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Performance Comparison of Machine Learning Algorithms for
TAB Digit Recognition

Jaehyeok Heo" - Hyunjung Lee™ - Doosung Hwang™"

ABSTRACT

In this paper, the classification performance of learning algorithms is compared for TAB digit recognition. The TAB digits that are
segmented from TAB musical notes contain TAB lines and musical symbols. The labeling method and non-linear filter are designed and
applied to extract fret digits only. The shift operation of the 4 directions is applied to generate more data. The selected models are
Bayesian classifier, support vector machine, prototype based learning, multi-layer perceptron, and convolutional neural network. The result
shows that the mean accuracy of the Bayesian classifier is about 85.0% while that of the others reaches more than 99.0%. In addition, the

convolutional neural network outperforms the others in terms of generalization and the step of the data preprocessing.

Keywords : Digit Recognition, Machine Learning, Prototype Selection,

Image Processing, Cross-Validation
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Table 1. The Number of Data Per Segment Size

Segment size No. data
10x9 3
10x12 9,857
8x12 72
9x12 992
Total 10,714

Fig. 2. Examples of TAB Digit Segmentation

Fig. 3. Removing TAB Lines
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Table 2. The Number of Fret Digits Per Class

Fret Number Fret Number
0 10,245 8 2,230
1 3,410 9 2,805
2 6,955 10 1,480
3 6,290 11 1,065
4 3,030 12 950
5 4,875 13 1,100
6 1,790 14 755
7 5,745 15 845
Total 53,570
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Table 3. The Performance Comparison of TAB Digit Recognition

Fold Bayes SVM PBL MLP CNN-PRE CNN-ORG
1 85.60 100.00(636.0) 99.99(116.0) 99.98 100.0 100.0
2 84.60 99.99(634.0) 99.98(117.0) 99.98 100.0 99.98
3 85.30 100.00(634.0) 99.99(116.0) 99.71 100.0 99.97
4 86.40 99.99(631.0) 99.99(113.0) 99.96 100.0 99.99
5 85.70 99.99(633.0) 99.99(115.0) 99.95 100.0 100.0
6 83.80 100.00(638.0) 99.99(116.0) 99.71 100.0 100.0
7 84.50 99.99(634.0) 99.99(115.0) 99.84 100.0 99.99
8 85.40 100.00(636.0) 99.98(116.0) 99.96 100.0 99.97
9 84.60 100.00(639.0) 100.00(116.0) 99.92 100.0 99.97
10 86.60 99.99(630.0) 99.99(115.0) 99.99 100.0 100.0
AVG. 85.00 100.00(634.5) 99.99(115.5) 99.90 100.0 99.99
Mean time (sec) 0.7 1474 327 ]7.8 1759 4319
Table 4. The Structure of a MLP Network B 5002 AAE)
Layer No. of neurons Activation ZZEES] 79k g5 ZREES] F(psize)ot A HE
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Output 16 Sigmoid 100.0%= H7hEch SAF ANATe] HrllA AA2 7

Table 5. The Structure of a CNN-PRE Network

Layer No. of neurons Activation

Input 12 x 12

Conv2D 10 x (2 x 2) ReLU
MaxPooling 2 x2

Dropout 20.0%

Hidden 28 ReLU

Output 16 Softmax

Table 6. The Structure of a CNN-ORG Network

Layer No. of neurons Activation

Input 12 x 12

Conv2D 10 x (2 x 2) Sigmoid
MaxPooling 2 x2

Dropout 20.0%

Hidden 28 Sigmoid

Output 16 Softmax
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