across all transformers outperformed the
per-transformer models that treated the data as univariate time series. Recommendations
were made in order to potentially improve the performance of future developed models, such
as changing how the Training, Validation, and Testing sets are chosen; changing the fitness

function used in the PSO; and training individual models per transformer.
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1 Introduction

1.1 Background and Motivation

Power transformers are vital components of power distribution networks. The reliability of
such a component is of paramount importance; not only for industrial clients, but also for the
economic operation of a utility. Unscheduled downtime of a transformer can cost a company
significant amounts of money in terms of production interruption, as well as externally imposed

penalties [1].

Other concerns related to power transformer failures include: operational complications to the
electrical system; leaking of flammable insulating oil that is hazardous to the environment;
interruption to service; and the deterioration of the lifetime of the transformer. Service
interruption is a major concern, since transformers are large and expensive components, and
spares are not kept by the utility in the event of a breakdown. Transformer lifetime is
dependent on the insulation and cooling system, since thermal and electrical stresses are

the source of transformer ageing. These stresses subject the transformer to various faults [2].

Transformer maintenance is therefore a high priority. Scheduled maintenance ensures oper-
ational reliability of components by leaving the system unavailable for the shortest possible

time period. In general, there are four main types of component maintenance [1]:

e Corrective maintenance - Planned or unplanned maintenance that is undertaken

after a fault has already occurred

e Preventive maintenance - Seeks correction of faults before they occur, and may result

in the premature replacement of parts in a component

e Predictive maintenance - Corrects faults before they occur through the use of data
analysis techniques, such as analysing trends and finding patterns through historical

analysis

e Proactive maintenance - Determines the root causes of failure in components, and

seeks to deal with these issues before problems occur

The power transformer industry in South Africa currently performs corrective and preventive
maintenance, depending on the context of the failure. Unplanned corrective maintenance is
the worst case scenario, where failure of a power transformer has occurred, resulting in high

costs. There is also the potential threat to the environment, depending on the nature of the



failure. Failure also puts stress on the transformer maintenance company, since other projects

are delayed because of unscheduled maintenance.

Preventive maintenance is less disruptive to the general operational activities of both the
client and maintenance company. Planned downtime is accounted for, and maintenance turn-
around time is expected to be shorter. The disadvantage of preventive maintenance is that
maintenance may be performed prematurely. Premature servicing of the transformer results

in unnecessary costs.

In both preventive and planned corrective maintenance, various data are obtained from com-
ponents currently in operation, in order to determine when the component needs to be replaced
or maintained, as well as the nature of the maintenance. In the case of power transformers,
the data is in the form of Dissolved Gas Analysis (DGA). These data are subject to ana-
lyses within the maintenance company, according to various international standards, such as
ASTM D3612-02 [3]. The outcome of the analysis dictates which failures, if any, have oc-
curred within the transformer, and what action should be taken to ensure the transformer’s

continued operation.

In addition to the standards, there is knowledge developed and utilised within the maintenance
company that’s indicative of incipient faults, and the overall health of the transformer. These
additional features that indirectly relate to the health of the transformer aid the company
in their diagnosis of the system, should the system not be performing as expected. These
features have the potential to be utilised in a machine learning model, to potentially increase

the accuracy of DGA forecasts.

1.2 Research Question

e Is it possible to incorporate industry and expert knowledge into machine learning mod-
els, with the intention of increasing the performance of these models, for the purposes
of DGA forecasting?

e To what extent can forecasting models be generalised across transformers? How will

the models perform on data that is completely unseen?



1.3 Research Aims and Objectives

1.3.1 Aims

The aims of the research are as follows:

e Create a novel method of DGA forecasting in power transformers.

e Compare this novel method with various other methods of forecasting in this context.

1.3.2 Objectives

The aims of the research are achieved by completing the following objectives:

Obtain raw Dissolved Gas Analysis data and pre-process it appropriately.
e Investigate existing industry and expert knowledge through literature and consultation.
e Develop forecasting models incorporating this additional industry knowledge.

e Investigate models already developed in literature and compare the results of these to

the newly developed models.

e As an additional metric, compare the results to standard ARIMA and exponential

smoothing forecasting techniques.

e Conclude which method(s) are best.

1.3.3 Delineations, Limitations, and Assumptions

The following assumptions are made about the data and the research, in order to better define

the scope of the research in question:

e The research is restricted to forecasting in the time domain, and does not include the

classification of the various transformer faults that occur.

e As is discussed in Section 3.1.2, the raw data needed significant cleaning, both from

a re-encoding perspective, and a smoothing and resampling perspective. One of the
concerns with resampling time series is the fact that future data points might be used

in the resampling process. This effectively makes the data dishonest, as discrete events



such as failures are pre-empted by a trend that is created, but does not exist in reality.
This has been avoided where possible by using forward filling, and a smoothing technique
that utilises past data points only [!]. A resample interval has been chosen in a way

that is realistic and practical when considering the reality of the problem.

e This research does not claim to replace the current methods of maintenance schedul-
ing, it is merely an investigation into the viability of incorporating machine learning

techniques in industry for the purpose of data forecasting.

1.4 Outline

Section 1 introduces the problem and gives reasons of the significance of the research in in-
dustry, and specifies the direction in which the research developed. Section 2 introduces
the type of data used in the research, and specifies the methods used for this type of data
forecasting in previous works, as well as the optimisation technique used in this research.
Section 3 specifies the methods used for preprocessing of the data, and specifies the fore-
casting procedures developed for the purpose of this research. Also introduced are baseline
models for comparison against the developed models. Section 4 presents and discusses the
results of the research, and their implications. Section 5 presents concluding remarks from
the research, and Section 6 summarises recommendations for further development. Finally,
Appendix A summarises results that were too cumbersome to include in the main body of

the work presented.



2 Literature Survey

2.1 Dissolved Gas Analysis
2.1.1 Key Gas Analysis

The current method of fault diagnosis is an analysis of the dissolved gases in the transformer
oil. As the transformer operates, the oil and/or insulation paper degrades, thereby producing
some combustible gases that dissolve in the oil [2]. The gases produced are mostly hydrocar-
bons, along with other by-products of combustion. Table 1 shows the types of gases that could
be dissolved in the oil, along with the current limit and corresponding fault type. Currently,

if the gas limit is exceeded, the transformer is assessed and repaired.

Table 1: Key Gasses and their Associated Fault Types

Key Gas Limit Fault Type Expected Degradation Type
Oxygen (O2) -
Nitrogen (Ng) -

Non-Fault Condition -

Methane (CHy) >100 Low Temperature
Continuous

Ethane (C2Hg) >100 Overheating of Oil

High Temperature
Ethylene (CoHy) >80 Continuous

Overheating of Oil

Carbon Monoxide (CO) | >1000 Overheating of

Continuous

Carbon Dioxide (CO3z) | >10000 | Cellulose Insulation

Corona (Low Intensity
Hydrogen (Hz) >150 Discrete
Partial Discharge)

Acetylene (CoHa) >15 Arcing Discrete

Temperature faults such as overheating are expected to occur after a significant period of
time, and are therefore classified accordingly. Electrical faults such as corona discharge and

arcing are instantaneous faults that happen at a discrete time.

The difference in these fault types is significant when considering the data; the gas concen-
trations corresponding to continuous faults are expected to increase predictably over time,
whereas the concentrations of gases associated with discrete faults are expected to increase

spontaneously.



2.1.2 Duval Triangle Method

An additional popular method of fault diagnosis in power transformers is the Duval Triangle
Method [5], and the Duval Pentagon Method [6]. These methods investigate the relationship
between different dissolved gases, and use these relationships and empirical charts to diagnose

the fault. Examples of the Duval triangle and pentagon are shown in Figure 1.

40% C;H, 40% CH,

- T Colln

Figure 1: a) Duval Triangle 1 [5], and b) Duval Pentagon 1 [0]

The concentration of each gas of interest is plotted on its corresponding axis. Once this is
done, the centroid of the resulting shape is found. The region of the chart corresponding to
the centroid’s position indicates the type of fault the transformer has undergone. There are
five Duval triangles, and two pentagons; each comparing different dissolved gases in order to

diagnose multiple faults.

The relationship between dissolved gases can be utilised in the analysis of the data; the ratios
between the gases in the relevant triangles and pentagons were used as additional features.
This non-linear transformation could potentially reveal structure in the data that would have

been otherwise obscured.

2.2 Forecasting in Power Transformers

Several techniques have been used previously in the forecasting of DGA data, including:
Support Vector Machines (SVM) [7—10]; various types of Artificial Neural Networks (ANN)
[11-13]; Grey Models and Grey Extension Models |14, 15]; and Fuzzy Linear Regression
Models [16]. The approach chosen in this report follows two different SVM models, and some



baseline comparisons. SVM models are chosen because of their superiority over other machine

learning techniques in this context of forecasting |7, 10].

Results from other SVM related papers claim Testing errors of between 1% and 10% [7—

|. A direct comparison between these methods and the current research is difficult, since
the data sets, as well as interpolation and resampling techniques are different. Instead, the
experimental procedure specified by Liao et al. [7] will be implemented on the current data
sets, and the results compared with those of the current research. This experimental procedure
is chosen because it closely mimics the procedure specified in this research; the key differences
being how data was preprocessed, and the investigation into the generalisability of the model

across multiple transformers.

2.2.1 «SVR

Support vector machines are a classification tool that can be used to classify linearly separable
data. If the data is not linearly separable, it is mapped to a higher dimensional feature space
where it is separable. Support vector machines can be adapted to perform regression, allowing

the analyst to obtain quantitative responses [17, 18].

The purpose of the regression is to deduce an estimate, f (x), of the true value, y, as well as
the relationship between a vector of observations, x, and the output value, y, from a given
set of training samples. This is done by projecting the data from the original feature space to
a higher dimensional space in order to increase the flatness of the function, and approximate

it in a linear way. The approximation of the function is given as

f(x) = w"(x) + b, (1)

where x € R%, f(x) € R, w € R, ¢(x) denotes a set of non-linear transformations, and b € R

is the model bias.

Consider a set of training samples {(x1,v1),..., (x;,41)} C (Rd X R), where x; is the input,
and y; is the corresponding target value, i € {1,...,1}. The primal optimisation problem for
e-SVR is defined as [18]:

l

min 4§ (,6,6%) = T +C Y (6 +€D), &)

i=1

subject to



yi —wlp(x) —b<e+&
wl(x)+b—y <e+& (3)
5@7@* 207 i:1,2,...,l

where £ and £* are the slack variables, C' is the regularisation parameter, and € is the minimum
penalisable error in the e-SVR. The hyper-parameters for this model are typically associated
with the type of kernel function used, ¢(x), and the regularisation parameter, C. The exact

formulation of the SVR in the context of forecasting is specified in Section 3.2.

2.2.2 Least Squares - Support Vector Machine (LS-SVM)

This particular machine learning model reformulates the classic SVM development. It applies

linear least squares criteria to the loss function, and replaces the inequality constraints with

equality ones |7, 19]. In the primal space, the LS-SVM formulation can be described as
1 l
. T 2
min ¢ (w,e) = Fww +C El (e7), (4)

subject to the equality constraints

yi =wlo(x)+b+e, i=1,2 .1 (5)

From this formulation, a Lagrangian function can be constructed for the purpose of finding

conditions for optimality [7]. The Lagrangian function is given by
l
L(wab767a> - w(‘%e) - Zai (wT¢(Xi) +b+ez _yz) ) (6)
i=1

where «;, i € {1,...,1} are Lagrange multipliers. The Karush-Kuhn-Tucker conditions for

optimality are given by

1
gTLu =0 = w=)_; @o(x)

I
F=0= Yija=0 (7)
=0 = a;=Ce;, i=12..,1

oL
\ 6011'

=0 = wle(xi) +b+e —yi =0, i=1,2..1



After elimination of the variables w and e;, the optimisation problem presents the following

linear solution

0 1{ b 0
= ’ (8)
I, Q+C 1| |« y

where 1; denotes a column vector of length |, @ = [a,...,qq], and y = [y1,...,m]. The

regularisation parameter, C, is a hyper-parameter that must be chosen a priori. The Mercer’s

condition is applied to the matrix £ = {€;;},,, as follows:

Qij = d(x:)Tp(x5) = K (xi,%;). 9)

The LS-SVM model for regression therefore becomes

l
f(X) = Z aiK(X> Xi) + b? (10)
=1

where «;’s and b are solutions to the Equation 8. The Mercer kernel function chosen as the
radial basis function (RBF)

K(x,%;) = exp <”X2_7’;”2> . (11)

The RBF is chosen since it is a commonly used kernel in this forecasting context, and is
reported to yield the best results [7—11]. The kernel has one hyper-parameter, 7. The exact

formulation of the LS-SVM in the context of forecasting is specified in Section 3.2.



2.3 Particle Swarm Optimisation

Particle swarm optimisation (PSO) is a heuristic optimisation algorithm that mimics the
flocking of birds [20]. Consider a population of particles, where S denotes the set of all
particles in the population. The " particle in the population is characterised by its current
velocity, v;(t), its personal best historical position, Ppes (), and its current position, P;(t),
at the ' time step, for all i € S. The final parameter specified in the problem is the global
best position of all particles at the ¢ time step, gpes:(t).

To search for the optimal solution, the velocity and positions of each particle are updated by

the following equations:

Vi(t + 1) = )\Vi(t) + ric1 (Pbest<t) — Pl(t)) + roCo (gbest(t) — Pl(t)) (12)
Pi(t+1) =Pi(t)+vi(t+1) ’

where c1 and co are vectors containing acceleration constants which regulate the relative
velocities with respect to the personal best and global best positions respectively; r; and
ro are scalers of random numbers drawn from a uniform distribution, i.e. 1 ~ U(0,1),

ro ~ U(0,1); and A is an inertia parameter given by

)\mar - )\min
A = Angy — —maz — Zmin, 13
= (13)

where Apqe and An, are the initial and final inertial weights respectively, and G is the total

number of generations. The implementation of the algorithm is shown in Figure 2.

10



Initialisation

Y

Fitness Evaluation

A

Y

Update personal best position Update position
of all particles of particles
\ A
Update global best position Update velocity
of particles

A

Termination criterion met?

Figure 2: PSO Algorithm

The initialisation of the algorithm consists of initialising the population, either randomly or
by other means. The fitness of each member in the population is then evaluated through the
use of some fitness function. At each iteration, the personal best position of each particle,
as well as the overall best position is updated. If the termination criterion has not been met
yet, the velocity and position of each particle is updated by Equation 12. The termination

criterion is a set number of iterations for which the algorithm runs, G.

11



3 Method

The data provided for this research consists of multivariate time series data for multiple
power transformers. The raw data was sampled aperiodically, and was very noisy. This data
was smoothed and resampled appropriately before being processed further. The data set is
relatively large: it consists of time series of 5 - 25 points; has multiple features (discussed
and described in Section 3.2); and contains data from 18 power transformers. The most
transformers used in various literature sources for time series forecasting so far has been three
[7]. Since this data set is relatively large, two main experimental methods were able to be
conducted, and the results from each were subsequently compared. The different experimental

methods are specified in Sections 3.3 and 3.4.

3.1 Nature of the Data

3.1.1 Original Features

The data was obtained from the power transformer company that sponsored this research. The
data consists of multivariate time series, which consist of the key gasses typical in DGA, and
some other discrete indicators which provide an indication of the state of the transformer.
After consultation with an expert, the features used in the analysis were chosen, and are
summarised in Table 2 [21]. There are seven key gasses, which are the features of interest
that are forecast, and eleven additional features that indicate the occurrence of important

events in the transformers’ life span, such as oil filtering or oil replacement.

Continuous and discrete features are inherently treated slightly differently. For instance, the
interpolation method used for missing values of continuous features is linear interpolation. For
the discrete set of features, it physically makes no sense to interpolate linearly, and therefore
forward filling is used for missing values. In some cases, discrete features need to be encoded in
order to be interpreted by the machine learning techniques used. This encoding is summarised

in Table 3.

12



Table 2: Features Chosen for Forecasting Model

Feature Reason for Choice Feature Type
Hydrogen
Ethane
Methane
Ethylene Key Gas. Indicates Failure.
Acetylene
Carbon Dioxide Continuous
Carbon Monoxide
Acid May indicate Oil Change
Nitrogen May Indicate Oil Filtering/Change
Oxygen May Indicate Oil Filtering/Change
Total Furfuaral and Furans May Indicate Failure
Moistire May Indicate Oil Filtering/Change, or
Reason for Drop in Gas Concentration
Dielectric Strength May Indicate Oil Filtering/Change
Top Oil Temperature Proportional to Moisture Content
Discrete

Colour

May Indicate Oil Change

Dirt Sediment

May Affect Dielectric Strength

Oil Level May Indicate Excess Gassing

Oil Leaks May Indicate Excess Gassing

Table 3: Encoding of Discrete Features
Feature Raw Data Type Encoding Method
Moisture Float No encoding required
Dielectric Strength Float No encoding required
Top Oil Temperature Float No encoding required

Colour

Scale from 1.0 to 4.0

No encoding required

Dirt Sediment

‘None’ or ‘Yes’ or ‘Carbon Residue’

0.0 or 1.0 or 2.0

QOil Level

‘Normal’ or ‘Low’

1.0 or 0.0

Oil Leaks

“Yes’ or ‘No’

1.0 or 0.0

13




3.1.2 Exponential Smoothing and Resampling

As part of the preprocessing of the data, an exponential smoothing method was utilised.
The function of smoothing is to eliminate unwanted noise that could negatively impact the
accuracy of the forecasts. The source of this noise is inconsistencies in the physical testing
of the transformer oil; for example, in the case of multiple sampling, all values are present in
the data instead of potentially erroneous ones being omitted. Not enough information was

gathered at the time of data collection in order to quantify the extent or scale of the noise.

With the data in question, the challenge was finding an appropriate smoothing method for
aperiodically sampled data, such that noise is smoothed out but the overall variation of the
data is maintained. This specific formulation is recommended for this application, since it is
used to analyse discrete events, such as failures [1]. Other works incorporating this smoothing
technique on irregularly sampled data include papers in the fields of biology [22], data analytics

[23], and mechanical engineering [21].

The exponential moving average method uses a rolling time series operator with a rolling

window of fixed length 7 > 0. Let a = {atl,atz, .. } denote an unevenly spaced time

"atN(a)
series, with observation times T'(a) = {t1,...,ty(a)}, and length N(a). For a time point,
t; € R, a;; denotes the most recent observation at or before time ¢;. Samples before ¢; are

taken to be ay, . The exponential moving average can be expressed as

as, if =t

EMA(&, T)t =
(1 — exp (—Aﬂ_tl)) ag, + exp (—A,rtl> EMA(a,7),_, ,ift >,

(14)

where At; is the time difference between successive points. The free parameter 7 is effect-
ively a scaling parameter that dictates the degree of variability that is conserved between the
original data and the smoothed data. Because the target data sampling period is quarterly,
the parameter 7 is chosen to be 4, even though it is not period dependent. This allows the
exponent in the smoothing operation to be raised to the power of the number of quarters
between successive data points. Once the exponential smoothing was complete, linear inter-
polation was used to transform the continuous features to a fixed interval, and forward filling
was used to transform the discrete features. The data was then normalised appropriately
before further processing. This exponentially smoothed data is used in the SVM, and the

corresponding time series of each individual feature is denoted by a.

Figure 3 illustrates a time series plot of all the features for a particular transformer, and shows

the effect of smoothing and resampling on the data.
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Figure 3: Time Series Example

(b)

of a) Continuous, and b) Discrete Features
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The blue points represent the raw data obtained from the transformer company, and the red
points and line represent the smoothed and resampled points. In an effort to mitigate the
effects of the first points in the time series being outliers, the first point of each time series

. . . _ aty t+aty+...+at
was chosen to be the mean value of that time series, i.e. @, = — QN(a) N From the

figure, it is clear that some of the raw data is noisy, and therefore exponential smoothing was

necessary. The aperiodic nature of the raw data is also apparent.

3.1.3 Correlation Between Features

Figure 4 shows the scatter matrix of the seven failure gases for a single transformer, but
instead of considering the correlation between features at the same time step, the correlation
between lagged values is considered. On the y-axis, the feature value is plotted, and on the
z-axis, the corresponding first lag is plotted. The lag, or backshift, operator operates on an

element of a time series such that it produces the previous element in that time series:

Bﬁtn = 5tn_17 (15)

or similarly, keeping consistent with the labels in Figure 4:

BFeature = Featurey,g, . (16)

There is definite structure in the lagged feature scatter matrix, and there is therefore definite
correlation between the first lags of some of the features, and the current values. For this
reason, the first lags of every feature forms part of the input vector of the model, in order to
take advantage of the evident correlation in the lags of the features. The second and third lags
of the additional features were also considered, but no apparent correlation existed between

the features. These lags were therefore not included in the model.
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Figure 4: Scatter Matrix of Lagged Feature Correlations in a Single Transformer

3.1.4 Additionally Engineered Features

With the intention of assisting the forecasting techniques with the accuracy of their pre-

dictions, additional features were added to the data in order to exploit any potential non-
linearities. Using the empirical knowledge provided by the Duval Triangles and Pentagons |5,
0], it is known that there is some relationship between the ratios of some of the key gasses and
mechanisms of failure. These eleven ratios were augmented on to the original input vectors
of the model, in the hope that they may improve the forecasting accuracy. These are all the

ratios used in the empirical method of classifying failures. The ratios provided were as follows:
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For a fair comparison, the experiments were run with both the original input vectors, and
the input vectors augmented with the gas ratios. These two input vectors will be refered to
as the original and augmented input vectors respectively. The results from the experiments

were compared directly.

3.2 Procedure for Forecasting

The LS-SVM model has been fully defined for a general case. The procedure for utilising the
model for forecasting purposes, as well as the procedure for optimising the model’s hyper-
parameters, is therefore specified. The procedure is fairly common when forecasting DGA
results using machine learning techniques [7, 8]. The difference in this work is the inclusion of
additional features in the input vector, in order to take advantage of the evident relationship

between features.

Consider the time series of the j* feature for a certain transformer, a/ = {@, ..., @m, ..., @n },
where @;, ¢ € {1,...,n}, is the smoothed, resampled, normalised data point obtained from
the pre-processing procedure, and j indicates the feature to be forecast, where j € {1,...,7}.
There are seven features of interest - the key gases in Table 2 - therefore r = 7. It is reiterated
that the model training samples are expressed as {(x1,y1), .., (x;, %)} € (R? X R). The time

series @ needs to be split into input vectors, x;, and target values, y;, i € {1,...,1}.

Multivariate time series forecasting is performed. The input vectors consisted of the concat-
enation of m-lagged values of the target feature, and 1-lagged values of all other features in
Table 2. The hyper-parameter m represents how many lagged points of feature j are chosen

to be in the input vector when training the model, and is tuned using the PSO algorithm.

The formulation of the input vector can be expressed mathematically; let the first m entries
of the j¥ feature be expressed as 5{ = {@1,...,an}. The vector 5{ is the time series vector,
and forms the first m entries of the input vector x;. The next (d — m) entries of the input
vector are the 1-lagged values of the non-target features. This feature vector can be expressed

mathematically as bji = {bkl bk bf’;f }, where the k;h feature is one such that &, # j, and

m s Ym s -
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p € {1,..., M —1}, where M is the total number of available features. For the experiments con-
ducted with original features only, M = 18 (seven key gasses and eleven additional features).
For the experiments conducted with the augmented input vectors, M = 29 (eighteen features
from the original set, and eleven engineered features). The corresponding target value of the

model is y1 = {Gpmy1}-

The input vector is the concatenation of the time series vector and the feature vector, expressed

as xj] = [ﬁ{, bﬂ This can be expressed in general for the 5" input vector (i € {1,...,1}) as
x; = [a,b]], where & = {@i,...d@1m-1} and b} = {8, 1 b7, b In general, the
target value of the model is given as y; = {@;4,, }. Validation and Testing sets differed based on

which experiment was being conducted, and are specified in Sections 3.3 and 3.4 respectively.

The total number of hyper-parameters in the formulation is therefore three; the regularisation
parameter in the LS-SVM model, C; the free parameter in the RBF kernel function, ~; and
the number of lagged points in the input vector of the model, m. Each feature has its own
set of hyper-parameters. These three hyper-parameters are optimised across all transformers
using the PSO algorithm. The fitness function used in the PSO is the mean squared error
between the forecast value and the actual value in the Validation set. For v validation points,

the fitness of the i*" particle at the t*" time step can be expressed as:

v

1
Fitness;(t) = —
v

(v~ F (@) (7)

k=1

where y;, is the target value that is to be approximated, and f (zy) is the model’s estimate of

the target value.

3.3 Experiment 1 - Leave-One-Out Across Transformers

The data provided from the transformer company consists of data from one of their clients,
with 18 transformers. In all previously found literature, the maximum number of transformers
tested has been four, and all transformers were treated as completely independent, without any
hyper-parameters shared across transformers [7—11, 25]. As stated previously, the difference
between experiment types in this research is in how the Validation and Testing sets are chosen.
The methods used for choosing how Validation and Testing sets are chosen is similar to that

specified by Hyndman |26]. This is further discussed in Section 6.
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In Experiment 1, the models were trained, and the hyper-parameters optimised per feature
across all transformers. The data of a whole single transformer was held-out as the Testing

set. The Training set of the j¥* feature is given as:

Training: {(x1,91), .-, (xi, u1)}; - (18)

For Experiment 1, the number of training pairs is given as [ = n —m — v. The Validation set

of the jt* feature is defined to be:

Validation: {(X(n—m—v)—l—b y(n—m—v)+1) ooy (Xp—m, yn,m)}j . (19)
In the method used for Experiment 1, the number of points held-out for Validation varied
between one and four, i.e. v € {1,...,4}. This effectively increased the amount of data used to
optimise the hyper-parameters of the model. As stated previously, the Training and Validation
sets consisted of data from all transformers except one, which was held out for Testing. The

Testing set can therefore be described in a similar manner to the Validation set:

Testing: { (X(n—m—h)+17 y(n—m—h)—H) }j ) (20)
where h is the number of points held out for Testing on the Testing transformer, h € {1, ...,4}.
The approach is still a Leave-One-Out (LOO) approach, since only one point is forecast per
instance of the experiment. Increasing the number of points being held out effectively increases
the size of the Testing set. Each of the 18 transformers were held out as the Testing set in turn.

Due to the stochastic nature of the optimisation algorithm, each experiment was repeated 20

times, in order to obtain an estimate of the distribution of the forecasting errors.

Figure 5 is a visual representation of how the Training, Validation, and Testing sets were
defined for the j** feature in Experiment 1. For a total number of T transformers, the ItTh
transformer is withheld as the Testing set, and all the other transformers are used for Training

and Validation.
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Transformery, = {(x1,91), ..., (%, ?Jl)}j

Transformery, = {(x1,v1) , ..., (X1, yl)}j

Tmnsformequf1 = {(XL yl) y ey (Xla yl)}j

(a) Training Set

Transformer;, = {(X(n,m,v)ﬂ, y(n,m,v)ﬂ) s eeey (Xp—m, yn_m)}j
Transformery, = { (x(nfmfv)Jrh y(nfmfv)Jrl) s es (Xn—m> Yn—m) }j
Transformery, , = { (X(n—m—v)+17 y(n—m—v)-i—l) IRERD) (Xn—ma yn—m)}j

(b) Validation Set

Transformery, = {(X(n—m—h)+1> y(n—m—h)—l—l) }j

(c) Testing Set

Figure 5: Experiment 1 Set Division
3.4 Experiment 2 - Leave-One-Out Within Transformers

Experiment 2 is similar to Experiment 1 in the way that the hyper-parameters are optimised
for a single feature across all transformers. The difference was in how the Testing set was
defined; the final h points of each transformer were held out, h € {1, ...,4}. This was expected
to outperform Experiment 1, since the Testing set wasn’t from an entirely unseen transformer.

As before, the Training set of the j* feature is given as:

Training: {(x1,91) .., (X1, 1)} - (21)
For Experiment 2, the number of training pairs is given as | = n—m—wv—h. The data remaining

after the Testing set was withheld was split 75%-25% between Training and Validation sets
respectively. The Validation set of the j** feature is defined to be:
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Validation: {(X(n—m—v—h)—l—la y(n—m—v—h)—l—l) ERRE (Xn—m—Iu yn—m—h) }j . (22)

In the method used for Experiment 2, the number of points held-out for Validation was
v € {1,..,]0.25% (n —m — h)|}. As stated previously, the Training and Validation sets
consisted of data from all transformers. The Testing set can therefore be described in a

similar manner to the Validation set:

Testing: { (X(n—m—h)+17 y(n—m—h)+1) }j ) (23)

The approach is still a LOO approach, since only one point is forecast per instance of the
experiment. Increasing the number of points being held out effectively increases the size of
the Testing set. Due to the stochastic nature of the optimisation algorithm, each experiment
was repeated 30 times, in order to obtain an estimate of the distribution of the forecasting

errors.

Figure 6 is a visual representation of how the Training, Validation, and Testing sets were
defined for the j** feature in Experiment 1. For a total number of T' transformers, the final

h points of each transformer are held out as a Testing set.
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Transformery, = {(x1,91) ..., (Xl,yl)}j

Transformery, = {(x1,41) , -, (X1, u1)};

TransformerIT = {(Xl, y1) y e (Xl> yl)}j

(a) Training Set

Transformery, = { (X(n—m—v—h)-l-h y(n—m—v—h)—l—l) oo (Xn—m—h, yn—m—h)}j
Transformery, = { (X(nfmf'ufh)+17 y(nfmfvfh)Jrl) s oo (Xn—m—h> Yn—m—n) }j
Transformery, = { (X(n—m—v—h)—l-lv y(n—m—v—h)—l—l) s oy (Xn—m—hs Yn—m—h) }j

(b) Validation Set

Transformery, = {(X(n_m_h)_H, y(n—m—h)—l—l) }j

Transformery, = {(X(n_m_h)_H, y(n—m—h)+1) }j

Transformery, = {(x(n,m,h)ﬂ, y(n,m,h)ﬂ) }j

(c) Testing Set
Figure 6: Experiment 2 Set Division

The main experiments conducted for the research are therefore listed as follows:

e LS-SVM(1) - Least Squares Support Vector Machine trained using the method spe-
cified by Experiment 1 in Section 3.3.

e LS-SVM(2) - Least Squares Support Vector Machine trained using the method spe-

cified by Experiment 2 in Section 3.4.

e -SVR(2) - SK-Learn’s in-built support vector regression [27] trained using the method
specified by Experiment 2 in Section 3.4.
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All experiments are conducted for both the input vectors containing original features only, as
well as input vectors containing original features augmented with the ratios of different gases,

specified in Section 3.1.4.

3.5 Baseline Models for Comparison

Several standard methods are utilised as baseline comparisons, in order to gauge the effect-
iveness of the newly developed models. The testing results of each method are compared
with those of the relevant experiment, both qualitatively and quantitatively. The following

forecasting methods are used as baseline comparators:

e Mean - Forecast point is the cumulative mean of the feature values up until that point.
e Naive - Forecast point is equal to the previous value in the time series.

e Univariate LS-SVM (LS-SVM-UV(2)) - Least Squares Support Vector Machine
trained using the method specified by Experiment 2 in Section 3.4, except hyper-
parameters are trained on a per-transformer basis - not across transformers; and only the
time series portion of the input vector is used in the LS-SVM (x; = ﬁg ). The additional
feature vector augmentation (b{ ) is omitted. These results are directly comparable with
those produced in other published works [7-9] since the method used mimics methods

in previous research.

e ARIMA - An in-built Autoregressive Integrated Moving Average forecaster from Py-
thon’s Statsmodels library was used as a baseline for comparison [28]. Various models
were trained and validated, and the best model per feature per transformer was taken

as the forecast value.

¢ Exponential Smoothing (E.S.) - An in-built Exponential Smoothing Forecaster from
Python’s Statsmodels library was used as a baseline for comparison [258]. This forecasting
method uses simple exponential smoothing, and optimises two hyper-parameters by

splitting the data into Training, Validation, and Testing.

The method specified by Experiment 2 is easily implementable across all types of models and
baseline tests specified, and it mimics a more traditional method of splitting time series data
[26]. The testing procedure consisted of obtaining and comparing results from all models using
Experiment 2. The best model was then chosen and trained using the method specified by

Experiment 1. This would give a sense of the extent of the generalising ability of the model.
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4 Results and Discussion

The research thus far specifies methods used to forecast single data points per feature, using
differing experiment types. The data from 18 power transformers of various sizes was taken,
and split accordingly into Training, Validation and Testing sets. The data was split differently
according to the method used and the type of experiment that was run. For a detailed

explanation on how the data was split for each experiment, refer to Sections 3.3, and 3.4.

4.1 Optimisation Results

In LS-SVM(1), LS-SVM(2), and LS-SVM-UV(2), the method of choosing hyper-parameters
(C, ~, and m) was by Particle Swarm Optimisation (PSO). This was done by splitting the data
into Training, Validation and Testing sets, and optimising the hyper-parameters according to
the Validation set. The methods used in choosing how the sets were split in each experiment

were specified in Sections 3.2 and 3.5.

Since there are three hyper-parameters that require optimisation, the dimensionality of the
PSO is three. The initial population was generated randomly using upper and lower bounds
for each of the three hyper-parameters. Equation 24 illustrates how the i** member of the
population was generated at the ¢ = 0 time step. The parameter, rand, represents a number
drawn from a uniform distribution, i.e. rand ~ U(0,1), and the function, round(), rounds off

the input to its nearest integer.

T
Cmin + (Cmax - szn) * rand

PZ(O) = Ymin + ('Yma:n - 'szn) * rand , € (R X R x N) (24)

round (Mumin + (Mimaz — Mmin) * rand)

Equation 12, utilised in the PSO, is reiterated for convenience:

Vl'(t + 1) = )\Vi(t) “+ricy (Pbest(t) — Pz(t)) “+ 1r9Co (gbest(t) — Pz(t))
Pi(t+1) =P;t)+vi(t+1)

The values of the parameters used in the PSO are summarised in Table 4.
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Table 4: Summary of Parameters used in PSO Algorithm

Parameter Value Parameter Value
S 20 Crin 0.0

G 100 Craz 5000.0

c1 [0.5, 0.5, 2.0] Ymin 10.0

Co [0.5, 0.5, 2.0] Vmaz 200.0
Amin 0.4 Momin 1
Amaz 0.9 Mmaz 5

The fitness function chosen to evaluate the fitness of each particle in the swarm is the mean
squared error of the validation points. For v validation points, the fitness of the i*" particle

at the t* time step can be expressed as:

v

(yk —f (%))2 ) (25)

Fitness;(t) =

S| =

k=1

where x, is the input vector to the LS-SVM, y,, is the target value, and f(a:v) is the model’s

estimate of the target value.

LS-SVM(1) was run 20 times per holdout transformer, and both LS-SVM(2) and LS-SVM-
UV(2) were run 30 times per holdout point. From the repetitions, a distribution of errors
could be estimated. Figure 7 illustrates the convergence to an optimal solution for a single
experiment. The figure shows the overall convergence of the population on a local minimum,
as well as how the fitness of the global best member of the population changed throughout

the experiment.
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Figure 7: Convergence Curves for Hydrogen for a Particular Transformer

In this particular case, it is clear that a minimum solution was found after a small number
of iterations (less than 20). This is indicated by the constant global best solution, where the
fitness doesn’t change in the later iterations. However, due to the stochastic nature of the
problem, it is important that the experiment run to completion, in case a better solution is

found in later iterations.

4.2 Validation and Testing Errors

Table 5 shows the mean Validation and Testing MSE’s across all transformers per feature, for
both original and augmented input vectors. The highlighted cells in the table indicate which
model performed best for each feature in the Testing experiments. The purpose of comparing
Validation and Testing errors within experiments is to determine whether models have been
over-fit to the particular dataset, and also to observe whether the errors in each set are as

expected relative to one another.

It is noted that in general, the Validation and Testing errors for LS-SVM(1) are such that the
Validation errors are smaller than the Testing errors, but still within one order of magnitude.

This is a positive result because it rules out model over-fitting in the experiment.

If the method behind LS-SVM(1) is considered, the difference between Validation and Testing
errors is expected; the Testing set was a completely unseen transformer, potentially with

unique characteristics that the model hadn’t been trained to handle. In cases like this, the
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performance of this model would be comparable to a Mean or Naive forecast, but this is
case-specific, and difficult to generalise. The phenomenon would be more easily observable in

a time series plot.

The relatively low Validation errors of LS-SVM(1) are also expected when the method is
considered; LS-SVM(1) had both the largest Training set per transformer, as well as poten-
tially the largest Validation set when compared to the method of Experiment 2. The model
therefore has enough information to properly fit the data, without over-fitting. This well-fit
Validation set is a useful result, as it gives a lower bound on the error of an unseen trans-
former, assuming nothing about the transformer history is known. A potential application of
this model would be for a brand new transformer, where the current number of data points

is too few to train a new model, but enough such that a forecast is possible.

In LS-SVM(2), in general, the Testing errors are smaller than the Validation errors, but are
still within one order of magnitude. This is an unusual result, since the Validation set is
always expected to outperform the Testing set. Possible causes of this phenomenon could be
due to the design of the Experiment 2 method; if a large number of points were held out for
testing relative to the number of points used for validation, the Validation set would be smaller
than the Testing set. This could possibly imply under-training of the model, and a better
result could potentially be obtained with a larger Validation set. Despite this inconsistency,

LS-SVM(2) generally outperforms all other models in Testing,.

Both the e-SVR(2) and LS-SVM-UV(2) models display signs of over-fitting in some cases.
These are the cases where the Validation and Testing errors differ by over one order of mag-
nitude. Both of these models were trained with the method specified by Experiment 2. The
fact that neither of them performed well relative to the LS-SVM models indicates that neither

of them are a good model choice for the forecasting of this particular data.

28



6¢

Table 5: Mean Validation and Testing Error Summary across All Transformers

Input LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
Type Feat Valid Test Valid Test Valid Test Valid Test

KMSE o HUMSE o HMSE o KMSE o KMSE g KMSE o HUMSE o KMSE o

Ho 0.181 | 0.396 | 0.425 | 0.652 || 1.112 | 1.050 | 0.278 | 0.521 || 2.266 | 1.505 | 2.829 | 1.675 || 6.412 | 2.532 | 160.8 | 12.67

CoHg | 0.304 | 0.501 | 0.534 | 0.707 || 0.383 | 0.575 | 0.217 | 0.420 || 0.370 | 0.562 | 0.978 | 0.968 || 64.50 | 8.030 | 4.182 | 2.026

CHy | 0.072 | 0.228 | 0.186 | 0.426 || 0.198 | 0.376 | 0.053 | 0.207 || 0.427 | 0.590 | 0.176 | 0.417 || 11.74 | 3.420 | 5.437 | 2.263

Original CoHy | 0.584 | 0.735 | 0.632 | 0.776 || 0.365 | 0.588 | 0.672 | 0.773 || 0.398 | 0.603 | 1.183 | 1.053 || 2.733 | 1.627 | 7.135 | 2.668

CoHy | 0.164 | 0.389 | 1.451 | 1.204 || 0.885 | 0.941 | 0.510 | 0.702 || 10.93 | 3.304 | 456.2 | 21.35 || 99.54 | 9.935 | 226.1 | 15.04

COz | 0.326 | 0.548 | 0.495 | 0.680 || 0.387 | 0.617 | 0.331 | 0.535 || 1.798 | 1.315 | 2.790 | 1.667 || 796.3 | 28.22 | 278.0 | 16.67

CO | 0.283 | 0.531 | 0.348 | 0.586 || 1.046 | 1.008 | 0.224 | 0.472 || 2.417 | 1.551 | 2.695 | 1.640 || 15.17 | 3.889 | 17.99 | 4.239

Hy 0.189 | 0.435 | 0.638 | 0.785 || 1.056 | 1.026 | 0.336 | 0.574 || 1.621 | 1.273 | 1.199 | 1.080 || 6.412 | 2.532 | 160.8 | 12.67

CoHg | 0.350 | 0.567 | 0.579 | 0.750 || 0.420 | 0.553 | 0.290 | 0.520 || 1.331 | 1.140 | 43.12 | 6.556 || 64.50 | 8.030 | 4.182 | 2.026

CH; | 0.044 | 0.184 | 0.094 | 0.302 || 0.156 | 0.333 | 0.058 | 0.232 || 0.101 | 0.274 | 78.04 | 8.808 || 11.74 | 3.420 | 5.437 | 2.263

Augmented | CoHy | 0.353 | 0.573 | 0.614 | 0.775 || 0.203 | 0.424 | 0.748 | 0.837 || 0.213 | 0.435 | 0.890 | 0.917 || 2.733 | 1.627 | 7.135 | 2.668

CqoHy | 0.320 | 0.564 | 2.630 | 1.622 || 0.719 | 0.847 | 0.533 | 0.706 || 2.706 | 1.622 | 335.2 | 18.31 || 99.54 | 9.935 | 226.1 | 15.04

COz | 0.290 | 0.510 | 0.377 | 0.604 || 0.377 | 0.597 | 0.349 | 0.584 || 0.797 | 0.884 | 1.111 | 0.981 || 796.3 | 28.22 | 278.0 | 16.67

CcO

0.276 | 0.514 | 0.313 | 0.559

0.849 | 0.901 | 0.263 | 0.513

0.986 | 0.985 | 0.414 | 0.626

15.17 | 3.889 | 17.99 | 4.239




4.3 Visualisation of Testing Errors

The visualisation of prediction error distributions in each experiment is useful because it
can immediately be seen which features are performing better. Desirable properties of the
distributions include centring around zero, a relatively small standard deviation, and an ap-
proximately normal distribution. Figure 8 shows the prediction error histograms plotted for
Hydrogen in Experiment 1. The prediction errors are plotted for this feature using the two
specified input types. The resulting prediction error distributions are compared with each
other, as well as error distributions obtained from the Mean and Naive forecasts. In Figure
8, the left hand figure was obtained using only the original input vector, and the right hand
figure was obtained using the augmented input vector. For the unabridged set of results, refer

to Appendix A.1.1.

The resulting prediction error distributions from both original and augmented input vectors
show high error densities close to zero. The original input vector results display a relatively
large bias. The standard deviation of the original input vector distribution is significantly
lower than that of the augmented input vector distribution. The error density around the
mean is higher for the original input vector distribution. It is inconclusive to say which set
of input vectors performs better without having considered quantitative methods. These are

discussed in Section 4.4.4.
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Figure 8: LS-SVM(1) Testing Error Distribution - Hydrogen

A notable property in general is the spike in density of the outliers for various discrete values.
The increased density of these outliers may indicate that for a particular testing transformer,
the set of hyper-parameters found to be optimal were identical for several instances of the
experiment, and hence the testing errors for this particular parameter set were identical for

each instance. This is not an ideal occurrence.

The purpose of running repeated experiments with a global optimiser with different initialisa-

tions is to find multiple solutions to a problem. This procedure is done in order to obtain a
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good minimum as opposed to many local minima in the space. Using multiple runs, it is use-
ful to obtain an error distribution; ideally one that is normally distributed. An error density
function that exhibits a complex mix of distributions is undesirable, since useful statistical
tools in forecasting, such as confidence intervals, are based on normal error distributions. The
occurrence of arbitrary error density functions could potentially be mitigated by having a
cleaner set of data to work with, or by changing the fitness function of the optimiser to one

that punishes outliers to a greater extent.

4.4 Comparison of Methods

Table 6 shows the Mean Squared Error results obtained for the Testing errors of all experiments
conducted and all baseline tests. The table shows the mean MSE’s and standard deviations of
errors obtained across all transformers, for both original and augmented input vectors. The
highlighted cells indicate which model performed best for each feature, for the same input
vector type (either the original input vector, or the augmented input vector). The entire set

of results can be found in Appendix A.2.3.

From the table, it can be observed that LS-SVM(2) generally outperformed all other models in
the majority of cases, for both input vector types, except for one feature in the original input
case and two features in the augmented input case where it was beaten by the Naive forecast.
This is an interesting result. In general, if the Naive forecast beats all other forecasts, the
data is a random walk, with no discernible pattern or trend that could be identified by the

models.
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Table 6: Results Summary - Mean Testing Results for Original and Augmented Features

Input Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) | LS-SVM-UV(2) ARIMA E.S. Naive Mean
Type UMSE o HMSE o UMSE o UMSE g UMSE o HMSE o HUMSE o UMSE o
Hy 0.425 | 0.652 | 0.278 | 0.521 | 2.829 | 1.675 | 160.8 | 12.67 | 491.7 | 21.08 | 48.17 | 6.939 | 0.626 | 0.790 | 1.213 | 1.016
CoHg | 0.534 | 0.707 | 0.217 | 0.420 | 0.978 | 0.968 | 4.182 | 2.026 | 22e™3 | 141.2 | 37.78 | 6.142 | 0.598 | 0.771 | 1.256 | 1.013
CHy | 0.186 | 0.426 | 0.053 | 0.20 | 0.176 | 0.417 | 5.437 | 2.263 1122 | 32.07 | 250.4 | 15.72 | 0.673 | 0.816 | 1.257 | 0.989
Original CoHy | 0.632 | 0.776 | 0.672 | 0.773 | 1.183 | 1.053 | 7.135 | 2.668 | 21let3 | 142.0 | 1040 | 31.88 | 0.564 | 0.750 | 1.252 | 1.018
CoHy | 1.451 | 1.204 | 0.510 | 0.702 | 456.2 | 21.35 | 226.1 | 15.04 | 3650 | 57.03 | 10.65 | 3.262 | 0.512 | 0.713 | 0.895 | 0.900
CO2 | 0.495 | 0.680 | 0.331 | 0.535 | 2.790 | 1.667 | 278.0 | 16.67 | 87e*3 | 295.2 | 16e™* | 389.7 | 0.878 | 0.936 | 1.246 | 1.113
CO | 0.348 | 0.586 | 0.224 | 0.472 | 2.695 | 1.640 | 17.99 | 4.239 | 502.7 | 22.05 | 630.9 | 25.09 | 0.842 | 0.917 | 1.235 | 1.104
Hy 0.638 | 0.785 | 0.336 | 0.574 | 1.199 | 1.080 | 160.8 | 12.67 | 491.7 | 21.08 | 48.17 | 6.939 | 0.626 | 0.790 | 1.213 | 1.016
CoHg | 0.579 | 0.750 | 0.290 | 0.520 | 43.12 | 6.556 | 4.182 | 2.026 | 22e™3 | 141.2 | 37.78 | 6.142 | 0.598 | 0.771 | 1.256 | 1.013
CHy | 0.094 | 0.302 | 0.058 | 0.232 | 78.04 | 8.808 | 5.437 | 2.263 1122 | 32.07 | 250.4 | 15.72 | 0.673 | 0.816 | 1.257 | 0.989
Augmented | CoHy | 0.614 | 0.775 | 0.748 | 0.837 | 0.890 | 0.917 | 7.135 | 2.668 | 21le™3 | 142.0 | 1040 | 31.88 | 0.564 | 0.750 | 1.252 | 1.018
CoHy | 2,630 | 1.622 | 0.533 | 0.706 | 335.2 | 18.31 | 226.1 | 15.04 | 3650 | 57.03 | 10.65 | 3.262 | 0.512 | 0.713 | 0.895 | 0.900
COz | 0.377 | 0.604 | 0.349 | 0.584 | 1.111 | 0.981 | 278.0 | 16.67 | 87e*3 | 295.2 | 16e™* | 389.7 | 0.878 | 0.936 | 1.246 | 1.113
CO | 0.313 | 0.559 | 0.263 | 0.513 | 0.414 | 0.626 | 17.99 | 4.239 | 502.7 | 22.05 | 630.9 | 25.09 | 0.842 | 0.917 | 1.235 | 1.104




4.4.1 LS-SVM vs. e-SVR

Other popular support vector regression models, such as e-SVR, have been used as compar-
ative models in previous work [7]. This is a good comparative model to the LS-SVM because
they both use the same primal machine learning technique; the only difference between them

being how the parameters of the model are solved.

The LS-SVM(2) and e-SVR(2) models may be compared directly because they are both given
identical input data - data that was split into Training, Validation, and Testing sets using the
method for Experiment 2. The only difference in the models is therefore how the parameters
within each model were solved. Comparing these two models therefore indicates which method

of solving an SVR is better suited to the data in question.

Figures 9 and 10 show the error distributions of LS-SVM and ¢-SVR models for the feature
Hydrogen. These error distributions were obtained using the original input vector. Figure 9
compares both models with the Mean and Naive forecasting errors, and Figure 10 compares

the models directly.

—— Naive —— Naive
20 —=- Mean 20 —=- Mean
LS-SVM(2) £-SVR(2)
> 15
]
C
o
0 1.0
0.5
0.0

Figure 9: LS-SVM(2) vs e-SVR(2) - Hydrogen
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Figure 10: LS-SVM(2) vs e-SVR(2) - Direct Comparison
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From Table 6, the mean MSE values for the Testing set of the feature Hydrogen for the
LS-SVM(2) and e-SVR models are 0.278 and 2.829 respectively. The LS-SVM(2) model out-
performed the e-SVR model by 90.2% according to the mean MSE value of each distribution.

The source of the large MSE value for the e-SVR model is the magnitude of the outliers in its
Testing errors. This is clearly observed in Figure 9; the density of large outliers is significantly
larger in the e-SVR when compared to the LS-SVM(2) plot. Another noteworthy property of

the e-SVR model is its tendency to closely follow the Naive forecast errors.

The difference in standard distributions is clearly noted in Figure 9. The testing errors of
the e-SVR model are significantly more spread out when compared to those of LS-SVM(2).
Furthermore, the density centred around the mean is significantly higher for LS-SVM(2) than
it is for e-SVR. This indicates that in general, the errors are expected to be smaller for
LS-SVM(2).

4.4.2 LS-SVM vs. LS-SVM-UV

In all previously encountered works, features within transformers are treated to be very sep-
arate, and only univariate time series forecasting has been attempted. Transformers are also
treated very separately, and there has never been an attempt to consolidate transformers by
having a single set of hyper-parameters between multiple transformers [7—11, 25]. If having a
single set of hyper-parameters across transformers yields good forecasting results, this could
significantly reduce training time of the models, since the models could be generalised across

several transformers.

The focus of this research has been to investigate to what extent the machine learning models
in question are generalisable; to investigate if a single set of hyper-parameters can be chosen
such that they can be applied to multiple transformers without compromising forecasting
accuracy. To investigate the ability of the model to generalise, a model was designed similar to
the ones specified in literature |7]. These models treat each transformer separately, i.e. hyper-
parameters are trained on a per-transformer basis, and features are treated as completely
independent univariate time series. Mathematically, the input vector is reduced to x; = ﬁg .
The additional feature vector augmentation (bf ) is omitted. This model is called LS-SVM-
UV (Univariate). In this way, the performance of reportedly good models can be measured

against the models presented in this research.

Figures 11 and 12 show the error distributions of LS-SVM(2) and LS-SVM-UV(2) for the

feature Hydrogen. These error distributions were obtained using the original input vector.
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Figure 11 compares both models to the Mean and Naive forecasting errors, and Figure 12

compares the models directly.

These models are directly comparable because they use identical techniques for finding both
the parameters and hyper-parameters (LS-SVM). The only difference is how the data is split,
and how the hyper-parameters are optimised; LS-SVM(2) allows for multiple features in its
input whereas LS-SVM-UV(2) only allows for a single input vector of the feature being fore-
cast. LS-SVM(2) optimises a single set of hyper-parameters across all transformers whereas

LS-SVM-UV(2) optimises a different set of hyper-parameters for each transformer.
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Figure 11: LS-SVM(2) vs LS-SVM-UV(2) - Hydrogen
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Figure 12: LS-SVM(2) vs LS-SVM-UV(2) - Direct Comparison

From Table 6, the mean MSE values for the Testing set of the feature Hydrogen for the
LS-SVM(2) and LS-SVM-UV(2) models are 0.278 and 160.8 respectively. The LS-SVM(2)
model outperformed the LS-SVM-UV(2) model by 99.8% according to the MSE value of each

distribution.

Despite the fact that the LS-SVM-UV(2) model is reported to perform very well in previous
work, it generally does not perform well on the current set of data. The reported range of Mean
Absolute Percentage Errors (MAPE) in previous works were between 1% and 10% [7-10].
The current model yields MAPE’s of between 170% and 260%. This could be due to several
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reasons: the resampling techniques used in this research are different from other previously
used resampling techniques; the experimental method is slightly different, as previous works
did not include both Validation and Testing sets; and the obvious fact that the data is different.

It is therefore not surprising that the model did not yield identical results.

4.4.3 LS-SVM - Experiment 1 vs. Experiment 2

The LS-SVM model has been used in two distinct experiments throughout the research. In
both Experiments 1 and 2, the LS-SVM was used to forecast single data points per feature.
The difference in models is due to how the data was split into Training, Validation, and Testing
sets. In Experiment 1, a LOO approach was taken, and the data of an entire transformer
was held out as the Testing set. The purpose of running this experiment was to observe
how well the model performed on a completely unseen transformer. If this is successfully
implemented, training times could be reduced since a new model wouldn’t be required for

unseen transformers.

In Experiment 2, the final A points of each transformer were held out as the Testing set,
h € [1 : 4]. This method would be closer to reality, as it was expected to perform better
than Experiment 1 since some of the transformer data had been seen by the model. A major
disadvantage of this experiment is that the Validation set is potentially significantly smaller
than that of Experiment 1. This could result in model under-training, and the only possible

mitigation is obtaining more data, or redesigning the experiment.

Figures 13 and 14 show the testing error distributions for the feature Ethane, for both LS-
SVM models. The left hand distribution is for Experiment 1, and the right hand distribution
is for Experiment 2. The distributions are from the results obtained using the original input

vector - not the input vector augmented with gas ratios.
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Figure 13: LS-SVM(1) vs LS-SVM(2) - Ethane
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Figure 14: LS-SVM(1) vs LS-SVM(2) - Direct Comparison

From Table 6, the Original Input experiment yielded mean MSE values of 0.534; 0.217; and
0.598 for Ethane for the LS-SVM(1), LS-SVM(2) and Naive forecasts respectively; and stand-
ard deviation values of 0.707; 0.420; and 0.771 respectively. Figure 13 illustrates the error
distributions corresponding to those experiments, and Figure 14 compares the experiments

directly for the same feature.

The LS-SVM(1) experiment for this feature only narrowly beat the Naive forecast by 10.7%,
according to their differences in mean MSE. This is clearly reflected in the distribution. The
shape of the Testing error distribution closely follows that of the Naive error distribution;
the only major difference being the density of values centred around the distribution peaks.
Even the standard deviations of the LS-SVM(1) and Naive forecasts are similar, having an
8% difference. This may illustrate a tendency of the model to mimic the Naive forecast if
the characteristics of the unseen transformer are foreign to the model. As a result, it can be

inferred that the model effectively defaults to the Naive forecast when it is under-trained.

The LS-SVM(2) experiment beat the Naive forecast by 63.7%, according to their mean MSE
difference, and 45.5% according to their standard deviation difference. The difference in these
standard deviations can be directly observed in Figure 13, as the outliers of the Testing error

are closer to the peak of the distribution.

The outliers of the Naive method are significantly more spread out. Since the metric being
used is the MSE and not MAPE, the standard deviation of an error distribution does have an
effect on the measure of how good a model is, since the MSE punishes outliers significantly.
The consequence of this can be observed in Figure 13; the peaks of the LS-SVM(2) and Naive
distributions do not have a significant bias relative to each other, but LS-SVM(2) is classified
as being significantly better according to the MSE.

Figure 14 compares LS-SVM(1) and LS-SVM(2) directly. According the the MSE’s of the
methods, LS-SVM(2) is 59.4% better than LS-SVM(1). The resulting distributions are clear
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as to why LS-SVM(2) performs better; the peak of the LS-SVM(2) experiment is significantly
closer to zero when compared to LS-SVM(1), and the density of extreme outliers is significantly

lower for LS-SVM(2).

The fact that LS-SVM(2) beat LS-SVM(1) significantly is a clear indication that there is
information in the data within transformers that cannot be perfectly translated across trans-
formers. For the purpose of implementing this system, Experiment 2 should therefore be
considered a more reliable method of splitting data for forecasting than Experiment 1, since
it includes all transformers in Training and Validation, and hence allows the models access to

more information.

4.4.4 Original vs. Augmented Input Vectors

Expert knowledge can be an important part of designing successful machine learning systems,
since it may give a good indication as to which features contain important information about
the system, and hence should be incorporated into the models in an effort to improve them.
In the context of forecasting, an improvement is quantified as how well a particular model

performs relative to how it would have performed if the expert knowledge was not available.

In the case of DGA, the expert knowledge comes from literature that suggests the ratios
between specific dissolved gases is indicative of different potential failure mechanisms that
occur |5, 6]. The input vector was augmented with these ratios and utilised in various machine
learning models. The results were subsequently compared to identical models where the
original input vector was used. The purpose of this was to observe the effect of including
expert knowledge into forecasting methods. Student’s t-test is used as a metric to adequately
compare the methods by investigating the statistical significance of the difference between
their respective error distributions [29]. The null hypothesis in this case is such that there is
not statistically significant difference between the samples. The two tailed t-value between

original and augmented input vector result is found as follows:

’Nom’g - Naug|

tvalue = > ; (26)
Uorig Ug.ug
Na'rig Naug

where p is the mean of the distribution in question, o is the standard deviation of the same
distribution, and NN is the number of data points in the distribution. If ¢4 is less than
the critical value 1.96, then the null hypothesis is not rejected, and there is no statistically

significant difference between the two distributions in question. If ;4. is not less than the
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critical value, then the null hypothesis is rejected, which implies that there is a statistically

significant difference between the distributions being compared.

Table 7 summarises the mean results of the original and augmented input vectors for the three
methods that allowed for input vector augmentation; LS-SVM(1), LS-SVM(2), and e-SVR(2).

Table 7: Input Vector Comparison Summary for All Experiments across All Transformers

Exp. Original Augmented
Type Feat Valid Test Valid Test t-value
HMSE o UMSE o UMSE g UMSE o

Ho 0.181 | 0.396 | 0.425 | 0.652 || 0.189 | 0.435 | 0.638 | 0.785 6.459
CoHg | 0.304 | 0.501 | 0.534 | 0.707 || 0.350 | 0.567 | 0.579 | 0.750 1.936

LS-SVM | CHy | 0.072 | 0.228 | 0.186 | 0.426 || 0.044 | 0.184 | 0.094 | 0.302 1.000

(Exp. 1) | CoHy | 0.584 | 0.735 | 0.632 | 0.776 || 0.353 | 0.573 | 0.614 | 0.775 1.959
CoHs | 0.164 | 0.389 | 1.451 | 1.204 || 0.320 | 0.564 | 2.630 | 1.622 0.037
CO2 | 0.326 | 0.548 | 0.495 | 0.680 || 0.290 | 0.510 | 0.377 | 0.604 2.859
CO | 0.283 | 0.531 | 0.348 | 0.586 || 0.276 | 0.514 | 0.313 | 0.559 4.513
Hy 1.112 | 1.050 | 0.278 | 0.521 || 1.056 | 1.026 | 0.336 | 0.574 0.059
CoHg | 0.383 | 0.575 | 0.217 | 0.420 || 0.420 | 0.553 | 0.290 | 0.520 4.108

LS-SVM | CHy | 0.198 | 0.376 | 0.053 | 0.207 || 0.156 | 0.333 | 0.058 | 0.232 6.017

(Exp. 2) | CoHy | 0.365 | 0.588 | 0.672 | 0.773 || 0.203 | 0.424 | 0.748 | 0.837 2.228
CoHy | 0.885 | 0.941 | 0.510 | 0.702 || 0.719 | 0.847 | 0.533 | 0.706 2.458
CO2 | 0.387 | 0.617 | 0.331 | 0.535 || 0.377 | 0.597 | 0.349 | 0.584 7.143
CO | 1.046 | 1.008 | 0.224 | 0.472 || 0.849 | 0.901 | 0.263 | 0.513 2.455

The highlighted cells in the table indicate which Testing sets performed better per feature
for the same model, for the two different input types. The t-values between Testing error
distributions are also indicated in the table. The highlighted cells in the t-value column
indicate for which features the input type makes no statistically relevant difference. In LS-
SVM(1), when the mean MSE values are considered, it seems that the model performed
better overall when given the augmented input vectors. However, upon closer inspection, the

statistically significant difference between four of the features is negligible.

For the features COs and CO, the augmented input vector outperformed the original input
vector when the mean MSE results are considered, and for the feature Hs, the original input
vector outperformed the augmented one. This is an interesting result, as the increase of fore-

casting accuracy seems feature-dependent for LS-SVM(1), when input types are considered.
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When the Validation error results are considered, the LS-SVM(2) performed better using the
augmented input vector. This is indicated by the lower values of mean MSE, and standard
deviation of the error distributions. However, when the Testing errors are considered, the
LS-SVM(2) model performed better when the original input vector is used. This is evident
from the lower mean MSE values for all features, as well as the fact that for six of the seven

features, the difference in distributions is statistically significant.

The differences in results show that although the model trained better according to the Val-
idation errors, it failed to generalise, and yielded worse results in the Testing set. This is
an unexpected result - it was initially expected that the addition of expert knowledge to
the model would increase the forecasting accuracy, but the results indicate that the model
performs better without the additional features. A possible explanation to this result could
be that these additional features were originally designed for fault classification, and not for

forecasting. It is apparent that the knowledge may not be extended to forecasting data.

4.4.5 Time Series

Figure 15 illustrates an example of a time series plot with the forecast points using several
methods that were implemented and discussed. The data is from the feature Ethylene (CoHy)
of Transformer No. 4. The figure shows the actual time series being forecast, as well as the
Testing results from four of the best performing techniques - LS-SVM(1), LS-SVM(2), e-SVR,

and Naive forecast.
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Figure 15: Time Series Forecast - Ethylene
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The shaded regions associated with each forecast is that forecast’s 95% forecast interval. This
is obtained by using the estimated standard deviation of the data up until that point. The

95% forecast interval can be expressed as [20]:

f(x) £ 1.960, (27)

where ¢ is the estimated standard deviation. In this case, o is taken as the standard deviation
of the Validation errors. The final h points of the time series were held out for testing,
h € [1 : 4], and these are the points that are forecast. It is once again emphasised that the

forecasts conducted are one step forecasts.

In the particular case being plotted, it is clear that LS-SVM(1) and LS-SVM(2) perform
very similarly for the first three points that are forecast. In this case, both LS-SVM models
outperformed the Naive forecast. The errors associated with the e-SVR model are generally

larger when compared to the LS-SVM models. Once again, this emphasises the performance
of the LS-SVM models over the e-SVR model.
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5 Conclusions

The following conclusions can be drawn from the discussion of the results:

e The hyper-parameter sets generally took a small number of iterations to optimise (less
than 20, Figure 7). The optimisation portion of the experiment was therefore drawn out,
and training times could have effectively been reduced if the total number of training

iterations was reduced.

e Increasing the size of the Validation set by decreasing the size of the Testing set may

improve forecasting results.

e Training models per-transformer instead of across multiple transformers may improve
forecasting results at the expense of model generality. This is likely to reduce outliers

in particular transformer forecasts.

e Performance of the models on unseen transformers was significantly worse than that on
transformers that were previously encountered by the model, even though both sets of
data were unseen. This is a clear indication that there is structure within the data of a

particular transformer that assists in the forecasting of data of that transformer.

e When considering original and augmented input vectors, no generalisable conclusion
could be reached with respect to the enhancement of forecast accuracy. The value of
additional features is subjective according to both the model type and feature. As a
result, new models should be tested with these different input types, or when applying

models in reality, it should be noted which input types perform better for which feature.

e The LS-SVM(2) model generally outperformed the e-SVR(2) model. This confirms the
findings of other papers [7] that report on the superiority of LS-SVM models over e-SVR

models when forecasting DGA results.

e The LS-SVM(2) model also outperformed the LS-SVM-UV(2) model. This shows the
advantage of including multiple features in the input vector to the model, and not

treating time series as completely independent.
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6 Recommendations

Recommendations for further research and development of the project are as follows:

e Incorporate mean absolute percentage error into the cost function of the optimiser. This
would potentially increase the accuracy of the forecasts by further modification of the

hyper-parameters.

e Work closer with power transformer companies in order to obtain good, clean, period-
ically sampled data. All research conducted thus far holds an underlying assumption
that the data being used is correct and accurate. This is not necessarily the case; when

working with industrial data, the quality of the data is vital in accurate forecasting.

e In the event that cleaner data is unavailable, the free parameter used in the smoothing
stage of the data pre-processing, 7, should be optimised. This parameter was chosen
on the basis that is related the time between successive data points to the number of
target periods, despite the fact that it acts as a scaling parameter, and is not period
dependent. It should be chosen in such a way that eliminates the noise in the data

without compromising the trends within the time series.

e The purpose of the research was to compare novel methods across all transformers to
methods that are transformer specific. As a result, the novel method of how data
was split in both experiments was not extensively tested on a per-transformer basis.
This method of experimentation may result in less general hyper-parameters, but may

improve forecast accuracy.

e Multi-step forecasting models should be developed. It would be useful to have models
that forecast more than one time step into the future, especially from the perspective
of an industry where the components being analysed are vital to the functioning of the

system.
e Use a more traditional cross-validation method specifically designed for time series [20]:

— Assuming m is the minimum number of observations for a Training set, Select
observation m+i for the Validation set, using observations at timest = 1,2, ..., m—+

1 — 1 to estimate the model.

— Compute the error for time m + i. Repeat for ¢ = 0,1,2,...,n — m — h, where n
is the total number of points in the time series and h is the number of points held

out for Testing.

— This method would definitely increase the size of the Validation set, prevent under-

training, and possibly result in a higher forecast accuracy.
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A Unabridged Results

A.1 Distribution of Errors

A.1.1 Experiment 1

Figure 16 shows the unabridged error histograms plotted for Experiment 1. In each case,
the testing error histograms and density estimators are plotted for each feature. These are
directly compared with the errors obtained using the Mean and Naive forecasts. For each
feature, the left hand figure was obtained using the original input vector, and the right hand

figure was obtained using the augmented input vector.
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Figure 16: Experiment 1 Results - All Features
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A.1.2 Experiment 2

Figure 17 shows the unabridged error histograms using LS-SVR as a forecasting tool. In each
case, the testing error histograms and density estimators are plotted for each feature. These
are directly compared with the errors obtained using the Mean and Naive forecasts. For each
feature, the left hand figure was obtained using the original input vector, and the right hand

figure was obtained using the augmented input vector.
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Figure 17: Experiment 2 Results - All Features

Figure 18 shows the unabridged error histograms using SK-learn’s e-SVR as a forecasting tool

[27]. In each case, the testing error histograms and density estimators are plotted for each

feature. These are directly compared with the errors obtained using the Mean and Naive

forecasts. For each feature, the left hand figure was obtained using the original input vector,

and the right hand figure was obtained using the augmented input vector.
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A.2 Forecasting Results

A.2.1 Validation Errors

Tables 8 and 9 show all of the Mean Squared Error results obtained for all experiments conducted, using the original and augmented input vectors

respectively. The highlighted cells in each table indicate the experiment that performed best in Validation and Testing sets for each feature. At

the end of each table, it indicated which experiments performed best per feature across all transformers, according to the mean MSE.

Table 8: Validation and Testing Results Summary - Original Features

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o UMSE o KMSE o KMSE o HMSE o KMSE o HMSE g KMSE o

Hy 0.651 | 0.563 | 0.655 | 0.565 || 0.492 | 0.356 | 0.323 | 0.479 || 0.441 | 0.605 | 1.866 | 0.605 || 0.641 | 0.495 | 0.477 | 0.600

CoHg | 0.710 | 0.263 | 0.856 | 0.228 || 0.141 | 0.252 | 0.807 | 0.767 || 0.036 | 0.189 | 1.379 | 0.189 || 0.381 | 0.149 | 0.559 | 0.179

CHy4 | 0.206 | 0.122 | 0.207 | 0.122 || 0.118 | 0.175 | 0.148 | 0.144 || 0.071 | 0.217 | 0.020 | 0.217 || 0.059 | 0.204 | 0.061 | 0.116

1 CoHy | 1.052 | 0.358 | 0.314 | 0.415 || 0.512 | 0.228 | 0.893 | 0.661 || 0.261 | 0.105 | 0.888 | 0.105 || 0.345 | 0.296 | 0.091 | 0.266

CoHy | 0.085 | 0.257 | 0.327 | 0.196 || 0.151 | 0.291 | 0.341 | 0.270 || 0.152 | 0.386 | 1309 | 0.386 || 2097 | 43.75 | 1310 | 36.190

CO2 | 1.646 | 0.392 | 3.700 | 0.242 || 0.521 | 0.701 | 1.399 | 0.498 || 0.436 | 0.638 | 1.376 | 0.638 || 0.435 | 0.645 | 0.921 | 0.516

CO | 1.074 | 0.624 | 1.748 | 0.707 || 0.266 | 0.470 | 0.776 | 0.583 || 0.259 | 0.509 | 3.351 | 0.509 || 2.519 | 1.240 | 27.27 | 5.187




9¢

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o UMSE o HMSE 9 HMSE a HUMSE 9

Hy | 49e 3| 0.064 | 0.011 | 0.097 || 0.131 | 0.296 | 0.029 | 0.067 || 0.157 | 0.344 | 24.09 | 0.344 || 0.387 | 0.593 | 0.109 | 0.301

CoHg | 9.555 | 3.027 | 9.647 | 3.025 || 0.832 | 0.328 | 10.83 | 3.107 || 1.783 | 0.615 | 13.32 | 0.615 || 3.132 | 1.769 | 17.02 | 3.837

CHy | 0.097 | 0.300 | 0.096 | 0.300 | 0.613 | 0.424 | 0.082 | 0.287 || 0.734 | 0.569 | 0.209 | 0.569 || 6.201 | 2.468 | 6.859 | 2.615

2 CoHy | 45.56 | 6.190 | 47.62 | 6.143 || 0.132 | 0.304 | 47.02 | 6.107 || 0.268 | 0.459 | 42.64 | 0.459 || 0.181 | 0.425 | 45.36 | 6.162

CoHy | 232.7 | 1325 | 233.7 | 13.25 || 4.2¢73 | 0.024 | 232.9 | 13.27 || 0.079 | 0.201 | 1230 | 0.201 || 6.1e~* | 0.023 | 234.1 | 13.25

CO | 0.388 | 0.528 | 0.519 | 0.598 || 0.406 | 0.614 | 0.404 | 0.595 | 0.445 | 0.618 | 3.874 | 0.618 || 6.230 | 2.453 | 3.247 | 1.203

CO | 0.106 | 0.321 | 0.112 | 0.331 || 0.350 | 0.453 | 0.116 | 0.303 || 0.173 | 0.415 | 0.601 | 0.415 || 1.675 | 1.075 | 1.268 | 1.098

Hy | 6.0e72 | 0.015 | 6.0e73 | 0.015 || 1.9¢7> | 4.3¢73 | 7.9¢7* | 6.1e73 || 3.4e=* | 0.017 | 9.3e72 | 0.017 || 9.5¢=% | 0.019 | 3.3¢=* | 0.017

CoHg | 3.5e7* | 1.5e73 | 3.5e7% | 1.5e72 || 9.6e=% | 0.030 | 1.1e=3 | 0.034 || 4.3e=* | 0.011 | 0.313 | 0.011 || 0.051 | 0.109 | 0.056 | 0.105

CHy | 1.8e7% | 2.7e73 | 1.8¢7% | 2.7e73 || 2.8¢72 | 0.022 | 6.1e=* | 0.013 || 2.5e73 | 0.036 | 0.077 | 0.036 || 4.8¢=2 | 0.066 | 4.6e~3 | 0.067

3 CoHy | 1.5e73 | 0.037 | 1.4e73 | 0.034 || 6.4e™* | 0.024 | 3.6e=* | 0.018 || 5.8¢7% | 0.016 | 8.6e=> | 0.016 || 3.3¢=3 | 0.048 | 3.1e73 | 0.043

CoHy | 0.109 | 0.112 | 0.135 | 0.150 || 4.9¢72 | 0.017 | 2.3¢7® | 3.5e¢3 || 57.00 | 4.983 | 2252 | 4.983 || 1.4e=3 | 0.037 | 6.6e~* | 0.025

COy | 0.722 | 0.514 | 0.874 | 0.723 | 0.362 | 0.362 | 0.540 | 0.687 || 2.329 | 0.361 | 6.127 | 0.361 || 3.351 | 1.798 | 13.37 | 3.294

CO | 0.577 | 0.656 | 0.483 | 0.669 | 0.628 | 0.246 | 0.410 | 0.640 || 1.570 | 0.547 | 1.435 | 0.547 || 0.849 | 0.382 | 0.596 | 0.768




LG

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o HMSE 9 HUMSE a HMSE 9 UMSE o HMSE o

Hy | 0.450 | 0.668 | 12.74 | 1.379 || 0.681 | 0.389 | 1.620 | 1.235 || 0.190 | 0.205 | 17.70 | 0.205 || 0.312 | 0.252 | 11.71 | 2.347

CoHg | 0.063 | 0.228 | 18.81 | 0.646 || 0.416 | 0.631 | 6.310 | 1.129 || 0.419 | 0.646 | 11.87 | 0.646 || 0.671 | 0.768 | 10.64 | 2.849

CHy | 0.541 | 0.314 | 5.061 | 2.246 || 0.548 | 0.606 | 5.032 | 1.717 || 0.493 | 0.682 | 10.18 | 0.682 || 1.508 | 0.833 | 10.68 | 2.389

z CoHy | 6.122 | 2405 | 8.087 | 2.737 || 0.861 | 0.912 | 8.912 | 1.949 || 0.893 | 0.943 | 14.61 | 0.943 || 25.31 | 4.996 | 17.98 | 3.487

CoHy | 1.034 | 0.824 | 56.35 | 7.030 || 1.451 | 1.203 | 2.161 | 1.466 || 1.470 | 1.182 | 171.0 | 1.182 || 1.628 | 1.274 | 4.549 | 2.129

COy | 1.602 | 1.060 | 4.194 | 1.544 || 0.397 | 0.593 | 0.608 | 0.740 || 0.204 | 0.445 | 6.952 | 0.445 || 0.335 | 0.554 | 1.047 | 0.940

CO | 0.184 | 0.314 | 1.379 | 0.449 | 2.796 | 1.154 | 0.403 | 0.630 || 1.591 | 0.995 | 17.80 | 0.995 || 3.099 | 1.659 | 163.5 | 11.76

Hy | 0.042 | 0.023 | 0.078 | 0.130 || 0.074 | 0.262 | 0.029 | 0.029 || 0.052 | 0.226 | 0.227 | 0.226 || 0.263 | 0.416 | 0.341 | 0.314

CoHg | 3.8¢7® | 6.0e73 | 3.8¢7° | 6.0e72 || 0.022 | 0.112 | 3.2¢73 | 0.011 || 2.5¢73 | 0.039 | 3.8¢7* | 0.039 || 0.034 | 0.100 | 3.3¢=3 | 0.051

CHy | 9.6e=% | 0.014 | 9.8¢=* | 0.014 || 0.029 | 0.058 | 9.9¢=* | 0.030 || 0.019 | 0.096 | 1.1e=3 | 0.096 || 0.096 | 0.124 | 4.2¢=3 | 0.064

5 CoHy | 0.242 | 0.196 | 0.296 | 0.051 || 0.027 | 0.075 | 1.6e=2 | 0.029 || 0.011 | 0.054 | 9.9¢™3 | 0.054 || 0.152 | 0.234 | 0.056 | 0.236

CoHy | 9.8¢73 | 0.057 | 0.015 | 0.056 | 0.522 | 0.715 | 1.076 | 0.058 || 4.290 | 1.597 | 1913 | 1.597 || 0.871 | 0.737 | 0.777 | 0.731

COy | 0.105 | 0.307 | 0.105 | 0.301 || 0.149 | 0.384 | 0.117 | 0.338 || 4.523 | 0.998 | 0.484 | 0.998 || 0.437 | 0.646 | 2513 | 49.90

CO | 0.185 | 0.176 | 0.213 | 0.174 || 0.344 | 0.496 | 0.179 | 0.198 || 1.670 | 0.723 | 0.441 | 0.723 || 0.429 | 0.626 | 0.266 | 0.371




89

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o HMSE 9 HUMSE 9 UMSE 9 UMSE a HMSE o

Hy | 0.085 | 0.035 | 0.085 | 0.035 || 0.053 | 0.116 | 0.035 | 0.026 || 0.052 | 0.227 | 0.792 | 0.227 || 0.038 | 0.191 | 0.719 | 0.846

CyoHg | 0.030 | 0.021 | 0.030 | 0.021 || 0.025 | 0.082 | 0.019 | 0.035 || 0.011 | 0.102 | 0.013 | 0.102 || 7.7e3 | 0.059 | 9.0e=3 | 0.016

CHy | 2.2¢73 | 0.015 | 2.2¢73 | 0.015 || 0.059 | 0.183 | 1.7e=3 | 0.041 || 0.054 | 0.230 | 0.032 | 0.230 || 0.186 | 0.427 | 7.3¢3 | 0.085

6 CoHy | 0.041 | 0.153 | 0.041 | 0.152 || 0.054 | 0.134 | 0.015 | 0.115 || 0.039 | 0.161 | 5.4e=3 | 0.161 || 0.046 | 0.103 | 0.013 | 0.109

CoHy | 0.015 | 0.048 | 0.012 | 0.049 || 8.0e=* | 0.028 | 7.8¢73 | 0.027 || 5.104 | 1.565 | 799.8 | 1.565 || 0.011 | 0.088 | 2.3¢=2 | 0.046

COy | 0.025 | 0.152 | 0.080 | 0.157 || 0.214 | 0.373 | 0.042 | 0.202 || 0.166 | 0.400 | 0.113 | 0.400 || 0.757 | 0.791 | 1318 | 36.20

CO | 0.019 | 0.135 | 0.053 | 0.224 || 0.180 | 0.297 | 0.029 | 0.163 | 0.102 | 0.309 | 0.038 | 0.309 || 0.105 | 0.304 | 4.0e=3 | 0.051

Hy | 0.021 | 0.022 | 0.026 | 0.052 || 0.061 | 0.034 | 3.9¢73 | 8.9¢3 || 0.033 | 0.172 | 1.017 | 0.172 || 0.226 | 0.156 | 0.033 | 0.129

CyHg | 0.011 | 0.027 | 0.011 | 0.027 || 0.013 | 0.110 | 2.9¢=3 | 0.053 || 0.012 | 0.092 | 2.126 | 0.092 || 0.021 | 0.089 | 0.017 | 0.109

CHy | 2.1e72 | 0.032 | 2.1e72 | 0.032 || 2.5e73 | 0.048 | 2.5¢73 | 0.048 || 3.1e72 | 0.043 | 0.044 | 0.043 || 0.051 | 0.112 | 0.061 | 0.156

7 CoHy | 0.038 | 0.138 | 0.043 | 0.125 || 6.7e73 | 0.059 | 5.7¢=3 | 0.072 || 8.2¢72 | 0.089 | 3.169 | 0.089 || 7.4e=3 | 0.078 | 0.013 | 0.104

CoHy | 3.7¢73 | 0.042 | 0.024 | 0.152 || 1.622 | 0.314 | 0.017 | 0.041 || 7.242 | 2.683 | 1788 | 2.683 || 0.896 | 0.721 | 0.214 | 0.048

COy | 0.032 | 0.032 | 0.018 | 0.075 || 7.0e73 | 0.075 | 0.017 | 0.054 || 0.124 | 0.239 | 0.530 | 0.239 || 0.039 | 0.066 | 0.059 | 0.068

CO | 0.076 | 0.106 | 0.028 | 0.086 || 0.019 | 0.119 | 0.010 | 0.099 | 0.108 | 0.113 | 0.354 | 0.113 || 0.067 | 0.199 | 0.059 | 0.198




69

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o HMSE 9 HUMSE 9 UMSE a UMSE o

Hy | 1.097 | 0.885 | 1.865 | 0.873 || 0.670 | 0.392 | 1.011 | 0.880 || 1.720 | 0.538 | 0.857 | 0.538 || 0.253 | 0.408 | 1.385 | 0.964

CoHg | 4.1e73 | 5.8¢73 | 4.1e73 | 5.8¢73 || 0.012 | 0.074 | 9.7¢73 | 0.096 || 7.3¢73 | 0.071 | 3.3¢=3 | 0.071 || 0.352 | 0.072 | 0.150 | 0.123

CH; |38 3| 0.011 | 3.8¢72 | 0.011 || 0.013 | 0.029 | 2.1e=3 | 0.018 || 6.3¢=3 | 0.072 | 3.2¢73 | 0.072 || 0.379 | 0.254 | 0.018 | 0.073

8 CoHy | 0.016 | 0.120 | 0.012 | 0.085 || 0.478 | 0.174 | 0.056 | 0.119 || 0.474 | 0.177 | 0.144 | 0.177 || 1.900 | 0.220 | 0.093 | 0.068

CyHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COy | 0.126 | 0.340 | 0.120 | 0.322 | 0.026 | 0.159 | 0.133 | 0.273 || 0.093 | 0.058 | 0.239 | 0.058 || 0.150 | 0.121 | 0.134 | 0.284

CO | 0.046 | 0.194 | 0.048 | 0.191 | 0.102 | 0.315 | 0.051 | 0.185 || 0.165 | 0.406 | 0.058 | 0.406 || 0.081 | 0.279 | 0.046 | 0.215

Hy | 0.073 | 0.030 | 0.073 | 0.031 || 0.116 | 0.280 | 0.139 | 0.100 || 0.342 | 0.315 | 0.103 | 0.315 || 0.537 | 0.575 | 0.330 | 0.527

CoHg | 4.6e73 | 0.022 | 4.6e72 | 0.022 || 5.1e73 | 0.035 | 9.8¢73 | 0.051 || 0.079 | 0.274 | 3.350 | 0.274 || 0.024 | 0.081 | 17.71 | 4.176

CH4 | 0.101 | 0.049 | 0.103 | 0.048 || 0.041 | 0.194 | 0.097 | 0.135 || 0.159 | 0.227 | 0.063 | 0.227 || 161.3 | 12.34 | 0.049 | 0.217

9 CoHy | 3.2¢73 | 0.029 | 2.4e73 | 0.023 || 5.8¢72 | 0.075 | 0.023 | 0.068 || 6.8¢73 | 0.063 | 6.8¢=3 | 0.063 || 0.130 | 0.353 | 0.089 | 0.284

CoHy | 84e° | 9.2¢73 | 9.9¢7° | 9.7e73 || 0.010 | 0.045 | 4.4e73 | 0.015 || 104.3 | 10.16 | 1422 | 10.16 || 0.018 | 0.070 | 0.053 | 0.229

COy | 0.025 | 0.154 | 0.232 | 0.357 || 0.634 | 0.673 | 0.198 | 0.377 || 5.444 | 1.521 | 2.131 | 1.521 || 1.3e** | 113.5 | 170.1 | 13.03

CO | 0.027 | 0.162 | 0.314 | 0.268 | 1.784 | 1.143 | 0.193 | 0.286 || 5.564 | 2.063 | 3.977 | 2.063 || 1.886 | 1.339 | 0.994 | 0.961




09

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o HMSE a HMSE 9 HMSE a UMSE 9

Hy | 7.4e=* | 0.016 | 7.3e=* | 0.016 || 2.6e73 | 0.045 | 7.0e=* | 0.020 || 0.230 | 0.478 | 7.387 | 0.478 || 4.1e73 | 0.052 | 1.5¢=3 | 0.035

CoHg | 5.3¢76 | 1.7¢73 | 5.0e76 | 1.6e73 || 7.2¢7* | 0.026 | 1.5e=* | 0.011 || 1.8e=* | 0.011 | 0.140 | 0.011 || 2.6e73 | 0.050 | 1.1e=3 | 0.031

CHy | 1.8e7* | 44e 3 | 1.9¢7* | 4.4e73 || 2.5¢7* | 0.013 | 5.8¢7° | 5.7e73 || 0.014 | 0.115 | 6.3¢=3 | 0.115 || 0.017 | 0.109 | 5.0e=3 | 0.071

10 CoHy | 1.1e73 | 0.027 | 1.3e73 | 0.027 || 1.6e=* | 0.011 | 1.6e™* | 7.3e73 || 6.8¢7® | 8.1e73 | 1.2¢73 | 8.1e73 || 0.014 | 0.104 | 6.1e73 | 0.075

CoHy | 0.119 | 0.220 | 0.130 | 0.271 || 1.2¢72 | 0.015 | 5.2¢=* | 0.014 || 960.7 | 28.08 | 7291 | 28.08 || 5.0e=3 | 0.058 | 2.4e¢3 | 0.045

COy | 0.029 | 0.071 | 0.032 | 0.161 | 0.102 | 0.247 | 0.050 | 0.209 | 3.107 | 0.956 | 18.78 | 0.956 || 460.9 | 21.39 | 7.526 | 2.741

CO | 0496 | 0.118 | 0.231 | 0.146 || 3.393 | 1.278 | 0.041 | 0.200 || 10.78 | 2.800 | 17.88 | 2.800 || 210.8 | 14.16 | 52.28 | 7.230

Hy | 0.072 | 0.108 | 0.072 | 0.108 || 39.59 | 4.427 | 0.108 | 0.217 || 72.74 | 7.279 | 177.2 | 7.279 | 35.78 | 4.676 | 0.125 | 0.310

CoHg | 9.8¢7® | 5.0e73 | 1.0e™* | 5.0e72 || 3.8¢7% | 0.019 | 3.7e™* | 6.8¢73 || 8.4e™* | 0.023 | 1.677 | 0.023 || 6.5¢73 | 0.075 | 0.017 | 0.131

CHy | 44e % | 0.021 | 4.4e=* | 0.021 | 0.014 | 0.107 | 0.030 | 0.173 | 0.221 | 0.358 | 0.165 | 0.358 || 0.038 | 0.188 | 0.036 | 0.122

11 | CoHy | 0.014 | 0.116 | 0.014 | 0.119 || 0.061 | 0.075 | 7.7e=2 | 0.088 || 0.296 | 0.439 | 0.590 | 0.439 | 0.017 | 0.130 | 0.048 | 0.167

CoHy | 0.065 | 0.204 | 1.711 | 1.292 || 22.37 | 2.819 | 0.657 | 0.805 || 265.6 | 12.77 | 967.9 | 12.77 || 20.70 | 3.124 | 0.346 | 0.575

COy | 0.032 | 0.131 | 0.107 | 0.151 || 0.261 | 0.455 | 0.191 | 0.207 | 3.696 | 1.688 | 2.518 | 1.688 || 1.766 | 1.322 | 0.809 | 0.869

CO | 0.527 | 0.427 | 0.544 | 0.412 || 0.391 | 0.488 | 0.655 | 0.442 | 5.948 | 1.592 | 3.239 | 1.592 || 3.616 | 1.208 | 0.532 | 0.510




19

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR. (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o HMSE 9 UMSE 9 UMSE o HMSE o

Hy, | 0.089 | 0.137 | 0.184 | 0.221 || 0.175 | 0.382 | 0.022 | 0.148 || 0.630 | 0.410 | 0.444 | 0.410 || 0.654 | 0.299 | 0.401 | 0.109

CoHg | 5.7e % | 4.5e73 | 5.8¢7% | 4.5e3 || 0.093 | 0.253 | 1.1e=2 | 0.032 || 8.9¢73 | 0.067 | 0.464 | 0.067 || 0.079 | 0.192 | 0.021 | 0.134

CHy | 42¢7° | 5.0e73 | 4.0e7® | 5.0e72 || 0.042 | 0.100 | 1.9¢=* | 0.014 || 0.065 | 0.186 | 0.134 | 0.186 || 0.887 | 0.655 | 0.068 | 0.186

12 | CyH4 | 0.080 | 0.175 | 0.082 | 0.184 || 0.058 | 0.236 | 0.031 | 0.162 || 0.072 | 0.254 | 0.279 | 0.254 || 1.961 | 0.981 | 2.841 | 1.679

CoHy | 0.213 | 0.156 | 0.203 | 0.154 || 25.89 | 4.013 | 0.148 | 0.339 || 9.621 | 3.075 | 383.2 | 3.075 || 38.33 | 4.634 | 0.430 | 0.490

COy | 0.063 | 0.081 | 0.134 | 0.317 || 0.052 | 0.206 | 0.041 | 0.140 || 0.221 | 0.255 | 0.311 | 0.255 || 2.345 | 1.194 | 0.064 | 0.207

CO | 0.063 | 0.123 | 0.041 | 0.107 || 0.330 | 0.376 | 0.011 | 0.079 || 2.582 | 1.256 | 0.079 | 1.256 || 0.270 | 0.187 | 0.011 | 0.067

Ho | 1.487 | 0.623 | 1.726 | 0.696 || 5.924 | 2.051 | 2.638 | 0.652 || 15.33 | 3.887 | 10.44 | 3.887 || 7.264 | 2.211 | 2867 | 53.17

CoHg | 8.2e73 | 0.040 | 8.3¢73 | 0.040 || 7.9¢72 | 0.063 | 3.2¢73 | 0.055 || 0.025 | 0.054 | 23.71 | 0.054 || 0.741 | 0.346 | 0.225 | 0.275

CHy | 0.020 | 0.106 | 1.744 | 0.529 || 0.145 | 0.173 | 0.028 | 0.141 || 4.579 | 2.107 | 4.512 | 2.107 || 1.310 | 0.340 | 4.768 | 1.466

13 | CoHy | 0.479 | 0.669 | 0.394 | 0.605 || 0.365 | 0.307 | 0.618 | 0.756 || 0.482 | 0.694 | 2.169 | 0.694 || 2.261 | 0.663 | 0.314 | 0.516

CyHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COy | 0.773 | 0.558 | 0.619 | 0.584 || 1.591 | 0.581 | 0.329 | 0.527 || 0.509 | 0.648 | 0.465 | 0.648 || 3.969 | 1.650 | 0.975 | 0.865

CO | 0.546 | 0.608 | 0.949 | 0.771 | 2.561 | 1.592 | 0.528 | 0.666 || 6.334 | 2.016 | 13.06 | 2.016 || 2.902 | 1.704 | 2.117 | 1.271




(4Y)

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE g KMSE o KMSE g KMSE o KMSE o KUMSE 9

Hy 0.029 | 0.155 | 0.027 | 0.137 || 2.028 | 0.275 | 0.040 | 0.106 || 2.102 | 0.352 | 1.811 | 0.352 || 78.33 | 8.851 | 8.816 | 2.927

CoHg | 1.790 | 1.141 | 1.724 | 1.098 || 5.095 | 0.730 | 0.585 | 0.492 || 4.642 | 1.202 | 0.088 | 1.202 || 1449 | 37.91 | 27.57 | 4.356

CHy | 0.043 | 0.167 | 0.044 | 0.167 || 0.014 | 0.095 | 0.022 | 0.128 || 3.8¢3 | 0.050 | 0.012 | 0.050 || 1.079 | 0.850 | 1.181 | 0.917

14 CoHy | 0.495 | 0.599 | 0.572 | 0.635 || 1.042 | 0.466 | 0.630 | 0.448 || 0.895 | 0.581 | 0.233 | 0.581 || 1.829 | 0.636 | 0.415 | 0.644

CoHy | 1.035 | 0.108 | 3.983 | 0.896 || 1.212 | 0.131 | 3.678 | 0.523 || 0.612 | 0.509 | 194.2 | 0.509 || 72.43 | 8.464 | 3.380 | 0.949

CO2 | 0.253 | 0.503 | 0.158 | 0.382 || 1.012 | 0.334 | 0.116 | 0.302 || 1.040 | 0.676 | 1.194 | 0.676 || 1.837 | 0.735 | 0.223 | 0.230

CO | 0.412 | 0.632 | 0.309 | 0.554 || 1.117 | 0.194 | 0.253 | 0.491 || 2.057 | 0.869 | 1.782 | 0.869 || 1.492 | 0.535 | 0.329 | 0.553

Hy 0.188 | 0.148 | 0.192 | 0.153 || 0.118 | 0.051 | 0.407 | 0.291 || 0.170 | 0.248 | 1.450 | 0.248 || 0.059 | 0.241 | 2.748 | 1.182

CoHg | 0.105 | 0.157 | 0.106 | 0.157 || 0.189 | 0.098 | 0.016 | 0.110 || 0.159 | 0.210 | 3.1e=2 | 0.210 || 0.099 | 0.109 | 0.059 | 0.120

CHy | 0.064 | 0.162 | 0.064 | 0.162 || 0.204 | 0.148 | 0.071 | 0.171 || 0.174 | 0.228 | 7.6e=3 | 0.228 || 0.138 | 0.310 | 0.086 | 0.274

15 CoHy | 0.029 | 0.158 | 0.029 | 0.159 || 0.081 | 0.123 | 0.021 | 0.132 || 0.094 | 0.197 | 0.014 | 0.197 || 0.034 | 0.087 | 0.040 | 0.188

CoHy | 0.218 | 0.148 | 0.221 | 0.150 || 0.190 | 0.201 | 0.948 | 0.391 || 0.434 | 0.377 | 202.2 | 0.377 || 3.688 | 1.920 | 2517 | 50.05

CO2 | 0.189 | 0.035 | 0.088 | 0.244 || 0.343 | 0.347 | 0.113 | 0.153 || 0.508 | 0.503 | 13.23 | 0.503 || 11.76 | 3.429 | 709.1 | 26.62

CO | 0.056 | 0.074 | 0.060 | 0.094 || 0.022 | 0.144 | 0.061 | 0.145 || 0.040 | 0.115 | 2.343 | 0.115 || 2.971 | 1.701 | 56.43 | 7.509




€9

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE g KMSE o HMSE o KMSE o HMSE g KMSE o

Ho 0.235 | 0.247 | 0.235 | 0.247 || 0.591 | 0.147 | 0.095 | 0.193 || 0.999 | 0.235 | 0.826 | 0.235 || 0.268 | 0.363 | 0.501 | 0.704

CoHg | 0.082 | 0.030 | 0.083 | 0.031 || 1.407 | 0.271 | 0.057 | 0.138 || 1.590 | 0.363 | 0.281 | 0.363 || 0.833 | 0.247 | 0.042 | 0.171

CHy | 0.099 | 0.024 | 0.099 | 0.024 || 0.808 | 0.230 | 0.050 | 0.106 || 1.790 | 0.452 | 0.271 | 0.452 || 0.270 | 0.141 | 0.234 | 0.465

16 CoHy | 0.063 | 0.150 | 0.062 | 0.151 || 1.050 | 0.238 | 0.100 | 0.252 || 1.280 | 0.264 | 0.277 | 0.264 || 0.878 | 0.186 | 57.80 | 7.420

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.360 | 0.403 | 0.376 | 0.451 || 0.198 | 0.355 | 1.089 | 0.531 || 1.593 | 0.523 | 1.361 | 0.523 || 32.53 | 5.147 | 2.903 | 1.633

CO | 0.039 | 0.183 | 0.082 | 0.260 || 0.071 | 0.248 | 0.155 | 0.335 || 1.792 | 0.675 | 5.824 | 0.675 || 26.16 | 5.113 | 17.74 | 4.000

Hy 0.043 | 0.030 | 0.071 | 0.126 || 0.230 | 0.108 | 0.196 | 0.096 || 0.650 | 0.173 | 0.685 | 0.173 || 1.688 | 0.725 | 0.057 | 0.199

CoHg | 0.248 | 0.100 | 0.248 | 0.100 || 2.507 | 0.376 | 0.181 | 0.144 || 3.965 | 0.862 | 1.904 | 0.862 || 2.519 | 0.365 | 0.229 | 0.303

CHy | 0.268 | 0.058 | 0.268 | 0.058 || 1.221 | 0.221 | 0.193 | 0.085 || 3.446 | 0.669 | 1.179 | 0.669 || 1.569 | 0.329 | 0.624 | 0.715

17 CoHy | 0.384 | 0.508 | 0.481 | 0.576 || 2.564 | 0.432 | 0.276 | 0.336 || 3.927 | 0.729 | 0.982 | 0.729 || 3.582 | 0.469 | 1.021 | 0.873

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0372 | 0.399 | 0.542 | 0.702 || 0.210 | 0.458 | 0.963 | 0.913 || 5.941 | 0.816 | 3.058 | 0.816 || 2.195 | 0.847 | 1.304 | 1.139

CO | 0.124 | 0.109 | 0.190 | 0.102 || 0.337 | 0.270 | 0.092 | 0.283 || 4.572 | 0.203 | 2.310 | 0.203 || 0.737 | 0.225 | 0.162 | 0.132




79

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE g KMSE o HMSE o KMSE o KMSE g KMSE o

Ho 0.156 | 0.246 | 0.155 | 0.230 || 4.964 | 1.123 | 0.047 | 0.103 || 2.467 | 1.183 | 0.381 | 1.183 || 2.734 | 1.137 | 0.105 | 0.321

CoHg | 1.392 | 1.149 | 1.321 | 1.114 || 0.477 | 0.260 | 0.391 | 0.573 || 0.380 | 0.475 | 0.189 | 0.475 || 1.202 | 1.096 | 0.948 | 0.774

CHy | 0.082 | 0.273 | 0.082 | 0.273 || 0.016 | 0.072 | 0.040 | 0.200 || 3.9e—3 | 0.055 | 0.021 | 0.055 || 33.201 | 3.695 | 73.11 | 5.760

18 CoHy | 0.619 | 0.731 | 0.594 | 0.721 || 2.768 | 1.235 | 0.126 | 0.287 || 2.860 | 1.376 | 0.085 | 1.376 || 11.15 | 1.497 | 2.240 | 1.233

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 [ 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COz | 0.396 | 0.510 | 0.094 | 0.306 || 2.594 | 0.620 | 0.133 | 0.304 || 1.899 | 1.326 | 0.780 | 1.326 || 80.346 | 6.771 | 261.7 | 16.174

CO | 0.536 | 0.717 | 0.310 | 0.503 || 5.134 | 0.765 | 0.350 | 0.589 || 0.784 | 0.884 | 0.287 | 0.884 || 0.034 | 0.167 | 0.162 | 0.256

Hy 0.181 | 0.396 | 0.425 | 0.652 || 1.112 | 1.050 | 0.278 | 0.521 || 2.266 | 1.505 | 2.829 | 1.675 || 6.412 | 2.532 | 160.8 | 12.67

CoHg | 0.304 | 0.501 | 0.534 | 0.707 || 0.383 | 0.575 | 0.217 | 0.420 || 0.370 | 0.562 | 0.978 | 0.968 || 64.50 | 8.030 | 4.182 | 2.026

CHy | 0.072 | 0.228 | 0.186 | 0.426 || 0.198 | 0.376 | 0.053 | 0.207 || 0.427 | 0.590 | 0.176 | 0.417 || 11.74 | 3.420 | 5.437 | 2.263

All CoHy | 0.584 | 0.735 | 0.632 | 0.776 || 0.365 | 0.588 | 0.672 | 0.773 || 0.398 | 0.603 | 1.183 | 1.053 || 2.733 | 1.627 | 7.135 | 2.668

CoHy | 0.164 | 0.389 | 1.451 | 1.204 || 0.885 | 0.941 | 0.510 | 0.702 || 10.93 | 3.304 | 456.1 | 21.35 || 99.54 | 9.935 | 226.1 | 15.04

CO2 | 0.326 | 0.548 | 0.495 | 0.680 || 0.387 | 0.617 | 0.331 | 0.535 || 1.798 | 1.315 | 2.790 | 1.667 || 796.3 | 28.22 | 278.0 | 16.67

CO | 0.283 | 0.531 | 0.348 | 0.586 || 1.046 | 1.008 | 0.224 | 0.472 || 2.417 | 1.551 | 2.695 | 1.640 || 15.18 | 3.889 | 17.99 | 4.239
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Table 9: Validation and Testing Results Summary - Augmented Features

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE o HUMSE o KMSE o HMSE o KMSE g KMSE o

Hy 0.330 | 0.513 | 0.330 | 0.513 || 0.378 | 0.353 | 0.227 | 0.443 || 0.425 | 0.595 | 6.564 | 0.595 || 0.641 | 0.495 | 0.477 | 0.600

CoHg | 0.697 | 0.257 | 0.721 | 0.209 || 0.534 | 0.254 | 0.194 | 0.439 || 0.618 | 0.227 | 187.6 | 0.227 || 0.381 | 0.149 | 0.559 | 0.179

CHy | 0.160 | 0.108 | 0.161 | 0.108 || 0.097 | 0.170 | 0.118 | 0.137 || 0.053 | 0.192 | 3.9¢=3 | 0.192 || 0.059 | 0.204 | 0.061 | 0.116

1 CoHy | 0.762 | 0.334 | 0.916 | 0.232 || 0.530 | 0.176 | 0.089 | 0.265 || 0.726 | 0.075 | 0.168 | 0.075 || 0.345 | 0.296 | 0.091 | 0.266

CoHy | 0.015 | 0.075 | 0.673 | 0.177 || 0.118 | 0.263 | 0.204 | 0.215 || 0.233 | 0.401 | 4801 | 0.401 || 2097 | 43.75 | 1310 | 36.19

COg | 1.416 | 0.322 | 2.417 | 0.289 || 0.592 | 0.711 | 1.876 | 0.485 || 0.463 | 0.591 | 0.710 | 0.591 || 0.435 | 0.645 | 0.921 | 0.516

CO 1.188 | 0.600 | 1.713 | 0.682 || 0.238 | 0.419 | 0.847 | 0.565 || 0.108 | 0.328 | 0.394 | 0.328 || 2.519 | 1.240 | 27.27 | 5.187

Hy | 4.6e72 | 0.063 | 4.7¢73 | 0.063 || 0.216 | 0.294 | 4.2e3 | 0.063 || 0.181 | 0.391 | 21.19 | 0.391 || 0.387 | 0.593 | 0.109 | 0.301

CoHg | 12.16 | 3.465 | 9.661 | 3.015 || 0.155 | 0.319 | 10.61 | 2.984 || 2.181 | 0.950 | 28.67 | 0.950 || 3.132 | 1.769 | 17.02 | 3.837

CHy | 0.128 | 0.304 | 0.127 | 0.304 || 1.086 | 0.534 | 0.134 | 0.337 || 0.871 | 0.600 | 4905 | 0.600 || 6.201 | 2.468 | 6.859 | 2.615

2 CoHy | 46.78 | 6.147 | 47.76 | 6.131 || 0.109 | 0.328 | 46.03 | 5.886 || 0.150 | 0.376 | 43.56 | 0.376 || 0.181 | 0.425 | 45.36 | 6.162

CoHy | 231.7 | 13.26 | 234.6 | 13.25 || 3.0e72 | 0.021 | 232.6 | 13.27 || 0.088 | 0.215 | 1072 | 0.215 || 6.1e=* | 0.023 | 234.1 | 13.25

COgz | 0.471 | 0.555 | 0.616 | 0.593 || 0.430 | 0.582 | 0.586 | 0.592 || 0.496 | 0.679 | 0.678 | 0.679 || 6.230 | 2.453 | 3.247 | 1.203

CO 0.115 | 0.315 | 0.111 | 0.327 || 0.174 | 0.322 | 0.121 | 0.345 || 0.162 | 0.388 | 0.094 | 0.388 || 1.675 | 1.075 | 1.268 | 1.098
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE 9 UMSE a UMSE o UMSE 9 UMSE o UMSE o HMSE o

Hy | 42e7® | 5.1e73 | 3.2¢7% | 0.017 || 2.0e73 | 4.5¢73 | 1.3¢73 | 0.013 || 5.1e73 | 7.7e73 | 0.048 | 7.7e¢73 || 9.5¢=* | 0.019 | 3.3¢* | 0.017

CoHg | 5.6e7% | 0.016 | 5.5¢7* | 0.016 || 5.8¢7* | 0.016 | 3.1e™® | 4.8¢73 || 3.113 | 1.694 | 10.11 | 1.694 | 0.051 | 0.109 | 0.056 | 0.105

CHy | 7.6e™® | 84e 3 | 7.7e7° | 8.4e73 || 3.4e™* | 0.018 | 7.9¢7* | 0.027 || 1.4e73 | 0.032 | 5.1e™* | 0.032 || 4.8¢73 | 0.066 | 4.6e=3 | 0.067

3 CoHy | 1.4e3 | 0.037 | 1.3e73 | 0.032 | 8.8¢7% | 0.023 | 3.9e=* | 0.012 || 5.6e=3 | 0.013 | 0.011 | 0.013 || 3.3¢73 | 0.048 | 3.1e=3 | 0.043

CoHy | 5.7¢73 | 0.053 | 7.0e72 | 0.056 || 2.6e72 | 0.011 | 5.6e7° | 4.3e=3 || 95.44 | 9.416 | 1260 | 9.416 | 1.4e=3 | 0.037 | 6.6e=* | 0.025

COy | 0.331 | 0.478 | 0.307 | 0.446 | 0.126 | 0.348 | 0.368 | 0.451 || 2.385 | 0.598 | 0.713 | 0.598 || 3.351 | 1.798 | 13.37 | 3.294

CO | 0.396 | 0.623 | 0.277 | 0.511 || 0.307 | 0.164 | 0.290 | 0.485 || 0.814 | 0.835 | 0.589 | 0.835 | 0.849 | 0.382 | 0.596 | 0.768

Hy | 0.651 | 0.804 | 21.842 | 1.681 || 0.769 | 0.460 | 1.669 | 0.776 | 0.334 | 0.297 | 6.053 | 0.297 || 0.312 | 0.252 | 11.71 | 2.347

CoHg | 0.444 | 0.615 | 21.29 | 0.801 || 0.522 | 0.690 | 4.642 | 1.284 | 0.549 | 0.727 | 10.03 | 0.727 || 0.671 | 0.768 | 10.64 | 2.849

CHy | 0513 | 0.396 | 3.293 | 1.429 | 0.565 | 0.705 | 4.218 | 1.575 || 0.500 | 0.707 | 8.958 | 0.707 || 1.508 | 0.833 | 10.68 | 2.389

4 CoHy | 1.402 | 0.765 | 6.553 | 1.370 || 1.020 | 0.927 | 11.68 | 1.998 || 0.994 | 0.954 | 16.11 | 0.954 | 25.31 | 4.996 | 17.98 | 3.487

CoHy | 4.237 | 1.104 | 40.33 | 3.801 || 1.356 | 1.148 | 4.074 | 1.984 | 1.754 | 1.238 | 2.304 | 1.238 || 1.628 | 1.274 | 4.549 | 2.129

COy | 0.577 | 0.741 | 0.567 | 0.752 || 0.669 | 0.611 | 0.528 | 0.538 || 1.106 | 0.600 | 0.760 | 0.600 || 0.335 | 0.554 | 1.047 | 0.940

CO | 0.116 | 0.176 | 0.120 | 0.146 | 2.941 | 1.153 | 0.459 | 0.279 | 2.462 | 1.219 | 0.922 | 1.219 || 3.099 | 1.659 | 163.5 | 11.76
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE o KMSE o KMSE g HMSE o KMSE g KMSE g

Hy 0.016 | 0.026 | 0.036 | 0.117 || 0.080 | 0.277 | 0.011 | 0.038 || 0.088 | 0.297 | 0.072 | 0.297 || 0.263 | 0.416 | 0.341 | 0.314

CoHg | 0.170 | 0.403 | 0.158 | 0.392 || 0.947 | 0.209 | 0.120 | 0.043 || 1.009 | 0.468 | 0.043 | 0.468 || 0.034 | 0.100 | 3.3e 3 | 0.051

CHy | 1.5e73 | 0.013 | 1.5¢73 | 0.013 || 0.227 | 0.372 | 0.029 | 0.166 || 7.5¢™3 | 0.070 | 8.2¢=* | 0.070 || 0.096 | 0.124 | 4.2¢73 | 0.064

b CoHy | 0.113 | 0.046 | 0.119 | 0.048 || 0.082 | 0.172 | 0.016 | 0.037 || 0.030 | 0.068 | 2.8¢=3 | 0.068 || 0.152 | 0.234 | 0.056 | 0.236

CoHy | 8.5¢73 | 0.066 | 0.010 | 0.093 || 0.114 | 0.332 | 0.208 | 0.015 || 0.151 | 0.383 | 0.046 | 0.383 || 0.871 | 0.737 | 0.777 | 0.731

CO2 | 0.087 | 0.295 | 0.074 | 0.272 || 0.276 | 0.472 | 0.081 | 0.283 || 0.424 | 0.353 | 0.337 | 0.353 || 0.437 | 0.646 | 2513 | 49.90

CO 0.118 | 0.171 | 0.116 | 0.156 || 0.307 | 0.533 | 0.080 | 0.156 || 0.303 | 0.488 | 0.083 | 0.488 || 0.429 | 0.626 | 0.266 | 0.371

Hs 0.070 | 0.030 | 0.070 | 0.030 || 0.048 | 0.123 | 0.108 | 0.030 || 0.053 | 0.229 | 0.030 | 0.229 || 0.038 | 0.191 | 0.719 | 0.846

CoHg | 0.048 | 0.146 | 0.035 | 0.096 || 0.028 | 0.047 | 0.050 | 0.052 || 0.014 | 0.033 | 699.1 | 0.033 || 7.7e=2 | 0.059 | 9.0e=3 | 0.016

CH4 | 0.030 | 0.016 | 0.030 | 0.016 || 0.079 | 0.223 | 0.095 | 0.198 || 0.019 | 0.135 | 1465 | 0.135 || 0.186 | 0.427 | 7.3e=3 | 0.085

6 CoHy | 0.348 | 0.163 | 0.335 | 0.176 || 0.032 | 0.124 | 0.014 | 0.113 || 0.027 | 0.143 | 0.058 | 0.143 || 0.046 | 0.103 | 0.013 | 0.109

CoHa | 0.173 | 0.028 | 0.439 | 0.600 || 1.2¢73 | 0.034 | 0.026 | 0.034 || 3.116 | 1.016 | 2940 | 1.016 || 0.011 | 0.088 | 2.3e=3 | 0.046

COg2 | 0.022 | 0.137 | 0.018 | 0.122 || 0.258 | 0.349 | 0.080 | 0.086 || 0.146 | 0.374 | 0.242 | 0.374 || 0.757 | 0.791 | 1318 | 36.20

CO 0.071 | 0.142 | 0.079 | 0.118 || 0.143 | 0.242 | 0.014 | 0.082 || 0.083 | 0.288 | 0.268 | 0.288 || 0.105 | 0.304 | 4.0e=3 | 0.051
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE o HMSE o KMSE g KMSE o HUMSE g HMSE g

Hy | 82e73|0.030 | 0.015 | 0.069 || 0.118 | 0.069 | 5.8¢73 | 0.018 || 0.044 | 0.122 | 2.910 | 0.122 || 0.226 | 0.156 | 0.033 | 0.129

CoHg | 0.169 | 0.405 | 0.063 | 0.230 || 0.154 | 0.021 | 0.024 | 0.018 || 0.188 | 0.125 | 36.24 | 0.125 || 0.021 | 0.089 | 0.017 | 0.109

CHy | 2.7¢73 | 0.023 | 2.6e72 | 0.023 || 0.033 | 0.163 | 2.8¢=3 | 0.034 || 1.7e=2 | 0.038 | 171.8 | 0.038 || 0.051 | 0.112 | 0.061 | 0.156

7 CoHy | 0.076 | 0.087 | 0.069 | 0.135 || 0.062 | 0.133 | 0.026 | 0.116 || 7.9¢=3 | 0.051 | 0.314 | 0.051 || 7.4e=3 | 0.078 | 0.013 | 0.104

CoHy | 0.159 | 0.110 | 0.343 | 0.361 || 1.484 | 0.082 | 5.7e=3 | 0.047 || 86.98 | 8.818 | 1978 | 8.818 || 0.896 | 0.721 | 0.214 | 0.048

COz | 0.014 | 0.052 | 2.3e3 | 0.047 || 9.1e73 | 0.068 | 7.2¢73 | 0.026 || 0.102 | 0.116 | 0.084 | 0.116 || 0.039 | 0.066 | 0.059 | 0.068

CO 0.149 | 0.075 | 0.082 | 0.036 || 0.019 | 0.112 | 0.015 | 0.074 || 0.040 | 0.136 | 2.523 | 0.136 || 0.067 | 0.199 | 0.059 | 0.198

Hy 1.425 | 0.939 | 1.451 | 0.943 || 0.141 | 0.359 | 0.965 | 0.920 || 0.332 | 0.401 | 0.537 | 0.401 || 0.253 | 0.408 | 1.385 | 0.964

CqoHg | 0.050 | 0.198 | 0.117 | 0.325 || 0.032 | 0.100 | 0.020 | 0.038 || 0.036 | 0.120 | 0.012 | 0.120 || 0.352 | 0.072 | 0.150 | 0.123

CHy | 6.7e73 | 0.013 | 6.7 | 0.013 || 0.020 | 0.057 | 0.015 | 0.076 || 9.8¢=3 | 0.041 | 3.7e73 | 0.041 || 0.379 | 0.254 | 0.018 | 0.073

8 CoHy | 0261 | 0.075 | 0.241 | 0.128 || 0.332 | 0.232 | 3.3e~2 | 0.050 || 0.192 | 0.238 | 0.025 | 0.238 || 1.900 | 0.220 | 0.093 | 0.068

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.140 | 0.308 | 0.122 | 0.298 || 0.036 | 0.128 | 0.114 | 0.291 || 0.011 | 0.103 | 0.064 | 0.103 || 0.150 | 0.121 | 0.134 | 0.284

CO 0.066 | 0.168 | 0.039 | 0.171 || 0.062 | 0.245 | 0.029 | 0.169 || 0.092 | 0.296 | 0.029 | 0.296 || 0.081 | 0.279 | 0.046 | 0.215
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o UMSE o UMSE g HMSE a HUMSE 9

Hy | 0.099 | 0.015 | 0.098 | 0.020 || 0.125 | 0.271 | 0.262 | 0.067 | 0.292 | 0.217 | 0.511 | 0.217 || 0.537 | 0.575 | 0.330 | 0.527

CoHg | 6.0e73 | 0.069 | 5.6e73 | 0.059 || 5.6e72 | 0.043 | 4.1e=* | 0.020 || 293.0 | 16.76 | 71.36 | 16.76 | 0.024 | 0.081 | 17.71 | 4.176

CH4 | 0.084 | 0.071 | 0.085 | 0.070 || 0.055 | 0.235 | 0.121 | 0.106 || 0.073 | 0.194 | 0.165 | 0.194 || 161.3 | 12.34 | 0.049 | 0.217

9 CoHy | 3.0e73 | 0.055 | 3.0e73 | 0.055 || 7.0e73 | 0.081 | 4.4e=3 | 0.026 || 0.020 | 0.137 | 2.6e=2 | 0.137 || 0.130 | 0.353 | 0.089 | 0.284

CoHy | 0.011 | 9.3e73 | 0.011 | 0.020 || 0.014 | 8.0e=3 | 0.011 | 0.027 || 3.047 | 1.732 | 93.73 | 1.732 || 0.018 | 0.070 | 0.053 | 0.229

COy | 0.176 | 0.233 | 1.807 | 0.494 || 0.916 | 0.675 | 0.791 | 0.358 || 4.330 | 1.497 | 8574 | 1.497 || 1.3e** | 113.5 | 170.1 | 13.03

CO | 0.036 | 0.163 | 0.738 | 0.331 | 1.092 | 1.006 | 0.853 | 0.334 || 2.999 | 1.651 | 1.969 | 1.651 | 1.886 | 1.339 | 0.994 | 0.961

Hy | 4.0e% | 0.020 | 4.0e=* | 0.020 || 2.0e73 | 0.042 | 5.5e7% | 0.021 || 3.4e=3 | 0.042 | 8.1e™3 | 0.042 || 4.1e72 | 0.052 | 1.5¢73 | 0.035

CoHg | 0.017 | 0.132 | 6.0e73 | 0.077 || 6.2e=% | 0.017 | 1.9¢=* | 0.010 || 1.7e73 | 9.2¢73 | 25.25 | 9.2¢73 || 2.6e=3 | 0.050 | 1.1e=3 | 0.031

CHy | 4.0e™® | 3.5e73 | 4.1e7® | 3.5e73 || 7.0e™* | 0.020 | 2.0e=* | 8.9¢73 || 3.5e=* | 0.015 | 186.7 | 0.015 | 0.017 | 0.109 | 5.0e~3 | 0.071

10 CoHy | 1.4e7® | 2,773 | 2.0e7° | 4.3¢72 || 1.6e™% | 6.8¢73 | 6.9¢7° | 7.8¢73 || 1.2¢7% | 2.5¢72 | 0.024 | 2.5¢73 || 0.014 | 0.104 | 6.1e=3 | 0.075

CoHy | 3.2¢7° | 2.6e73 | 2.3¢73 | 0.046 || 3.4e ™% | 0.016 | 2.4e=* | 0.011 || 8.4e73 | 8.3e™3 | 3479 | 83e¢=3 || 5.0e73 | 0.058 | 2.4e=3 | 0.045

COy | 7.8¢73 | 0.085 | 8.9¢73 | 0.082 | 0.064 | 0.149 | 4.7e=3 | 0.068 | 1.545 | 0.329 | 0.521 | 0.329 || 460.9 | 21.39 | 7.526 | 2.741

CO | 0462 | 0.112 | 0.752 | 0.364 || 5.311 | 1.424 | 0.043 | 0.206 || 4.317 | 2.064 | 0.461 | 2.064 | 210.8 | 14.16 | 52.28 | 7.230
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

UMSE o UMSE o HMSE a HMSE o HMSE o UMSE g HMSE o HUMSE o

Hy | 0.069 | 0.061 | 0.066 | 0.068 || 39.93 | 4.462 | 0.113 | 0.245 | 54.07 | 5.042 | 0.780 | 5.042 || 35.78 | 4.676 | 0.125 | 0.310

CoHg | 1.9¢73 | 0.043 | 2.3e73 | 0.047 || 1.0e=2 | 0.015 | 2.4e=% | 7.6e73 || 2.9¢73 | 0.050 | 0.524 | 0.050 || 6.5¢=3 | 0.075 | 0.017 | 0.131

CHy | 3.9¢ % | 0.018 | 3.8¢7* | 0.018 || 0.025 | 0.067 | 1.2¢73 | 0.033 | 0.067 | 0.102 | 8.6e | 0.102 || 0.038 | 0.188 | 0.036 | 0.122

11 | CoHy | 5.0e72 | 8.3¢2 | 4.8¢73 | 0.014 || 0.055 | 0.095 | 3.9¢=2 | 0.043 || 0.079 | 0.115 | 0.141 | 0.115 || 0.017 | 0.130 | 0.048 | 0.167

CoHy | 0.067 | 0.064 | 0.633 | 0.685 | 22.92 | 3.095 | 0.829 | 0.521 || 29.39 | 3.202 | 59.41 | 3.202 || 20.70 | 3.124 | 0.346 | 0.575

COy | 0.011 | 0.093 | 0.022 | 0.058 || 0.196 | 0.306 | 0.059 | 0.044 | 0.882 | 0.923 | 0.078 | 0.923 || 1.766 | 1.322 | 0.809 | 0.869

CO | 0.589 | 0.417 | 0.577 | 0.419 | 0.905 | 0.403 | 0.634 | 0.396 | 0.425 | 0.592 | 0.732 | 0.592 || 3.616 | 1.208 | 0.532 | 0.510

Hy | 0.066 | 0.195 | 0.104 | 0.320 || 0.131 | 0.345 | 0.032 | 0.174 || 0.203 | 0.275 | 0.053 | 0.275 || 0.654 | 0.299 | 0.401 | 0.109

CoHg | 2.9¢73 | 0.037 | 1.0e73 | 6.3e72 || 0.601 | 0.542 | 5.5¢72 | 0.025 | 1.822 | 1.310 | 43.25 | 1.310 || 0.079 | 0.192 | 0.021 | 0.134

CHy | 6.9e7% | 3.3e73 | 6.7e7* | 3.3¢73 || 0.181 | 0.315 | 1.6e=3 | 0.039 | 0.024 | 0.075 | 344.780 | 0.075 || 0.887 | 0.655 | 0.068 | 0.186

12| CoHy | 0.082 | 0.069 | 0.078 | 0.072 || 0.195 | 0.286 | 0.010 | 0.097 | 0.041 | 0.194 | 0.053 | 0.194 || 1.961 | 0.981 | 2.841 | 1.679

CoHy | 0275 | 0.231 | 0.410 | 0.517 || 31.281 | 4.299 | 0.077 | 0.202 || 55.67 | 7.441 | 1725 | 7.441 || 38.33 | 4.634 | 0.430 | 0.490

COy | 0.015 | 0.094 | 8.1e=3 | 0.090 || 0.046 | 0.172 | 0.042 | 0.100 | 0.068 | 0.181 | 0.040 | 0.181 || 2.345 | 1.194 | 0.064 | 0.207

CO |[83e™3 | 0.042 | 0.028 | 7.0e73 || 0.120 | 0.213 | 1.2e73 | 9.6e73 || 7.6e=3 | 0.080 | 6.9¢=2 | 0.080 || 0.270 | 0.187 | 0.011 | 0.067
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Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE g KMSE o KMSE g KMSE o KMSE g KMSE g

Ho 1.645 | 0.219 | 3.686 | 0.332 || 7.601 | 2.108 | 6.440 | 0.457 || 16.04 | 3.227 | 27.33 | 3.227 || 7.264 | 2.211 | 2867 | 53.17

CoHg | 0.014 | 0.096 | 0.013 | 0.074 || 1.127 | 0.068 | 0.055 | 0.023 || 0.560 | 0.118 | 3053 | 0.118 || 0.741 | 0.346 | 0.225 | 0.275

CHy | 0.013 | 0.105 | 1.446 | 0.472 || 0.631 | 0.425 | 0.558 | 0.650 || 0.183 | 0.119 | 5097 | 0.119 || 1.310 | 0.340 | 4.768 | 1.466

13 CoHy | 0728 | 0.819 | 0.821 | 0.836 || 0.123 | 0.322 | 0.424 | 0.651 || 0.483 | 0.559 | 0.442 | 0.559 || 2.261 | 0.663 | 0.314 | 0.516

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COg | 0.627 | 0.434 | 0.698 | 0.419 || 1.637 | 0.563 | 0.802 | 0.337 || 0.448 | 0.660 | 0.170 | 0.660 || 3.969 | 1.650 | 0.975 | 0.865

CO | 0.592 | 0.548 | 1.079 | 0.612 || 2.468 | 1.532 | 1.667 | 0.530 || 4.989 | 2.222 | 4.454 | 2.222 || 2.902 | 1.704 | 2.117 | 1.271

Hy 0.231 | 0.337 | 0.231 | 0.337 || 1.959 | 0.195 | 0.063 | 0.112 || 2.216 | 0.372 | 0.786 | 0.372 || 78.334 | 8.851 | 8.816 | 2.927

CoHg | 3.371 | 1.825 | 2.341 | 1.440 || 5.806 | 0.777 | 0.930 | 0.595 || 6.235 | 1.502 | 0.551 | 1.502 1449 | 37.91 | 27.57 | 4.356

CHy | 0.042 | 0.170 | 0.042 | 0.170 || 0.015 | 0.124 | 0.025 | 0.151 || 7.9e=3 | 0.060 | 0.013 | 0.060 || 1.079 | 0.850 | 1.181 | 0.917

14 CoHy | 1.118 | 1.054 | 0.970 | 0.923 || 1.329 | 0.590 | 0.593 | 0.347 || 1.994 | 0.857 | 0.800 | 0.857 || 1.829 | 0.636 | 0.415 | 0.644

CoHy | 0.680 | 0.094 | 6.617 | 1.303 || 1.011 | 0.083 | 3.993 | 0.625 || 0.096 | 0.249 | 507.6 | 0.249 || 72.43 | 8.464 | 3.380 | 0.949

CO2 | 0.205 | 0.451 | 0.141 | 0.374 || 1.022 | 0.120 | 0.169 | 0.316 || 1.250 | 0.720 | 1.016 | 0.720 || 1.837 | 0.735 | 0.223 | 0.230

CO | 0.396 | 0.627 | 0.301 | 0.536 || 1.625 | 0.168 | 0.248 | 0.470 || 1.697 | 0.750 | 0.132 | 0.750 || 1.492 | 0.535 | 0.329 | 0.553




Gl

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o KMSE o KMSE o HMSE o KMSE o HMSE o HMSE o HUMSE o

Hy 0.095 | 0.108 | 0.102 | 0.116 || 0.161 | 0.018 | 0.174 | 0.244 || 0.101 | 0.174 | 0.758 | 0.174 || 0.059 | 0.241 | 2.748 | 1.182

CoHg | 0.362 | 0.520 | 0.340 | 0.502 || 0.089 | 0.049 | 0.097 | 0.152 || 0.038 | 0.123 | 70.68 | 0.123 || 0.099 | 0.109 | 0.059 | 0.120

CHy | 5.5e73 | 0.051 | 5.4e73 | 0.050 || 0.034 | 0.076 | 8.1e73 | 0.084 || 0.022 | 0.110 | 5.7e=* | 0.110 || 0.138 | 0.310 | 0.086 | 0.274

15 CoHy | 0.010 | 0.060 | 0.012 | 0.063 || 0.012 | 0.106 | 0.048 | 0.155 || 0.046 | 0.188 | 0.075 | 0.188 || 0.034 | 0.087 | 0.040 | 0.188

CoHy | 0.023 | 0.048 | 20.81 | 4.286 || 1.8e73 | 0.041 | 9.9¢=3 | 0.077 || 0.051 | 0.135 | 709.0 | 0.135 || 3.688 | 1.920 | 2517 | 50.05

CO2 | 0.178 | 0.137 | 0.017 | 0.131 || 0.658 | 0.201 | 0.011 | 0.086 || 0.623 | 0.550 | 7.778 | 0.550 || 11.76 | 3.429 | 709.1 | 26.62

CO 0.015 | 0.076 | 0.019 | 0.134 || 0.066 | 0.133 | 4.2¢=3 | 0.065 || 0.062 | 0.146 | 0.049 | 0.146 || 2.971 | 1.701 | 56.433 | 7.509

Hy 0.032 | 0.173 | 0.034 | 0.180 || 0.119 | 0.193 | 0.022 | 0.145 || 0.651 | 0.436 | 0.972 | 0.436 || 0.268 | 0.363 | 0.501 | 0.704

CoHg | 0.048 | 0.192 | 1.2¢72 | 0.023 || 0.420 | 0.117 | 0.028 | 0.147 || 15.37 | 3.561 | 403.9 | 3.561 || 0.833 | 0.247 | 0.042 | 0.171

CHy | 2.0e73 | 0.045 | 2.1e73 | 0.046 || 0.324 | 0.311 | 0.028 | 0.144 || 0.637 | 0.293 | 62.14 | 0.293 || 0.270 | 0.141 | 0.234 | 0.465

16 CoHy | 0.015 | 0.046 | 0.016 | 0.047 || 0.273 | 0.054 | 0.141 | 0.133 || 0.385 | 0.093 | 6.0e=2 | 0.093 || 0.878 | 0.186 | 57.80 | 7.420

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COq

0.554 | 0.323 | 0.322 | 0.352

0.252 | 0.382 | 0.322 | 0.344

0.969 | 0.838 | 4.531 | 0.838

32.53 | 5.147 | 2.903 | 1.633

CcO

0.093 | 0.143 | 0.031 | 0.168

0.110 | 0.149 | 0.029 | 0.154

0.222 | 0.224 | 0.291 | 0.224

26.16 | 5.113 | 17.74 | 4.000




€L

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

KMSE o HMSE o KMSE o KMSE o UMSE g HMSE o KMSE o KMSE o

Hy 0.034 | 0.062 | 0.042 | 0.084 || 0.061 | 0.146 | 0.035 | 0.060 || 0.050 | 0.116 | 0.058 | 0.116 || 1.688 | 0.725 | 0.057 | 0.199

CoHg | 0.029 | 0.071 | 0.024 | 0.057 || 1.440 | 0.216 | 0.044 | 0.197 || 4.430 | 2.046 | 199.9 | 2.046 || 2.519 | 0.365 | 0.229 | 0.303

CHy | 0.025 | 0.016 | 0.025 | 0.016 || 0.416 | 0.224 | 0.020 | 0.079 || 0.300 | 0.239 | 1.754 | 0.239 || 1.569 | 0.329 | 0.624 | 0.715

17 CoHy | 0.083 | 7.8¢72 | 0.084 | 0.008 || 0.638 | 0.195 | 0.064 | 0.253 || 0.630 | 0.230 | 0.143 | 0.230 || 3.582 | 0.469 | 1.021 | 0.873

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.177 | 0.421 | 0.372 | 0.338 || 0.254 | 0.331 | 0.359 | 0.414 || 0.893 | 0.828 | 1.391 | 0.828 || 2.195 | 0.847 | 1.304 | 1.139

CO | 0.013 | 0.104 | 0.056 | 0.107 || 0.177 | 0.135 | 0.034 | 0.167 || 0.103 | 0.215 | 0.107 | 0.215 || 0.737 | 0.225 | 0.162 | 0.132

Hs 0.081 | 0.241 | 0.083 | 0.247 || 4.197 | 1.110 | 0.035 | 0.072 || 2.839 | 1.241 | 0.549 | 1.241 || 2.734 | 1.137 | 0.105 | 0.321

CoHg | 1.787 | 1.332 | 1.647 | 1.273 || 0.899 | 0.675 | 0.558 | 0.690 || 1.683 | 0.843 | 0.303 | 0.843 || 1.202 | 1.096 | 0.948 | 0.774

CHy | 0.089 | 0.286 | 0.088 | 0.285 || 0.012 | 0.104 | 0.117 | 0.317 || 1.2e=3 | 0.031 | 0.025 | 0.031 || 33.20 | 3.695 | 73.11 | 5.760

18 CoHy | 0.965 | 0.966 | 0.524 | 0.713 || 2.047 | 1.189 | 0.082 | 0.236 || 1.757 | 1.112 | 0.134 | 1.112 || 11.15 | 1.497 | 2.240 | 1.233

CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000 {| 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.216 | 0.423 | 0.135 | 0.345 || 0.709 | 0.276 | 0.080 | 0.283 || 0.535 | 0.651 | 0.159 | 0.651 || 80.35 | 6.771 | 261.7 | 16.17

CO | 0.538 | 0.715 | 0.331 | 0.570 || 2.187 | 0.522 | 0.270 | 0.440 || 2.700 | 1.123 | 0.277 | 1.123 || 0.034 | 0.167 | 0.162 | 0.256




2

Trans LS-SVM (Exp. 1) LS-SVM (Exp. 2) e-SVR (Exp. 2) LS-SVM-UV (Exp. 2)
No. Feat Valid Test Valid Test Valid Test Valid Test

HMSE g HMSE o UMSE o UMSE o HMSE g HMSE o UMSE o UMSE g

Hy 0.189 | 0.435 | 0.638 | 0.785 || 1.056 | 1.026 | 0.336 | 0.574 || 1.621 | 1.273 | 1.199 | 1.080 || 6.412 | 2.532 | 160.8 | 12.67

CoHg | 0.350 | 0.567 | 0.579 | 0.750 || 0.420 | 0.553 | 0.290 | 0.520 || 1.331 | 1.140 | 43.12 | 6.556 || 64.50 | 8.030 | 4.182 | 2.026

CHy | 0.044 | 0.184 | 0.094 | 0.302 || 0.156 | 0.333 | 0.058 | 0.232 || 0.101 | 0.274 | 78.04 | 8.808 || 11.74 | 3.420 | 5.437 | 2.263

All CoHy | 0.353 | 0.573 | 0.614 | 0.775 || 0.203 | 0.424 | 0.748 | 0.837 || 0.213 | 0.435 | 0.890 | 0.917 || 2.733 | 1.627 | 7.135 | 2.668

CoHy | 0.320 | 0.564 | 2.630 | 1.622 || 0.719 | 0.847 | 0.533 | 0.706 || 2.706 | 1.622 | 335.2 | 18.31 || 99.54 | 9.935 | 226.1 | 15.04

CO2 | 0.290 | 0.510 | 0.377 | 0.604 || 0.377 | 0.597 | 0.349 | 0.584 || 0.797 | 0.884 | 1.111 | 0.981 || 796.3 | 28.22 | 278.0 | 16.67

CO | 0.276 | 0.514 | 0.313 | 0.559 || 0.849 | 0.901 | 0.263 | 0.513 || 0.986 | 0.985 | 0.414 | 0.626 || 15.18 | 3.889 | 17.99 | 4.239




A.2.2 Input Type Comparison

Tables 10, 11 and 12 compare the results of Experiments 1 and 2, and the in-built e-SVR, for

the original and augmented input vectors respectively.

Table 10: Input Vector Comparison - LS-SVM (Experiment 1)

Trans Original Augmented
No. Feat Valid Test Valid Test

UMSE o UMSE o UMSE o UMSE o
Hy, | 0.651 | 0.563 | 0.655 | 0.565 | 0.330 | 0.513 | 0.330 | 0.513
CoHg | 0.710 | 0.263 | 0.856 | 0.228 || 0.697 | 0.257 | 0.721 | 0.209
CH; | 0.206 | 0.122 | 0.207 | 0.122 | 0.160 | 0.108 | 0.161 | 0.108
1 CoHy | 1.052 | 0.358 | 0.314 | 0.415 || 0.762 | 0.334 | 0.916 | 0.232
CoHy | 0.085 | 0.257 | 0.327 | 0.196 || 0.015 | 0.075 | 0.673 | 0.177
COy | 1.646 | 0.392 | 3.700 | 0.242 | 1.416 | 0.322 | 2.417 | 0.289
CO | 1.074 | 0.624 | 1.748 | 0.707 || 1.188 | 0.600 | 1.713 | 0.682
Hy | 4.9e73 | 0.064 | 0.011 | 0.097 || 4.6e=3 | 0.063 | 4.7e=3 | 0.063
CoHg | 9.555 | 3.027 | 9.647 | 3.025 || 12.16 | 3.465 | 9.661 | 3.015
CH, | 0.097 | 0.300 | 0.096 | 0.300 || 0.128 | 0.304 | 0.127 | 0.304
2 CoHy | 45.55 | 6.190 | 47.62 | 6.143 || 46.78 | 6.147 | 47.76 | 6.131
CoHy | 232.7 | 13.25 | 233.7 | 1325 || 231.7 | 13.26 | 234.6 | 13.25
COy | 0.388 | 0.528 | 0.519 | 0.598 || 0.471 | 0.555 | 0.616 | 0.593
CO | 0.106 | 0.321 | 0.112 | 0.331 || 0.115 | 0.315 | 0.111 | 0.327
Hy | 6.0e72 | 0.015 | 6.0e72 | 0.015 || 4.2¢7® | 5.1e™3 | 3.2¢7* | 0.017
CoHg | 3.5e=% | 1.5e73 | 3.5e7% | 1.5e72 || 5.6e=* | 0.016 | 5.5¢=* | 0.016
CHy | 1.8e7% | 2.7e73 | 1.8¢7% | 2.7e73 || 7.6e7° | 8.4e 3 | 7.7e™® | 8.4e73
3 CoHy | 1.5e73 | 0.037 | 1.4e73 | 0.034 || 1.4e=2 | 0.037 | 1.3e2 | 0.032
CoHy | 0.109 | 0.112 | 0.135 | 0.150 || 5.7e73 | 0.053 | 7.0e=3 | 0.056
COy | 0.722 | 0.514 | 0.874 | 0.723 || 0.331 | 0.478 | 0.307 | 0.446
CO | 0577 | 0.656 | 0.483 | 0.669 || 0.396 | 0.623 | 0.277 | 0.511
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o

Hy | 0450 | 0.668 | 12.74 | 1.379 || 0.651 | 0.804 | 21.84 | 1.681

CyHg | 0.063 | 0.228 | 18.81 | 0.646 || 0.444 | 0.615 | 21.29 | 0.801

CH; | 0.541 | 0.314 | 5.061 | 2.246 || 0.513 | 0.396 | 3.293 | 1.429

1 CoHy | 6.122 | 2405 | 8.087 | 2.737 || 1.402 | 0.765 | 6.553 | 1.370
CoHy | 1.034 | 0.824 | 56.35 | 7.030 || 4.237 | 1.104 | 40.33 | 3.801

CO, | 1.602 | 1.060 | 4.194 | 1.544 || 0.577 | 0.741 | 0.567 | 0.752

CO | 0.184 | 0.314 | 1.379 | 0.449 || 0.116 | 0.176 | 0.120 | 0.146

Hy | 0.042 | 0.023 | 0.078 | 0.130 || 0.016 | 0.026 | 0.036 | 0.117

CoHg | 3.8¢7° | 5.9¢73 | 3.8¢7® | 6.0e™2 || 0.170 | 0.403 | 0.158 | 0.392

CHy | 9.6e=* | 0.014 | 9.8¢=* | 0.014 || 1.5¢73 | 0.013 | 1.5¢73 | 0.013

5 CoHy | 0.242 | 0.196 | 0.296 | 0.051 || 0.113 | 0.046 | 0.119 | 0.048
CoHy | 9.8¢73 | 0.057 | 0.015 | 0.056 || 8.5¢72 | 0.066 | 0.010 | 0.093

COy | 0.105 | 0.307 | 0.105 | 0.301 || 0.087 | 0.295 | 0.074 | 0.272

CO | 0.185 | 0.176 | 0.213 | 0.174 || 0.118 | 0.171 | 0.116 | 0.156

Hy, | 0.085 | 0.035 | 0.085 | 0.035 || 0.070 | 0.030 | 0.070 | 0.030

CoHg | 0.030 | 0.021 | 0.030 | 0.021 || 0.048 | 0.146 | 0.035 | 0.096

CHy | 22e73 | 0.015 | 2.2¢73 | 0.015 || 0.030 | 0.016 | 0.030 | 0.016

6 CoHy | 0.041 | 0.153 | 0.041 | 0.152 || 0.348 | 0.163 | 0.335 | 0.176
CoHy | 0.015 | 0.048 | 0.012 | 0.049 || 0.173 | 0.028 | 0.439 | 0.600

COy | 0.025 | 0.152 | 0.080 | 0.157 || 0.022 | 0.137 | 0.018 | 0.122

CO | 0.019 | 0.135 | 0.053 | 0.224 || 0.071 | 0.142 | 0.079 | 0.118

Hy | 0.021 | 0.022 | 0.026 | 0.052 || 8.2¢=3 | 0.030 | 0.015 | 0.069

CoHg | 0.011 | 0.027 | 0.011 | 0.027 || 0.169 | 0.405 | 0.063 | 0.230

CHy | 2.1e73 | 0.032 | 2.1e73 | 0.032 || 2.7e73 | 0.023 | 2.6e73 | 0.023

7 CoHy | 0.038 | 0.138 | 0.043 | 0.125 || 0.076 | 0.087 | 0.069 | 0.135
CoHy | 3.7e73 | 0.042 | 0.024 | 0.152 || 0.159 | 0.110 | 0.343 | 0.361

COy | 0.032 | 0.032 | 0.018 | 0.075 || 0.014 | 0.052 | 2.3¢~3 | 0.047

CO | 0.076 | 0.106 | 0.028 | 0.086 | 0.149 | 0.075 | 0.082 | 0.036
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o

Hy | 1.097 | 0.885 | 1.865 | 0.873 || 1.425 | 0.939 | 1.451 | 0.943

CoHg | 4.1e73 | 5.8¢73 | 4.1e73 | 5.8¢73 || 0.050 | 0.198 | 0.117 | 0.325

CHy | 3.8¢73 | 0.011 | 3.8¢73 | 0.011 || 6.7e73 | 0.013 | 6.7e3 | 0.013

8 CoHy | 0.016 | 0.120 | 0.012 | 0.085 || 0.261 | 0.075 | 0.241 | 0.128
CyHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO, | 0.126 | 0.340 | 0.120 | 0.322 || 0.140 | 0.308 | 0.122 | 0.298

CO | 0.046 | 0.194 | 0.048 | 0.191 || 0.066 | 0.168 | 0.039 | 0.171

Hy | 0.073 | 0.030 | 0.073 | 0.031 || 0.099 | 0.015 | 0.098 | 0.020

CoHg | 4.6e73 | 0.022 | 4.6e73 | 0.022 || 6.0e=2 | 0.069 | 5.6e~2 | 0.059

CH4 | 0.101 | 0.049 | 0.103 | 0.048 || 0.084 | 0.071 | 0.085 | 0.070

9 CoHy | 3.2¢73 | 0.029 | 2.4e73 | 0.023 || 3.0e=2 | 0.055 | 3.0e=2 | 0.055
CoHy | 84e™® | 9.2¢73 | 9.9¢7° | 9.7¢73 || 0.011 | 9.3¢~2 | 0.011 | 0.020

COy | 0.025 | 0.154 | 0.232 | 0.357 || 0.176 | 0.233 | 1.807 | 0.494

CO | 0.027 | 0.162 | 0.314 | 0.268 || 0.036 | 0.163 | 0.738 | 0.331

Hy | 7.4e™* | 0.016 | 7.3e=* | 0.016 || 4.0e=* | 0.020 | 4.0e~* | 0.020

CoHg | 5.3¢70 | 1.7e73 | 5.0e7% | 1.6e=3 || 0.017 | 0.132 | 6.0e=3 | 0.077

CHy | 1.8¢7* | 44e™3 | 1.9¢7% | 4.4e73 || 4.0e7® | 3.5e73 | 4.1e® | 3.5e3

10 CoHy | 1.1e73 | 0.027 | 1.3e73 | 0.027 || 1.4e° | 2.7e73 | 2.0e7® | 4.3¢3
CoHy | 0.119 | 0.220 | 0.130 | 0.271 || 3.2e7° | 2.6e 2 | 2.3e73 | 0.046

COz | 0.029 | 0.071 | 0.032 | 0.161 || 7.8¢=3 | 0.085 | 8.9¢~2 | 0.082

CO | 0.496 | 0.118 | 0.231 | 0.146 || 0.462 | 0.112 | 0.752 | 0.364

Hy | 0.072 | 0.108 | 0.072 | 0.108 || 0.069 | 0.061 | 0.066 | 0.068

CoHg | 9.8¢7® | 5.0e73 | 1.0e™* | 5.0e72 || 1.9¢72 | 0.043 | 2.3e73 | 0.047

CHy | 4.4e™* | 0.021 | 4.4e=* | 0.021 || 3.9¢=% | 0.018 | 3.8¢=* | 0.018

11 CoHy | 0.014 | 0.116 | 0.014 | 0.119 || 5.0 | 8.3¢73 | 4.8¢72 | 0.014
CoHy | 0.065 | 0.204 | 1.711 | 1.292 || 0.067 | 0.064 | 0.633 | 0.685

COy | 0.032 | 0.131 | 0.107 | 0.151 || 0.011 | 0.093 | 0.022 | 0.058

CO | 0.527 | 0.427 | 0.544 | 0.412 || 0.589 | 0.417 | 0.577 | 0.419

7




Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o
Hy | 0.089 | 0.137 | 0.184 | 0.221 || 0.066 | 0.195 | 0.104 | 0.320
CoHg | 5.7e7% | 4.5¢73 | 5.8¢7* | 4.5¢73 || 2.9¢73 | 0.037 | 1.0e73 | 6.3¢3
CHy | 4.2¢7° | 5.0e™3 | 4.0e7® | 5.0e72 || 6.9¢7% | 3.3¢72 | 6.7e™* | 3.3¢73
12 | CyH4 | 0.080 | 0.175 | 0.082 | 0.184 || 0.082 | 0.069 | 0.078 | 0.072
CoH, | 0.213 | 0.156 | 0.203 | 0.154 || 0.275 | 0.231 | 0.410 | 0.517
CO, | 0.063 | 0.081 | 0.134 | 0.317 || 0.015 | 0.094 | 8.1e73 | 0.090
CO | 0.063 | 0.123 | 0.041 | 0.107 || 8.3e73 | 0.042 | 0.028 | 0.007
Hy | 1.487 | 0.623 | 1.726 | 0.696 || 1.645 | 0.219 | 3.686 | 0.332
CoHg | 82e73 | 0.040 | 8.3¢73 | 0.040 || 0.014 | 0.096 | 0.013 | 0.074
CHy | 0.020 | 0.106 | 1.744 | 0.529 | 0.013 | 0.105 | 1.446 | 0.472
13 | CoHy | 0.479 | 0.669 | 0.394 | 0.605 || 0.728 | 0.819 | 0.821 | 0.836
CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000
COy | 0.773 | 0.558 | 0.619 | 0.584 || 0.627 | 0.434 | 0.698 | 0.419
CO | 0.546 | 0.608 | 0.949 | 0.771 || 0.592 | 0.548 | 1.079 | 0.612
Hy, | 0.029 | 0.155 | 0.027 | 0.137 || 0.231 | 0.337 | 0.231 | 0.337
CoHg | 1.790 | 1.141 | 1.724 | 1.098 || 3.371 | 1.825 | 2.341 | 1.440
CHy | 0.043 | 0.167 | 0.044 | 0.167 || 0.042 | 0.170 | 0.042 | 0.170
14 | CoHy | 0495 | 0.599 | 0.572 | 0.635 || 1.118 | 1.054 | 0.970 | 0.923
CoHy | 1.035 | 0.108 | 3.983 | 0.896 || 0.680 | 0.094 | 6.617 | 1.303
COy | 0.253 | 0.503 | 0.158 | 0.382 || 0.205 | 0.451 | 0.141 | 0.374
CO | 0412 | 0.632 | 0.309 | 0.554 || 0.396 | 0.627 | 0.301 | 0.536
Hy | 0.188 | 0.148 | 0.192 | 0.153 || 0.095 | 0.108 | 0.102 | 0.116
CoHg | 0.105 | 0.157 | 0.106 | 0.157 || 0.362 | 0.520 | 0.340 | 0.502
CHy | 0.064 | 0.162 | 0.064 | 0.162 || 5.5e2 | 0.051 | 5.4e=3 | 0.050
15 | CoHy | 0.029 | 0.158 | 0.029 | 0.159 || 0.010 | 0.060 | 0.012 | 0.063
CoHy | 0.218 | 0.148 | 0.221 | 0.150 || 0.023 | 0.048 | 20.81 | 4.286
COy | 0.189 | 0.035 | 0.088 | 0.244 | 0.178 | 0.137 | 0.017 | 0.131
CO | 0.056 | 0.074 | 0.060 | 0.094 || 0.015 | 0.076 | 0.019 | 0.134
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Trans Original Augmented
No. Feat Valid Test Valid Test
HUMSE o HUMSE o HUMSE o HUMSE o

H, 0.235 | 0.247 | 0.235 | 0.247 || 0.032 | 0.173 | 0.034 | 0.180

CoHg | 0.082 | 0.030 | 0.083 | 0.031 || 0.048 | 0.192 | 1.2¢=3 | 0.023

CHy | 0.099 | 0.024 | 0.099 | 0.024 || 2.0e=3 | 0.045 | 2.1e73 | 0.046

16 CeHy | 0.063 | 0.150 | 0.062 | 0.151 || 0.015 | 0.046 | 0.016 | 0.047
CeHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COg2 | 0.360 | 0.403 | 0.376 | 0.451 || 0.554 | 0.323 | 0.322 | 0.352

CO | 0.039 | 0.183 | 0.082 | 0.260 || 0.093 | 0.143 | 0.031 | 0.168

H, 0.043 | 0.030 | 0.071 | 0.126 || 0.034 | 0.062 | 0.042 | 0.084

CyHg | 0.248 | 0.100 | 0.248 | 0.100 || 0.029 | 0.071 | 0.024 | 0.057

CHy | 0.268 | 0.058 | 0.268 | 0.058 || 0.025 | 0.016 | 0.025 | 0.016

17 | CoHy | 0.384 | 0.508 | 0.481 | 0.576 || 0.083 | 7.8e3 | 0.084 | 7.9¢3
CqeHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.372 | 0.399 | 0.542 | 0.702 || 0.177 | 0.421 | 0.372 | 0.338

CO 0.124 | 0.109 | 0.190 | 0.102 || 0.013 | 0.104 | 0.056 | 0.107

H, 0.156 | 0.246 | 0.155 | 0.230 || 0.081 | 0.241 | 0.083 | 0.247

CoHg | 1.392 | 1.149 | 1.321 | 1.114 || 1.787 1.332 1.647 1.273

CHy | 0.082 | 0.273 | 0.082 | 0.273 || 0.089 | 0.286 | 0.088 | 0.285

18 CoHy | 0.619 | 0.731 | 0.594 | 0.721 || 0.965 | 0.966 | 0.524 | 0.713
CeHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.396 | 0.510 | 0.094 | 0.306 || 0.216 | 0.423 | 0.135 | 0.345

CO | 0.536 | 0.717 | 0.310 | 0.503 || 0.538 | 0.715 | 0.331 | 0.570

Hy 0.181 | 0.396 | 0.425 | 0.652 || 0.189 | 0.435 | 0.638 | 0.785

CyHg | 0.304 | 0.501 | 0.534 | 0.707 || 0.350 | 0.567 | 0.579 | 0.750

CHy | 0.072 | 0.228 | 0.186 | 0.426 || 0.044 | 0.184 | 0.094 | 0.302

All CoHy | 0.584 | 0.735 | 0.632 | 0.776 || 0.353 | 0.573 | 0.614 | 0.775
CoHs | 0.164 | 0.389 | 1.451 | 1.204 || 0.320 | 0.564 | 2.630 1.622

CO2 | 0.326 | 0.548 | 0.495 | 0.680 || 0.290 | 0.510 | 0.377 | 0.604

CO 0.283 | 0.531 | 0.348 | 0.586 || 0.276 | 0.514 | 0.313 | 0.559
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Table 11: Input Vector Comparison - LS-SVM (Experiment 2)

Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o
Hy | 0492 | 0.356 | 0.323 | 0.479 || 0.378 | 0.353 | 0.227 | 0.443
CoHg | 0.141 | 0.252 | 0.807 | 0.767 || 0.534 | 0.254 | 0.194 | 0.439
CH, | 0.118 | 0.175 | 0.148 | 0.144 | 0.097 | 0.170 | 0.118 | 0.137
1 CoHy | 0.512 | 0.228 | 0.893 | 0.661 || 0.530 | 0.176 | 0.089 | 0.265
CyHy | 0.151 | 0.291 | 0.341 | 0.270 || 0.118 | 0.263 | 0.204 | 0.215
CO, | 0.521 | 0.701 | 1.399 | 0.498 || 0.592 | 0.711 | 1.876 | 0.485
CO | 0.266 | 0.470 | 0.776 | 0.583 | 0.238 | 0.419 | 0.847 | 0.565
Hy | 0.131 | 0.296 | 0.029 | 0.067 || 0.216 | 0.294 | 4.2¢73 | 0.063
CoHg | 0.832 | 0.328 | 10.83 | 3.107 || 0.155 | 0.319 | 10.61 | 2.984
CHy | 0.613 | 0.424 | 0.082 | 0.287 | 1.086 | 0.534 | 0.134 | 0.337
2 CoHy | 0.132 | 0.304 | 47.02 | 6.107 || 0.109 | 0.328 | 46.03 | 5.886
CoHy | 4.2¢73 | 0.024 | 232.9 | 1327 || 3.0e72 | 0.021 | 232.6 | 13.27
COy | 0.406 | 0.614 | 0.404 | 0.595 || 0.430 | 0.582 | 0.586 | 0.592
CO | 0.350 | 0.453 | 0.116 | 0.303 | 0.174 | 0.322 | 0.121 | 0.345
Hy | 1.9¢7® | 43e73 | 7.9¢7* | 6.1e73 || 2.0e73 | 4.5¢73 | 1.3¢72 | 0.013
CoHg | 9.6e7% | 0.030 | 1.1e73 | 0.034 || 5.8¢ % | 0.016 | 3.1e7® | 4.8¢3
CHy | 2.8¢73 | 0.022 | 6.1e7* | 0.013 | 3464 | 0.018 | 7.9¢=4 | 0.027
3 CoHy | 6.4e=% | 0.024 | 3.6e % | 0.018 || 8.8¢=* | 0.023 | 3.9e=* | 0.012
CoHy | 4.9e73 | 0.017 | 2.3e7° | 3.5e73 || 2.6e=2 | 0.011 | 5.6e=° | 4.3¢73
CO, | 0.362 | 0.362 | 0.540 | 0.687 || 0.126 | 0.348 | 0.368 | 0.451
CO | 0.628 | 0.246 | 0.410 | 0.640 || 0.307 | 0.164 | 0.290 | 0.485
Hy | 0.681 | 0.389 | 1.620 | 1.235 || 0.769 | 0.460 | 1.669 | 0.776
CoHg | 0.416 | 0.631 | 6.310 | 1.129 || 0.522 | 0.690 | 4.642 | 1.284
CHy | 0.548 | 0.606 | 5.032 | 1.717 || 0.565 | 0.705 | 4.218 | 1.575
1 CoHy | 0.861 | 0.912 | 8912 | 1.949 || 1.020 | 0.927 | 11.68 | 1.998
CoHy | 1.451 | 1.203 | 2.161 | 1.466 || 1.356 | 1.148 | 4.074 | 1.984
CO, | 0.397 | 0.593 | 0.608 | 0.740 || 0.669 | 0.611 | 0.528 | 0.538
CO | 2796 | 1.154 | 0.403 | 0.630 | 2.941 | 1.153 | 0.459 | 0.279
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o

Hy | 0.074 | 0.262 | 0.029 | 0.029 | 0.080 | 0.277 | 0.011 | 0.038

CoHg | 0.022 | 0.112 | 3.2¢72 | 0.011 || 0.947 | 0.209 | 0.120 | 0.043

CHy | 0.029 | 0.058 | 9.9e=* | 0.030 || 0.227 | 0.372 | 0.029 | 0.166

5 CoHy | 0.027 | 0.075 | 1.6e3 | 0.029 || 0.082 | 0.172 | 0.016 | 0.037
CoHy | 0522 | 0.715 | 1.076 | 0.058 || 0.114 | 0.332 | 0.208 | 0.015

COy | 0.149 | 0.384 | 0.117 | 0.338 || 0.276 | 0.472 | 0.081 | 0.283

CO | 0.344 | 0.496 | 0.179 | 0.198 || 0.307 | 0.533 | 0.080 | 0.156

Hy | 0.053 | 0.116 | 0.035 | 0.026 | 0.048 | 0.123 | 0.108 | 0.030

CyHg | 0.025 | 0.082 | 0.019 | 0.035 || 0.028 | 0.047 | 0.050 | 0.052

CHy | 0.059 | 0.183 | 1.7e¢73 | 0.041 || 0.079 | 0.223 | 0.095 | 0.198

6 CoHy | 0.054 | 0.134 | 0.015 | 0.115 || 0.032 | 0.124 | 0.014 | 0.113
CoHy | 8.0e7* | 0.028 | 7.8¢73 | 0.027 || 1.2¢73 | 0.034 | 0.026 | 0.034

COy | 0.214 | 0.373 | 0.042 | 0.202 || 0.258 | 0.349 | 0.080 | 0.086

CO | 0.180 | 0.297 | 0.029 | 0.163 || 0.143 | 0.242 | 0.014 | 0.082

Hy | 0.061 | 0.034 | 3.9¢73 | 8.9¢ =2 || 0.118 | 0.069 | 5.8¢73 | 0.018

CoHg | 0.013 | 0.110 | 2.9¢73 | 0.053 || 0.154 | 0.021 | 0.024 | 0.018

CHy | 2.5e73 | 0.048 | 2.5¢73 | 0.048 || 0.033 | 0.163 | 2.8¢73 | 0.034

7 CoHy | 6.7e73 | 0.059 | 5.7¢3 | 0.072 || 0.062 | 0.133 | 0.026 | 0.116
CoHy | 1.622 | 0.314 | 0.017 | 0.041 || 1.484 | 0.082 | 5.7 3 | 0.047

COy | 7.0e73 | 0.075 | 0.017 | 0.054 || 9.1e73 | 0.068 | 7.2¢=3 | 0.026

CO | 0.019 | 0.119 | 0.010 | 0.099 || 0.019 | 0.112 | 0.015 | 0.074

Hy | 0.670 | 0.392 | 1.011 | 0.880 | 0.141 | 0.359 | 0.965 | 0.920

CoHg | 0.012 | 0.074 | 9.7¢3 | 0.096 || 0.032 | 0.100 | 0.020 | 0.038

CHy | 0.013 | 0.029 | 2.1e73 | 0.018 || 0.020 | 0.057 | 0.015 | 0.076

8 CoHy | 0.478 | 0.174 | 0.056 | 0.119 || 0.332 | 0.232 | 3.3¢3 | 0.050
CyHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COy | 0.026 | 0.159 | 0.133 | 0.273 || 0.036 | 0.128 | 0.114 | 0.291

CO | 0.102 | 0.315 | 0.051 | 0.185 || 0.062 | 0.245 | 0.029 | 0.169
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o
Hy | 0.116 | 0.280 | 0.139 | 0.100 || 0.125 | 0.271 | 0.262 | 0.067
CoHg | 5.1e73 | 0.035 | 9.8¢72 | 0.051 || 5.6e72 | 0.043 | 4.1e=* | 0.020
CHy | 0.041 | 0.194 | 0.097 | 0.135 || 0.055 | 0.235 | 0.121 | 0.106
9 CoHy | 5.8¢73 | 0.075 | 0.023 | 0.068 || 7.0e73 | 0.081 | 4.4e3 | 0.026
CoHy | 0.010 | 0.045 | 4.4e3 | 0.015 || 0.014 | 8.0e73 | 0.011 | 0.027
COy | 0.634 | 0.673 | 0.198 | 0.377 || 0.916 | 0.675 | 0.791 | 0.358
CO | 1.784 | 1.143 | 0.193 | 0.286 || 1.092 | 1.006 | 0.853 | 0.334
Hy | 26e73| 0.045 | 7.0e7% | 0.020 | 2.0e73 | 0.042 | 5.5e=% | 0.021
CoHg | 7.2¢7% | 0.026 | 1.5e=* | 0.011 || 6.2¢7* | 0.017 | 1.9¢=* | 0.010
CHy | 2.5¢7% | 0.013 | 5.8¢72 | 5.7¢=3 || 7.0e7* | 0.020 | 2.0e™* | 8.9¢73
10 CoHy | 1.6e=* | 0.011 | 1.6e™* | 7.3¢73 || 1.6e™* | 6.8¢72 | 6.9¢ 7> | 7.8¢ 73
CoHy | 1.2¢73 | 0.015 | 5.2¢7* | 0.014 || 3.4e % | 0.016 | 2.4e=* | 0.011
COy | 0.102 | 0.247 | 0.050 | 0.209 || 0.064 | 0.149 | 4.7¢73 | 0.068
CO | 3.393 | 1.278 | 0.041 | 0.200 || 5.311 | 1.424 | 0.043 | 0.206
Hy | 39.59 | 4.427 | 0.108 | 0.217 || 39.93 | 4.462 | 0.113 | 0.245
CoHg | 3.8¢7% | 0.019 | 3.7¢7* | 6.8¢73 || 1.0e™2 | 0.015 | 2.4e™* | 7.6e3
CH4 | 0.014 | 0.107 | 0.030 | 0.173 || 0.025 | 0.067 | 1.2e7% | 0.033
11 | CyHy | 0.061 | 0.075 | 7.7e73 | 0.088 || 0.055 | 0.095 | 3.9¢=2 | 0.043
CoHy | 22,37 | 2.819 | 0.657 | 0.805 || 22.92 | 3.095 | 0.829 | 0.521
CO, | 0.261 | 0.455 | 0.191 | 0.207 || 0.196 | 0.306 | 0.059 | 0.044
CO | 0.391 | 0.488 | 0.655 | 0.442 || 0.905 | 0.403 | 0.634 | 0.396
Hy | 0.175 | 0.382 | 0.022 | 0.148 || 0.131 | 0.345 | 0.032 | 0.174
CoHg | 0.093 | 0.253 | 1.1e73 | 0.032 || 0.601 | 0.542 | 5.5¢=3 | 0.025
CH, | 0.042 | 0.100 | 1.9¢e=* | 0.014 || 0.181 | 0.315 | 1.6e=3 | 0.039
12 | CoHy | 0.058 | 0.236 | 0.031 | 0.162 || 0.195 | 0.286 | 0.010 | 0.097
CoHy | 25.89 | 4.013 | 0.148 | 0.339 || 31.28 | 4.299 | 0.077 | 0.202
COy | 0.052 | 0.206 | 0.041 | 0.140 || 0.046 | 0.172 | 0.042 | 0.100
CO | 0.330 | 0.376 | 0.011 | 0.079 || 0.120 | 0.213 | 1.2¢73 | 9.6e73
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Trans Original Augmented
No. Feat Valid Test Valid Test
HMSE o HMSE o MMSE o MMSE o

Ho 5.924 | 2.051 | 2.638 | 0.652 || 7.601 | 2.108 | 6.440 | 0.457

CoHg | 7.9¢73 | 0.063 | 3.2¢73 | 0.055 || 1.127 | 0.068 | 0.055 | 0.023

CHy | 0.145 | 0.173 | 0.028 | 0.141 || 0.631 | 0.425 | 0.558 | 0.650

13 CoHy | 0.365 | 0.307 | 0.618 | 0.756 || 0.123 | 0.322 | 0.424 | 0.651
CsoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO9 | 1.591 | 0.581 | 0.329 | 0.527 || 1.637 | 0.563 | 0.802 | 0.337

CO 2.561 | 1.592 | 0.528 | 0.666 || 2.468 | 1.532 | 1.667 | 0.530

Hy 2.028 | 0.275 | 0.040 | 0.106 || 1.959 | 0.195 | 0.063 | 0.112

CoHg | 5.095 | 0.730 | 0.585 | 0.492 || 5.806 | 0.777 | 0.930 | 0.595

CHy | 0.014 | 0.095 | 0.022 | 0.128 || 0.015 | 0.124 | 0.025 | 0.151

14 CoHy | 1.042 | 0.466 | 0.630 | 0.448 || 1.329 | 0.590 | 0.593 | 0.347
CoHy | 1.212 | 0.131 | 3.678 | 0.523 || 1.011 | 0.083 | 3.993 | 0.625

COo | 1.012 | 0.334 | 0.116 | 0.302 || 1.022 | 0.120 | 0.169 | 0.316

CO 1.117 | 0.194 | 0.253 | 0.491 || 1.625 | 0.168 | 0.248 | 0.470

Hy 0.118 | 0.051 | 0.407 | 0.291 || 0.161 | 0.018 | 0.174 | 0.244

CoHg | 0.189 | 0.098 | 0.016 | 0.110 || 0.089 | 0.049 | 0.097 | 0.152

CHy | 0.204 | 0.148 | 0.071 | 0.171 || 0.034 | 0.076 | 8.1e=3 | 0.084

15 CoHy | 0.081 | 0.123 | 0.021 | 0.132 || 0.012 | 0.106 | 0.048 | 0.155
CoHy | 0.190 | 0.201 | 0.948 | 0.391 || 1.8e73 | 0.041 | 0.010 | 0.077

COgz | 0.343 | 0.347 | 0.113 | 0.153 || 0.658 | 0.201 | 0.011 | 0.086

CO 0.022 | 0.144 | 0.061 | 0.145 || 0.066 | 0.133 | 4.2¢=3 | 0.065

Ho 0.591 | 0.147 | 0.095 | 0.193 || 0.119 | 0.193 | 0.022 | 0.145

CoHg | 1.407 | 0.271 | 0.057 | 0.138 || 0.420 | 0.117 | 0.028 | 0.147

CHy | 0.808 | 0.230 | 0.050 | 0.106 || 0.324 | 0.311 | 0.028 | 0.144

16 CoHy | 1.050 | 0.238 | 0.100 | 0.252 || 0.273 | 0.054 | 0.141 | 0.133
CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.198 | 0.355 | 1.089 | 0.531 || 0.252 | 0.382 | 0.322 | 0.344

CO 0.071 | 0.248 | 0.155 | 0.335 || 0.110 | 0.149 | 0.029 | 0.154
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Trans Original Augmented
No. Feat Valid Test Valid Test
KMSE o HMSE o HMSE o HMSE o

Hy 0.230 | 0.108 | 0.196 | 0.096 || 0.061 | 0.146 | 0.035 | 0.060

CoHg | 2.507 | 0.376 | 0.181 | 0.144 || 1.440 | 0.216 | 0.044 | 0.197

CHy | 1.221 | 0.221 | 0.193 | 0.085 || 0.416 | 0.224 | 0.020 | 0.079

17 CoHy | 2.564 | 0.432 | 0.276 | 0.336 || 0.638 | 0.195 | 0.064 | 0.253
CyHs | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.210 | 0.458 | 0.963 | 0.913 || 0.254 | 0.331 | 0.359 | 0.414

CO | 0337 | 0.270 | 0.092 | 0.283 || 0.177 | 0.135 | 0.034 | 0.167

Hs 4964 | 1.123 | 0.047 | 0.103 || 4.197 | 1.110 | 0.035 | 0.072

CoHg | 0.477 | 0.260 | 0.391 | 0.573 || 0.899 | 0.675 | 0.558 | 0.690

CHy | 0.016 | 0.072 | 0.040 | 0.200 || 0.012 | 0.104 | 0.117 | 0.317

18 CoHy | 2768 | 1.235 | 0.126 | 0.287 || 2.047 | 1.189 | 0.082 | 0.236
CyHo | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 2.594 | 0.620 | 0.133 | 0.304 || 0.709 | 0.276 | 0.080 | 0.283

CO | 5.134 | 0.765 | 0.350 | 0.589 || 2.187 | 0.522 | 0.270 | 0.440

Hy 1.112 | 1.050 | 0.278 | 0.521 || 1.056 | 1.026 | 0.336 | 0.574

CoHg | 0.383 | 0.575 | 0.217 | 0.420 || 0.420 | 0.553 | 0.290 | 0.520

CHy | 0.198 | 0.376 | 0.053 | 0.207 || 0.156 | 0.333 | 0.058 | 0.232

All CyHy | 0.365 | 0.588 | 0.672 | 0.773 || 0.203 | 0.424 | 0.748 | 0.837
CyHs | 0.885 | 0.941 | 0.510 | 0.702 || 0.719 | 0.847 | 0.533 | 0.706

CO2 | 0.387 | 0.617 | 0.331 | 0.535 || 0.377 | 0.597 | 0.349 | 0.584

CO | 1.046 | 1.008 | 0.224 | 0.472 || 0.849 | 0.901 | 0.263 | 0.513
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Table 12: Input Vector Comparison - e-SVR (Experiment 2)

Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE 9 UMSE o UMSE o UMSE o

Hy | 0.441 | 0.605 | 1.866 | 1.294 || 0.425 | 0.595 | 6.564 | 2.451

CoHg | 0.036 | 0.189 | 1.379 | 1.174 || 0.618 | 0.227 | 187.6 | 13.70

CHy | 0.071 | 0.217 | 0.020 | 0.058 || 0.053 | 0.192 | 3.9¢=2 | 0.028

1 CoHy | 0.261 | 0.105 | 0.888 | 0.815 || 0.726 | 0.075 | 0.168 | 0.410
CoHy | 0.152 | 0.386 | 1309 | 32.65 || 0.233 | 0.401 | 4802 | 64.39

CO, | 0.436 | 0.638 | 1.376 | 1.070 || 0.463 | 0.591 | 0.710 | 0.753

CO | 0259 | 0.509 | 3.351 | 1.638 || 0.108 | 0.328 | 0.394 | 0.409

Hy | 0.157 | 0.344 | 24.09 | 4.484 | 0.181 | 0.391 | 21.19 | 4.555

CoHg | 1.783 | 0.615 | 13.32 | 3.371 || 2.181 | 0.950 | 28.67 | 4.503

CHy | 0.734 | 0.569 | 0.209 | 0.412 || 0.871 | 0.600 | 4905 | 69.84

2 CoHy | 0.268 | 0.459 | 42.64 | 5.730 || 0.150 | 0.376 | 43.55 | 5.614
CoHy | 0.079 | 0.201 | 1230 | 34.90 || 0.088 | 0.215 | 1072 | 32.29

COy | 0.445 | 0.618 | 3.874 | 1.474 || 0.496 | 0.679 | 0.678 | 0.526

CO | 0.173 | 0.415 | 0.601 | 0.674 || 0.162 | 0.388 | 0.094 | 0.307

Hy | 3.4e™*| 0.017 | 93¢ | 0.096 || 5.1e73 | 7.7¢73 | 0.048 | 0.219

CoHg | 4.3¢=* | 0.011 | 0.313 | 0.554 || 3.113 | 1.694 | 10.11 | 3.071

CHy | 2.5¢73 | 0.036 | 0.077 | 0.276 || 1.4e™2 | 0.032 | 5.1e=* | 0.015

3 CoHy | 5.8¢7% | 0.016 | 8.6e° | 7.6e=3 || 5.6e=2 | 0.013 | 0.011 | 0.106
CoHy | 57.00 | 4.983 | 2252 | 47.42 || 95.44 | 9.416 | 1260 | 34.24

COy | 2329 | 0.361 | 6.127 | 1.126 || 2.385 | 0.598 | 0.713 | 0.843

CO | 1.570 | 0.547 | 1.435 | 1.147 || 0.814 | 0.835 | 0.589 | 0.762

Hy | 0.190 | 0.205 | 17.70 | 2.730 || 0.334 | 0.297 | 6.053 | 1.289

CoHg | 0.419 | 0.646 | 11.87 | 1.789 || 0.549 | 0.727 | 10.03 | 1.886

CHy | 0.493 | 0.682 | 10.18 | 1.756 || 0.500 | 0.707 | 8.958 | 1.260

4 CoHy | 0.893 | 0.943 | 14.61 | 2.570 || 0.994 | 0.954 | 16.11 | 1.907
CoHy | 1.470 | 1.182 | 171.0 | 13.06 || 1.754 | 1.238 | 2.304 | 1.214

COy | 0.204 | 0.445 | 6.952 | 2.471 || 1.106 | 0.600 | 0.760 | 0.633

CO | 1.591 | 0.995 | 17.80 | 4.219 || 2.462 | 1.219 | 0.922 | 0.463
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o UMSE o UMSE o
Hy | 0.052 | 0.226 | 0.227 | 0.351 || 0.088 | 0.297 | 0.072 | 0.268
CoHg | 2.5¢73 | 0.039 | 3.8¢7% | 6.2¢73 || 1.009 | 0.468 | 0.043 | 0.129
CHy | 0.019 | 0.096 | 1.1e72 | 0.023 || 7.5e2 | 0.070 | 8.2¢—* | 0.027
5 CoHy | 0.011 | 0.054 | 9.9e73 | 0.066 || 0.030 | 0.068 | 2.8¢3 | 0.051
CoHy | 4.290 | 1.597 | 1914 | 43.74 || 0.151 | 0.383 | 0.046 | 0.076
COy | 4.523 | 0.998 | 0.484 | 0.688 | 0.424 | 0.353 | 0.337 | 0.580
CO | 1.670 | 0.723 | 0.441 | 0.486 || 0.303 | 0.488 | 0.083 | 0.223
Hy | 0.052 | 0.227 | 0.792 | 0.887 | 0.053 | 0.229 | 0.030 | 0.061
CoHg | 0.011 | 0.102 | 0.013 | 0.033 || 0.014 | 0.033 | 699.1 | 25.51
CHy | 0.054 | 0.230 | 0.032 | 0.174 || 0.019 | 0.135 | 1465 | 38.25
6 CoHy | 0.039 | 0.161 | 5.4e73 | 0.065 || 0.027 | 0.143 | 0.058 | 0.151
CoHy | 5.104 | 1.565 | 799.8 | 27.60 || 3.116 | 1.016 | 2940 | 54.21
CO, | 0.166 | 0.400 | 0.113 | 0.291 | 0.146 | 0.374 | 0.242 | 0.491
CO | 0.102 | 0.309 | 0.038 | 0.190 || 0.083 | 0.288 | 0.268 | 0.516
Hy | 0.033 | 0.172 | 1.017 | 0.989 | 0.044 | 0.122 | 2.910 | 1.689
CyHg | 0.012 | 0.092 | 2.126 | 1.379 || 0.188 | 0.125 | 36.24 | 5.682
CH, | 3.1e73 | 0.043 | 0.044 | 0.154 | 1.7¢3 | 0.038 | 171.8 | 12.51
7 CoHy | 8.2¢73 1 0.089 | 3.169 | 1.765 || 7.9¢e72 | 0.051 | 0.314 | 0.494
CoHy | 7.242 | 2,683 | 1788 | 39.21 || 86.98 | 8.818 | 1978 | 43.53
COy | 0.124 | 0.239 | 0.530 | 0.635 || 0.102 | 0.116 | 0.084 | 0.157
CO | 0.108 | 0.113 | 0.354 | 0.272 || 0.040 | 0.136 | 2.523 | 1.526
Hy | 1.720 | 0.538 | 0.857 | 0.925 | 0.332 | 0.401 | 0.537 | 0.685
CoHg | 7.3¢73 | 0.071 | 3.3¢=2 | 0.031 || 0.036 | 0.120 | 0.012 | 0.076
CHy | 6.3¢73 | 0.072 | 3.2¢72 | 0.022 || 9.8¢73 | 0.041 | 3.7¢=3 | 0.040
8 CoHy | 0474 | 0.177 | 0.144 | 0.234 || 0.192 | 0.238 | 0.025 | 0.081
CoHy | 0.000 | 0.000 | 0.000 | 0.000 {| 0.000 | 0.000 | 0.000 | 0.000
COy | 0.093 | 0.058 | 0.239 | 0.370 || 0.011 | 0.103 | 0.064 | 0.201
CO | 0.165 | 0.406 | 0.058 | 0.200 || 0.092 | 0.296 | 0.029 | 0.167
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Trans Original Augmented
No. Feat Valid Test Valid Test
HMSE o HMSE o HMSE o HMSE o
Hy | 0.342 | 0.315 | 0.103 | 0.185 || 0.292 | 0.217 | 0.511 | 0.115
CoHg | 0.079 | 0.274 | 3.350 | 1.823 || 293.0 | 16.76 | 71.36 | 8.055
CHy | 0.159 | 0.227 | 0.063 | 0.237 || 0.073 | 0.194 | 0.165 | 0.136
9 CoHy | 6.8¢73 | 0.063 | 6.8¢72 | 0.082 | 0.020 | 0.137 | 2.6e=3 | 0.033
CoHy | 104.3 | 10.16 | 1422 | 37.67 || 3.047 | 1.732 | 93.72 | 9.626
CO, | 5444 | 1.521 | 2.131 | 1.350 || 4.330 | 1.497 | 8.574 | 1.007
CO | 5.564 | 2.063 | 3.977 | 1.356 | 2.999 | 1.651 | 1.969 | 0.956
Hy | 0.230 | 0.478 | 7.387 | 2.640 || 3.4e73 | 0.042 | 8.1e73 | 0.062
CoHg | 1.8¢7* | 0.011 | 0.140 | 0.369 | 1.7¢=3 | 9.2¢73 | 25.25 | 5.020
CHy; | 0.014 | 0.115 | 6.3¢73 | 0.061 || 3.5¢=* | 0.015 | 186.7 | 13.18
10 CoHy | 6.8¢7° [ 8.1e73 | 1.2e72 | 7.2e73 || 1.2¢7* | 2.5¢73 | 0.024 | 0.149
CoHy | 960.6 | 28.08 | 7291 | 84.20 || 8.4e 3 | 8.3e=3 | 3479 | 58.74
COy | 3.107 | 0.956 | 18.78 | 3.126 || 1.545 | 0.329 | 0.521 | 0.720
CO | 10.78 | 2.800 | 17.88 | 2.872 | 4.317 | 2.064 | 0.461 | 0.671
Hy | 72.73 | 7.279 | 177.2 | 8.452 || 54.07 | 5.042 | 0.780 | 0.569
CoHg | 8.4e™* | 0.023 | 1.677 | 1.269 || 2.9¢=2 | 0.050 | 0.524 | 0.720
CHy | 0.221 | 0.358 | 0.165 | 0.374 || 0.067 | 0.102 | 8.6e3 | 0.070
11 | CoHy | 0296 | 0.439 | 0.590 | 0.524 || 0.079 | 0.115 | 0.141 | 0.336
CoHy | 265.6 | 12.77 | 967.9 | 29.57 || 29.39 | 3.202 | 59.41 | 6.889
CO, | 3.696 | 1.688 | 2.518 | 1.425 || 0.882 | 0.923 | 0.078 | 0.263
CO | 5.948 | 1.592 | 3.239 | 1.388 | 0.425 | 0.592 | 0.732 | 0.416
Hy | 0.630 | 0.410 | 0.444 | 0.661 || 0.203 | 0.275 | 0.053 | 0.211
CoHg | 8.9¢73 | 0.067 | 0.464 | 0.666 || 1.822 | 1.310 | 43.25 | 6.530
CHy | 0.065 | 0.186 | 0.134 | 0.351 || 0.024 | 0.075 | 344.8 | 18.05
12 | CoHy | 0.072 | 0.254 | 0.279 | 0.362 || 0.041 | 0.194 | 0.053 | 0.186
CoHy | 9.621 | 3.075 | 383.2 | 19.45 || 55.67 | 7.441 | 1725 | 40.92
COy | 0.221 | 0.255 | 0.311 | 0.445 || 0.068 | 0.181 | 0.040 | 0.198
CO | 2.582 | 1.256 | 0.079 | 0.274 || 7.6e=2 | 0.080 | 6.9¢=3 | 0.077
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Trans Original Augmented
No. Feat Valid Test Valid Test
UMSE o UMSE o KUMSE o KMSE o

H, 15.33 | 3.887 | 10.44 | 2.322 || 16.04 | 3.227 | 27.33 | 1.327

CoHg | 0.025 | 0.054 | 23.71 | 4.829 || 0.560 | 0.118 | 3053 | 54.74

CHy | 4.579 | 2.107 | 4.512 | 2.123 || 0.183 | 0.119 | 5097 | 68.89

13 CoHy | 0.482 | 0.694 | 2.169 | 1.317 || 0.483 | 0.559 | 0.442 | 0.555
CeHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.509 | 0.648 | 0.465 | 0.633 || 0.448 | 0.660 | 0.170 | 0.404

CO 6.334 | 2.016 | 13.06 | 3.610 || 4.989 | 2.222 | 4.454 | 0.975

H» 2.102 | 0.352 | 1.811 | 1.271 || 2.216 | 0.372 | 0.786 | 0.717

CoHg | 4.642 | 1.202 | 0.088 | 0.281 || 6.235 | 1.502 | 0.551 | 0.405

CHy | 3.8¢72 | 0.050 | 0.012 | 0.064 || 7.9¢7® | 0.060 | 0.013 | 0.079

14 CoHy | 0.895 | 0.581 | 0.233 | 0.335 || 1.994 | 0.857 | 0.800 | 0.312
CoHs | 0.612 | 0.509 | 194.2 | 12.51 || 0.096 | 0.249 | 507.6 | 21.94

CO2 | 1.040 | 0.676 | 1.194 | 0.618 || 1.250 | 0.720 | 1.016 | 0.534

CO 2.067 | 0.869 | 1.782 | 0.773 || 1.697 | 0.750 | 0.132 | 0.346

H, 0.170 | 0.248 | 1.450 | 0.691 || 0.101 | 0.174 | 0.758 | 0.469

CoHg | 0.159 | 0.210 | 3.1e73 | 0.047 || 0.038 | 0.123 | 70.68 | 8.057

CHy | 0.174 | 0.228 | 7.6e3 | 0.074 || 0.022 | 0.110 | 5.7e¢~* | 0.023

15 CoHy | 0.094 | 0.197 | 0.014 | 0.094 || 0.046 | 0.188 | 0.075 | 0.195
CoHy | 0.434 | 0.377 | 202.2 | 13.97 || 0.051 | 0.135 | 709.0 | 26.41

CO2 | 0.508 | 0.503 | 13.23 | 2.131 || 0.623 | 0.550 | 7.778 | 1.806

CO 0.040 | 0.115 | 2.343 | 1.111 || 0.062 | 0.146 | 0.049 | 0.190

Ho 0.999 | 0.235 | 0.826 | 0.885 || 0.651 | 0.436 | 0.972 | 0.895

CoHg | 1.590 | 0.363 | 0.281 | 0.456 || 15.37 | 3.561 | 403.9 | 17.81

CHy | 1.790 | 0.452 | 0.271 | 0.444 || 0.637 | 0.293 | 62.14 | 7.774

16 CoHy | 1.280 | 0.264 | 0.277 | 0.524 || 0.385 | 0.093 | 6.0e—3 | 0.050
CqeHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 1.593 | 0.523 | 1.361 | 0.746 || 0.969 | 0.838 | 4.531 | 0.921

CO 1.792 | 0.675 | 5.824 | 2.413 || 0.222 | 0.224 | 0.291 | 0.484
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Trans Original Augmented
No. Feat Valid Test Valid Test
KHMSE o UMSE o MMSE o KMSE o

Hy 0.650 | 0.173 | 0.685 | 0.508 || 0.050 | 0.116 | 0.058 | 0.227

CoHg | 3.965 | 0.862 | 1.904 | 1.313 || 4.430 | 2.046 | 199.9 | 12.93

CHy | 3.446 | 0.669 | 1.179 | 1.055 || 0.300 | 0.239 | 1.754 | 1.287

17 CoHy | 3.927 | 0.729 | 0.982 | 0.919 || 0.630 | 0.230 | 0.143 | 0.377
CseHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

COy | 5.941 | 0.816 | 3.058 | 1.631 || 0.893 | 0.828 | 1.391 | 0.613

CO | 4572 | 0.203 | 2.310 | 1.520 || 0.103 | 0.215 | 0.107 | 0.281

Hy 2.467 | 1.183 | 0.381 | 0.571 || 2.839 | 1.241 | 0.549 | 0.730

CoHg | 0.380 | 0.475 | 0.189 | 0.433 || 1.683 | 0.843 | 0.303 | 0.549

CHy | 3.9¢73 | 0.055 | 0.021 | 0.126 || 1.2¢=3 | 0.031 | 0.025 | 0.116

18 CoHy | 2.860 | 1.376 | 0.085 | 0.255 || 1.757 | 1.112 | 0.134 | 0.324
CoHy | 0.000 | 0.000 | 0.000 | 0.000 || 0.000 | 0.000 | 0.000 | 0.000

CO2 | 1.899 | 1.326 | 0.780 | 0.507 || 0.535 | 0.651 | 0.159 | 0.305

CO 0.784 | 0.884 | 0.287 | 0.507 || 2.700 | 1.123 | 0.277 | 0.348

Ho 2.266 | 1.505 | 2.829 | 1.675 || 1.621 | 1.273 | 1.199 | 1.080

CoHg | 0.370 | 0.562 | 0.978 | 0.968 || 1.331 | 1.140 | 43.12 | 6.556

CHy | 0.427 | 0.590 | 0.176 | 0.417 || 0.101 | 0.274 | 78.04 | 8.808

All CoHy | 0.398 | 0.603 | 1.183 | 1.053 || 0.213 | 0.435 | 0.890 | 0.917
CoHy | 10.93 | 3.304 | 456.2 | 21.35 || 2.706 | 1.622 | 335.2 | 18.31

CO2 | 1.798 | 1.315 | 2.790 | 1.667 || 0.797 | 0.884 | 1.111 | 0.981

CO 2417 | 1.551 | 2.695 | 1.640 || 0.986 | 0.985 | 0.414 | 0.626
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A.2.3 Testing Errors

Tables 13 and 14 show all of the Mean Squared Error results obtained for the testing errors of all experiments conducted and all baseline tests,

using the original and augmented input vectors respectively.

Table 13: Testing Results Summary - Original Features

Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) | LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE g UMSE g UMSE g UMSE o UMSE o UMSE g KMSE o
Hy 0.655 | 0.565 | 0.323 | 0.479 | 1.866 | 1.294 | 0.477 | 0.600 | 0.827 | 0.819 | 0.788 | 0.741 | 0.775 | 0.907 | 1.205 | 1.058
CoHg | 0.856 | 0.228 | 0.807 | 0.767 | 1.379 | 1.174 | 0.559 | 0.179 | 0.012 | 0.007 | 0.016 | 0.005 | 1.713 | 1.366 | 1.209 | 1.134
CHy | 0.207 | 0.122 | 0.148 | 0.144 | 0.020 | 0.058 | 0.061 | 0.116 | 0.071 | 0.058 | 0.001 | 0.023 | 0.499 | 0.658 | 1.342 | 0.508
1 CoHy | 0.314 | 0.415 | 0.893 | 0.661 | 0.888 | 0.815 | 0.091 | 0.266 | 0.036 | 0.029 | 0.001 | 0.019 | 0.992 | 1.040 | 1.179 | 1.139
CoHy | 0.327 | 0.196 | 0.341 | 0.270 | 1309 | 32.65 | 1310 | 36.19 | 0.046 | 0.064 | 0.000 | 0.012 | 0.695 | 0.869 | 1.214 | 1.147
COs | 3.700 | 0.242 | 1.399 | 0.498 | 1.376 | 1.070 | 0.921 | 0.516 | 46e™ | 73.61 | 38e™ | 370.4 | 1.514 | 1.290 | 1.269 | 1.181
CO | 1.748 | 0.707 | 0.776 | 0.583 | 3.351 | 1.638 | 27.27 | 5.187 | 669.2 | 23.43 | 1303 | 17.95 | 1.261 | 1.177 | 1.272 | 1.182
Hy 0.011 | 0.097 | 0.029 | 0.067 | 24.09 | 4.484 | 0.109 | 0.301 | 0.730 | 0.252 | 0.046 | 0.210 | 0.577 | 0.781 | 1.245 | 0.867
CoHg | 9.647 | 3.025 | 10.83 | 3.107 | 13.32 | 3.371 | 17.02 | 3.837 | 0.791 | 0.828 | 0.979 | 0.864 | 0.905 | 0.963 | 1.246 | 1.046
CHy | 0.096 | 0.300 | 0.082 | 0.287 | 0.209 | 0.412 | 6.859 | 2.615 | 4.643 | 1.498 | 2.148 | 1.369 | 1.004 | 1.037 | 1.175 | 1.048
2 CoHy | 47.62 | 6.143 | 47.02 | 6.107 | 42.64 | 5.730 | 45.36 | 6.162 | 95.37 | 8.546 | 103.6 | 8.750 | 0.333 | 0.570 | 1.223 | 0.647
CoHgy | 233.7 | 13.25 | 232.9 | 13.27 | 1230 | 34.90 | 234.1 | 13.25 | 164.6 | 11.15 | 165.7 | 11.15 | 0.295 | 0.497 | 1.321 | 0.433
COz | 0.519 | 0.598 | 0.404 | 0.595 | 3.874 | 1.474 | 3.247 | 1.203 | 2let? | 444.5 | 50e™ | 639.9 | 1.054 | 1.065 | 1.414 | 1.103
CO | 0.112 | 0.331 | 0.116 | 0.303 | 0.601 | 0.674 | 1.268 | 1.098 | 620.7 | 23.19 | 1186 | 31.50 | 0.981 | 1.027 | 1.432 | 1.093
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Trans Foat LS-SVM(1) LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o UMSE o UMSE a UMSE a UMSE o HMSE o

Hy |6.0e73 | 0.015 | 7.9e7* | 6.1e73 | 9.3¢73 | 0.096 | 3.3¢=* | 0.017 | 5975 | 6.640 | 0.192 | 0.216 | 0.665 | 0.840 | 1.320 | 0.861

CoHg | 3.5¢7* | 1.5e72 | 1.1e73 | 0.034 | 0.313 | 0.554 | 0.056 | 0.105 | 125.4 | 1.010 | 0.257 | 0.210 | 0.669 | 0.842 | 1.322 | 0.866

CHy | 1.8¢7% | 2.7¢73 | 6.1e7* | 0.013 | 0.077 | 0.276 | 4.6e=3 | 0.067 | 341.9 | 1.702 | 0.790 | 0.316 | 0.671 | 0.843 | 1.317 | 0.850

3 CoHy | 1.4e73 | 0.034 | 3.6e=* | 0.018 | 8.6e7® | 7.6e> | 3.1e73 | 0.043 | 4710 | 5.997 | 1.179 | 0.552 | 0.668 | 0.841 | 1.321 | 0.865
CoHy | 0.135 | 0.150 | 2.3e7° | 3.5e73 | 2252 | 47.42 | 6.6e~4 | 0.025 | 6472 | 6.771 | 0.016 | 0.028 | 0.667 | 0.840 | 1.321 | 0.864

COy | 0.874 | 0.723 | 0.540 | 0.687 | 6.127 | 1.126 | 13.37 | 3.294 | 32e** | 303.1 | 43¢t | 652.6 | 1.156 | 1.119 | 1.199 | 1.122

CO | 0483 | 0.669 | 0.410 | 0.640 | 1.435 | 1.147 | 0.596 | 0.768 | 1213 | 25.60 | 1689 | 41.08 | 1.155 | 1.113 | 1.195 | 1.065

Hy | 1274 | 1.379 | 1.620 | 1.235 | 17.70 | 2.730 | 11.71 | 2.347 | 862.1 | 24.01 | 764.8 | 23.94 | 0.530 | 0.757 | 1.228 | 1.122

CoHg | 18.81 | 0.646 | 6.310 | 1.129 | 11.87 | 1.789 | 10.64 | 2.849 | 1496 | 1.639 | 633.2 | 13.10 | 0.713 | 0.875 | 1.173 | 1.124

CHy; | 5.061 | 2.246 | 5.032 | 1.717 | 10.18 | 1.756 | 10.68 | 2.389 | 9225 | 20.70 | 4430 | 46.47 | 0.707 | 0.870 | 1.169 | 1.105

z CoHy | 8.087 | 2.737 | 8912 | 1.949 | 14.61 | 2.570 | 17.98 | 3.487 | 3.7e™® | 22.15 | 1.8¢** | 80.42 | 0.828 | 0.944 | 1.190 | 1.133
CoHy | 56.35 | 7.030 | 2.161 | 1.466 | 171.0 | 13.07 | 4.549 | 2.129 | 21.12 | 1.548 | 9.454 | 1.967 | 1.000 | 1.040 | 1.239 | 0.878

COy | 4.194 | 1.544 | 0.608 | 0.740 | 6.952 | 2.471 | 1.047 | 0.940 | 15e** | 380.5 | 32¢** | 519.0 | 1.225 | 1.145 | 1.180 | 1.036

CO | 1.379 | 0.449 | 0.403 | 0.630 | 17.80 | 4.219 | 163.5 | 11.76 | 117.5 | 7.648 | 1974 | 8.335 | 1.020 | 1.042 | 1.123 | 0.954

Hy | 0.078 | 0.130 | 0.029 | 0.029 | 0.227 | 0.351 | 0.341 | 0.314 | 5.333 | 0.767 | 2.188 | 0.999 | 0.415 | 0.667 | 1.205 | 0.953

CoHg | 3.8¢7® | 6.0e73 | 3.2¢73 | 0.011 | 3.8¢7% | 6.2¢73 | 3.3¢73 | 0.051 | 2921 | 3.948 | 9.843 | 1.456 | 1.044 | 1.063 | 1.327 | 1.147

CHy | 9.8¢7* | 0.014 | 9.9e=* | 0.030 | 1.1e73 | 0.023 | 4.2¢73 | 0.064 | 70.02 | 0.544 | 0.505 | 0.381 | 0.878 | 0.975 | 1.294 | 1.122

5 CoHy | 0296 | 0.051 | 1.6e=3 | 0.029 | 9.9¢73 | 0.066 | 0.056 | 0.236 | 10.40 | 0.398 | 0.117 | 0.317 | 0.872 | 0.971 | 1.298 | 1.113
CoHy | 0.015 | 0.056 | 1.076 | 0.058 | 1914 | 43.74 | 0.777 | 0.731 | 0.017 | 0.030 | 0.000 | 0.000 | 0.767 | 0.906 | 1.183 | 1.032

COs | 0.105 | 0.301 | 0.117 | 0.338 | 0.484 | 0.688 | 2513 | 49.90 | 8.0e™* | 185.1 | 9.2¢** | 151.5 | 1.095 | 1.087 | 1.215 | 1.145

CO | 0213 | 0.174 | 0.179 | 0.198 | 0.441 | 0.486 | 0.266 | 0.371 | 440.6 | 7.117 | 351.1 | 8.477 | 1.112 | 1.096 | 1.251 | 1.161
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Trans Foat LS-SVM(1) LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o UMSE o HMSE o UMSE o HMSE o HMSE 9
Hy | 0.085 | 0.035 | 0.035 | 0.026 | 0.792 | 0.887 | 0.719 | 0.846 | 0.168 | 0.000 | 3.8¢=2 | 0.040 | 0.319 | 0.572 | 1.205 | 0.798
CyHg | 0.030 | 0.021 | 0.019 | 0.035 | 0.013 | 0.033 | 9.0e73 | 0.016 | 0.896 | 0.089 | 7.7e¢~3 | 0.042 | 0.812 | 0.933 | 1.399 | 1.047
CHy | 2273 | 0.015 | 1.7e73 | 0.041 | 0.032 | 0.174 | 7.3e73 | 0.085 | 17.176 | 1.441 | 0.059 | 0.116 | 0.768 | 0.906 | 1.251 | 0.951
6 CoHy | 0.041 | 0.152 | 0.015 | 0.115 | 5.4e3 | 0.065 | 0.013 | 0.109 | 0.926 | 0.368 | 0.102 | 0.296 | 0.791 | 0.920 | 1.381 | 1.021
CoHy | 0.012 | 0.049 | 7.8¢73 | 0.027 | 799.8 | 27.60 | 2.3¢7% | 0.046 | 0.018 | 0.037 | 9.0e=? | 5.2¢> | 0.609 | 0.806 | 1.332 | 0.952
COy | 0.080 | 0.157 | 0.042 | 0.202 | 0.113 | 0.291 | 1318 | 36.20 | 17et3 | 126.9 | 67e™ | 130.4 | 0.945 | 1.008 | 1.414 | 1.078
CO | 0.053 | 0.224 | 0.029 | 0.163 | 0.038 | 0.190 | 4.0e73 | 0.051 | 271.9 | 7.284 | 553.5 | 2.668 | 0.892 | 0.978 | 1.406 | 1.053
Hy | 0.026 | 0.052 | 3.9¢73 | 8.9¢73 | 1.017 | 0.989 | 0.033 | 0.129 | 0.909 | 0.128 | 1.9¢=2 | 0.019 | 0.195 | 0.428 | 1.161 | 0.655
CoHg | 0.011 | 0.027 | 2.9¢73 | 0.053 | 2.126 | 1.379 | 0.017 | 0.109 | 0.942 | 0.089 | 0.038 | 0.087 | 0.513 | 0.743 | 1.308 | 1.005
CHy | 2.1e73 | 0.032 | 2.5¢73 | 0.048 | 0.044 | 0.154 | 0.061 | 0.156 | 1.282 | 0.083 | 0.038 | 0.087 | 0.599 | 0.803 | 1.324 | 0.997
7 CoHy | 0.043 | 0.125 | 5.7¢73 | 0.072 | 3.169 | 1.765 | 0.013 | 0.104 | 0.332 | 0.233 | 0.079 | 0.276 | 0.566 | 0.782 | 1.325 | 1.030
CoHy | 0.024 | 0.152 | 0.017 | 0.041 | 1788 | 39.21 | 0.214 | 0.048 | 0.011 | 0.015 | 2.1e7% | 6.5¢=* | 0.513 | 0.739 | 1.168 | 1.109
COy | 0.018 | 0.075 | 0.017 | 0.054 | 0.530 | 0.635 | 0.059 | 0.068 | 97et3 | 48.41 | 5087 | 71.17 | 0.641 | 0.833 | 1.357 | 1.078
CO | 0.028 | 0.086 | 0.010 | 0.099 | 0.354 | 0.272 | 0.059 | 0.198 | 349.3 | 4.727 | 131.4 | 4.729 | 0.670 | 0.852 | 1.364 | 1.096
Hy | 1.865 | 0.873 | 1.011 | 0.880 | 0.857 | 0.925 | 1.385 | 0.964 | 7.836 | 2.662 | 24.88 | 4.510 | 0.837 | 0.952 | 1.223 | 1.106
CoHg | 4.1e73 | 5.8¢73 | 9.7¢73 | 0.096 | 3.3¢™2 | 0.031 | 0.150 | 0.123 | 4458 | 7.127 | 6.761 | 0.910 | 0.459 | 0.702 | 1.283 | 1.003
CHy | 3.8¢73 | 0.011 |2.1e3 | 0.018 | 3.2¢73 | 0.022 | 0.018 | 0.073 | 137.5 | 1.186 | 1.593 | 0.982 | 0.419 | 0.671 | 1.268 | 0.983
8 CoHy | 0.012 | 0.085 | 0.056 | 0.119 | 0.144 | 0.234 | 0.093 | 0.068 | 27.96 | 0.874 | 0.150 | 0.348 | 0.583 | 0.791 | 1.301 | 1.029
CyHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
COy | 0.120 | 0.322 | 0.133 | 0.273 | 0.239 | 0.370 | 0.134 | 0.284 | 61et3 | 221.9 | 80e™ | 167.1 | 0.506 | 0.740 | 1.285 | 1.035
CO | 0.048 | 0.191 | 0.051 | 0.185 | 0.058 | 0.200 | 0.046 | 0.215 | 247.4 | 6.598 | 190.0 | 8.185 | 0.495 | 0.732 | 1.289 | 1.063
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Trans Foat LS-SVM(1) LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o HMSE a UMSE a UMSE o HUMSE o UMSE o
Hy | 0.073 | 0.031 | 0.139 | 0.100 | 0.103 | 0.185 | 0.330 | 0.527 | 29.40 | 5.136 | 3.374 | 0.292 | 0.382 | 0.596 | 1.308 | 0.653
CoHg | 4.6e73 | 0.022 | 9.8¢73 | 0.051 | 3.350 | 1.823 | 17.71 | 4.176 | 17.44 | 0.805 | 3.474 | 0.708 | 0.224 | 0.428 | 1.270 | 0.432
CH4 | 0.103 | 0.048 | 0.097 | 0.135 | 0.063 | 0.237 | 0.049 | 0.217 | 406.2 | 20.08 | 22.65 | 1.584 | 0.319 | 0.539 | 1.298 | 0.587
9 CoHy | 2473 | 0.023 | 0.023 | 0.068 | 6.8¢72 | 0.082 | 0.089 | 0.284 | 689.0 | 6.985 | 341.9 | 7.024 | 0.268 | 0.483 | 1.299 | 0.541
CoHy | 9.9¢7® | 9.7e™3 | 4.4e73 | 0.015 | 1422 | 37.67 | 0.053 | 0.229 | 2174 | 3.363 | 10.09 | 1.207 | 0.252 | 0.458 | 1.288 | 0.462
COy | 0.232 | 0.357 | 0.198 | 0.377 | 2.131 | 1.350 | 170.05 | 13.03 | 62e*3 | 99.94 | 14e*3 | 41.42 | 1.493 | 1.267 | 1.184 | 1.099
CO | 0.314 | 0.268 | 0.193 | 0.286 | 3.977 | 1.356 | 0.994 | 0.961 | 639.1 | 21.97 | 104.2 | 6.309 | 1.450 | 1.246 | 1.140 | 1.012
Hy | 7.3e7*| 0.016 | 7.0e™* | 0.020 | 7.387 | 2.640 | 1.5 | 0.035 | 468.7 | 1.312 | 8.274 | 2.869 | 0.734 | 0.883 | 1.354 | 0.949
CoHg | 5.0e76 | 1.6e73 | 1.5e=* | 0.011 | 0.140 | 0.369 | 1.1e=3 | 0.031 | 38e** | 45.73 | 14.10 | 1.258 | 0.889 | 0.974 | 1.410 | 1.029
CHy | 1.9e™* | 44e 3 | 5.8¢7° | 5.7e73 | 6.3¢72 | 0.061 | 5.0e72 | 0.071 | 13e*3 | 8.150 | 1.261 | 0.782 | 0.843 | 0.948 | 1.392 | 1.001
10 CoHy | 1.3¢73 | 0.027 | 1.6e7* | 7.3e73 | 1.2¢73 | 7.2¢73 | 6.1e73 | 0.075 | 35e* | 42.69 | 2.204 | 1.126 | 0.561 | 0.767 | 1.298 | 0.836
CoHy | 0.130 | 0271 | 5.2¢7* | 0.014 | 7291 | 84.20 | 2.4e™3 | 0.045 | 57e™® | 17.55 | 1.339 | 0.617 | 0.962 | 1.014 | 1.437 | 1.065
COy | 0.032 | 0.161 | 0.050 | 0.209 | 18.78 | 3.126 | 7.526 | 2.741 | 1537 | 37.41 | 4340 | 65.91 | 0.796 | 0.922 | 1.210 | 1.133
CO | 0.231 | 0.146 | 0.041 | 0.200 | 17.88 | 2.872 | 52.28 | 7.230 | 246.2 | 2.646 | 39.69 | 3.890 | 0.532 | 0.746 | 1.125 | 1.009
Hy | 0.072 | 0.108 | 0.108 | 0.217 | 177.2 | 8452 | 0.125 | 0.310 | 34.06 | 2.054 | 28.12 | 2.990 | 1.080 | 1.078 | 1.102 | 1.075
CoHg | 1.0e™* | 5.0e73 | 3.7e7* | 6.8¢72 | 1.677 | 1.269 | 0.017 | 0.131 | 1738 | 2.932 | 0.286 | 0.044 | 0.242 | 0.445 | 1.282 | 0.433
CHy | 44e=* | 0.021 | 0.030 | 0.173 | 0.165 | 0.374 | 0.036 | 0.122 | 84.10 | 1.804 | 0.136 | 0.329 | 0.280 | 0.485 | 1.293 | 0.462
11 | CoHy | 0.014 | 0.119 | 7.7¢73 | 0.088 | 0.590 | 0.524 | 0.048 | 0.167 | 92.83 | 1.375 | 2.052 | 0.753 | 0.271 | 0.478 | 1.296 | 0.506
CoHy | 1711 | 1.292 | 0.657 | 0.805 | 967.9 | 29.57 | 0.346 | 0.575 | 10.29 | 0.740 | 2.522 | 0.796 | 1.073 | 1.073 | 1.114 | 1.094
COy | 0.107 | 0.151 | 0.191 | 0.207 | 2.518 | 1.425 | 0.809 | 0.869 | 3103 | 48.02 | 6035 | 30.88 | 0.463 | 0.705 | 1.180 | 1.074
CO | 0.544 | 0.412 | 0.655 | 0.442 | 3.239 | 1.388 | 0.532 | 0.510 | 615.5 | 15.41 | 249.0 | 12.88 | 0.675 | 0.851 | 1.220 | 1.138
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Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) | LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o KMSE o UMSE g KMSE g HUMSE o KMSE o

Hy 0.184 | 0.221 | 0.022 | 0.148 | 0.444 | 0.661 | 0.401 | 0.109 | 0.107 | 0.325 | 0.942 | 0.013 | 0.521 | 0.748 | 1.235 | 1.121

CoHg | 5.8¢7% | 4.5¢72 | 1.1e73 | 0.032 | 0.464 | 0.666 | 0.021 | 0.134 | 145.7 | 1.373 | 0.383 | 0.458 | 0.540 | 0.763 | 1.327 | 1.024

CHy | 4.0e7® | 5.0 | 1.9¢=* | 0.014 | 0.134 | 0.351 | 0.068 | 0.186 | 82.23 | 2.150 | 0.153 | 0.175 | 0.482 | 0.720 | 1.287 | 0.990

12 CoHy | 0.082 | 0.184 | 0.031 | 0.162 | 0.279 | 0.362 | 2.841 | 1.679 | 0.561 | 0.643 | 1.596 | 0.357 | 0.600 | 0.806 | 1.318 | 1.085
CoHy | 0.203 | 0.154 | 0.148 | 0.339 | 383.2 | 19.45 | 0.430 | 0.490 | 0.499 | 0.314 | 0.798 | 0.400 | 0.236 | 0.479 | 1.086 | 0.963

COz | 0.134 | 0.317 | 0.041 | 0.140 | 0.311 | 0.445 | 0.064 | 0.207 | 85e™3 | 287.8 | 12e™3 | 105.0 | 0.895 | 0.984 | 1.423 | 1.164

CO 0.041 | 0.107 | 0.011 | 0.079 | 0.079 | 0.274 | 0.011 | 0.067 | 86.32 | 2.265 | 19.84 | 1.373 | 0.821 | 0.943 | 1.418 | 1.143

Hy 1.726 | 0.696 | 2.638 | 0.652 | 10.44 | 2.322 | 2867 | H3.17 | 3.391 | 0.262 | 4.990 | 0.277 | 1.743 | 1.367 | 1.144 | 1.096

CoHg | 8.3¢73 | 0.040 | 3.2¢73 | 0.055 | 23.71 | 4.829 | 0.225 | 0.275 | 37.20 | 1.094 | 0.959 | 0.370 | 0.585 | 0.792 | 1.276 | 1.007

CHy | 1.744 | 0.529 | 0.028 | 0.141 | 4.512 | 2.123 | 4.768 | 1.466 | 17.57 | 0.440 | 1.167 | 0.511 | 0.967 | 1.020 | 1.186 | 1.099

13 CoHy | 0.394 | 0.605 | 0.618 | 0.756 | 2.169 | 1.317 | 0.314 | 0.516 | 1.341 | 0.315 | 1.209 | 0.622 | 0.838 | 0.936 | 1.240 | 1.154
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.619 | 0.584 | 0.329 | 0.527 | 0.465 | 0.633 | 0.975 | 0.865 7229 | 82.54 | 48e*3 | 125.7 | 0.674 | 0.825 | 1.151 | 0.893

CO 0.949 | 0.771 | 0.528 | 0.666 | 13.06 | 3.610 | 2.117 | 1.271 | 315.6 | 0.000 | 423.2 | 15.82 | 1.435 | 1.230 | 1.162 | 1.072

Ho 0.027 | 0.137 | 0.040 | 0.106 | 1.811 | 1.271 | 8.816 | 2.927 | 1.965 | 0.765 | 1.360 | 0.144 | 0.753 | 0.887 | 1.152 | 1.085

CoHg | 1.724 | 1.098 | 0.585 | 0.492 | 0.088 | 0.281 | 27.57 | 4.356 | 0.741 | 0.458 | 3.550 | 0.705 | 0.443 | 0.648 | 1.115 | 0.972

CHy | 0.044 | 0.167 | 0.022 | 0.128 | 0.012 | 0.064 | 1.181 | 0.917 | 18.13 | 1.737 | 30.32 | 2.379 | 1.367 | 1.221 | 1.285 | 1.183

14 CoHy | 0.572 | 0.635 | 0.630 | 0.448 | 0.233 | 0.335 | 0.415 | 0.644 | 2.839 | 1.652 | 4.028 | 1.173 | 0.778 | 0.903 | 1.191 | 0.968
CoHo | 3.983 | 0.896 | 3.678 | 0.523 | 194.2 | 12.51 | 3.380 | 0.949 | 5.8¢7* | 3.7¢™2 | 9.1e7* | 0.014 | 1.095 | 1.093 | 1.117 | 1.076

COz | 0.158 | 0.382 | 0.116 | 0.302 | 1.194 | 0.618 | 0.223 | 0.230 | 45e™3 | 211.2 | 8le™ | 67.34 | 1.085 | 1.076 | 1.201 | 1.078

CO 0.309 | 0.554 | 0.253 | 0.491 | 1.782 | 0.773 | 0.329 | 0.553 | 384.6 | 18.46 | 403.8 | 12.41 | 1.057 | 1.062 | 1.189 | 1.107
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Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. KMSE o UMSE o HUMSE g KMSE g HUMSE o KMSE o KMSE g KMSE o

Hy 0.192 | 0.153 | 0.407 | 0.291 | 1.450 | 0.691 | 2.748 | 1.182 | 48.12 | 5.144 | 8.111 | 1.647 | 0.525 | 0.757 | 1.221 | 1.030

CoHg | 0.106 | 0.157 | 0.016 | 0.110 | 3.1e=3 | 0.047 | 0.059 | 0.120 1220 | 4.391 | 1.970 | 0.904 | 0.259 | 0.520 | 1.158 | 0.954

CHy | 0.064 | 0.162 | 0.071 | 0.171 | 7.6e=3 | 0.074 | 0.086 | 0.274 | 41.02 | 1.079 | 0.174 | 0.403 | 0.281 | 0.545 | 1.152 | 0.980

15 CoHy | 0.029 | 0.159 | 0.021 | 0.132 | 0.014 | 0.094 | 0.040 | 0.188 | 2.508 | 0.435 | 0.211 | 0.044 | 0.299 | 0.564 | 1.164 | 0.956
CoHy | 0.221 | 0.150 | 0.948 | 0.391 | 202.2 | 13.98 | 2517 | 50.10 | 0.947 | 0.068 | 1.717 | 0.922 | 1.093 | 1.090 | 1.181 | 1.133

COz | 0.088 | 0.244 | 0.113 | 0.153 | 13.23 | 2.131 | 709.1 | 26.62 | 3le™ | 21.76 | 9379 | 61.01 | 0.769 | 0.916 | 1.233 | 1.047

CO | 0.060 | 0.094 | 0.061 | 0.145 | 2.343 | 1.111 | 56.43 | 7.509 | 2670 | 9.722 | 25.26 | 1.286 | 0.393 | 0.653 | 1.173 | 0.991

Hy 0.235 | 0.247 | 0.095 | 0.193 | 0.826 | 0.885 | 0.501 | 0.704 | 17.91 | 2.610 | 5.669 | 2.381 | 0.499 | 0.736 | 1.170 | 1.067

CoHg | 0.083 | 0.031 | 0.057 | 0.138 | 0.281 | 0.456 | 0.042 | 0.171 | 647.4 | 3.890 | 1.381 | 0.671 | 0.258 | 0.523 | 1.165 | 0.985

CHy | 0.099 | 0.024 | 0.050 | 0.106 | 0.271 | 0.444 | 0.234 | 0.465 | 39.39 | 0.927 | 1.034 | 0.607 | 0.320 | 0.586 | 1.159 | 1.024

16 CoHy | 0.062 | 0.151 | 0.100 | 0.252 | 0.277 | 0.524 | 57.80 | 7.420 | 11.61 | 0.806 | 0.417 | 0.398 | 0.384 | 0.644 | 1.187 | 1.013
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.376 | 0.451 | 1.089 | 0.531 | 1.361 | 0.746 | 2.903 | 1.633 | 1le™ | 126.2 | 62¢™3 | 165.3 | 0.660 | 0.846 | 1.227 | 1.087

CO | 0.082 | 0.260 | 0.155 | 0.335 | 5.824 | 2.413 | 17.74 | 4.000 | 236.7 | 13.91 | 235.5 | 15.33 | 0.524 | 0.753 | 1.175 | 1.061

Ho 0.071 | 0.126 | 0.196 | 0.096 | 0.685 | 0.508 | 0.057 | 0.199 | 30.71 | 0.581 | 0.208 | 0.058 | 0.391 | 0.649 | 1.216 | 1.000

CoHg | 0.248 | 0.100 | 0.181 | 0.144 | 1.904 | 1.313 | 0.229 | 0.303 | 413.6 | 2.340 | 0.132 | 0.048 | 0.214 | 0.472 | 1.148 | 0.928

CHy | 0.268 | 0.058 | 0.193 | 0.085 | 1.179 | 1.055 | 0.624 | 0.715 | 36.57 | 0.679 | 1.009 | 0.974 | 0.296 | 0.560 | 1.149 | 0.968

17 CoHy | 0481 | 0.576 | 0.276 | 0.336 | 0.982 | 0.919 | 1.021 | 0.873 | 0.530 | 0.142 | 0.021 | 0.056 | 0.311 | 0.578 | 1.166 | 0.953
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

COz | 0.542 | 0.702 | 0.963 | 0.913 | 3.058 | 1.631 | 1.304 | 1.139 | 87e™ | 256.2 | 60e™3 | 233.2 | 0.531 | 0.751 | 1.155 | 1.103

CO | 0.190 | 0.102 | 0.092 | 0.283 | 2.310 | 1.520 | 0.162 | 0.132 | 197.8 | 12.71 | 200.8 | 14.11 | 0.426 | 0.678 | 1.177 | 0.987
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Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) | LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE | O | uMSE | O | UMSE | O | UMSE o UMSE | O | pMSE | O | UMSE | O | MMSE | O
Ho 0.155 | 0.230 | 0.047 | 0.103 | 0.381 | 0.571 | 0.105 0.321 68.46 | 0.000 | 13.11 | 0.559 | 0.223 | 0.444 | 1.100 | 1.021
CoHg | 1.321 | 1.114 | 0.391 | 0.573 | 0.189 | 0.433 | 0.948 0.774 | 0.733 | 0.773 | 2.698 | 1.025 | 0.371 | 0.586 | 1.121 | 1.047
CHy 0.082 | 0.273 | 0.040 | 0.200 | 0.021 | 0.126 | 73.113 | 5.760 9.693 | 2.349 | 13.72 | 2.958 | 1.441 | 1.253 | 1.284 | 1.183
18 CoHy | 0.594 | 0.721 | 0.126 | 0.287 | 0.085 | 0.255 | 2.240 1.233 | 7.071 | 2.177 | 8250 | 2.130 | 0.277 | 0.499 | 1.099 | 0.984
CoHs | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000
CO9 | 0.094 | 0.306 | 0.133 | 0.304 | 0.780 | 0.507 | 261.7 16.17 1511 | 38.37 | 66e™3 | 114.9 | 0.357 | 0.581 | 1.109 | 1.002
CO 0.310 | 0.503 | 0.350 | 0.589 | 0.287 | 0.507 | 0.162 0.256 | 513.4 | 2.276 | 2277 | 24.68 | 0.208 | 0.423 | 1.105 | 1.017
Ho 0.425 | 0.652 | 0.278 | 0.521 | 2.829 | 1.675 | 160.8 12.67 | 491.7 | 21.08 | 48.17 | 6.939 | 0.626 | 0.790 | 1.213 | 1.016
CoHg | 0.534 | 0.707 | 0.217 | 0.420 | 0.978 | 0.968 | 4.182 2.026 | 22eT3 | 141.2 | 37.78 | 6.142 | 0.598 | 0.771 | 1.256 | 1.013
CHy | 0.186 | 0.426 | 0.053 | 0.207 | 0.176 | 0.417 | 5.437 2.263 1122 | 32.07 | 250.4 | 15.72 | 0.673 | 0.816 | 1.257 | 0.989
All CoHy | 0.632 | 0.776 | 0.672 | 0.773 | 1.183 | 1.0563 | 7.135 2.668 | 21e™3 | 142.0 | 1040 | 31.88 | 0.564 | 0.750 | 1.252 | 1.018
CoHs | 1.451 | 1.204 | 0.510 | 0.702 | 456.2 | 21.35 | 226.1 15.04 3650 | 57.03 | 10.65 | 3.262 | 0.512 | 0.713 | 0.895 | 0.900
CO9 | 0.495 | 0.680 | 0.331 | 0.535 | 2.790 | 1.667 | 278.0 16.67 | 87et3 | 295.2 | 16e™ | 389.7 | 0.878 | 0.936 | 1.246 | 1.113
CO 0.348 | 0.586 | 0.224 | 0.472 | 2.695 | 1.640 | 17.99 4.239 | 502.7 | 22.05 | 630.9 | 25.09 | 0.842 | 0.917 | 1.235 | 1.104
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Table 14: Testing Results Summary - Augmented Features

Trans Foat LS-SVM(1) LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o UMSE o UMSE o UMSE o UMSE o HMSE o

Hy | 0.330 | 0.513 | 0.227 | 0.443 | 6.564 | 2.451 | 0.477 | 0.600 | 0.827 | 0.819 | 0.788 | 0.741 | 0.775 | 0.907 | 1.205 | 1.058

CoHg | 0.721 | 0.209 | 0.194 | 0.439 | 187.6 | 13.70 | 0.559 | 0.179 | 0.012 | 7.3¢=3 | 0.016 | 5.4e™3 | 1.713 | 1.366 | 1.209 | 1.134

CHy | 0.161 | 0.108 | 0.118 | 0.137 | 3.9¢72 | 0.028 | 0.061 | 0.116 | 0.071 | 0.058 | 1.3¢=3 | 0.023 | 0.499 | 0.658 | 1.342 | 0.508

1 CoHy | 0916 | 0.232 | 0.089 | 0.265 | 0.168 | 0.410 | 0.091 | 0.266 | 0.036 | 0.029 | 1.0e=2 | 0.019 | 0.992 | 1.040 | 1.179 | 1.139
CoHy | 0.673 | 0.177 | 0.204 | 0.215 | 4802 | 64.39 | 1310 | 36.19 | 0.046 | 0.064 | 3.3¢=* | 0.012 | 0.695 | 0.869 | 1.214 | 1.147

COy | 2417 | 0.289 | 1.876 | 0.485 | 0.710 | 0.753 | 0.921 | 0.516 | 46et* | 73.61 | 38 | 370.4 | 1.514 | 1.290 | 1.269 | 1.181

CO | 1.713 | 0.682 | 0.847 | 0.565 | 0.394 | 0.409 | 27.27 | 5.187 | 669.2 | 23.43 | 1303 | 17.95 | 1.261 | 1.177 | 1.272 | 1.182

Hy | 4.7¢73 | 0.063 | 4.2¢73 | 0.063 | 21.19 | 4.555 | 0.109 | 0.301 | 0.730 | 0.252 | 0.046 | 0.210 | 0.577 | 0.781 | 1.245 | 0.867

CoHg | 9.661 | 3.015 | 10.61 | 2.984 | 28.67 | 4.503 | 17.02 | 3.837 | 0.791 | 0.828 | 0.979 | 0.864 | 0.905 | 0.963 | 1.246 | 1.046

CHy | 0.127 | 0.304 | 0.134 | 0.337 | 4905 | 69.84 | 6.859 | 2.615 | 4.643 | 1.498 | 2.148 | 1.369 | 1.004 | 1.037 | 1.175 | 1.048

2 CoHy | 47.76 | 6.131 | 46.03 | 5.886 | 43.56 | 5.614 | 45.36 | 6.162 | 95.37 | 8.546 | 103.6 | 8.750 | 0.333 | 0.570 | 1.223 | 0.647
CoHy | 234.6 | 13.25 | 232.6 | 13.27 | 1072 | 3229 | 234.1 | 1325 | 164.6 | 11.15 | 165.7 | 11.15 | 0.295 | 0.497 | 1.321 | 0.433

COy | 0.616 | 0.593 | 0.586 | 0.592 | 0.678 | 0.526 | 3.247 | 1.203 | 21et® | 444.5 | 49¢t* | 639.9 | 1.054 | 1.065 | 1.414 | 1.103

CO | 0.111 | 0.327 | 0.121 | 0.345 | 0.094 | 0.307 | 1.268 | 1.098 | 620.7 | 23.19 | 1186 | 31.50 | 0.981 | 1.027 | 1.432 | 1.093

Hy |3.2e7* | 0.017 | 1.3¢72 | 0.013 | 0.048 | 0.219 | 3.3e=* | 0.017 | 5976 | 6.640 | 0.192 | 0.216 | 0.665 | 0.840 | 1.320 | 0.861

CoHg | 5.5¢7* | 0.016 | 3.1e7® | 4.8¢72 | 10.11 | 3.071 | 0.056 | 0.105 | 125.4 | 1.010 | 0.257 | 0.210 | 0.669 | 0.842 | 1.322 | 0.866

CHy | 7.7¢7® | 84e3 | 7.9¢7* | 0.027 | 5.1e7* | 0.015 | 4.6e73 | 0.067 | 341.9 | 1.702 | 0.790 | 0.316 | 0.671 | 0.843 | 1.317 | 0.850

3 CoHy | 1.3e73 | 0.032 | 3.9¢7* | 0.012 | 0.011 | 0.106 | 3.1e73 | 0.043 | 4710 | 5.997 | 1.179 | 0.552 | 0.668 | 0.841 | 1.321 | 0.865
CoHy | 7.0e73 | 0.056 | 5.6e7° | 4.3¢73 | 1260 | 34.24 | 6.6e=* | 0.025 | 6472 | 6.771 | 0.016 | 0.028 | 0.667 | 0.840 | 1.321 | 0.864

COy | 0.307 | 0.446 | 0.368 | 0.451 | 0.713 | 0.843 | 13.37 | 3.294 | 32e** | 303.1 | 43e** | 652.6 | 1.156 | 1.119 | 1.199 | 1.122

CO | 0.277 | 0.511 | 0.290 | 0.485 | 0.589 | 0.762 | 0.596 | 0.768 | 1213 | 25.60 | 1689 | 41.08 | 1.155 | 1.113 | 1.195 | 1.065
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Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o HMSE o HMSE g HUMSE o HMSE o KMSE o KMSE o HMSE o

Hy 21.84 | 1.681 | 1.669 | 0.776 | 6.053 | 1.289 | 11.71 | 2.347 | 862.1 | 24.01 | 764.8 | 23.94 | 0.530 | 0.757 | 1.228 | 1.122

CoHg | 21.29 | 0.801 | 4.642 | 1.284 | 10.03 | 1.886 | 10.64 | 2.849 | 1496 | 1.639 | 633.2 | 13.10 | 0.713 | 0.875 | 1.173 | 1.124

CHy | 3293 | 1.429 | 4.218 | 1.575 | 8.958 | 1.260 | 10.68 | 2.389 | 9225 | 20.70 | 4430 | 46.47 | 0.707 | 0.870 | 1.169 | 1.105

4 CoHy | 6.553 | 1.370 | 11.68 | 1.998 | 16.11 | 1.907 | 17.98 | 3.487 | 37et3 | 22.15 | 18e*3 | 80.42 | 0.828 | 0.944 | 1.190 | 1.133
CoHy | 40.33 | 3.801 | 4.074 | 1.984 | 2.304 | 1.214 | 4.549 | 2.129 | 21.12 | 1.548 | 9.454 | 1.967 | 1.000 | 1.040 | 1.239 | 0.878

CO2 | 0.567 | 0.752 | 0.528 | 0.538 | 0.760 | 0.633 | 1.047 | 0.940 | 15e** | 380.5 | 32e** | 519.0 | 1.225 | 1.145 | 1.180 | 1.036

CO 0.120 | 0.146 | 0.459 | 0.279 | 0.922 | 0.463 | 163.5 | 11.76 | 117.5 | 7.648 | 1974 | 8.335 | 1.020 | 1.042 | 1.123 | 0.954

Hy 0.036 | 0.117 | 0.011 | 0.038 | 0.072 | 0.268 | 0.341 | 0.314 | 5.333 | 0.767 | 2.188 | 0.999 | 0.415 | 0.667 | 1.205 | 0.953

CoHg | 0.158 | 0.392 | 0.120 | 0.043 | 0.043 | 0.129 | 3.3e=3 | 0.051 | 2921 | 3.948 | 9.843 | 1.456 | 1.044 | 1.063 | 1.327 | 1.147

CHy | 1.5e73 | 0.013 | 0.029 | 0.166 | 8.2e™* | 0.027 | 4.2¢73 | 0.064 | 70.02 | 0.544 | 0.505 | 0.381 | 0.878 | 0.975 | 1.294 | 1.122

5 CoHy | 0.119 | 0.048 | 0.016 | 0.037 | 2.8¢=3 | 0.051 | 0.056 | 0.236 | 10.40 | 0.398 | 0.117 | 0.317 | 0.872 | 0.971 | 1.298 | 1.113
CoHs | 0.010 | 0.093 | 0.208 | 0.015 | 0.046 | 0.076 | 0.777 | 0.731 | 0.017 | 0.030 | 3.7e”7 | 3.8¢=* | 0.767 | 0.906 | 1.183 | 1.032

COz | 0.074 | 0.272 | 0.081 | 0.283 | 0.337 | 0.580 | 2513 | 49.90 | 80et3 | 185.1 | 92e*3 | 151.5 | 1.095 | 1.087 | 1.215 | 1.145

CO 0.116 | 0.156 | 0.080 | 0.156 | 0.083 | 0.223 | 0.266 | 0.371 | 440.6 | 7.117 | 351.1 | 8.477 | 1.112 | 1.096 | 1.251 | 1.161

Ho 0.070 | 0.030 | 0.108 | 0.030 | 0.030 | 0.061 | 0.719 | 0.846 | 0.168 | 0.000 | 3.8¢=2 | 0.040 | 0.319 | 0.572 | 1.205 | 0.798

CoHg | 0.035 | 0.096 | 0.050 | 0.052 | 699.1 | 25.51 | 9.0e=3 | 0.016 | 0.896 | 0.089 | 7.7e™3 | 0.042 | 0.812 | 0.933 | 1.399 | 1.047

CH4 | 0.030 | 0.016 | 0.095 | 0.198 | 1465 | 38.25 | 7.3e=3 | 0.085 | 17.18 | 1.441 | 0.059 | 0.116 | 0.768 | 0.906 | 1.251 | 0.951

6 CoHy | 0.335 | 0.176 | 0.014 | 0.113 | 0.058 | 0.151 | 0.013 | 0.109 | 0.926 | 0.368 | 0.102 | 0.296 | 0.791 | 0.920 | 1.381 | 1.021
CoHa | 0.439 | 0.600 | 0.026 | 0.034 | 2940 | 54.21 | 2.3e=3 | 0.046 | 0.018 | 0.037 | 9.0e™? | 5.2¢7® | 0.609 | 0.806 | 1.332 | 0.952

CO2 | 0.018 | 0.122 | 0.080 | 0.086 | 0.242 | 0.491 | 1318 | 36.20 | 17e™3 | 126.9 | 67et* | 130.4 | 0.945 | 1.008 | 1.414 | 1.078

CO 0.079 | 0.118 | 0.014 | 0.082 | 0.268 | 0.516 | 4.0e=3 | 0.051 | 271.9 | 7.284 | 553.5 | 2.668 | 0.892 | 0.978 | 1.406 | 1.053
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Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. KMSE o KMSE o KMSE o KMSE g KMSE o KMSE g KMSE o HUMSE o

Hy 0.015 | 0.069 | 5.8¢72 | 0.018 | 2.910 | 1.689 | 0.033 | 0.129 | 0.909 | 0.128 | 1.9¢=3 | 0.019 | 0.195 | 0.428 | 1.161 | 0.655

CoHg | 0.063 | 0.230 | 0.024 | 0.018 | 36.24 | 5.682 | 0.017 | 0.109 | 0.942 | 0.089 | 0.038 | 0.087 | 0.513 | 0.743 | 1.308 | 1.005

CHy | 2.6e=3 | 0.023 | 2.8¢73 | 0.034 | 171.8 | 12.51 | 0.061 | 0.156 | 1.282 | 0.083 | 0.038 | 0.087 | 0.599 | 0.803 | 1.324 | 0.997

7 CoHy | 0.069 | 0.135 | 0.026 | 0.116 | 0.314 | 0.494 | 0.013 | 0.104 | 0.332 | 0.233 | 0.079 | 0.276 | 0.566 | 0.782 | 1.325 | 1.030
CoHy | 0.343 | 0.361 | 5.7e73 | 0.047 | 1978 | 43.53 | 0.214 | 0.048 | 0.011 | 0.015 | 2.1e7% | 6.5¢=* | 0.513 | 0.739 | 1.168 | 1.109

COgz | 2.3¢73 | 0.047 | 7.2¢73 | 0.026 | 0.084 | 0.157 | 0.059 | 0.068 | 97e™ | 48.41 | 5087 | 71.17 | 0.641 | 0.833 | 1.357 | 1.078

CO 0.082 | 0.036 | 0.015 | 0.074 | 2.523 | 1.526 | 0.059 | 0.198 | 349.3 | 4.727 | 1314 | 4.729 | 0.670 | 0.852 | 1.364 | 1.096

Hy 1.451 | 0.943 | 0.965 | 0.920 | 0.537 | 0.685 | 1.385 | 0.964 | 7.836 | 2.662 | 24.88 | 4.510 | 0.837 | 0.952 | 1.223 | 1.106

CoHg | 0.117 | 0.325 | 0.020 | 0.038 | 0.012 | 0.076 | 0.150 | 0.123 | 4458 | 7.127 | 6.761 | 0.910 | 0.459 | 0.702 | 1.283 | 1.003

CHy | 6.7e73 | 0.013 | 0.015 | 0.076 | 3.7e=3 | 0.040 | 0.018 | 0.073 | 137.5 | 1.186 | 1.593 | 0.982 | 0.419 | 0.671 | 1.268 | 0.983

8 CoHy | 0.241 | 0.128 | 3.3e72 | 0.050 | 0.025 | 0.081 | 0.093 | 0.068 | 27.96 | 0.874 | 0.150 | 0.348 | 0.583 | 0.791 | 1.301 | 1.029
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

COz | 0.122 | 0.298 | 0.114 | 0.291 | 0.064 | 0.201 | 0.134 | 0.284 | 6le™ | 221.9 | 80e™® | 167.1 | 0.506 | 0.740 | 1.285 | 1.035

CO 0.039 | 0.171 | 0.029 | 0.169 | 0.029 | 0.167 | 0.046 | 0.215 | 2474 | 6.598 | 190.0 | 8.185 | 0.495 | 0.732 | 1.289 | 1.063

Ho 0.098 | 0.020 | 0.262 | 0.067 | 0.511 | 0.115 | 0.330 | 0.527 | 29.40 | 5.136 | 3.374 | 0.292 | 0.382 | 0.596 | 1.308 | 0.653

CoHg | 5.6e73 | 0.059 | 4.1e™* | 0.020 | 71.36 | 8.055 | 17.71 | 4.176 | 17.44 | 0.805 | 3.474 | 0.708 | 0.224 | 0.428 | 1.270 | 0.432

CHy; | 0.085 | 0.070 | 0.121 | 0.106 | 0.165 | 0.136 | 0.049 | 0.217 | 406.2 | 20.08 | 22.65 | 1.584 | 0.319 | 0.539 | 1.298 | 0.587

9 CoHy | 3.0e73 | 0.055 | 4.4e73 | 0.026 | 2.6e=3 | 0.033 | 0.089 | 0.284 | 689.0 | 6.985 | 341.9 | 7.024 | 0.268 | 0.483 | 1.299 | 0.541
CoHy | 0.011 | 0.020 | 0.011 | 0.027 | 93.73 | 9.626 | 0.053 | 0.229 | 2174 | 3.363 | 10.09 | 1.207 | 0.252 | 0.458 | 1.288 | 0.462

COz | 1.807 | 0.494 | 0.791 | 0.358 | 8.574 | 1.007 | 170.1 | 13.03 | 62e™3 | 99.94 | 14e™3 | 41.42 | 1.493 | 1.267 | 1.184 | 1.099

CO 0.738 | 0.331 | 0.853 | 0.334 | 1.969 | 0.956 | 0.994 | 0.961 | 639.1 | 21.97 | 104.2 | 6.309 | 1.450 | 1.246 | 1.140 | 1.012




00T

Trans Foat LS-SVM(1) LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o UMSE o UMSE o UMSE o UMSE 9 HMSE o HUMSE o UMSE o
Hy | 4.0e=* | 0.020 | 5.5¢7 | 0.021 | 8.1e72 | 0.062 | 1.5¢=3 | 0.035 | 468.7 | 1.312 | 8.274 | 2.869 | 0.734 | 0.883 | 1.354 | 0.949
CoHg | 6.0e73 | 0.077 | 1.9¢7% | 0.010 | 25.25 | 5.020 | 1.1e73 | 0.031 | 38e™® | 45.73 | 14.10 | 1.258 | 0.889 | 0.974 | 1.410 | 1.029
CHy | 4.1e™® | 3.5e73 | 2.0e7* | 8.9¢73 | 186.7 | 13.18 | 5.0e73 | 0.071 | 13e*3 | 8.150 | 1.261 | 0.782 | 0.843 | 0.948 | 1.392 | 1.001
10 | CoHy | 2.0e7° | 4.3¢72 | 6.9¢7° | 7.8¢73 | 0.024 | 0.149 | 6.1e=2 | 0.075 | 35et* | 42.69 | 2.204 | 1.126 | 0.561 | 0.767 | 1.298 | 0.836
CoHy | 2.3e73 | 0.046 | 2.4e=* | 0.011 | 3479 | 58.74 | 2.4e=3 | 0.045 | 57et* | 17.55 | 1.339 | 0.617 | 0.962 | 1.014 | 1.437 | 1.065
COy | 89e73 | 0.082 | 4.7e73 | 0.068 | 0.521 | 0.720 | 7.526 | 2.741 | 1537 | 37.41 | 4360 | 65.91 | 0.796 | 0.922 | 1.210 | 1.133
CO | 0.752 | 0.364 | 0.043 | 0.206 | 0.461 | 0.671 | 52.28 | 7.230 | 246.2 | 2.646 | 39.69 | 3.890 | 0.532 | 0.746 | 1.125 | 1.009
Hy | 0.066 | 0.068 | 0.113 | 0.245 | 0.780 | 0.569 | 0.125 | 0.310 | 34.06 | 2.054 | 28.12 | 2.990 | 1.080 | 1.078 | 1.102 | 1.075
CoHg | 2.3¢73 | 0.047 | 2.4e* | 7.6e73 | 0.524 | 0.720 | 0.017 | 0.131 | 1738 | 2.932 | 0.286 | 0.044 | 0.242 | 0.445 | 1.282 | 0.433
CHy | 3.8¢7* | 0.018 | 1.2¢73 | 0.033 | 8.6e=2 | 0.070 | 0.036 | 0.122 | 84.10 | 1.804 | 0.136 | 0.329 | 0.280 | 0.485 | 1.293 | 0.462
11 | CoHy | 4.8¢72 | 0.014 | 3.9¢73 | 0.043 | 0.141 | 0.336 | 0.048 | 0.167 | 92.83 | 1.375 | 2.052 | 0.753 | 0.271 | 0.478 | 1.296 | 0.506
CoHy | 0.633 | 0.685 | 0.829 | 0.521 | 59.41 | 6.889 | 0.346 | 0.575 | 10.29 | 0.740 | 2.522 | 0.796 | 1.073 | 1.073 | 1.114 | 1.094
COy | 0.022 | 0.058 | 0.059 | 0.044 | 0.078 | 0.263 | 0.809 | 0.869 | 3103 | 48.02 | 6035 | 30.88 | 0.463 | 0.705 | 1.180 | 1.074
CO | 0.577 | 0.419 | 0.634 | 0.396 | 0.732 | 0.416 | 0.532 | 0.510 | 615.5 | 15.41 | 249.0 | 12.88 | 0.675 | 0.851 | 1.220 | 1.138
Hy | 0.104 | 0.320 | 0.032 | 0.174 | 0.053 | 0.211 | 0.401 | 0.109 | 0.107 | 0.325 | 0.942 | 0.013 | 0.521 | 0.748 | 1.235 | 1.121
CoHg | 1.0e73 | 6.3¢73 | 5.5e73 | 0.025 | 43.25 | 6.530 | 0.021 | 0.134 | 145.7 | 1.373 | 0.383 | 0.458 | 0.540 | 0.763 | 1.327 | 1.024
CHy | 6.7 | 3.3e73 | 1.6e73 | 0.039 | 344.8 | 18.05 | 0.068 | 0.186 | 82.23 | 2.150 | 0.153 | 0.175 | 0.482 | 0.720 | 1.287 | 0.990
12| CoHy | 0.078 | 0.072 | 0.010 | 0.097 | 0.053 | 0.186 | 2.841 | 1.679 | 0.561 | 0.643 | 1.596 | 0.357 | 0.600 | 0.806 | 1.318 | 1.085
CoHy | 0.410 | 0.517 | 0.077 | 0.202 | 1725 | 40.92 | 0.430 | 0.490 | 0.499 | 0.314 | 0.798 | 0.400 | 0.236 | 0.479 | 1.086 | 0.963
COy | 8.1e73 | 0.090 | 0.042 | 0.100 | 0.040 | 0.198 | 0.064 | 0.207 | 84e*3 | 287.8 | 12e™3 | 105.0 | 0.895 | 0.984 | 1.423 | 1.164
CO | 0.028 | 7.0e73 | 1.2¢73 | 9.6e73 | 6.9¢73 | 0.077 | 0.011 | 0.067 | 86.32 | 2.265 | 19.84 | 1.373 | 0.821 | 0.943 | 1.418 | 1.143




10T

Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE o KMSE o KMSE o KMSE o UMSE g UMSE g HMSE g KMSE o

Hy 3.686 | 0.332 | 6.440 | 0.457 | 27.33 | 1.327 | 2867 | 5H53.17 | 3.391 | 0.262 | 4.990 | 0.277 | 1.743 | 1.367 | 1.144 | 1.096

CoHg | 0.013 | 0.074 | 0.055 | 0.023 | 3053 | 54.74 | 0.225 | 0.275 | 37.20 | 1.094 | 0.959 | 0.370 | 0.585 | 0.792 | 1.276 | 1.007

CHy | 1.446 | 0.472 | 0.558 | 0.650 | 5097 | 68.90 | 4.768 | 1.466 | 17.57 | 0.440 | 1.167 | 0.511 | 0.967 | 1.020 | 1.186 | 1.099

13 CoHy | 0.821 | 0.836 | 0.424 | 0.651 | 0.442 | 0.555 | 0.314 | 0.516 | 1.341 | 0.315 | 1.209 | 0.622 | 0.838 | 0.936 | 1.240 | 1.154
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

CO2 | 0.698 | 0.419 | 0.802 | 0.337 | 0.170 | 0.404 | 0.975 | 0.865 7229 | 82.54 | 47et3 | 125.7 | 0.674 | 0.825 | 1.151 | 0.893

CO 1.079 | 0.612 | 1.667 | 0.530 | 4.454 | 0.975 | 2.117 | 1.271 | 315.6 | 0.000 | 423.2 | 15.82 | 1.435 | 1.230 | 1.162 | 1.072

Hy 0.231 | 0.337 | 0.063 | 0.112 | 0.786 | 0.717 | 8816 | 2.927 | 1.965 | 0.765 | 1.360 | 0.144 | 0.753 | 0.887 | 1.152 | 1.085

CoHg | 2.341 | 1.440 | 0.930 | 0.595 | 0.551 | 0.405 | 27.57 | 4.356 | 0.741 | 0.458 | 3.550 | 0.705 | 0.443 | 0.648 | 1.115 | 0.972

CHy | 0.042 | 0.170 | 0.025 | 0.151 | 0.013 | 0.079 | 1.181 | 0.917 | 18.13 | 1.737 | 30.32 | 2.379 | 1.367 | 1.221 | 1.285 | 1.183

14 CoHy | 0.970 | 0.923 | 0.593 | 0.347 | 0.800 | 0.312 | 0.415 | 0.644 | 2.839 | 1.652 | 4.028 | 1.173 | 0.778 | 0.903 | 1.191 | 0.968
CoHs | 6.617 | 1.303 | 3.993 | 0.625 | 507.6 | 21.94 | 3.380 | 0.949 | 5.8¢7* | 3.7¢™2 | 9.1e™* | 0.014 | 1.095 | 1.093 | 1.117 | 1.076

COz | 0.141 | 0.374 | 0.169 | 0.316 | 1.016 | 0.534 | 0.223 | 0.230 | 45e™3 | 211.2 | 8le™® | 67.34 | 1.085 | 1.076 | 1.201 | 1.078

CO 0.301 | 0.536 | 0.248 | 0.470 | 0.132 | 0.346 | 0.329 | 0.553 | 384.6 | 18.46 | 403.8 | 12.41 | 1.057 | 1.062 | 1.189 | 1.107

Ho 0.102 | 0.116 | 0.174 | 0.244 | 0.758 | 0.469 | 2.748 | 1.182 | 48.12 | 5.144 | 8.111 | 1.647 | 0.525 | 0.757 | 1.221 | 1.030

CoHg | 0.340 | 0.502 | 0.097 | 0.152 | 70.68 | 8.057 | 0.059 | 0.120 1220 | 4.391 | 1.970 | 0.904 | 0.259 | 0.520 | 1.158 | 0.954

CHy | 5.4e73 | 0.050 | 8.1e72 | 0.084 | 5.7e=* | 0.023 | 0.086 | 0.274 | 41.02 | 1.079 | 0.174 | 0.403 | 0.281 | 0.545 | 1.152 | 0.980

15 CoHy | 0.012 | 0.063 | 0.048 | 0.155 | 0.075 | 0.195 | 0.040 | 0.188 | 2.508 | 0.435 | 0.211 | 0.044 | 0.299 | 0.564 | 1.164 | 0.956
CoHo | 20.81 | 4.286 | 9.9¢72 | 0.077 | 709.0 | 26.41 | 2517 | 50.05 | 0.947 | 0.068 | 1.717 | 0.922 | 1.093 | 1.090 | 1.181 | 1.133

COz | 0.017 | 0.131 | 0.011 | 0.086 | 7.778 | 1.806 | 709.1 | 26.62 | 3le™® | 21.76 | 9379 | 61.01 | 0.769 | 0.916 | 1.233 | 1.047

CO 0.019 | 0.134 | 4.2e73 | 0.065 | 0.049 | 0.190 | 56.43 | 7.509 2670 | 9.722 | 25.26 | 1.286 | 0.393 | 0.653 | 1.173 | 0.991




c01

Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. KMSE o HUMSE o KMSE o KMSE g KMSE g KMSE o HMSE o KMSE o

Hy 0.034 | 0.180 | 0.022 | 0.145 | 0.972 | 0.895 | 0.501 | 0.704 | 17.91 | 2.610 | 5.669 | 2.381 | 0.499 | 0.736 | 1.170 | 1.067

CoHg | 1.2¢73 | 0.023 | 0.028 | 0.147 | 403.9 | 17.81 | 0.042 | 0.171 | 647.4 | 3.890 | 1.381 | 0.671 | 0.258 | 0.523 | 1.165 | 0.985

CHy | 2.1e 3| 0.046 | 0.028 | 0.144 | 62.14 | 7.774 | 0.234 | 0.465 | 39.39 | 0.927 | 1.034 | 0.607 | 0.320 | 0.586 | 1.159 | 1.024

16 CoHy | 0.016 | 0.047 | 0.141 | 0.133 | 6.0e72 | 0.050 | 57.80 | 7.420 | 11.61 | 0.806 | 0.417 | 0.398 | 0.384 | 0.644 | 1.187 | 1.013
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

COz | 0.322 | 0.352 | 0.322 | 0.344 | 4.531 | 0.921 | 2.903 | 1.633 | 1le™ | 126.2 | 62¢™3 | 165.3 | 0.660 | 0.846 | 1.227 | 1.087

CO 0.031 | 0.168 | 0.029 | 0.154 | 0.291 | 0.484 | 17.74 | 4.000 | 236.7 | 13.91 | 235.5 | 15.33 | 0.524 | 0.753 | 1.175 | 1.061

Hy 0.042 | 0.084 | 0.035 | 0.060 | 0.058 | 0.227 | 0.057 | 0.199 | 30.71 | 0.581 | 0.208 | 0.058 | 0.391 | 0.649 | 1.216 | 1.000

CoHg | 0.024 | 0.057 | 0.044 | 0.197 | 199.9 | 12.93 | 0.229 | 0.303 | 413.6 | 2.340 | 0.132 | 0.048 | 0.214 | 0.472 | 1.148 | 0.928

CHy | 0.025 | 0.016 | 0.020 | 0.079 | 1.754 | 1.287 | 0.624 | 0.715 | 36.57 | 0.679 | 1.009 | 0.974 | 0.296 | 0.560 | 1.149 | 0.968

17 CoHy | 0.084 | 7.9e73 | 0.064 | 0.253 | 0.143 | 0.377 | 1.021 | 0.873 | 0.530 | 0.142 | 0.021 | 0.056 | 0.311 | 0.578 | 1.166 | 0.953
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

COz | 0.372 | 0.338 | 0.359 | 0.414 | 1.391 | 0.613 | 1.304 | 1.139 | 87e™3 | 256.2 | 60e*? | 233.2 | 0.531 | 0.751 | 1.155 | 1.103

CO 0.056 | 0.107 | 0.034 | 0.167 | 0.107 | 0.281 | 0.162 | 0.132 | 197.8 | 12.71 | 200.8 | 14.11 | 0.426 | 0.678 | 1.177 | 0.987

Ho 0.083 | 0.247 | 0.035 | 0.072 | 0.549 | 0.730 | 0.105 | 0.321 | 68.46 | 0.000 | 13.11 | 0.559 | 0.223 | 0.444 | 1.100 | 1.021

CoHg | 1.647 | 1.273 | 0.558 | 0.690 | 0.303 | 0.549 | 0.948 | 0.774 | 0.733 | 0.773 | 2.698 | 1.025 | 0.371 | 0.586 | 1.121 | 1.047

CHy | 0.088 | 0.285 | 0.117 | 0.317 | 0.025 | 0.116 | 73.11 | 5.760 | 9.693 | 2.349 | 13.72 | 2.958 | 1.441 | 1.253 | 1.284 | 1.183

18 CoHy | 0.524 | 0.713 | 0.082 | 0.236 | 0.134 | 0.324 | 2.240 | 1.233 | 7.071 | 2.177 | 8250 | 2.130 | 0.277 | 0.499 | 1.099 | 0.984
CoHy | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

COz2 | 0.135 | 0.345 | 0.080 | 0.283 | 0.159 | 0.305 | 261.7 | 16.17 1511 | 38.37 | 66e™3 | 114.9 | 0.357 | 0.581 | 1.109 | 1.002

CO 0.331 | 0.570 | 0.270 | 0.440 | 0.277 | 0.348 | 0.162 | 0.256 | 513.4 | 2.276 | 2277 | 24.68 | 0.208 | 0.423 | 1.105 | 1.017




e0T

Trans Foat LS-SVM(1) | LS-SVM(2) e-SVR(2) | LS-SVM-UV(2) ARIMA E.S. Naive Mean
No. UMSE | O | pMSE | O | UMSE | O | HMSE o UMSE | O | pMSE | O | pMSE | O | pfMSE | O
Ho 0.638 | 0.785 | 0.336 | 0.574 | 1.199 | 1.080 | 160.8 12.67 | 491.7 | 21.08 | 48.17 | 6.939 | 0.626 | 0.790 | 1.213 | 1.016
CoHg | 0.579 | 0.750 | 0.290 | 0.520 | 43.12 | 6.556 | 4.182 2.026 | 22e*3 | 141.2 | 37.78 | 6.142 | 0.598 | 0.771 | 1.256 | 1.013
CHy | 0.094 | 0.302 | 0.058 | 0.232 | 78.04 | 8.808 | 5.437 | 2.263 1122 | 32.07 | 250.4 | 15.72 | 0.673 | 0.816 | 1.257 | 0.989
All | CoHy | 0.614 | 0.775 | 0.748 | 0.837 | 0.890 | 0.917 | 7.135 | 2.668 | 2le™3 | 142.0 | 1040 | 31.88 | 0.564 | 0.750 | 1.252 | 1.018
CoHs | 2.630 | 1.622 | 0.533 | 0.706 | 335.2 | 18.31 | 226.1 15.04 3650 | 57.03 | 10.65 | 3.262 | 0.512 | 0.713 | 0.895 | 0.900
COo | 0.377 | 0.604 | 0.349 | 0.584 | 1.111 | 0.981 | 278.0 16.67 | 87et3 | 295.2 | 16et* | 389.7 | 0.878 | 0.936 | 1.246 | 1.113
CO 0.313 | 0.559 | 0.263 | 0.513 | 0.414 | 0.626 | 17.99 | 4.239 502.7 | 22.05 | 630.9 | 25.09 | 0.842 | 0.917 | 1.235 | 1.104
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