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Abstract

This paper provided an overview of analysis and implementation clustering for food
productivity. Food productivity is determined by food production. Rice is one of staple
food in Indonesia. Rice production is influencing adequacy level of national food
production. Rice productivity is very important to accomplishment food affordability. Rice
productivity per province in Indonesia must be increased, because large population and
high consumption. Rice productivity that fluctuates and tends to decrease, need to
clustering to determinant category cluster of productivity. Clustering is using K-Means
and Fuzzy C-Means. Method improvement of K-Means is modification Intra Cluster
Distance and Inter Cluster Distance. Calculate distance (Inter Cluster Distance and Intra
Cluster Distance) to evaluate the clustering results and to compare the efficiency of the
clustering algorithms. Method improvement of Fuzzy C-Means is modification algorithm,
alternative process and iteration. Data processing is using Excel software. Clustering
produce three cluster (Ci, C;, Cs) is convergence. Measurement cluster based on
comparison of membership cluster, consistency, and productivity. Membership cluster,
there is point data anomaly (X22, X23, X29, X33). Consistency data on K-Means (C; =
72.73%, C, = 93.75%, C; = 100%). Consistency data on Fuzzy C-Means (C1 = 100%, C;
= 88.33%, C; = 87.50%). Rice Productivity is Cluster 1 (decrease), Cluster 2 (decrease,
except 3 provinces), and Cluster 3 (increase, except 1 province). Majority in rice
productivity is 70.59%. Result of clustering showed that majority rice productivity on
category cluster is low productivity.
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1. Introduction

Food production per province in Indonesia influence national food production. Rice is
one of staple food in Indonesia. Rice production is determining food productivity. Based
on BPS Publication 2015, growth 2015 over 2014 about rice productivity is fluctuates and
tends to decrease. Fluctuation in rice productivity is not good for national food
production. Good productivity influence adequacy of national food production. Rice
productivity on high level is a determinant factor of food affordability. Hence, need to
clustering dataset to determinant low productivity and high productivity on rice
production per province in Indonesia. Clustering is the process of grouping data objects
into similar classes for finding similarities in data and putting similar data into groups
namely cluster. Cluster is a collection of data object that are similar in same class
and dissimilar to object in other class [1]. Clustering analysis is one of the important
technologies in data mining, machine learning, pattern recognition, and many
applications. Fuzzy clustering will be a better choice for the data points and
clustering algorithms allocated each object to a cluster became most fundamental
[2]. K-Means is clustering algorithm that fast, robust, relatively efficient in
computational time, simple to implement, and gives comparatively good results if
clusters in datasets are distinct or well separated in clustering [3].
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K-Means is high simplicity, fast convergence rate, efficiency, excellent especially
dealing with large datasets, local search ability, better performance for spherical
cluster, data samples from variant cluster show obvious different, and practical
clustering algorithm in many applications [4]. Fuzzy C-Means is a clustering
method similar to K-Means by using fuzzy theory to improve clustering results.
Fuzzy C-Means is most popular fuzzy clustering method, easily implemented, has
obtained satisfactory results, and become an important tool in many applications [5].
Fuzzy C-Means is very effective in image segmentation and clustering algorithm. [6].

2. Related Work

Based on paper [7], clustering using cluster center based K-Means and representative
object based Fuzzy C-Means. Fuzzy C-Means Clustering produces close results to K-
Means Clustering, but it still requires more computation time than K-Means Clustering.
The time complexity of the K-Means Algorithm is O (ncdi) and the time complexity
of Fuzzy C-Means Algorithm is O (ndczi). It is meaning that K-Means Algorithm
seems to be superior then Fuzzy C-Means Algorithm. Based on paper [8], clustering is
using K-Means, Fuzzy C-Means, and Possibilistic Fuzzy C-Means for segment in
standard and color image. Result shown that Possibilistic Fuzzy C-Means favorable over
Fuzzy C-Means and K-Means and provide the better result on noise gray scale images,
but it require more computational time than K-Means and Fuzzy C-Means. Based on
paper [9], K-Means Algorithm is enough to extract type of tumors from the brain
cells, segmentation using Fuzzy C Means for accurate tumor shape extraction of
malignant tumor, and both method is gives more accurate result.

In this paper [10] clustering algorithm is K-Means and Fuzzy C-Means. As the
number of records increases the time execution of both the technique gets increased
but the Fuzzy C-Means performance is found to be better than K-Means Algorithm.
The precision, recall and f measure values are more accurate on applying Fuzzy C-
Means compared to K-Means Algorithm. The number of data points is evenly
distributed in Fuzzy C-Means Algorithm. In this paper [11], a comparative research
between Fuzzy Clustering Algorithm and Hard Clustering Algorithm. Fuzzy C-
Means is chosen on the behalf of Fuzzy Clustering Algorithm and K-Means
Algorithm is chosen on the behalf of Hard Clustering Algorithm. On the basis of
experiments, found that the computational time of K-Means Algorithm is less than
that of Fuzzy C-Means Algorithm for the Iris Dataset. This research concludes that
the K-Means performance is better than Fuzzy C-Means performance in terms
computational time.

3. Method Proposed
3.1. Framework
Method proposed can be depictured in framework shown on Figure 1.

Figure 1. Framework of Clustering
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Figure 1 shown framework of clustering using K-Means and Fuzzy C-Means. Dataset
based on data source from BPS Publication 2015. Comparison is between K-Means and
Fuzzy C-Means based on Membership Cluster, Consistency Data, and Productivity.

Algorithmic steps for K-Means Clustering [11]:

1.

2
3.
4.
5

Select K points as initial cluster center (centroid).

Repeat:
Form k clusters by assigning all points to the closest cluster center (centroid).
Recompute the cluster center (centroid) of each cluster.

Until the cluster center (centroid) do not change.

Advantages of K-Means Clustering:

1.

K-Means Clustering is a method of vector quantization that is popular for cluster
analysis and works great if clusters are spherical.

K-Means Clustering tends to find clusters of comparable spatial extent, while the
expectation maximization mechanism allows clusters to have different shapes.
K-Means Clustering aims to partition n observations into k clusters in which each
observation belongs to the cluster with the nearest mean, serving as a prototype of
the cluster. This algorithm aims at minimizing an objective function.

K-Means Clustering is one of the simplest algorithm which uses un-supervised
learning method to solve known clustering issues.

K-Means Clustering works really well with large datasets.

K-Means Clustering may produce tighter clusters than hierarchical clustering,
especially if the clusters are globular.

K-Means Clustering is most of the times computationally faster than hierarchical
clustering for a large number of variables, if keep k smalls.

K-Means Clustering is faster, because order of time complexity is linear with the
number of data.

Algorithmic steps of Fuzzy C-Means Clustering [11]:

1.

2
3
4.
5
6

Initialize U,pik k, m, t, Py, maximum iteration (treshold) .
Select m, initialize the membership function value.
Compute the cluster centers.
Compute Euclidean distance.
Update the membership function.
If not converged, go to step 2.

Advantages of Fuzzy C-Means Clustering:

1.
2.

Fuzzy C-Means Clustering is un-supervised learning.

Gives best result for overlapped dataset and comparatively better then K-Means
Algorithm in process of clustering.

Unlike K-Means Clustering, where data point must exclusively, belong to one
cluster center, here data point is assigned membership to each cluster center, as a
result of which data point may belong to more than one cluster center.

Fuzzy C-Means Clustering works with all data is convergences.
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3.2. K-Means

K-Means Algorithm can be depictured as flowchart for this application, shown on
Figure 2.
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Figure 2. Flowchart K-Means Algorithm

3.3. Method Improvement of K-Means

o Intra cluster distance [12] specifies between the data vector within a cluster using
Equation (1).

C n
2 2.~ 1 2
D, =04 =5, + (=t F:D =212 Yl x v 0
C T
with D¢ is Euclidean distance, i is number of object, (X, y) is coordinate of object, (s, t) is

coordinate of cluster center.

e Inter cluster distance [13] is calculate minimum distance between inter cluster
center for measure separation cluster using Equation (2).
D =l z =z} [l; Dipter =l Vi =4 |l

)
with Dj; is distance inter cluster center, z; is cluster center i, dan z; is cluster center j, vi is
centroids i and vj is centroids j. Measurement weighted exponent (1 < m < oo, give good
result: 1.5 <m < 3.0), cluster (2 < c¢ < n), observation data (I< k < N), and number of
object (1<i <c).
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3.4. Fuzzy C-Means

Fuzzy C-Means Algorithm can be depictured as flowchart for this application,
display on Figure 3.
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Figure 3. Flowchart Fuzzy C-Means Algorithm

Step by step of Fuzzy C-Means Algorithm based on paper [14]:
e Data (X) - matrix (n x m), X;j > (datai=1, 2, 3, ..., n; attribute j=1, 2, 3, ..., m).

e Constrain = number of cluster k, weighted exponent (fuzzier = w or m), maximum

iteration (max-iter), minimum error (threshold = 10°), objective function (P:) and
iteration (t = 1).

o Initialize U=[L;j], partition matrix U® and generate random number (i) = i =1, 2,
....,n;k=1,2,...,c; using Equation (3).
C

Z . ©)

i=1
e Calculation matrix of cluster center (centroid); Vij (k=1,2 ...,¢c;j=1,2 ..., m)
using Equation (4).

P (G,
V. — 2 2 @
Zi:l (zL‘ik )
o Calculation objective function (P;) using Equation (5).

=22 B(g Jer) o
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o Update partition matrix (k) using Equation (6).

I:Z:1(X ij _ij )2 :l":_ll

Ly = — ©)
Zizl T:;L (X ij _ij )2 ]m
e Stopping iteration:
e A=U"'-U";if A < threshold (g), then stop iteration;

o If (| Pt- Pe1]) <eor (t > max-iter), then stop iteration;

e Ifno, thent =1+ 1; recalculated centroid (Vy;).

3.5. Method Improvement of Fuzzy C-Means
Fuzzy C-Means Clustering modified in this application shown in Table 1.

Table 1. Fuzzy C-Means Clustering

Algorithm Application Stop Iteration

-t1€0 Ve TN (10 A=Ut-U;

- repeat - W2.Xi 2 Z(uP. Xi) - if A < threshold (z),
-t €+l - J(U2.Xi )/2(u?) 2 Vi then stop iteration;
- Ut:Fg(Vt—l) - ij 9Xij .ij - If (l Pi - P ‘) <egor
- Vi=G,(Uta) - Xij Vij W2 2L 22(L) (t > max-iter),

- until - (Xij.Vig) YWt ST 2X(T)- Z(L.T) then stop iteration;

-(t=Tor - P 22(X5.Vig).2(L) 2(L.T) -Ifnot, thent =t + 1;

[IVeVey| <e - (ui) 2 2(Xij.Vig) VY recalculated (Vi)

- (UV) €Uy, Vi) | (X5 Vi) vt update (i)

4. Result and Discussion

4.1. Dataset

The process of clustering using Dataset based on Data Source (Rice Productivity per
Province in Publication BPS 2015), display on Table 2.

Table 2. Data Source

Year (Ku/Ha) Growth Year (Ku/Ha) Growth

- 2014 2015 2015 - 2014 2015 2015

0 Province @) | @) | over2o14 | & Province ®%) | (%) | over2014
(%) (%)
x; | Aceh 48,39 50,56 4,48 xis | NTB 48,80 51,71 5,96
X, | Sumatera Utara 50,62 51,74 2,21 Xi9 | NTT 33,46 35,61 6,43
X3 | Sumatera Barat 50,06 50,25 0,38 X0 | Kalimantan Barat 30,35 29,40 -3,13
X4 | Riau 36,35 36,63 0,77 X1 | KalimantanTengah | 34,57 35,07 1,45
Xs | Jambi 45,53 44,31 -2,68 X2 | KalimantanSelatan 42,05 41,87 -0,43
Xs | SumateraSelatan | 45,26 48,67 7,53 X3 | Kalimantan Timur 42,55 41,20 -3,17
X7 | Bengkulu 40,20 44,92 11,74 X4 | Kalimantan Utara 36,05 27,27 -24,36
Xs | Lampung 51,18 51,49 0,61 X5 | Sulawesi Utara 48,91 49,05 0,29
X9 | BangkaBelitung 23,62 22,85 -3,26 X6 | Sulawesi Tengah 46,54 48,57 4,36
X10 | Kepulauan Riau 36,44 36,46 0,05 X7 | Sulawesi Selatan 52,17 52,41 0,46
X1 | DKI Jakarta 53,86 55,95 3,88 Xzs | Sulawesi Tenggara | 46,84 47,07 0,49
X1z | Jawa Barat 58,82 61,22 4,08 X9 | Gorontalo 50,20 55,51 10,58
X135 | Jawa Tengah 53,57 60,25 12,47 X0 | Sulawesi Barat 47,65 49,41 3,69
x4 | DI Yogyakarta 57,87 60,65 4,80 Xz | Maluku 47,52 55,72 17,26
X5 | Jawa Timur 59,81 61,13 2,21 X3z | Maluku Utara 34,01 35,11 3,23
X1 | Banten 52,95 56,61 6,91 X33 | Papua Barat 40,21 42,12 4,75
xi7 | Bali 60,12 62,14 3,36 X4 | Papua 43,09 43,95 2,00
Indonesia 51,35 53,41 4,01 Indonesia 51,35 53,41 4,01
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Table 2 shown Dataset (x;) about National Food (Rice Productivity) per province (xi = 34
province), measure (Ku/Ha: Kuintal/Hectare = 100 kg/Ha), year (2014 and 2015 in %),
growth (2015 over 2014 in %), and Indonesia (average of national food in %).

4.2. K-Means
Step 1: Dataset based on Data Source in Table 2, can be seen in Table 4.
Step 2: Number of cluster k (C;j= 3) display on Table 3.

Table 3. Cluster for K-Means

Cluster Description

Ci|x |z Zj Cluster (Cj) =3

C: | X3 | 50.06 | 50.25 | Data (X;) = X, Xs, X7 (random)
C, | xg | 51.18 | 51.49 | Centroid Cluster (z)

Cs | X7 | 52.17 | 52.41 | Centroid Cluster (z;)

Step 3: Cluster center or centroid (randomly: Xs, Xs, X27) can be seen in Table 3. Next
centroid based on minimum distance in each cluster.

Step 4: Intra cluster distance using Equation (1) showed on Table 4. Implementing in
Excel =SQRT(($C$6-$C44)"2+($D$6-$D44)"2).

Step 5: Grouping based on centroid display on Table 4. Grouping using Excel
=IF(F51="C1",$C$6,™). Grouping based on minimum distance using Excel
=IF(MIN(C51:E51)=C51,C$49,IF(MIN(C51:E51)=D51,D$49,IF(MIN(C51:E51)=E51,E$
49,"))). If data point move group, back to step 3. If no move group, next step 6.

Step 6: If centroid cluster = (minimum distance) 2, then group in new cluster. Minimum
distance using Excel =MIN(C51:E51). Minimum distance 2 using Excel =G51*G51. Total
minimum distance (wcv) using Excel =SUM(H51:H84), display on Table 4.

Step 7: Average centroid using Excel =ZAVERAGEIF(151:184,"<>"",151:184) in Table 4.

Step 8: Inter cluster distance based on Equation (2) using Excel =SQRT((C98-
C99)"2+(D98-D99)"2), can be seen in Table 5.

Step 9: Total distance inter cluster (bcv) using Excel =SUM(C141:C143) in Table 5.
Step 10: Ratio to threshold (bcv/wev) using Excel =C90/H85, can be seen in Table 5.

Step 11: If ratio > threshold or current ratio > previous ratio, then recalculated new
centroid using Excel =IF(C92>C93,"next iteration because current ratio > previous ratio
(ratio 1 > ratio 0)"," current ratio < previous ratio, stop iteration"), shown on Table 5.

Step 12: Iteration back to Step3, to recalculating new centroid until current ratio <
previous ratio. On iteration 6, current ratio < previous ratio, then stop iteration, shown on
Table 6.

Step 13: Cluster determine by grouping data point to centroid based on minimum
distance, when current ratio < previous ratio. Implementing cluster in Excel
=IF(MIN(C321:E321)=C321,C$49,IF(MIN(C321:E321)=D321,D$49,IF(MIN(C321:E32
1)=E321,E$49,"))), display on Table 7.

Inter-Cluster Distance basically specifies the distance between the cluster center
(centroids) of the clusters. The maximum value of Inter-Cluster distance shows that
the objects of different clusters are more dissimilar. Intra-Cluster Distance specifies
the distance between the data vectors within a cluster.
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Table 4. Distance for K-Means

Dataset Distance Intra Cluster (D Cj) Ce?(t:rlt;id Ce?(t:r:;id Ce(rgz;) id
() DC, DC, DC; | C | minD | (minD)?2 z z; z z; z z;
X1 1.6985 2.9409 42084 | C, 1.6985 2.8850 | 48.39 | 50.56
X2 1.5918 0.6133 1.6886 | C, 0.6133 0.3761 50.62 | 51.74
X3 0.0000 1.6709 3.019 | C; 0.0000 0.0000 | 50.06 | 50.25
X4 19.3253 | 20.9940 | 22.3446 | C; | 19.3253 373.4685 | 36.35 | 36.63
Xs 7.4702 9.1365 | 10.4738 | C; 7.4702 55.8045 | 45.53 | 44.31
X6 5.0534 6.5573 7.8572 | C; 5.0534 25.5364 | 45.26 | 48.67
X7 11.2084 | 12.7955 | 14.1202 | C, | 11.2084 125.6285 | 40.20 | 44.92
Xg 1.6709 0.0000 13515 | C, 0.0000 0.0000 51.18 | 51.49

X9 38.0767 | 39.7467 | 41.0962 | C; | 38.0767 | 1449.8336 | 23.62 | 22.85

X10 19.3822 | 21.0516 | 22.4017 | C; | 19.3822 375.6685 | 36.44 | 36.46

X11 6.8505 5.2033 3.9227 | C; 3.9227 15.3877 53.86 | 55.95
Xi12 14.0385 | 123710 | 11.0381 | C; | 11.0381 121.8386 58.82 | 61.22
X13 10.5981 9.0802 7.9640 | Cs 7.9640 63.4256 53.57 | 60.25
X14 13.0060 | 11.3429 | 10.0194 | C; | 10.0194 100.3876 57.87 | 60.65
Xi15 14.6095 | 12.9386 | 11.5934 | C; | 11.5934 134.4080 59.81 | 61.13
X16 6.9858 5.4173 42718 | Cs 42718 18.2484 52.95 | 56.61
X17 155748 | 13.9049 | 12.5648 | C; | 12.5648 157.8754 60.12 | 62.14
X8 1.9285 2.3901 34419 | C, 1.9285 3.7192 | 48.80 | 51.71

X19 22.1334 | 23.7944 | 25.1457 | C, | 22.1334 489.8896 | 33.46 | 35.61

X20 28.6916 | 30.3621 | 31.7108 | C; | 28.6916 823.2066 | 30.35 | 29.40

X21 21.6881 | 23.3561 | 24.7070 | C; | 21.6881 470.3725 | 34.57 | 35.07

X22 115924 | 13.2628 | 14.6118 | C, | 11.5924 134.3845 | 42.05 | 41.87

X23 11.7602 | 13.4299 | 14.7719 | C, | 11.7602 138.3026 | 42.55 | 41.20

X24 26.9139 | 285574 | 29.8643 | C; | 26.9139 724.3605 | 36.05 | 27.27

X5 1.6621 3.3326 46816 | C; 1.6621 2.7625 | 48.91 | 49.05

X26 3.9004 5.4823 6.8149 | C; 3.9004 15.2128 | 46.54 | 48.57

Xo7 3.0196 1.3515 0.0000 | Cs; 0.0000 0.0000 52.17 | 52.41
X8 4.5256 6.1945 7.5448 | C, 4.5256 20.4808 | 46.84 | 47.07

X9 5.2619 4.1377 3.6730 | C; 3.6730 13.4909 50.20 | 55.51
X30 2.5522 4.0972 5.4250 | C, 2.5522 6.5137 | 47.65 | 49.41

Xa1 6.0310 5.5936 57078 | C, 5.5936 31.2885 4752 | 55.72

X32 22.0640 | 23.7300 | 25.0814 | C; | 22.0640 486.8221 | 34.01 | 35.11

X33 12.7718 | 14.4270 | 15.7774 | C, | 12.7718 163.1194 | 40.21 | 42.12

X34 9.3953 | 11.0589 | 12.4104 | C, 9.3953 88.2709 | 43.09 | 43.95

Total minimum distance ? (wcv) 6632.9695 average centroid (z;, z;)

40.95 ‘ 41.46 ‘ 49.77 ‘ 52.98 ‘ 55.49 ‘ 58.43

Highly superior clusters have high intra-class similarity (intra cluster distance) and low
inter-class similarity (inter cluster distance).

298 Copyright © 2016 SERSC




International Journal of u— and e— Service, Science and Technology
Vol. 9, No. 12, (2016)

Table 5. Ratio for K-Means

Inter cluster distance (D) | Ci | z Zj Ci |z Zj
Ci-C 1.6709 C1]4095 | 4146 | C. | 40.95| 41.46
Ci-Cs 3.0196 C | 49.77 | 52.98 | C; | 49.77 | 52.98
Cx-Cs 1.3515 Cz | 55.49 | 5843 | Cs | 55.49 | 58.43
becv 6.0420 ratio 1 0.0009 | ratio 1 > ratio 0,
wev 6632.9695 ratio 0 0 next iteration

Table 6. Iteration for K-Means

Iteration 1
Ci Zi Zj inter D bcv wev
C; | 50.06 | 50.25 | C;-C, | 1.6709 | 6.0420 | 6632.9695
C, | 51.18 | 51.49 | C:-Cs | 3.0196 | Ratio 1 0.0009
Cs | 52.17 | 52.41 | C,-Cs | 1.3515 | Ratio 0 0
Ratio 1 > Ratio 0, Next Iterartion
Iteration 2
Ci Zi Zj inter D bcv wev
Cy | 40.95 | 41.46 | C;-C, | 14.5147 | 44.7529 | 1849.0325
Co | 49.77 | 52.98 | C1-C5 | 22.3454 | Ratio 2 0.0242
Cz | 55.49 | 58.43 | C,-C5 | 7.8928 | Ratio 1 0.0009
Ratio 2 > Ratio 1, Next Iterartion
Iteration 3
Ci Zi Zj inter D becv wev
Cy | 37.03 | 36.91 | C;-C, | 18.2924 | 60.2352 | 1178.1934
C, | 48.78 | 50.94 | C4-C5 | 30.1150 | Ratio 3 0.0511
Cz | 56.71 | 59.71 | C,-C5 | 11.8278 | Ratio 2 0.0242
Ratio 3 > Ratio 2, Next Iterartion
Iteration 4
Ci Zi Zj inter D becv wev
Cy | 35.82 | 35.71 | C;-C, | 18.9171 | 63.6370 | 1111.3304
C, | 48.18 | 50.03 | C;-Cs | 31.8183 | Ratio 4 0.0573
Cs | 56.71 | 59.71 | C,-C3 | 12.9016 | Ratio 3 0.0511

Ratio 4 > Ratio 3, Next Iterartion

Iteration 5
Ci Zi Zj inter D becv wev
Ci1| 3542 | 3487 | Ci-Cy | 19.2477 | 6.4319 | 1096.2603
Co | 47.69 | 49.71 | C1-C3 | 32.7122 | Ratio5 0.0597
Cs | 56.71 | 59.71 | C,-C3 | 13.4720 | Ratio 4 0.0573

Ratio 5 > Ratio 4, Next Iterartion

Iteration 6
Ci Zi Zj inter D bcv wev
Ci1 | 35.42 | 34.87 | C1-Cy | 19.2477 | 65.4319 | 1096.2603
Co | 47.69 | 49.71 | C1-C3 | 32.7122 | Ratio 6 0.0597
Cs | 56.71 | 59.71 | C,-C3 | 13.4720 | Ratio 5 0.0597

Ratio 6 < Ratio 5, Stop Iterartion

Clustering algorithms have categories: hierarchical-based algorithms, partition-based
algorithms, density-based algorithms and grid based algorithms. Partition-based clustering
is cluster center (centroid) based which splits data points into k partition and each
partition represents a cluster. K-Means is method can effectively improve the speed and
accuracy of clustering, reducing the computational complexity.
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Table 7. Membership Cluster for K-Means

i lc, Cy C. Cs Membership Membership Membership
, 2 . 2 2 2 Cluster (Cy) Cluster (Cy) Cluster (C5)

X | C 48.39 | 50.56 Aceh

X2 | Cp 50.62 | 51.74 Sumatera Utara

x3 | Cp 50.06 | 50.25 Sumatera Barat

Xs | C1 | 36.35 | 36.63 Riau

xs | Co 45,53 | 44.31 Jambi

Xs | Ca 45.26 | 48.67 Sumatera Selatan

x; | C, 40.20 | 44.92 Bengkulu

Xg | Ca 51.18 | 51.49 Lampung

Xo | C1 | 23.62 | 22.85 Bangka Belitung

X0 | Cy | 36.44 | 36.46 Kepulauan Riau

x| Cs 53.86 | 55.95 DKI Jakarta

X | Cs 58.82 | 61.22 Jawa Barat

X1 | Cs 53.57 | 60.25 Jawa Tengah

X | Cs 57.87 | 60.65 ségyakarta

Xi5 | Cs 59.81 | 61.13 Jawa Timur

xis | Cs 52.95 | 56.61 Banten

17 | Cs 60.12 | 62.14 Bali

s | Co 48.80 | 51.71 Sgﬁ; Tenggara

s | Ci | 3346 | 3561 ?If;z: enogare

X0 | Ci | 30.35 | 29.40 Kalimantan Barat

Xu | Ci | 3457 | 35.07 -}?:Agn;ﬁman

X | C1 | 42.05 | 41.87 SK;ggﬁntan

Xes | Ci | 4255 | 41.20 ?frmaman

Xaa | Cq | 36.05 | 27.27 Kalimantan Utara

Xz5 | Ca 48.91 | 49.05 Sulawesi Utara

X6 | Cz 46.54 | 48.57 Sulawesi Tengah

X7 | C 52.17 | 52.41 Sulawesi Selatan

%8 | Ca 46.84 | 47.07 ?‘;LZ@Z?;

X2 | Ca2 50.20 | 55.51 Gorontalo

Xz | C2 47.65 | 49.41 Sulawesi Barat

Xz | Cz 4752 | 55.72 Maluku

Xz | C; | 3401 | 3511 Maluku Utara

xs3 | Ci | 4021 | 42.12 Papua Barat

Xa | Co 43.09 | 43.95 Papua

Clustering produce 3 clusters. Membership cluster in Cluster 1 is 11 data point.
Membership cluster in Cluster 2 is 16 data point. Membership cluster in Cluster 3 is 7
data point.
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Initialize Fuzzy C-Means Clustering using Excel software, display on Table 8.

Table 8. Cluster for Fuzzy C-Means

Number of cluster k 3
Maximum iteration (max-iter) 100
Weighted exponent (m=w) 2
Treshold (minimum error =¢) | 0.000001

Step 1: Dataset based on Data Source can be seen in Table 2.

Step 2: Number of cluster k (3), max-iter (100), weighted exponent or fuzzier (m=2),
threshold (¢ = 0.000001 or 10°%), objective function (P and iteration (t=1).

Step 3: Random Number (number > 0 and number < 1, count = 1) based on Equation (3),
using Excel =SUM(K7:M7), can be seen on Table 9.

Table 9. Random Number for Fuzzy C-Means

Xi | C2 | C2 | C3 | Count | Xi | C2 | C2 | Cs3 | Count
X, | 05104 |01 1 xis | 01 | 0.6 | 0.3 1
X, | 06 | 0.3 | 0.1 1 X | 01 | 0.7 | 0.2 1
X3 | 0.7 102 |01 1 Xo | 01 | 0.8 | 0.1 1
Xs | 0810101 1 Xan | 05| 04 | 0.1 1
Xs | 04|01 |05 1 X2 | 0.6 | 0.3 | 0.1 1
Xs | 0.3 | 0.1 | 0.6 1 X3 | 0.7 | 0.2 | 0.1 1
X; | 02 ] 01| 0.7 1 X | 0.8 | 0.1 | 0.1 1
Xs | 0.1 ] 01|08 1 Xs | 0.6 | 0.3 | 0.1 1
Xo [ 0.1 105 |04 1 X% | 0.8 | 0.1 | 0.1 1
X0 | 0.1 | 0.6 | 0.3 1 X7 | 0.3 | 0.1 | 0.6 1
Xn | 01 | 0.7 | 0.2 1 Xs | 01 | 0.1 | 0.8 1
X2 | 0.1 | 0.8 | 0.1 1 X2 | 0.1 | 0.6 | 0.3 1
X3 | 04 | 01| 05 1 X | 01 | 05| 04 1
X [ 03 01| 06 1 Xun | 02 | 0.1 | 0.7 1
X5 | 02 | 0.1 | 0.7 1 X2 | 04 | 01| 05 1
X, | 0.1 | 0.1 | 0.8 1 X3 | 0.7 | 0.2 | 0.1 1
X7 [ 01 | 05| 04 1 X | 05| 04 | 0.1 1

Step 4: Partition matrix (u), centroid (Vij=Z (u?. xi) / Z (1?) using Equation (4), display
on Table 10 and Table 11.

Table 10. Calculation Centroid for Fuzzy C-Means

Copyright © 2016 SERSC

Matrix (p) Excel

2 =POWER(B46,$H$7)
T (W) =SUM(F46:F79)

2. X; =F46*C7

T (42 %) =SUM(J46:J79)

T (U2 x) /Z (u?) | =J81/$F$80
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Table 11. Centroid for Fuzzy C-Means

Xi M w2 P2 (Cy) H2.xi (C2) H2.xi (Cs)

X, [ 05|04 | 01| 02500 | 0.1600 | 0.0100 | 12.0975 12.6400 7.7424 8.0896 0.4839 0.5056

X2 | 0.6 [ 0.3 | 0.1 | 0.3600 | 0.0900 | 0.0100 | 18.2232 | 18.6264 4.5558 4.6566 0.5062 0.5174

X3 | 0.7 [ 0.2 | 0.1 | 0.4900 | 0.0400 | 0.0100 | 24.5294 24.6225 2.0024 2.0100 0.5006 0.5025

X, | 0.8 [ 01| 0.1 | 0.6400 | 0.0100 | 0.0100 | 23.2640 | 23.4432 0.3635 0.3663 0.3635 0.3663

xs | 0.4 [ 0.1 | 0.5 | 0.1600 | 0.0100 | 0.2500 7.2848 7.0896 0.4553 0.4431 11.3825 11.0775

Xs | 0.3 | 0.1 | 0.6 | 0.0900 | 0.0100 | 0.3600 | 4.0734 4.3803 0.4526 0.4867 16.2936 | 17.5212

X7 | 02 | 01 | 0.7 | 0.0400 | 0.0100 | 0.4900 | 1.6080 1.7968 0.4020 0.4492 19.6980 | 22.0108

xg | 01 | 01 | 0.8 | 0.0100 | 0.0100 | 0.6400 | 0.5118 0.5149 0.5118 0.5149 32.7552 | 32.9536

Xo | 0.1 [ 05| 0.4 | 0.0100 | 0.2500 | 0.1600 | 0.2362 0.2285 5.9050 5.7125 3.7792 3.6560

X | 0.1 ] 0.6 | 0.3 | 0.0100 | 0.3600 | 0.0900 | 0.3644 0.3646 13.1184 | 13.1256 3.2796 3.2814

X | 0.1 ] 0.7 | 0.2 | 0.0100 | 0.4900 | 0.0400 | 0.5386 0.5595 26.3914 | 27.4155 2.1544 2.2380

X | 0.1 | 0.8 | 0.1 | 0.0100 | 0.6400 | 0.0100 | 0.5882 0.6122 37.6448 | 39.1808 0.5882 0.6122

xi | 04| 01 | 05 | 01600 | 0.0100 | 0.2500 | 8.5712 9.6400 0.5357 0.6025 13.3925 | 15.0625

X | 0.3 | 0.1 | 0.6 | 0.0900 | 0.0100 | 0.3600 | 5.2083 5.4585 0.5787 0.6065 20.8332 | 21.8340

Xis | 0.2 ] 0.1 | 0.7 | 0.0400 | 0.0100 | 0.4900 | 2.3924 2.4452 0.5981 0.6113 29.3069 | 29.9537

X | 0.1 ] 0.1 |08 | 00100 | 0.0100 | 0.6400 | 0.5295 0.5661 0.5295 0.5661 33.8880 | 36.2304

xi7 | 01| 05 | 04 | 0.0100 | 0.2500 | 0.1600 | 0.6012 0.6214 15.0300 15.5350 9.6192 9.9424

xis | 0.1 | 0.6 | 0.3 | 0.0100 | 0.3600 | 0.0900 | 0.4880 0.5171 17.5680 18.6156 4.3920 4.6539

X | 0.1 | 0.7 | 0.2 | 0.0100 | 0.4900 | 0.0400 | 0.3346 0.3561 16.3954 | 17.4489 1.3384 1.4244

X | 0.1 | 0.8 | 0.1 | 0.0100 | 0.6400 | 0.0100 | 0.3035 0.2940 19.4240 | 18.8160 0.3035 0.2940

X1 | 05| 04 | 0.1 | 0.2500 | 0.1600 | 0.0100 | 8.6425 8.7675 5.5312 5.6112 0.3457 0.3507

X2 | 0.6 | 0.3 | 0.1 | 0.3600 | 0.0900 | 0.0100 | 15.1380 15.0732 3.7845 3.7683 0.4205 0.4187

Xz3 | 0.7 | 0.2 | 0.1 | 0.4900 | 0.0400 | 0.0100 | 20.8495 | 20.1880 1.7020 1.6480 0.4255 0.4120

X4 | 0.8 | 01 | 0.1 | 0.6400 | 0.0100 | 0.0100 | 23.0720 17.4528 0.3605 0.2727 0.3605 0.2727

X5 | 0.6 | 0.3 | 0.1 | 0.3600 | 0.0900 | 0.0100 | 17.6076 17.6580 4.4019 4.4145 0.4891 0.4905

X6 | 0.8 | 0.1 [ 0.1 | 0.6400 | 0.0100 | 0.0100 | 29.7856 | 31.0848 0.4654 0.4857 0.4654 0.4857

X7 | 0.3 1 0.1 | 0.6 | 0.0900 | 0.0100 | 0.3600 | 4.6953 4.7169 0.5217 0.5241 18.7812 18.8676

Xs | 0.1 | 0.1 | 0.8 | 0.0100 | 0.0100 | 0.6400 | 0.4684 0.4707 0.4684 0.4707 29.9776 | 30.1248

X | 0.1 | 0.6 | 0.3 | 0.0100 | 0.3600 | 0.0900 | 0.5020 0.5551 18.0720 | 19.9836 4.5180 4.9959

Xz [ 0.1 | 0.5 | 0.4 | 0.0100 | 0.2500 | 0.1600 | 0.4765 0.4941 11.9125 12.3525 7.6240 7.9056

Xz | 0.2 | 0.1 | 0.7 | 0.0400 | 0.0100 | 0.4900 | 1.9008 2.2288 0.4752 0.5572 23.2848 | 27.3028

X3 | 0.4 ] 01 | 0.5 | 0.1600 | 0.0100 | 0.2500 | 5.4416 5.6176 0.3401 0.3511 8.5025 8.7775

Xs3 | 0.7 | 0.2 [ 0.1 | 0.4900 | 0.0400 | 0.0100 | 19.7029 | 20.6388 1.6084 1.6848 0.4021 0.4212

x4 | 05 04 | 0.1 | 0.2500 | 0.1600 | 0.0100 | 10.7725 | 10.9875 6.8944 7.0320 0.4309 0.4395

= (U?) 6.2200 | 5.1100 | 6.1900 = (U2 X)) = (U2, X)) = (U2, X))
Iteration 1 (t=1) 270.8034 | 270.7107 | 226.7430 | 234.4091 | 300.8864 | 315.9030
T (2. %)/ 2 (1) 43,54 43,52 44.37 45.87 48,61 51.03

Step 5: Objective Function (P;) using Equation (5) and updating partition matrix (k)
using Equation (6), shown on Table (12). Result of calculation P> Xj;.Vijk, L= (Xij.ViK)*
K2, Total L>Z(Xi.Vik), LT=>(Xi. Vi) Y2, Total LT>Z(Xij. Vi) ™1 > Uik, A Pe> Py - P,
shown on Table 12 and Table 13.
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Table 12. Objective Function for Fuzzy C-Means

Xi XijVig (Xij - Vig) * 2 e uzV o (X Vig)!™! > ()1(/3\/1\/ 9
X1 73.0712 38.1126 0.2728 18.2678 6.0980 0.0027 24.3685 | 0.0137 | 0.0262 | 3.6658 | 3.705717
X, | 117.6868 73.4585 45441 42.3672 6.6113 0.0454 49.0240 | 0.0085 | 0.0136 | 0.2201 0.242174
X3 87.8003 51.5101 2.7223 43.0222 2.0604 0.0272 45,1098 | 0.0114 | 0.0194 | 0.3673 | 0.398146
X4 99.1687 | 149.7851 357.7570 63.4680 1.4979 3.5776 68.5434 | 0.0101 | 0.0067 | 0.0028 0.019555
Xs 45899 3.7818 54.6946 0.7344 0.0378 13.6737 14.4459 | 0.2179 | 0.2644 | 0.0183 0.500575
Xs 29.4624 8.6131 16.8027 2.6516 0.0861 6.0490 8.7867 | 0.0339 | 0.1161 | 0.0595 | 0.209558
X7 13.0917 18.3165 108.0883 0.5237 0.1832 52.9633 53.6701 | 0.0764 | 0.0546 | 0.0093 0.140231
Xs | 121.8866 77.8983 6.8204 1.2189 0.7790 4.3650 6.3629 | 0.0082 | 0.0128 | 0.1466 | 0.167662
Xg | 824.0650 | 960.7035 | 1418.7844 8.2407 | 240.1759 | 227.0055 475.4220 | 0.0012 | 0.0010 | 0.0007 | 0.002959
X1 | 100.2555 | 151.5205 360.4850 1.0026 54.5474 32.4436 87.9936 | 0.0100 | 0.0066 | 0.0028 | 0.019348
X1 | 260.9933 | 191.5680 51.7416 2.6099 93.8683 2.0697 98.5479 | 0.0038 | 0.0052 | 0.0193 | 0.028378
X1 | 546.7513 | 444.2749 208.0217 5.4675 | 284.3360 2.0802 291.8837 | 0.0018 | 0.0023 | 0.0048 | 0.008887
X153 | 380.4558 | 291.3047 109.5439 60.8729 2.9130 27.3860 91.1720 | 0.0026 | 0.0034 | 0.0091 | 0.015190
X | 498.7670 | 400.5559 178.2356 44.8890 4.0056 64.1648 113.0594 | 0.0020 | 0.0025 | 0.0056 | 0.010112
X5 | 574.8133 | 471.1069 227.3953 22.9925 47111 | 111.4237 139.1273 | 0.0017 | 0.0021 | 0.0044 | 0.008260
X6 | 259.8742 | 188.8664 49.9361 2.5987 1.8887 31.9591 36.4465 | 0.0038 | 0.0053 | 0.0200 | 0.029168
X17 | 621.5853 | 512.6143 255.8496 6.2159 | 128.1536 40.9359 175.3053 | 0.0016 | 0.0020 | 0.0039 | 0.007468
X1g 94.7268 53.6786 0.4931 0.9473 19.3243 0.0444 20.3159 | 0.0106 | 0.0186 | 2.0280 | 2.057144
X19 | 164.1661 | 224.4020 467.3884 1.6417 | 109.9570 18.6955 130.2942 | 0.0061 | 0.0045 | 0.0021 0.012687
X0 | 373.3592 | 467.9752 801.4193 3.7336 | 299.5041 8.0142 311.2519 | 0.0027 | 0.0021 | 0.0012 | 0.006063
X2 | 151.8633 | 212.7838 451.9409 37.9658 34.0454 4.5194 76.5306 | 0.0066 | 0.0047 | 0.0022 | 0.013497
X22 4.9439 21.4146 126.9999 1.7798 1.9273 1.2700 49771 | 0.2023 | 0.0467 | 0.0079 | 0.256841
X23 6.3698 25.1546 133.4206 3.1212 1.0062 1.3342 5.4616 | 0.1570 | 0.0398 | 0.0075 | 0.204241
Xoq | 320.2107 | 415.3200 722.4622 | 204.9348 41532 7.2246 216.3127 | 0.0031 | 0.0024 | 0.0014 0.006915
Xo5 59.4154 30.6855 4.0288 21.3896 2.7617 0.0403 241915 | 0.0168 | 0.0326 | 0.2482 | 0.297632
X26 34.4909 11.9743 10.3519 22.0742 0.1197 0.1035 22.2974 | 0.0290 | 0.0835 | 0.0966 | 0.209106
Xz7 | 153.5052 | 103.5398 14.5768 13.8155 1.0354 5.2476 20.0985 | 0.0065 | 0.0097 | 0.0686 | 0.084775
Xog 23.4902 7.5227 18.8440 0.2349 0.0752 12.0602 12.3703 | 0.0426 | 0.1329 | 0.0531 0.228569
Xz9 | 188.0859 | 126.8399 22.5639 1.8809 45.6624 2.0307 49.5740 | 0.0053 | 0.0079 | 0.0443 | 0.057519
X30 51.5737 23.2557 3.5574 0.5157 5.8139 0.5692 6.8988 | 0.0194 | 0.0430 | 0.2811 | 0.343497
Xz | 164.6362 | 106.8782 23.1395 6.5854 1.0688 11.3384 18.9926 | 0.0061 | 0.0094 | 0.0432 | 0.058647
Xz | 161.5459 | 223.2135 466.7020 25.8473 2.2321 | 116.6755 144.7550 | 0.0062 | 0.0045 | 0.0021 | 0.012813
X33 13.0398 31.4078 150.0009 6.3895 1.2563 1.5000 9.1458 | 0.0767 | 0.0318 | 0.0067 | 0.115194
X34 0.3829 5.3410 80.6423 0.0957 0.8546 0.8064 1.7567 | 2.6114 | 0.1872 | 0.0124 | 2.811066
4354 4352 Obj. function (P) | 2854.4937
Centroid 44.37 45.87 APy 2854.4937 If A (Py) > (g), then next iteration
48.61 51.03 Min. error (g) 0.000001

Step 6: Iteration (t=1) until maximum iteration (t=100). If A (Py) > (¢) or t < max-iter,
then back to Step 4. On iteration 43, A (Py) < (¢), stop iteration, next to Step 7.

Step 7: Grouping max. value, min. value, count of data point to new centroid based on
max. value of data point in each new centroid become cluster, can be seen on Table 14.
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Table 13. Calculation Update Partition Matrix for Fuzzy C-Means

Matrix (L) Excel Matrix (1) Excel

Ve = ((C7-5B$84) * (C7-$B$84)) + Al | o .
Xij. Vi ((D7-$C$84) * (D7-$C$84)) 2(Xij- Vi) =SUM(084:Q84)
Xij-Vig * W2 =E84*F46 Py =SUM(M84:M117)
= (Xij.Vig) * W2 | =SUM(184:K84) A P> Pi- Py, | =ABS(B89-0)
(Xij-Vij) w1 | =pOWER(ES4, (-1/($H$7-1))) Cluster (C;) =MAX(J3297:Q3297)

Table 14. Membership for Fuzzy C-Means

Xi Member (u) max Ci Cy C, Cs
x: | 0.0127 | 0.9383 | 0.0490 | 0.9383 | C, Aceh
Xz | 0.0300 | 0.7468 | 0.2232 | 0.7468 | C; Sumatera Utara
X3 | 0.0213 | 0.8762 | 0.1025 | 0.8762 | C; Sumatera Barat
Xs | 0.9202 | 0.0623 | 0.0175 | 0.9202 | C; | Riau
xs | 0.0645 | 0.8853 | 0.0502 | 0.8853 | C, Jambi
Xs | 0.0076 | 0.9802 | 0.0123 | 0.9802 | C, Sumatera Selatan
X7 | 0.2257 | 0.6872 | 0.0871 | 0.6872 | C, Bengkulu
Xs | 0.0319 | 0.7219 | 0.2463 | 0.7219 | C, Lampung
Xo | 0.7866 | 0.1417 | 0.0717 | 0.7866 | C; | Bangka Belitung
X0 | 0.9236 | 0.0596 | 0.0168 | 0.9236 | C; | Kepulauan Riau
xu | 0.0139 | 0.1199 | 0.8662 | 0.8662 | Cs DKl Jakarta
X2 | 0.0084 | 0.0386 | 0.9530 | 0.9530 | Cs Jawa Barat
X153 | 0.0062 | 0.0375 | 0.9563 | 0.9563 | Cs Jawa Tengah
X4 | 0.0043 | 0.0211 | 0.9745 | 0.9745 | C3 DI Yogyakarta
X5 | 0.0120 | 0.0529 | 0.9351 | 0.9351 | Cs Jawa Timur
X5 | 0.0147 | 0.1285 | 0.8568 | 0.8568 | Cs Banten
X7 | 0.0158 | 0.0661 | 0.9181 | 0.9181 | Cs Bali
X1 | 0.0223 | 0.8606 | 0.1171 | 0.8606 | C, Nusa Tenggara Barat
X1 | 0.9796 | 0.0154 | 0.0050 | 0.9796 | C; | Nusa Tenggara Timur
X0 | 0.9414 | 0.0415 | 0.0171 | 0.9414 | C, | Kalimantan Barat
X2 | 0.9862 | 0.0105 | 0.0033 | 0.9862 | C; | Kalimantan Tengah
X2, | 0.2953 | 0.6210 | 0.0837 | 0.6210 | C, Kalimantan Selatan
X3 | 0.3122 | 0.6027 | 0.0851 | 0.6027 | C, Kalimantan Timur
X24 | 0.9072 | 0.0663 | 0.0265 | 0.9072 | C, | Kalimantan Utara
Xp5s | 0.0090 | 0.9630 | 0.0280 | 0.9630 | C, Sulawesi Utara
Xz6 | 0.0004 | 0.9987 | 0.0008 | 0.9987 | C, Sulawesi Tengah
Xz7 | 0.0349 | 0.5567 | 0.4084 | 0.5567 | C, Sulawesi Selatan
Xzs | 0.0049 | 0.9874 | 0.0076 | 0.9874 | C, Sulawesi Tenggara
Xz9 | 0.0338 | 0.4173 | 0.5489 | 0.5489 | Cs Gorontalo
X3 | 0.0034 | 0.9871 | 0.0094 | 0.9871 | C, Sulawesi Barat
Xs1 | 0.0455 | 0.5797 | 0.3747 | 0.5797 | C, Maluku
Xz, | 0.9878 | 0.0092 | 0.0030 | 0.9878 | C; | Maluku Utara
Xs3 | 0.3837 | 0.5328 | 0.0836 | 0.5328 | C; Papua Barat
Xss | 0.1383 | 0.7929 | 0.0688 | 0.7929 | C, Papua
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Comparison of member clustering in K-Means and Fuzzy C-Means shown on Table 15.

Table 15. Comparison of Membership Clustering

Membership K-Means Clustering | Membership Fuzzy C-Means Clustering
Ci C; Cs C: C, Cs
Xq X1 X11 Xa X1 X11
Xg X2 X12 Xo X2 X12
X10 X3 X13 X10 X3 X3
X19 X5 X4 X19 Xs X14
X20 Xs X15 X20 Xs X15
X21 X7 X16 Xa21 X7 X1
X22 Xg X17 X4 Xg X7
X23 X1g X3 X18 X29
X4 X25 X22
X32 X26 Xo3
X33 Xa1 Xo5
X8 X26
X29 Xo7
X30 Xog
X31 X30
X34 Xa1
X33
X34
N=11 N=16 N=7 N=8 N=18 N=8
K-Means
100Y%
100.00%
80.00%
w
E 60.00%
1
b
- 40.00%
&
2 ug
20.00% o
0.00% |
i J Ccl __C2 C3
’ W nconsistency | 27.27% 6.25% 0%
‘ M Consistency l 72.73% ' 931.75% 100% |

Figure 4. Comparison of Consistency K-Means

Figure 4 shown comparison of membership in K-Means, on Cluster 1 (C,), data point
(N=11), 3 data point (X22, X23, X33) inconsistency - 3/11*100% = 27.27% and consistency
Cluster 2 (C»), point data (N=16), 1 data point (X29)
inconsistency = 1/16*100% = 6.25% and consistency -15/16*100% = 93.75%. Cluster 3
(Cs), data point (N=7), 0% inconsistency and 100% consistency.

- 8/11*100% = 72.73%.
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Figure 5. Comparison of Consistency Fuzzy C-Means

Figure 5 shown comparison of membership in Fuzzy C-Means, on Cluster 1 (C.), data
point (N=8), 0% inconsistency and 100% consistency. Cluster 2 (C;), data point (N=18),
3 data point (Xa2, X23, Xa3) inconsistency > 3/18*100% = 16.67%, and consistency >
15/18*100% = 83.33%. Cluster 3 (Cs), 1 data point (X2g) inconsistency - 1/8*100% =
12.50%, and consistency > 7/8*100% = 87.50%.

Table 16. Comparison of Rice Productivity for K-Means Clustering

X C 2014 2015 X Cs 2014 2015 % Cs 2014 2015
(Ku/Ha) | (Ku/Ha) (Ku/Ha) | (Ku/Ha) (Ku/Ha) | (Ku/Ha)
X4 | Riau 36,35 36,63 X1 | Aceh 48,39 50,56 xu | DKI Jakarta 53,86 55,95
X9 BangkaBelitung 23,62 22,85 X2 | SumateraUtara 50,62 51,74 X12 | Jawa Barat 58,82 61,22
x10 | Kepulauan Riau 36,44 36,46 X3 | SumateraBarat 50,06 50,25 xi13 | Jawa Tengah 53,57 60,25
X9 | NTT 33,46 35,61 xs | Jambi 45,53 44,31 x4 | DIYogyakarta 57,87 60,65
X20 | KalimantanBarat 30,35 29,40 X6 SumateraSelatan 45,26 48,67 x15 | Jawa Timur 59,81 61,13
X1 | KalimantanTengah 34,57 35,07 X7 Bengkulu 40,20 44,92 X16 | Banten 52,95 56,61
x22 | KalimantanSelatan 42,05 41,87 Xs Lampung 51,18 51,49 x17 | Bali 60,12 62,14
X3 | Kalimantan Timur 42,55 41,20 x1s | NTB 48,80 51,71
X24 | Kalimantan Utara 36,05 27,27 Xzs | Sulawesi Utara 48,91 49,05
x32 | Maluku Utara 34,01 35,11 X6 | SulawesiTengah 46,54 48,57
X33 | Papua Barat 40,21 42,12 Xa7 Sulawes!SeIatan 52,17 52,41 Rice Productivity in Cs> Indonesia
X8 | SulawesiTenggara 46,84 47,07 = increase
. T . X29 | Gorontalo 50,20 55,51
Rice PrOdUCtlvéty in C; < Indonesia oo | Sulawesi Barat 47.65 49.41
= decrease 31 | Maluku 4752 | 55,72
X34 | Papua 43,09 43,95
Rice Productivity in C, < Indonesia
= decrease
Indonesia 51,35 53,41 | Indonesia [ 51,35 | 5341 | Indonesia 51,35 53,41
Table 17. Comparison of Rice Productivity for Fuzzy C-Means Clustering
% | c 2014 2015 [ T, 2014 2015 [ ], 2014 2015
(Ku/Ha) | (Ku/Ha) (Ku/Ha) | (Ku/Ha) (Ku/Ha) | (Ku/Ha)
Xs | Riau 36,35 36,63 x1 | Aceh 48,39 50,56 xu | DKI Jakarta 53,86 55,95
Xo BangkaBelitung 23,62 22,85 X2 SumateraUtara 50,62 51,74 X12 | Jawa Barat 58,82 61,22
x10 | Kepulauan Riau 36,44 36,46 xs | SumateraBarat 50,06 50,25 x13 | Jawa Tengah 53,57 60,25
X1 | NTT 33,46 35,61 Xs | Jambi 45,53 44,31 x4 | DIYogyakarta 57,87 60,65
X20 | KalimantanBarat 30,35 29,40 X6 SumateraSelatan 45,26 48,67 xi5 | Jawa Timur 59,81 61,13
X21 | KalimantanTengah 34,57 35,07 xz | Bengkulu 40,20 44,92 x16 | Banten 52,95 56,61
X24 | Kalimantan Utara 36,05 27,27 X8 Lampung 51,18 51,49 x17 | Bali 60,12 62,14
x32 | Maluku Utara 34,01 35,11 xis | NTB 48,80 51,71 X20 | Gorontalo 50,20 55,51
x22 | KalimantanSelatan 42,05 41,87
X23 | Kalimantan Timur 42,55 41,20
X25 | Sulawesi Utara 48,91 49,05
Xz26 | Sulawesi Tengah 46,54 48,57
X27 | Sulawesi Selatan 52,17 52,41
Rice Productivity in C; < Indonesia x2s | SulawesiTenggara 46,84 47,07 Rice Productivity in C3> Indonesia
= decrease X30 | Sulawesi Barat 47,65 49,41 = increase
x31 | Maluku 47,52 55,72
X33 | Papua Barat 40,21 42,12
X34 | Papua 43,09 43,95
Rice Productivity in C,< Indonesia
= decrease
Indonesia [ 51,35 | 5341 [ Indonesia [ 51,35 | 5341 [ Indonesia [ 5135 | 5341
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Table 16 shown Comparison of Rice Productivity C; and Productivity of National Food
(Indonesia) is decrease. Comparison of Rice Productivity C, and Productivity of National
Food (Indonesia) is decrease. Comparison of Rice Productivity C; and Productivity of
National Food (Indonesia) is increase. Cluster 2 (C,), there is 3 data point data (X27, X2s,
X31): 3/16 *100% = 18.75% -> anomaly.

Table 17 shown Comparison of Rice Productivity C, and Productivity of National Food
(Indonesia) is decrease. Comparison of Rice Productivity C, and Productivity of National
Food (Indonesia) is decrease. Comparison of Rice Productivity C; and Productivity of
National Food (Indonesia) is increase. Cluster 2 (C,), there is 2 data point data (Xz7, Xs1):
2/18 *100% = 11.11% -> anomaly. Cluster 2 (Cs), there is 1 data point data (Xa9): 1/8
*100% = 12.50% —> anomaly.

K-Means
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Figure 6. Membership Cluster of K-Means

Figure 6 shown membership cluster in K-Means Clustering. Percentage membership data
point in Cluster 1 is 11 from 34 data point using = (11/34)*100% = 32.35%. Percentage
membership data point in Cluster 2 is 16 from 34 data point using = (16/34)*100% =
47.06%. Percentage membership data point in Cluster 3 is 7 from 34 data point using =
(7/34)*100% = 20.59%.

Fuzzy C-Means
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Figure 7. Membership Cluster of Fuzzy C-Means

Figure 7 shown membership cluster in Fuzzy C-Means Clustering. Percentage
membership data point in Cluster 1 is 8 from 34 data point using = (8/34)*100% =
23.53%. Percentage membership data point in Cluster 2 is 18 from 34 data point using =
(18/34)*100% = 52.94%. Percentage membership data point in Cluster 3 is 8 from 34 data
point using = (8/34)*100% = 23.53%.
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5. Conclusion

Experimental result of clustering using K-Means and Fuzzy C-Means produce three
clusters. Cluster 1, Cluster 2, and Cluster 3 is convergence. Anomaly data in Membership
Cluster 1 (X22, X23, X33). Anomaly data in Membership Cluster 2 (X22, X23, X29, X33).
Anomaly data in Membership Cluster 3 (x29). Consistency data on K-Means (C; =
72.73%, C, = 93.75%, C3 = 100%). Consistency data on Fuzzy C-Means (C1 = 100%, C;
= 88.33%, C; = 87.50%). Rice Productivity in Cluster 1 (decrease), Cluster 2 (decrease,
except 3 provinces), and Cluster 3 (increase, except 1 province). It is meaning that Rice
Productivity on Cluster 1 and Cluster 2 is low productivity. From 34 provinces, there is
10 provinces = high productivity (10/34*100% = 29.41%) and 24 provinces = low
productivity (24/34*100% = 70.59%). Majority membership cluster in K-Means is C
(47.06%). Majority membership cluster in Fuzzy C-Means is C;(52.94%). Concluded that
is majority of rice productivity per province in Indonesia is low. Future work, clustering
by using Heuristic Fuzzy Clustering and Hierarchical Clustering.
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