CHAPTER 6

PERFORMANCE EVALUATION WITH CROSS VALIDAT%\
6.1 Introduction Y'

TECHNIQUES

When training a model, it is important no erfit Wt it with
algorithms that are too complex or too simple. The cheice of training s E;g' are
critical in reducing this risk. However, dividing th: aset t? earmng

and validity of test results is difficult. Cross-va atlon \severa &Enlques that
split the data differently, to find the be \%Ml fo !1 el. CO£QSS -validation also
g mo

helps with choosing the best perfo el 1 th&error using the testing

N
dataset, which has not been use? aing 1ng set helps calculate the
accuracy of the model and ho 1 gene ith ﬂ&tﬁ'é data.
In this sectioncod validation te nlqu '%amely the k-fold and holdout

method are implemge(% do.\t per{@ance of MPS system as well as to
of the

provide a compa ce 0 Vahdatlon techniques themselves. The

database use@s econdary t.ﬂsets% divided into training and testing sets and
process% ers itable @vahdatlon techniques under investigation. The

k

perfo 1s evaluated usm@nge of different dataset. In more detail, earlier

seC concentrates on the overview explanation of model validation techniques

owed by methodology to be adopted to evaluate the performance the MPS system.
Orformance result and comparison of different types of model validation techniques

being addressed in later section and lastly, conclusions are discussed in final section.
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6.2 Cross-Validation Techniques
Cross-validation is a model assessment technique used to evaluate a m?m'e
learning algorithm’s performance in making predictions on new datasets t%\s not

been trained on. This is done by partitioning the known dataset, usingﬁet to train

the algorithm and the remaining data for testing. Each round of ‘€ross-validation

involves randomly partitioning the original dataset into a traini and a testing set.
The training set is then used to train a supervised learning ithm a*d the testing set
is used to evaluate its performance. This process is re d severa es ag%the

average cross-validation error is used as a perfo indicator. Cross-V ILQQ nisa
resampling technique with the fundamental ioYﬁsplitﬁ.é ataset\i:g(') 2 parts
o

training data and test data. Train data is u Mm th@'\node and t@seen test data

e tes@a and gives good

tf;t\? and can be used for

=
e}
<
[¢]
-

is used for prediction. If the model pe wel

accuracy, it means the model hasn rfitted theytr xin

N
- 6 i
prediction. There are many w perform Cross-Vali 4tion and in this section will
ta

be using two common met ich are ndksfold cross validation method.
N
L&

6.2.1 Holdoutw Q S
Holdouw d can PsideésQ a basic validation method for result
¢ P8 S
estimation.#Ehe holdout teehnique iUn exhaustive cross-validation method, that

the da into %_ and test data depending on data analysis. The

hol thod for training a m@ine learning model is the process of splitting the data
@ferent splits and using one split for training the model and other splits for
Uﬂldaﬁng and testing the models. The holdout method is used for both model evaluation
and model selection. When the entire data is used for training the model using different
algorithms, the problem of evaluating the models and selecting the most optimal model
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remains. The primary task is to find out which model out of all models has the lowest
generalization error. In other words, which model makes a better prediction ovm
or unseen datasets than all other models. This is where the need to%\ome
mechanism arises wherein the model is trained on one data set and t another
dataset. This is where the holdout method comes into the picture. Y.

The holdout method for model evaluation represents me c nism of splitting
the dataset into training and test datasets. The model is tr: the'tramlng set and
then tested on the testing set to get the most optimal mo his often used
when the data set is small and there is not enough da plit info t s&ts_.ér; ning,
validation, and testing). This approach has the unple @plement

the s@s not random,

then the results may be biased. Overa ald out me for @el evaluation is a

good starting point for training m% learmn\odgs w:}t‘should be used with
caution. The following represe%oldou met for{o@el evaluation.

N ' ?) D
2/3 * 1/3 >|

H
£ Training Set Test Set
N « >

but it can be sensitive to how the data is dlvw ot

Total number of samples

§ Fjg-éf}: 501d@\$:/}alidation distribution ratio
A 3
N

é k-fold Method
o -fold cross validation is one way to improve over the holdout method.
Partitions data into k randomly chosen subsets (or folds) of roughly equal size. One

subset is used to validate the model trained using the remaining subsets. This process is
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repeated k times such that each subset is used exactly once for validation. The average

error across all k partitions is reported as €. This is one of the most popular tec S

for cross-validation but can take a long time to execute because the mode@lo be

trained repeatedly. Figure 6.2 below illustrates the process with 5-fold idations.
L
Fold 1 | Testing set Training set ]
Fold 2 | Training set | Testing set Training set
Fold 3 Training set Testing set Training set
Fold 4 Training set Testing set | Training set
Fold 5 Training set Testing set

<

Figure 6.2 The process of k-fol@ons with-3-Fold Vﬁmions (k=5)
\ A
A
- S
6.3  Result and Discussion % [ 4
In this evaluation, a%al 21@% @es were used for each class,
i.e. Bayyati, Hijaz, Ji% ahaw ;:};t! Ssé‘h and Soba. As mentioned, the

E %
MATLAB Classifi %Leartle \i»box wg.sbd to train and test various classifiers
&rma

for evaluating t pro@d system. The toolbox has the advantage
¢

that it can train mpltiple clagsi er; us'eg arallel pool with five-fold cross validation
{k NS

was used f luatifi rfo ce of the classifiers.
A 'ﬁ o

e the confusion mat@ot to understand how the currently selected classifier
p%\ed in each class. After you train a classification model, the app automatically
s

d the confusion matrix for that model. If you train an "All" model, the app opens
e confusion matrix for the first model only. To view the confusion matrix for another

model, select the model in the Models pane. On the Classification Learner tab, in the
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Plots section, click the arrow to open the gallery, and then click Confusion Matrix
(Validation) in the Validation Results group. The confusion matrix helps you w
the areas where the classifier performed poorly. \

Figure 6.3 shows the Scatter Plot for the model predictions 0* using the
Cubic SVM classifier for 7 classes. The x and y axes represent the p&Hagnitude-to-
RMS-ratio for spectral centroid and roll-off point which giyes th&most significant
features. Figure 6.4 and 6.5 shows the Confusion Matrix f Yosirve Rates (TPR)
and False Negative Rates (FNR) and confusion matrix osit ere Values
(PPV) and False Discovery Rates (FDR) respectivel nwhile Fi d6 @s the
parallel coordinates plot with model prediction 4 \/‘T

ird an@th row from

the top shows all magamat types with w lass Jihar nd espectively. The

columns show the predicted classes%e maqa\‘w e i @‘harkah and Rast, only

N\
50% are correctly classified, s%s theﬂ true sttw& for correctly classified
points in this class, shown %luesl/ n TP@umn The other maqamat in
ied

In this example, which uses the s d datas

the Jiharkah row are 00 hel nﬁh‘mat are incorrectly classified as

from Nahawand, % are a551f1 ﬁ.ds from Soba. The false negative rate
ssi

for incorrectly clas O%, shown in the orange cell in the FNR

column. T telis ¢ i e elﬁwb igh due its significance characteristics in
§' NN

acousti nt agd d with experimental results in previous section 5.6. The

PPQ proportion of corrq@'classiﬁed observations per predicted class. It shows

t% maqgamat type Nahawand is correctly classified with 66.7% and 80% for Soba
wh

ile other types are correctly classified with 100%. For FDR, Nahawand and
oba scores 33.3% and 20% respectively, that is the proportion of incorrectly classified

observations per predicted class. Positive predictive values are shown in blue for the

100



correctly predicted points in each class, and false discovery rates are shown in orange

for the incorrectly predicted points in each class. Y'
From amongst various classifiers used, Cubic SVM classifier giv@ghes‘[
accuracy of 89.3%. Most of SVM classifiers give promising results b its ability

to classifies the available data by optimally finding the best possible hyperplane which
separates the data points of the various classes. In these experi Me are more than
two classes, so the toolbox uses fitcecoc function a ec:ces the multiclass

classification problem to a binary state, with individual%SVM lw‘or every
g
subclass. ' _\C}
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Figure 6.5 Confusion matrix for PPV and FDR
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t withuapod predi(Q'ons
S 1t ious classifiers used

1
Classifier Type 1 M \\&U Holdout (%)
Linear SVM , 5 E 56.8
o
o e
Quadratic SVM ~ g fS {(9 53
N~
Cubic SVM ; ' / 91.6
N
Fine Gaussian S 07 5 70
S
64.3 73.8
L
Y
4\ 81.4 60
Fine i 78.7 73.9
B
ic KNN 17.9 45
ted KNN 75 67
bspace KNN 75 85.7
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6.4  Summary

This chapter presented result cross validation evaluation comparison on'yarics
validation techniques on MPS system using a set of 42 samples from bot %Xr and
secondary datasets. The validation techniques used are k-fold and hold-(ﬁ&hod. This
technique manage to evaluate quality of every samples and gain the%l.accuracy by
averaging the result from each samples. The proposed algorit es to be accurate

l?;l atures. It works

and efficient in identifying the types of magamat based on t

very well in identifying few magamat with more than 70 curacy s S'Jil%lgah,

N
Nahawand and Sikah. These 3 types of magamat gi ificant pea, alle_éaifying

4 b ¥

a strong emotion within. Positive predictiveT N for the’ correctly
So i

predicted points for all types except Naha alse d@very rates are

cla@e minimal value

of accuracy is obtained in identifi a%f the%\%‘d% @d type with accuracy
0 )
below 30% due to its element@olon eing nﬂnak&
’ N

S
c,;('\', bj‘,&o

shown in orange for the incorrectly pr ed’points in
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