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Lampiran 1. Hasil perhitungan Binerisasi Metode otsu

nilai jumlah gpmlal variance
piksel iksel piksel Pi i.Pi Mean Zerothcm Firstcm akhir cek

citra | P total
53 1 0,006493506 | 0,344155844 0,006493506 0,344155844 | 8,982292917 | 8
55 1 0,006493506 | 0,357142857 0,006493506 0,357142857 | 8,039249033 | 8
59 1 0,006493506 | 0,383116883 0,006493506 0,383116883 | 6,31002401 | 8
62 2 0,012987013 | 0,805194805 0,012987013 0,805194805 | 10,36848818 | 10
63 2 0,012987013 | 0,818181818 0,012987013 0,818181818 | 9,642924275 | 10
69 1 0,006493506 | 0,448051948 0,006493506 0,448051948 | 2,901994131 | 10
70 1 0,006493506 | 0,454545455 0,006493506 0,454545455 | 2,633086568 | 10
71 2 0,012987013 | 0,922077922 0,012987013 0,922077922 | 4,785781418 | 10
72 2 0,012987013 | 0,935064935 0,012987013 0,935064935 | 4,297059613 | 10
73 1 154 0,006493506 | 0,474025974 9007142857 0,006493506 0,474025974 | 1,904795251 | 10
74 1 0,006493506 | 0,480519481 : 0,006493506 0,480519481 | 1,68817527 | 10
75 2 0,012987013 | 0,974025974 0,012987013 0,974025974 | 2,988788937 | 10
76 1 0,006493506 | 0,493506494 0,006493506 0,493506494 | 1,294150994 | 10
77 1 0,006493506 0,5 0,006493506 0,5 1,116746699 | 10
248 1 0,006493506 | 1,61038961 0,006493506 1,61038961 | 163,0159064 | 163
249 1 0,006493506 | 1,616883117 0,006493506 1,616883117 | 165,0868681 | 165
255 39 0,253246753 | 64,57792208 0,253246753 64,57792208 | 9224,834028 | 165
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Lampiran 2. Nilai parameter HMM awal

Tabel 1. Matriks inisial

0

01

Tabel 2. Matriks emisi / observasi

112

0 1 2 23
0 0,04166 | 0,04166 | 0,04166 0,04166
7 7 7 7

Tabel 3. Matriks transisi

0

01

Lampiran 3. Hasil algoritma forward

Tabel 1. Hasil Inisialisasi algoritma forward

I I <states | fwd(0,i) c[0]!=0 | i < states c[0] fwdl0,i]
0 TRUE | 0,041667 # TRUE | TRUE | 0,041667 1
1 FALSE - - - -




Tabel 2. Hasil induksi algoritma forward

113

. P i< |t fwd[t- | AL, | fwd[t-Lj] * | su . = i< | fwd,

biT] ] tsT states | states | 1 1] il Alij] m el ct 0 states i]

1l0l0 TEU TRUE | TRUE | 0 1 1 1 1 O’%‘;m 0,041667 | TRUE | TRUE | 1

21 1]1 TEU FALSE FAELS 1 1 1 1 1 O’%‘;m 0,041667 | TRUE | TRUE | 1

3|2]2] TRYU | parse | FALS | 5 1 1 1 o 2044651 0,0616666 ) Loy e b o e | 1
E E 67 67

413]3] TRY [ Farse | FALS | 3 1 1 1 1| 0.0416 1 0,0416666 | 1o e | tRUE | 1
E E 67 67

5/4la] TRU | Farse | FALS | 4 1 1 1 240061671 0,0616666 | Loy e | tRuE | 1
E E 67 67

655 FAELS FALSE FAELS

Lampiran 4. Hasil algoritma backward

Tabel 1. Hasil inisialisasi algoritma backward

| i < bwd[T-
states | 1,i]

0 TRUE 24

1 FALSE




Tabel 2. Hasil induksi algoritma backward

t|1|J|t>=0|i<states|j<states | T| i |]J | Alij]* B[j,observations[t+1]] * bwd[t+1,j] | sum | sum/ c[t] | bwd[t,i]
4/0|0| TRUE| TRUE TRUE (4|00 1 1 24 24
3/1|1| TRUE | FALSE | FALSE | 3|00 1 1 24 24
2 TRUE 2010 1 1 24 24
1 TRUE 11010 1 1 24 24
0 TRUE 0(0|0 1 1 24 24

Lampiran 5. Hasil perhitungan matriks gamma

t| k| t<T |k<states| T | K |gamma[i][t,k] | s | gamma][i][t,K]
00| TRUE | TRUE |0]|0 24 24 1

1/1| TRUE | FALSE |1]0 24 24 1

22| TRUE | FALSE |2 |0 24 24 1

33| TRUE | FALSE 3|0 24 24 1

414| TRUE | FALSE (4|0 24 24 1

5(5| TRUE | FALSE |5|0 24 24 1

6|6 | FALSE | FALSE
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Lampiran 6. Hasil perhitungan matriks epsilon

t| k| 1| t<T-1|k<states|i<states|t |k || |epsilon[i][t,k]] | s+ | epsilon[i][tk,I]
0/{0]0| TRUE | TRUE TRUE (0|00 1 1 1
1/1|1| TRUE | FALSE | FALSE [1/0|0 1 1

2|1212| TRUE | FALSE | FALSE |2 (0|0 1 1 1
313|3| TRUE | FALSE | FALSE [3(0|0 1 1 1
414|4| TRUE | FALSE | FALSE (4|0 (0 1 1 1
5|55 | FALSE | FALSE | FALSE

6|6|6| FALSE | FALSE | FALSE

Lampiran 7. Hasil perhitungan likelihood

t | t<scaling.length | log1l0 | newlikelihood +
0 TRUE -1,38021 -8,28127

1 TRUE -1,38021

2 TRUE -1,38021

3 TRUE -1,38021

4 TRUE -1,38021

5 TRUE -1,38021

6 FALSE
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Lampiran 8. Re-estimasi parameter HMM dan perhitungan algoritma forward, backward, matriks gamma, epsilon, likelihood baru dan

evaluasi hasil setelah parameter HMM terestimasi kembali

Tabel 1. Re-estimasi matriks inisial

k|i|k<states| i<N | K| i |gamma[i][0,K] | sum += | pi[K]

0|/0| TRUE TRUE | 0|0 1 1 1

1|1| FALSE | FALSE

Tabel 2. Matriks inisial yang terestimasi kembali

pi |0

0|1

Tabel 3. Re-estimasi matriks transisi

i|jJ| K|l |i<states|j<states| k<N [ I<T-1 [k || |i[]|epsilonk][lij] | num | gamma[K][L,i] | den | A[i,j]
0/0|0|0| TRUE TRUE | TRUE | TRUE |0(0|0 |0 1 5 1 5 1
1/1|1|1| FALSE | FALSE |[FALSE| TRUE |[0|1|0|0 1 1

212|2|2| FALSE | FALSE | FALSE | TRUE |0[2|0|0 1 1

3/3|/3|3| FALSE | FALSE | FALSE | TRUE |03 |0 |0 1 1

414|4|4| FALSE | FALSE | FALSE | TRUE (0|4 (0|0 1 1

5/5|5|5| FALSE | FALSE | FALSE | FALSE

6/6|6|6| FALSE | FALSE | FALSE | FALSE
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Tabel 4. Matriks transisi yang terestimasi kembali

AlO
01

Tabel 5. Re-estimasi matriks emisi

k{l|i| k<N I<T |i<states|k|L|i |den+
0/0|0] TRUE | TRUE | TRUE |[0|0|0| 5
1/1|1|FALSE| TRUE | FALSE |0|1 |0
2|2 |2|FALSE | TRUE | FALSE (0|2 |0
3[3|3|FALSE | TRUE | FALSE (0|3 |0
414|4|FALSE | TRUE | FALSE (0|4 |0
5(/5|5|FALSE | TRUE | FALSE [0|5|0
6|6 |6| FALSE | FALSE | FALSE
Tabel 6. Matriks emisi yang terestimasi kembali
111111 1 111 2 | 2
Bl 0| 1 234567891012341561789201223
0, | 1,00E- | 1,00E- | O, 0, 0, 0, 0,
0 2 10 10 P IRERN IRRE IFSR IPPP (PPN PPN R ISR (RS IRV IPPE B (PPN B ISP IR 1,00E-10
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Tabel 7. Hasil inisialisasi algoritma forward setelah parameter HMM terestimasi kembali

i< ; i< ]
1=
! . || fwa(0,) c[0]'=0 | .o | C[0] | fwd[O,i]
0 | TRUE | 02 BE) | TRUE | TRUE | 0.2 1
1 BEEEE | - \ ; §

Tabel 8. Hasil induksi algoritma forward setelah parameter HMM terestimasi kembali

i< T i< o1, fwdl | Al | fwdft-1j] | su | fwdlt, =1 i< |fwd
t] i3 t<T | s | staes | 1 | 4| ! t-l,jg ,,-5 *A[[i,j]ﬂ m i][ cld [g) states i][
1/0/0| TRUE | TRUE | TRUE |0 |0 | 0 | 1 | 1 1 1| 02 |02|TRUE| TRUE | 1
2[1[1] TRUE |FALSE |FALSE | 1]0| 0 | 1 | 1 1 1| 02 |02 |TRUE| TRUE | 1
3[2[2| TRUE |FALSE |[FALSE | 20| 0 | 1 | 1 1 1| 02 |02|TRUE| TRUE | 1
433 TRUE |FALSE |FALSE |3 0] 0 | 1 | 1 1 1| 02 |02|TRUE| TRUE | 1
5(4]4] TRUE |FALSE |FALSE |4 0| 0 | 1 | 1 1 1| 02 |02|TRUE| TRUE | 1
6/5|5| FALSE | FALSE | FALSE

Tabel 9. Hasil inisialisasi algoritma backward setelah parameter HMM terestimasi kembali

i | i<states | bwd[T-1,i]
0| TRUE 5
1| FALSE




Tabel 10. Hasil induksi algoritma backward setelah parameter HMM terestimasi kembali

t|i|J|t>=0|i<states|j<states|t| i || Alij]* B[jobservations[t+1]] * bwd[t+1,j] | sum | sum/ c[t] | bwd[t,i]
4/0|0| TRUE| TRUE TRUE [4|0]|0 1 1 5 5
3/1|1| TRUE| FALSE | FALSE |30 |0 1 1 5 5
2 TRUE 21010 1 1 5 5
1 TRUE 1100 1 1 5 5
0 TRUE 0(0|0 1 1 5 5

Tabel 11. Hasil perhitungan matriks gamma setelah parameter HMM terestimasi kembali

t| k| t<T |k<states |t |k | gamma[i][t,k] | s | gamma[i][t,K]
0(0| TRUE | TRUE |00 5 5 1

1/1| TRUE | FALSE |10 5 5 1

22| TRUE | FALSE |2|0 5 5 1

3(3| TRUE | FALSE | 3|0 5 5 1

44| TRUE | FALSE (4|0 5 5 1

5(5| TRUE | FALSE |5|0 5 5 1

6|6 | FALSE | FALSE
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Tabel 12. Hasil perhitungan matriks epsilon setelah parameter HMM terestimasi kembali

t| k| 1| t<T-1|k<states|i<states|t |k || |epsilon[i][tk]] | s+ | epsilon[i][tk,I]
0/{0]0| TRUE | TRUE TRUE (0{0(0 1 1 1
1/1|1]| TRUE | FALSE | FALSE [1/0|0 1 1 1
2|1212| TRUE | FALSE | FALSE |2 (0|0 1 1 1
313|3| TRUE | FALSE | FALSE [3[0|0 1 1 1
414|4| TRUE | FALSE | FALSE (4|0 (0 1 1 1
5|55 | FALSE | FALSE | FALSE

6|6|6| FALSE | FALSE | FALSE

Tabel 13. Perhitungan likelihood baru setelah parameter HMM terestimasi kembali

t | T<scaling.length | 1ogl0 | newlikelihood +
0 TRUE -0,69897 -4,19382

1 TRUE -0,69897

2 TRUE -0,69897

3 TRUE -0,69897

4 TRUE -0,69897

5 TRUE -0,69897

6 FALSE
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Tabel 14. Hasil evaluasi

coefficient.length | i < coef.. | log10(coeffi.. | likelihood + | hasil akhir

6 TRUE -0,69897 -4,19382 | 0,015089
TRUE -0,69897
TRUE -0,69897
TRUE -0,69897
TRUE -0,69897
TRUE -0,69897
FALSE

OO IWINIFRPIO|=—




