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Abstract: Among many clustering algorithms, the K-means clustering algorithm is widely used
because of its simple algorithm and fast convergence. However, the K-value of clustering needs to
be given in advance and the choice of K-value directly affect the convergence result. To solve this
problem, we mainly analyze four K-value selection algorithms, namely Elbow Method, Gap Statistic,
Silhouette Coefficient, and Canopy; give the pseudo code of the algorithm; and use the standard data
set Iris for experimental verification. Finally, the verification results are evaluated, the advantages
and disadvantages of the above four algorithms in a K-value selection are given, and the clustering
range of the data set is pointed out.
Keywords: Clustering; K-means; K-value; Convergence

1. Introduction
Cluster analysis is one of the most important research directions in the field of data mining.
“Things are clustered and people are grouped”; compared with other data mining methods, clustering
can complete the classification of data without prior knowledge. Clustering algorithms can be divided
into multiple types based on partitioning, density, and model [1]. A clustering algorithm is a process of
dividing a physical or abstract object into a collection of similar objects. A cluster is a collection of data
objects; objects in the same cluster are like each other and different from objects in other clusters [2].
For a clustering task, we want to get the objects as close as possible within the clusters: first cluster
tends to sample or data point. However, the randomness of sample center point selection tends to
make cluster aggregation not converge. Cluster analysis is based on the similarity in clustering data
sets, which is unsupervised learning.
In the partition-based clustering algorithm, K-means algorithm has many advantages such as
simple mathematical ideas, fast convergence, and easy implementation [3]. Therefore, the application
fields are very broad, including different types of document classification, music, movies, classification
based on user purchase behavior, the construction of recommendation systems based on user interests,
and so on. With the increase of the amount of data, the traditional K-means algorithm has been
difficult to meet the actual needs when analyzing massive data sets. In view of the shortcomings of
the traditional K-means algorithm, many scholars have proposed improvement measures based on
K-means. For instance, in Reference [4], a simple and efficient implementation of the K-means clustering
algorithm is presented to solve the problem of the cluster center point not being well-determined;
it built a kd-tree data structure for the data points. The algorithm is easy to implement and can
effectively avoid entering the local optimal solution to some extent. For the problems of the traditional
clustering algorithms having no way to take advantage of some background knowledge (about the
domain or the data set), an Improved K-means Algorithm Based on Multiple Information Domains
is presented in Reference [5]; they apply this method to six data sets and the real-world problem of
automatically detecting road lanes from global positioning system (GPS) data. Experiments show that
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the improved algorithm is more correct when selecting K values when solving practical problems.
Two algorithms which extend the k-means algorithm to categorical domains and domains are reported
in Reference [6], through the pattern mixing algorithm, the combination of the effectiveness measure,
in order to solve the problem of complex data and more noise in the real world. A principal Component
Analysis (PCA) method is implemented in Reference [7]; they use the artificial neural network
(ANN) algorithm and K-nearest neighbor (KNN) and support vector machine (SVM) classification
algorithms to extract and analyze the features, which effectively realize the classification of malware.
The clustering algorithm is also applied to the early detection of pulmonary nodules [8]; they propose
a novel optimized method of feature selection for both cluster and classifier components. In the field
of medical imaging, clustering and classification based on selection features effectively improve the
classification performance of Computer-aided detection (CAD) systems. With the advent of deep
learning methods in pattern recognition applications, some scholars have applied them to cluster
analysis. For example, in Reference [9], by studying the performance of a CAD system for lung nodules
in Computed tomography (CT) as a function of slice thickness, a method of comparing the performance
of CAD systems using a training method using nonuniform data was proposed.
In summary, based on the traditional K-means clustering algorithm, this paper discusses how to
quickly determine the K-value algorithm. The remainder of this paper is organized as follows: Section 2
provides a brief description of the K-means clustering algorithm. Section 3 presents the four K-value
selection algorithms—Elbow Method, Gap Statistic, Silhouette Coefficient and Canopy—and elucidates
the various methods with sample data along with their experimental results. Finally, a discussion and
conclusions are given in Section 4.
2. The K-means Algorithm
The K-means algorithm is a simple iterative clustering algorithm. Using the distance as the metric
and given the K classes in the data set, calculate the distance mean, giving the initial centroid, with
each class described by the centroid. For a given data set X containing n multidimensional data points
and the category K to be divided, the Euclidean distance is selected as the similarity index and the
clustering targets minimize the sum of the squares of the various types; that is, it minimizes [10]
d=

k X
n
X

||(xi − uk )||2

(1)
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where k represents K cluster centers, uk represents the kth center, and xi represents the ith point in the
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The central idea of algorithm implementation is to randomly extract K sample points from the
sample set as the center of the initial cluster: Divide each sample point into the cluster represented by
the nearest center point; then the center point of all sample points in each cluster is the center point of
the cluster. Repeat the above steps until the center point of the cluster is unchanged or reaches the set
number of iterations. The algorithm results change with the choice of the center point, resulting in an
instability of the results. The determination of the central point depends on the choice of the K value,
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which is the focus of the algorithm; it directly affects the clustering results, such as the local optimality
or global optimality [11].
3. Research on K-Value Selection Algorithm
For the K-means algorithm, the number of clusters depends on the K-value setting [12]. In practice,
the K value is generally difficult to define. The choice of K value directly determines the data cluster
that needs to be clustered into multiple clusters. At the beginning of the algorithm, people use
the “shooting the head” method to determine the K value, which is estimated to later give many
improvements proposed for optimization algorithms. This paper mainly summarizes the methods
of K-value selection with certain representativeness and gives further analysis and experimental
verification. The experimental simulation environment is Intel Core i5 dual-core CPU@3.2GHz,
4G memory, 500G hard disk space.
The experiment used the UCI Machine Learning Repository machine to learn the Iris data set in
the data set [13]. The Iris data set consists of three classes, each with 50 elements, a total of 150 samples,
and four attributes per sample, with each representing a type of iris.
In order to have a more obvious clustering effect to test the pros and cons of the K-value algorithm,
the latter two dimensions of the Iris data set sample are selected during the experiment.
3.1. An Elbow Method Algorithm
The basic idea of the elbow rule is to use a square of the distance between the sample points in
each cluster and the centroid of the cluster to give a series of K values. The sum of squared errors
(SSE) is used as a performance indicator. Iterate over the K-value and calculate the SSE. Smaller values
indicate that each cluster is more convergent.
When the number of clusters is set to approach the number of real clusters, SSE shows a rapid
decline. When the number of clusters exceeds the number of real clusters, SSE will continue to decline
but it will quickly become slower. The pseudo code of the algorithm is as follows:
Algorithm 1: Silhouette Coefficient
Input: iris = datasets.load_iris(), X = iris.data [:, 2 :]
Output: d, k
1: d = [];
2: for k = 1, k in rang (1, 9) do
k P
P
3: d =
dist(x, ci )2 ;
i=1

4: return d, k;

The K value can be better determined by plotting the K-SSE curve and by finding the inflection
point down. As shown in Figure 1, there is a very obvious inflection point when K = 2, so when the K
value is 2, the data set clustering effect is the best, as shown in Figure 2.

3: d = ∑ ∑ 𝑑𝑖𝑠𝑡(𝑥, 𝑐 ) ;
4: return d, k;
The K value can be better determined by plotting the K-SSE curve and by finding the inflection
point
down. As shown in Figure 1, there is a very obvious inflection point when K = 2, so when
the
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K value is 2, the data set clustering effect is the best, as shown in Figure 2.
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Gap Statistic is an algorithm proposed by Tibshirani [14] to determine the number of clusters of
Gap Statistic is an algorithm proposed by Tibshirani [14] to determine the number of clusters of
data sets with unknown classification numbers. The basic idea of Gap Statistic is to introduce reference
data sets with unknown classification numbers. The basic idea of Gap Statistic is to introduce
measurements, which can be obtained by the Monte Carlo sampling method [15] and to calculate the
reference measurements, which can be obtained by the Monte Carlo sampling method [15] and to
sum of the squares of the Euclidean distance between two measurements in each class. The clustering
calculate the sum of the squares of the Euclidean distance between two measurements in each class.
results of the constructed reference zero-mean distribution are compared to determine the optimal
The clustering results of the constructed reference zero-mean distribution are compared to determine
number of clusters in the data set. It is calculated as follows:
the optimal number of clusters in the data set. It is calculated as follows:
Gapn (k) = E∗n (log(Wk )) − ∗logWk E∗n (log(Wk ) )
𝐺𝑎𝑝 (𝑘) = 𝐸 ∗ (log(𝑊
 ))P
  P
P− 𝑙𝑜𝑔𝑊 𝐸 log(𝑊
P)
∗ )≈ 1
∗ )s(k )
= P1
log(Wkb
log(Wkb
P
b
=
1
b
=
1
= (1 𝑃 )q log(𝑊 ∗ ) ≈ (1 𝑃)
log(𝑊 ∗ )𝑠(𝑘)
= 1+P P s(k)

(3)
(3)

1+𝑃
where E∗n (log(Wk )) refers to=log(Wk ) expectations.
This value is usually generated randomly by Monte
𝑠(𝑘)
𝑃
Carlo. We randomly generate as many random samples as the original sample number in a rectangular
region where the sample is located many times for Wk . We can get multiple log(Wk ). In order to get the
) expectations.
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standard of joining, and finally Gapk can be calculated. The K value corresponding to the maximum
rectangular region where the sample is located many times for 𝑊 . We can get multiple log(𝑊 ). In
order to get the average, first you will get an approximate 𝐸 ∗ (log(𝑊 )) value. P is the number of
samplings, 𝑠(𝑘) is the standard of joining, and finally 𝐺𝑎𝑝 can be calculated. The K value
corresponding to the maximum value of 𝐺𝑎𝑝 is the best k; that is, it satisfies the minimum k
of 𝐺𝑎𝑝 ≥ 𝐺𝑎𝑝
−𝑆
as the optimal number of clusters. The pseudo code of the algorithm is as
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value of Gapk is the best k; that is, it satisfies the minimum k of Gapk ≥ Gapk+1 − Sk+1 as the optimal
number of clusters. The pseudo code of the algorithm is as follows:
Algorithm 2: Gap Statistic
Input: iris = datasets.load_iris(), X = iris.data [:, 2 :]
Output: k
1: def SampleNum, P, MaxK, u, sigma;
2: SampleSet = [];
3: size (u) = [uM, ];
4: for i = 1 : uM do
5: SampleSet =
[SampleSet;
mvnrnd(u(i, :), sigma, fix(SampleNum/uM))];
J 2019, 2
6: Wk = log(CompuWk (SampleSet, MaxK));
7: for b = 1 : P do
7: for b = 1 : P do
8: Wkb = log(CompuWk (RefSet(:, :, b), MaxK));
8: Wkb = log(CompuWk(RefSet(:, :, b), MaxK));
9: for k = 1 : MaxK, OptimusK = 1 do
9: fork = 1 : MaxK, OptimusK = 1 do
P
P
∗ ;
log10:
Wkb
10: Gapk = ( P1 )
Gapk = ( )∑
log(𝑊 ∗ );

5 of 9

b=1

11: Gapk <= Gapk−1 11:
+ s(k), Gap
OptimusK
==k−11;+ s(k), OptimusK == 1;
k <= Gap
12: OptimusK = k – 1;
12: OptimusK = k – 1;
13: retuern k;
13: retuern k;
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3.3. The Silhouette Coefficient Algorithm
3.3. The Silhouette Coefficient Algorithm
The Silhouette method was first proposed by Peter J. Rousseeuw [16]. It combines the two factors
The Silhouette method was first proposed by Peter J. Rousseeuw [16]. It combines the two factors
of cohesion and resolution. Cohesion is the similarity between the object and the cluster. When
of cohesion and resolution. Cohesion is the similarity between the object and the cluster. When
compared to other clusters, it is called separation. This comparison is achieved by the value of the
compared to other clusters, it is called separation. This comparison is achieved by the value of the
Silhouette, which is in the range −1–1. The Silhouette value is close to 1, indicating that there is a
Silhouette, which is in the range −1–1. The Silhouette value is close to 1, indicating that there is a close
close relationship between the object and the cluster. If a data cluster in a model is generated with a
relationship between the object and the cluster. If a data cluster in a model is generated with a
relatively high Silhouette value, the model is suitable and acceptable. It is calculated as follows:
relatively high Silhouette value, the model is suitable and acceptable. It is calculated as follows:
𝑏(𝑖) − 𝑎(𝑖)
max{𝑎(𝑖), 𝑏(𝑖)
𝑎(𝑖)
⎧1 −
, 𝑎(𝑖) < 𝑏(𝑖)
𝑏(𝑖)
⎪
𝑎(𝑖) = 𝑏(𝑖)
= 0,
⎨ 𝑏(𝑖)
⎪
− 1, 𝑎(𝑖) > 𝑏(𝑖)
⎩ 𝑎(𝑖)

𝑠(𝑖) =

Calculation method:

(4)
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s(i)

=

b(i)−a(i)

(i)
max{a(ia),b
(i)



 1 − b(i) , a ( i ) < b ( i )


=
0,
a(i) = b(i)




 b(i) − 1, a(i) > b(i)
a(i)

(4)

Calculation method:
(1) Calculate the average distance a(i) of sample i to other samples in the same cluster. The smaller
a(i) is, the more the sample i should be clustered into the cluster. a(i) is referred to as the intra-cluster
dissimilarity of sample i. The a(i) mean of all samples in cluster c is called the cluster dissimilarity of
cluster c.
(2) Calculate the average distance b(i) of all samples of sample i to the other cluster, cluster
c(i), which is called the dissimilarity between sample i and cluster c(i). Defined as the inter-cluster
dissimilarity of sample i: b(i) = min{bi1, bi2, ..., bik}; the larger b(i) is, the less sample i belongs to
other clusters.
(3) The contour coefficients of sample i are defined according to the intra-cluster dissimilarity a(i)
of sample i and to the inter-cluster dissimilarity b(i).
The pseudo code of the algorithm is as follows:
Algorithm 3: Silhouette Coefficient
Input: iris = datasets.load_iris(), X = iris.data [:, 2 :]
Output: S(i), k
1: def i in X,PC, D;
P
C −i

D −i

2 : a(i) = n n n ; b(i) = n n n ;
3 : for a(i) → min, i ∈ C ; b(i) → max, i < D do
b(i)−a(i)
;
maxa(i),b(i)

4:

s(i) =

5:
6:

i f a (i ) < b (i ), s (i ) = 1 − b(i) ;
if a(i) = b(i), s(i) = 0;

7:

i f a(i) > b(i), s(i) =

a(i)

b(i)
;
a(i)−1

8: for k = 2, 3, 4, 5, 6 do
9:
lables = KMeans(n_clusters = k).fix(x).lables_;
10: retuern S(i), k;

s(i) is the contour coefficient of the clustering result, which is a reasonable and effective measure
of the cluster. The closer s(i) is to 1, the more reasonable the sample i clustering is. From Figure 4,
we can get s(i) = 0.765, where s(i) is the largest, and then K = 2 is the optimal cluster number.
3.4. The Canopy Algorithm
The Canopy algorithm can roughly divide the data into several overlapping subsets [17], recorded
as Canopy. Each subset acts as a cluster, often using low-cost similarity metrics to accelerate
clustering [18]. Therefore, Canopy clustering is generally used for the initialization operations of other
clustering algorithms. The formation of Canopy needs to specify two distance thresholds—T1, T2,
and T1 > T2 (the settings of T1 and T2 can be obtained according to the needs of the user or using
cross-validation)—and the original data set X is sorted according to certain rules.

9: lables = KMeans(n_clusters = k).fix(x).lables_;
10: retuern S(i), k;
S(i) is the contour coefficient of the clustering result, which is a reasonable and effective measure
of
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A data
vector
A is randomly selected in X, and a distance d between other sample data vectors in
3.3. The
Canopy
Algorithm
A and X is calculated using a rough distance calculation method. The sample data vector with d less
than T1 is mapped to a Canopy, and the sample data vector with d less than T2 is removed from the list
of candidate center vectors. Repeat the above steps until the list of candidate center vectors is empty;
that is, X is empty and the algorithm ends [19]. The pseudo code of the algorithm is as follows:
Algorithm 4: Canopy
Input: iris = datasets.load_iris(), X = iris.data [:, 2 :]
Output: k
1: def T1, T2, T1 > T2; delete_X = []; Canopy_X = [];
2 : for P ∈ X do
3 : d = ||P − Xi ||;
4:
if d < T2 then
5:
delete_X = [d];
6:
else Canopy_X = [d];
7: until X = Φ;
8: end;

The algorithm mainly traverses the data continuously. T2 < d < T1 can be used as the center
list. d < T2 is considered too close to Canopy and will not be deleted as a center point in the future.
It can be seen from Figure 5 that the Canopy algorithm is used to cluster the Iris data set, and after
convergence, it is two center points; that is, K is 2.

8: end;
The algorithm mainly traverses the data continuously. T2 < d < T1 can be used as the center list.
d < T2 is considered too close to Canopy and will not be deleted as a center point in the future. It can
be
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used to cluster the Iris data set, and after convergence, it is two center points; that is, k is 2.

4. Discussion
4. Discussion
In this paper, four kinds of K-value selection algorithms, such as Elbow Method, Gap Statistic,
In this paper, four kinds of K-value selection algorithms, such as Elbow Method, Gap Statistic,
Silhouette Coefficient, and Canopy, are used to cluster the Iris data set to obtain the K value and the
Silhouette Coefficient, and Canopy, are used to cluster the Iris data set to obtain the K value and the
clustering result of the data set. For the four algorithms implemented in this paper, the verification
clustering result of the data set. For the four algorithms implemented in this paper, the verification
results are shown in Table 1.
results are shown in Table 1.
Table 1. The following table shows the experimental results of the four algorithms, including the
obtained K value and the algorithm execution time, where the Gap Statistic algorithm execution time is
the result when the reference sample P = 100.
No.

Name

K value

Execution Time

1
2
3
4

Elbow Method
Gap Statistic
Silhouette Coefficient
Canopy

2
2
2
2

1.830 s
9.763 s
8.648 s
2.120 s

It can be seen from the above table that each of the four algorithms has its own characteristics.
The Elbow Method algorithm uses SSE as a performance metric, traverses the K value, finds the
inflection point, and has a simple complexity. The inadequacy is that the inflection point depends on
the relationship between the K value and the distance value. If the inflection point is not obvious, the K
value cannot be determined. The Gap Statistic algorithm compares the expected value of the averaged
reference data set with that of the observed data set so that the fastest k value of decreases. However,
for many practical large-scale data sets, this method is not desirable for both time complexity and
space complexity. Take this article as an example: In the experiment, when P = 100, the algorithm
execution time is 9.763 s, and when P = 1000, the total time spent is 56.970 s. The Silhouette Coefficient
algorithm uses cluster cohesion and separation to perform a cluster analysis. Minimizing cohesion is
equivalent to maximizing separation, combining it with Si, and traversing the K value. When Si is
maximum, the K value is the optimal number of clusters. Because the distance matrix needs to be
calculated, the defect is that the computational complexity is O(n2); then, the amount of data reaches
one million or even ten million. The computational overhead can be very large, so this method is also
not used for large-scale data sets. The Canopy algorithm divides the data set into several overlapping
subsets by a predetermined distance threshold and repeats aggregation and deletion through distance
comparisons until the original data set is empty. The advantage is that the addition of overlapping
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subsets increases the fault tolerance and noise immunity of the algorithm, and clustering in Canopy
effectively avoids the problems caused by large computations.
In summary, we can see that, for the clustering of small data sets, the four methods mentioned
in the paper can meet the requirements and that, for large and complex data sets, it is obvious that
the Canopy algorithm is the best choice. Next, we will use the real-world multidimensional data
containing complex information fields for experimental verification to deeply explore the advantages
and disadvantages of each algorithm or to improve the performance of the algorithm.
Author Contributions: Each author's contribution to this article is as follows: methodology, software, validation,
and data curation, Chunhui Yuan; formal analysis, writing—review and editing, and supervision, Haitao Yang.
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