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ABSTRACT

Hierarchical clustering is a common type of clustering in which the dataset is hierarchically
divided and represented by a dendrogram. Agglomerative Hierarchical Clustering (AHC) is a
common type of hierarchical clustering in which clusters are created bottom-up. In addition,
semi-supervised clustering is a new method in the field of machine learning, where supervised
and unsupervised learning are combined. Clustering performance is effectively improved by
semi-supervised learning, as it uses a small amount of labelled data to aid unsupervised learn-
ing. Meanwhile, ensemble clustering by combining the results of several individual clustering
methods can achieve better performance compared to each of the individual methods. Consid-
ering AHC with semi-supervised learning for ensemble clustering configuration has received less
attention in the past literature. In order to achieve better clustering results, we propose a semi-
supervised ensemble clustering framework developed based on AHC-based methods. Here, we
develop a flexible weighting mechanism along with a new membership similarity measure that
can establish compatibility between semi-supervised clustering methods. We evaluated the
proposed method with several equivalent methods based on a wide variety of UCI datasets.
Experimental results show the effectiveness of the proposed method from different aspects such
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as NMI, ARl and accuracy.

1. Introduction

Currently, there are different types of machine learn-
ing systems, which are classified into four general
groups: supervised learning, unsupervised learning,
Semi-Supervised Learning (SSL), and reinforcement
learning [1,2]. Supervised learning includes data whose
class labels are known and available in the learning
phase. One of the common problems in this type of
learning is the classification problem. Some of the most
common classification algorithms are linear regression,
logistic regression, k-nearest neighbours, support vec-
tor machine, neural networks, decision trees and ran-
dom forests [3,4]. In unsupervised learning, the data
class label is not available and the learning process
seeks to assign the appropriate label to each data. One
of the common problems in this type of learning is
the clustering problem. In clustering, groups of similar
objects should be identified. Some of the most common
clustering algorithms are K-Means, Density-Based Spa-
tial Clustering of Applications with Noise (DBSCAN),
Hierarchical Cluster Analysis (HCA), FCM and c-
means [5].

One of the successful approaches in recent years to
improve clustering performance is ensemble clustering

methods [6,7]. The main idea of learning in ensem-
ble clustering is to combine the prediction results of
different individual clustering models. Multiple clus-
tering methods can create higher quality clusters by
combining the output partitions of several basic mod-
els. In this regard, it can be expected that the use of
ensemble clustering in the context of hierarchical clus-
tering can provide a higher quality for creating the final
partition [8]. According to the latest studies, the prob-
lem of ensemble hierarchical clustering has not received
much attention so far. Hence, we draw inspiration from
hierarchical clustering and SSL to develop an efficient
ensemble clustering framework [9,10].

In this paper, a flexible weighting mechanism is
developed to describe the consistency between semi-
supervised clustering models used to generate base par-
titions. In general, the proposed algorithm consists of
three main steps: creating primary clusters with dif-
ferent Agglomerative Hierarchical Clustering (AHC)
methods [11], developing a new membership similarity
measure to calculate the similarity between objects, and
finally re-clustering the primary clusters to create final
clusters. We generate primary clusters by four linkage-
based AHC methods. The results are evaluated at the
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cluster and partition levels using a robustness measure
to calculate the similarity between objects. We measure
the weight of primary clusters based on their robust-
ness. The primary clusters with the highest weight are
selected for the final consensus to form the final parti-
tion. Here, the consensus function is developed based
on the meta-clustering technique (i.e. re-clustering of
the primary clusters). Finally, the final partition is cre-
ated by assigning objects to meta-clusters with the
highest similarity.
The main contribution of this paper is as follows:

e Configuration of a new membership similarity mea-
sure between objects inspired by the evaluation of
clusters and partitions

e Development of a flexible weighting mechanism to
generate consistent base partitions

e Improving the learning process in ensemble cluster-
ing using semi-supervised hierarchical clustering

The outline of the rest of the paper is as follows:
Related works are reviewed in Section 2. General con-
cepts related to clustering are given in Section 3.
Section 4 explains the details of the proposed algorithm.
Section 5 is related to the results of experiments and
evaluations. Finally, Section 6 concludes the paper.

2. Related works

This section is a literature review to understand the
problem of ensemble clustering and related concepts of
semi-supervised framework [12-14]. A summary of the
aforementioned studies is given in Table 1.

Zhang et al. [15] presented a Two-Stage approach for
Semi-supervised Ensemble Clustering based on con-
straint weight (TSSEC). The authors propose some
pairwise constraints to improve the clustering process:
the supervised data is only used for the ensemble pro-
cess, the final clusters are formed without considering
the redundancy, and the influence of different clusters
is ignored when forming the final clusters. To address
these constraints, TSSEC can select appropriate clus-
ters and consider cluster weights for the clustering task.
Here, pairwise constraints are used to select clusters

Table 1. A summary of the reviewed studies.
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and cluster weights. TSSEC selects a subset of pri-
mary clusters based on the quality and diversity of
the monitored data. The quality of selected clusters is
calculated through unsupervised and supervised data.
Finally, TSSEC uses a weighted correlation matrix to
generate final clusters.

Yang et al. [16] proposed a semi-supervised con-
sensus clustering approach using closed patterns. The
authors developed their previous work on Multi-
Cons multiple consensus clustering and presented the
Semi-MultiCons approach. Semi-MultiCons does not
depend on the number of clusters and creates final clus-
ters based on different pairwise constraints. In addition,
this approach can reduce the negative effects related to
the integration of constraints in the clustering process.

Kadhim et al. [17] presented an ensemble clustering
approach based on the Self-Directed Learning (SDL)
framework. This approach can help the consensus func-
tion to achieve the highest evaluation in satisfying per-
formance measurement. In general, SDL includes a
combination of Predicting Test-set Labels (PTL) and
Detecting Best Results (DBR). PTL combines cluster-
ing results sequentially to produce satisfactory results,
where it helps to predict labels. Meanwhile, DBR can
find the correct result when predicting several differ-
ent results for the same model. In addition, the authors
introduced new performance measurements for clus-
tering validation, the most important of which is the
Correction Ratio (CR).

Li et al. [18] proposed a new ensemble clustering
algorithm for data with different scales. The authors
introduce the Meta-Clustering Ensemble method based
on Model Selection (MCEMS), which is a multi-step
approach for data clustering. MCEMS tries to calculate
the similarity between objects by considering several
primitive clusters from different models. In addition,
MCEMS is equipped with a clustering model selection
technique considering quality and diversity.

3. Proposed algorithm

Ensemble clustering is proven to be an ideal alterna-
tive in terms of robustness and stability to an individual
clustering algorithm [19]. The aim of this paper is to

Authors Model name Methodology

Strengths Weakness

Zhang et al.[15] TSSEC Using pairwise constraints to
select clusters and their
weights

Semi-supervised consensus
clustering using closed
patterns

Combination of PTL and DBR in

ensemble clustering process

Yang et al.[16] Semi-MultiCons

Kadhim et al.[17] SDL

Liet al.[18] MCEMS Meta-clustering ensemble
method based on model

selection

Calculation of the quality of selected
clusters based on unsupervised and
supervised data

No dependence on the number of
clusters and creation of final clusters
based on pair constraints

Introducing new performances Performance measurements
measurement for clustering are evaluated for small-scale
validation data

A new combinatorial mechanism Slightly slow execution
for calculating similarity between
objects

Overhead of large searching
spaces

A small number of constraints
is considered
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Figure 1. Framework of the proposed clustering algorithm.

combine the advantages of SSL and ensemble clustering
to improve clustering performance. Figure 1 describes
the general framework of the proposed algorithm.
First, the dataset is clustered by several semi-supervised
AHC-based models. Two aspects are considered for
applying SSL: information based on pairwise con-
straints and information based on metric constraints.
This information can provide different aspects of the
dataset with more flexibility for clustering. In both
sections, we use four linkage-based AHC methods
for clustering: single, centroid, average, and complete.
Meanwhile, we present an innovative approach to mea-
sure the distance between objects, which is based on
Euclidean distance and cluster size.

3.1. System model

Any clustering method can be applied to a given
dataset and return a partition as output [20]. Let X =
{x1,x2,...,xN} be a dataset with N objects. Here, x; €
X represents the i-th object of the dataset X. Let x; =
[x’i, xé, ces x}h] be the vector of M features correspond-
ing to x;. Let 7 be an individual clustering method and
7 (x;) is the label of the cluster belonging to x;. In the
ensemble clustering problem, X is clustered by a set
of P individual methods. Let I1 = {7y, 75,...,7p} be

a set of P individual clustering methods where each
method provides a partition as clustering output. Each
partition contains several clusters that can be differ-
ent according to the clustering methods used. Let 7y =
[c]f, clz‘, ceo Cf‘m] be the primary clusters generated by
the k-th member of the ensemble, where || represents
the partition size (number of clusters generated). The
consensus function in ensemble clustering can provide
the final partition by merging the generated partitions.
Let 7, = I'my,m,...,Tp be a consensual consensus
function applied to P generated partitions of I1. Here,
" as a consensus function can produce the final parti-
tion m,. Let . = [c], ¢, ..., ck] be the final partition
generated with K clusters obtained from the consensus
of results in IT.

3.2. Semi-supervised AHC clustering based on
pairwise constraints

Basically, constraint-based knowledge can lead to
improved clustering performance, because it is eas-
ier to obtain than object labels. Pairwise constraints
indicate whether a pair of objects can be included in
a group or not [21]. In general, pairwise constraints
include must-link and cannot-link. Let ML = {(x;, x;)}



denotes the must-link, where x; and x; can be grouped
into a cluster. Also, let CL = {(x;, x;)}. denotes cannot-
link, where x; and x; must be grouped into different
clusters. Both must-link and cannot-link as pairwise
constraints include properties of symmetry and transi-
tivity. Let x;, xj and x; be three objects of X. According
to this, the properties of symmetry and transitivity in
pair constraints are defined by Equations (1) and (2),
respectively.

(xi,x7) € ML — (xj,x;) € ML (1)
(xi,x7) € CL — (xj,x;) € CL

(xi> xk) € ML&(xk, xj) € ML — (x;,xj) € ML 2)
(xi» x) € CL&(xx, xj) € CL — (xj,xj) € CL

Let d;j € D be the distance between x; and x; in the
distance matrix D. According to the definition of pair
constraints, the distance matrix is defined. If (x;, xj) €
ML, then d;; = 0 and if (x;,x)) € CL, then d;; = oo.
Meanwhile, let s;; € S be the similarity between x; and
xj in the similarity matrix S. We define the similarity
matrix by Equation (3).

Sii=ex 5T sz (3)
W =P\ T
)

where ||x; — xj|| is equivalent to d;;, and o; and o; are
the corresponding parameters for x; and x;, respectively.
Here, o; is formulated by Equation (4).

1
ai:Nin—xj (4)

Finally, the clustering of the dataset X is done consid-
ering the similarity matrix S. Here, we use four linkage-
based AHC clustering methods including single, cen-
troid, average, and complete for clustering and creating
partitions. All these methods provide clustering results
by dendrogram. Each level of the dendrogram is con-
sidered as a partition. In this paper, Bayesian PAC learn-
ing [22] is used to select the appropriate level of the
dendrogram and determine the appropriate partition.
By determining the appropriate partition, the num-
ber of clusters (i.e. K) in each method is determined
automatically.

3.3. Semi-supervised AHC clustering based on
metric constraints

Huang et al. [23] proposed the large margin nearest
cluster (LMNC) distance metric for semi-supervised
clustering. LMNC is inspired by the Mahalanobis met-
ric to realize the min-max principle. This principle
states that robust clustering is achieved by minimizing
the distances between objects in similar clusters and
maximizing the distance between objects in different
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clusters [24]. Let { (x;, yj)}fi | be adataset with N objects,
where x; € RM refers to objects and yi€{l,2,...,K}
refers to class labels. Also, let M be a symmetric matrix
of size M x M. The distance square for each pair of
objects x; and x; in the RM space is formulated by
Equation (5).

D(xi, %) = (xi — x) T M(x; — x;) (5)

Basically, M is considered as a positive semi-definite
matrix, where M > 0. LMNC includes a cost function
for learning the M matrix, as shown in Equation (6).

e(l) = Z aij(xi — Zj)TM (xi — zj)

i

+ cZa,-,j(l —aijp)[1+ (xi — zj)TM(x,- - zj)
L]

— (i — z) M — )]+ (6)
where, a; j € {0, 1} represents the ordered weight with
x; and x;. Here, a;; = 1 means that class label y; and y;
are same for x; and X respectively. Moreover, ¢ > O isa
positive constant, z; is the centre of cluster j, and [f]+ =
max(f,0) is the loss function. LMNC formulates the
loss metric as an optimization problem to realize the
min-max principle, as shown in Equation (7).

Min Z ai,j(x,- — Zj)TM (xi — Zj)
ij

+ CZ a,-,j(l — ai,j)éi,j,l

iyj,l
s.t. (i) &ju > 0, (i) M > 0, (x; — 20T M (x; — z1)
— (i — ) M —z) =1 -, (7)

where &;;; is used as a slack term to induce the loss
function.

This optimization problem in LMNC is solved by
gradient projection algorithm. Finally, the clustering of
the dataset X is done considering the distance matrix
D. In this section, four linkage-based AHC clustering
methods including single, centroid, average, and com-
plete are used for clustering. Similarly, Bayesian PAC
learning technique is used to determine the appropriate
level and optimal partition.

3.4. Weighing mechanism

In general, the robustness of a partition may be evalu-
ated as weak, while it has one or more clusters of high
quality. Therefore, it is not recommended to use all par-
titions as well as all primary clusters generated in the
final consensus [5,25]. This may even lead to a decrease
in the ensemble clustering performance and an increase
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in the computational complexity of the consensus func-
tion. Normalized Mutual Information (NMI) is a com-
mon performance metric for evaluating clustering. The
evaluation in NMI is based on the diversity of labels in
two partitions, as shown in Equation (8).

[T |JT,3| N.Nj;i
2y j=1 Nijlog (N,-a.lej,g,->
31 Nia log (3¢ )

[gl Ng;
+2_j=1 Npjlog (TJ)

NMI(rry, mg) = (8)

B

(04 (07 (04 ﬂ
where, 7, = [CI’CZ""’Clna\] and 7g = [c],¢5,.. .,

Cﬁrﬁl] are two partitions, N represents the number of
objects and Nj; represents the number of identical

objects in ¢f and c]’-g . Also, Njy and Nj, represent the

number of objects in ¢ and c]’-3 , respectively. Specif-
ically, NMI(my, mg) = 0 indicates complete difference
between 7, and g partitions, while NMI (o, g) = 1
indicates complete similarity in these partitions.

Measuring the diversity by NMI between an out-
put partition and reference partition can evaluate the
quality of the clustering method. Therefore, the robust-
ness of partitions created in IT can be measured by
Weightnmi () = NMI(ry,, 74). Here, we consider the
robustness of a partition as its weight, where 7, repre-
sents the reference partition. With converting a cluster
to a partition, NMI can be used to evaluate clusters. Let
Weightna (ci) be the weight of cluster ;.

LetAC = [c},dl, .. .,cllml,c%,c%, .

o C|Pnp\] be the set of all primary clusters of P parti-

tions available. The goal is to select a subset of high-
quality AC to participate in the consensus function.
Let SC = [c1,¢2,...5Ci . . .» 5| ] be the set of selected
clusters from AC that participate in the final consen-
sus. If ¢; € SC, then ¢; satisfies the predefined threshold.
We define this threshold based on Weightny(c;) > 0,
where 6 is a fixed parameter to determine the merit of
the clusters. Experimentally, 6 is set to 0.35.

2 P P
> gy -+ -2 €15 6

4. Results and discussion

In this section, we evaluate the proposed algorithm
and its results. All experiments were performed by the
MATLAB 2021a simulator on a desktop with Intel
Core™ i7-2600 Processor (8M Cache, up to 3.80 GHz),
32 GB of RAM DDR4 and 64-bit Windows 10. We use
various evaluation metrics to demonstrate the supe-
riority of the proposed algorithm, for example, NMI,
Adjusted Rand Index (ARI), accuracy and running
time.

4.1. Datasets

In order to evaluate the proposed algorithm in com-
parison with other existing clustering methods, several
different datasets from the UCI machine learning

Table 2. Details of datasets used in the experiments.

Number of
Dataset name  Number of objects ~ Number of features classes
Iris 150 4 3
Wine 178 13 3
BNG Spect 1000000 23 2
Voice_9 428 10 9
Road Safety 363243 67 2
Glass 214 9 6
BNG Vote 131071 17 2
Thyroid 215 5 3
Secom 1567 590 2
Waveform 5000 21 3

repository have been used. Table 2 shows the charac-
teristics of these datasets.

4.2. Discussion and comparisons

This section is related to the evaluation and validation
of the proposed algorithm in terms of different perfor-
mance metrics. We compare the proposed algorithm
based on NMI, ARI, accuracy and running time with
some equivalent methods such as TSSEC [15], Semi-
MultiCons [16], SDL [17] and MCEMS [18].

The accuracy of the proposed algorithm in clus-
tering compared to the existing methods is shown in
Figure 2. The proposed algorithm and each of the meth-
ods are compared in a subplot. The results show the
superiority of the proposed algorithm in most of the
datasets. The proposed algorithm outperforms TSSEC
and MCEMS in all datasets. The average superiority
over all datasets is reported as 13.41% and 15.18%,
respectively. Compared to SDL, the proposed algorithm
has absolute superiority in all datasets except Voice_9
and Secom. The accuracy results show that on aver-
age the proposed algorithm is more than 6.5% superior
to the SDL method. As illustrated, the results of the
proposed algorithm are competitive compared to Semi-
MultiCons. However, the proposed algorithm provides
an average of 3.34% better accuracy than this method.

Table 3 shows the average performance calculated
by the ARI metric through the standard deviation.
These results for the NMI metric are reported in
Table 4. Meanwhile, the runtime for each method is
reported in Table 5. The bold results in these tables
represent the best values for each method. The results
clearly prove the better performance of the proposed
algorithm. As illustrated, the results of the proposed
algorithm are better compared to existing methods on
large-scale datasets. This is clearly evident when look-
ing at the results associated with the BNG Spect and
BNG Vote datasets. Compared to TSSEC, MCEMS,
SDL and Semi-MultiCons, the proposed algorithm is
superior in ARI metric by 20.49%, 12.68%, 8.75% and
1.69%, respectively. This superiority for NMI metric is
reported as 7.97%, 11.27%, 4.39% and 1.76%, respec-
tively. In terms of runtime, the proposed algorithm has
the least complexity on average.
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Figure 2. Comparison of different methods based on clustering accuracy.

Table 3. ARl results for different methods.

Dataset name TSSEC MCEMS SDL Semi-MultiCons Proposed algorithm
Iris 0.8869 4 0.024 0.8838 +0.057 0.8992 4+ 0.065 0.9084 + 0.000 0.8983 4 0.002
Wine 0.2574 4+0.029 0.2841 4 0.031 0.2913 +0.070 0.3273 +0.054 0.3447 +0.017
BNG Spect 0.2367 +0.063 0.386140.023 0.4951 +0.007 0.5121 £ 0.068 0.5454 £ 0.060
Voice_9 0.3422 +0.079 0.4298 +0.038 0.4123 +0.004 0.4327 £0.031 0.4596 + 0.047
Road Safety 0.6748 +0.025 0.6957 £ 0.035 0.5247 +0.018 0.8005 + 0.007 0.7461 +0.027
Glass 0.5220 4+ 0.063 0.5309 +0.075 0.6155 4 0.060 0.5820 + 0.054 0.5681 4+ 0.031
BNG Vote 0.5639 +0.047 0.5945 +0.022 0.6831+0.072 0.7129+£0.014 0.7317 +0.026
Thyroid 0.7369 +0.058 0.7109 + 0.025 0.7511+£0.017 0.7487 £0.013 0.7902 +0.019
Secom 0.7918 & 0.064 0.7576 £ 0.072 0.8513 £ 0.003 0.8742 4 0.043 0.9081 + 0.015
Waveform 0.3230+0.017 0.4319 £ 0.048 0.3880 = 0.002 0.4233 4 0.037 0.4366 + 0.072
Table 4. NMl results for different methods.

Dataset name TSSEC MCEMS SDL Semi-MultiCons Proposed algorithm
Iris 0.7854 +0.022 0.7865 +0.016 0.7973 +0.074 0.7931 4+ 0.073 0.7988 + 0.003
Wine 0.4509 4 0.060 0.323540.022 0.4596 +0.073 0.5004 + 0.051 0.5002 +0.043
BNG Spect 0.3317+0.033 0.3292 4+ 0.000 0.3317+£0.013 0.3457 £ 0.051 0.3631+0.075
Voice_9 0.4235 +0.008 0.4290 + 0.075 0.4349 + 0.004 0.4356 + 0.056 0.4724 £ 0.006
Road Safety 0.7724 +0.041 0.7625 4+ 0.047 0.8089 + 0.006 0.7756 + 0.057 0.7854 4+ 0.040
Glass 0.5219 4+ 0.031 0.5158 +0.044 0.5307 +0.052 0.5657 +0.036 0.5733 4+ 0.058
BNG Vote 0.5878 +0.062 0.5908 + 0.041 0.5998 + 0.065 0.6376 + 0.056 0.6611 4 0.033
Thyroid 0.7371 +0.052 0.7289 + 0.064 0.7489 +0.030 0.7693 + 0.073 0.7678 +0.030
Secom 0.7813 4+ 0.064 0.7518 £0.033 0.8561 4+ 0.007 0.8704 +0.073 0.8860 +- 0.029
Waveform 0.4187 +0.037 0.4204 4+ 0.022 0.4422 +0.069 0.4723 £+ 0.063 0.4660 + 0.030
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Table 5. Running time (s) results for different methods.

Dataset name TSSEC MCEMS SDL Semi-MultiCons Proposed algorithm
Iris 4.80+2.21 4.74+£1.06 523+1.64 4.36+1.33 462+1.43
Wine 524+£247 4.85+1.57 6.37£2.13 4.11+1.44 4.07 +£1.01
BNG Spect 905.28 +41.16 885.67 +25.77 915.21 +36.20 865.34 +19.99 846.45 +22.94
Voice_9 228.68 + 14.51 225.144+9.03 216.00 +10.74 241.35+6.37 218.07 +7.87
Road Safety 834.32£40.40 828.37 £34.23 883.28 +£31.23 785.36 +29.36 816.46 + 34.44
Glass 157.93 +£11.89 15742 +7.63 169.83 £8.56 156.40 +5.02 146.02 +6.14
BNG Vote 570.05 & 38.90 560.47 +34.41 577.54 +28.37 562.56 4+ 23.70 541.32 + 18.66
Thyroid 3448 +6.16 32.70+6.39 34.851+4.29 34.10+233 29.16 + 3.02
Secom 91.894+7.90 90.73+7.42 90.41+5.32 93.36 +5.60 88.341+4.26
Waveform 429.29 +17.47 423.10 £ 15.11 441.76 +18.02 410.73 +14.06 416.81+13.84

5. Conclusions

In this paper, we developed AHC-based ensemble clus-
tering inspired by SSL. Here, we develop a flexible
weighting mechanism that can describe the consistency
between semi-supervised clustering methods used to
generate base partitions. Also, we presented a new
membership similarity measure to calculate the similar-
ity between objects that uses the results from evaluating
clusters and partitions simultaneously. Evaluations on
some datasets from the UCI repository show that the
proposed algorithm is significantly superior compared
to equivalent methods. This superiority exists in many
performance metrics such as NMI, ARI and accuracy.
For future work, we develop the proposed algorithm for
modelling to avoid reassembling the entire dataset in
each run.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This work was supported by the Natural Science Founda-
tion of Jiangsu Province under Grant BK20180209. Nat-
ural Science Foundation of the Jiangsu Higher Education
Institutions of China under Grant 18KJD520004. Research
Funds of Suzhou Vocational Institute of Industrial Technol-
ogy 2019kyqd018.

References

[1] Casas P, Mazel J, Owezarski P. MINETRAC: min-
ing flows for unsupervised analysis & semi-supervised
classification. In: 2011 23rd International Teletraffic
Congress (ITC). IEEE; 2011, September. p. 87-94.

[2] Adiyeke E, Baydogan MG. Semi-supervised exten-
sions of multi-task tree ensembles. Pattern Recognit.
2022;123:108393.

[3] Yang T, Pasquier N, Precioso E Ensemble clustering
based semi-supervised learning for revenue account-
ing workflow management. In: DATA. 2020, July.
p. 283-293.

[4] He Y, Chang XH, Wang H, et al. Command-filtered
adaptive fuzzy control for switched MIMO nonlinear
systems with unknown dead zones and full state con-
straints. Int J Fuzzy. 2022. DOI: 10.1007/s40815-022-
01384-y.

[5] Zhou J, Zhu SE Huang X, et al. Enhancing time series
clustering by incorporating multiple distance measures

with semi-supervised learning. ] Comput Sci Technol.
2015;30(4):859-873.

[6] Mahmood A, Li T, Yang Y, et al. Semi-supervised evolu-
tionary ensembles for web video categorization. Knowl
Based Syst. 2015;76:53-66.

[7] Cao C, Wang J, Kwok D, et al. webTWAS: a resource
for disease candidate susceptibility genes identified by
transcriptome-wide association study. Nucleic Acids
Res. 2022;50(D1):D1123-D1130.

[8] Fang Q, Liu X, Zeng K, et al. Centrifuge modelling
of tunnelling below existing twin tunnels with differ-
ent types of support. Underground Space. 2022;7(6):
1125-1138.

[9] LiP, Yang M, Wu Q. Confidence interval based distribu-
tionally robust real-time economic dispatch approach
considering wind power accommodation risk. IEEE
Trans Sustain Energy. 2021;12(1):58-69.

[10] Tan J, Liu L, Li E, et al. Screening of endocrine dis-
rupting potential of surface waters via an affinity-
based biosensor in a rural community in the Yellow
River basin, China. Environ Sci Technol. 2022;56(20):
14350-14360.

[11] Cheng F Liang H, Wang H, et al. Adaptive neu-
ral self-triggered bipartite fault-tolerant control for
nonlinear MASs With dead-zone constraints. IEEE
Trans Autom Sci Eng. 2022. DOI: 10.1109/TASE.2022.
3184022.

[12] Zhang H, Wang H, Niu B, et al. Sliding-mode surface-
based adaptive actor-critic optimal control for switched
nonlinear systems with average dwell time. Inf Sci (Ny).
2021;580:756-774.

[13] Tang E Niu B, Zong G, et al. Periodic event-triggered
adaptive tracking control design for nonlinear discrete-
time systems via reinforcement learning. Neural Netw.
2022;154:43-55.

[14] Li T, Rezaeipanah A, El Din EMT. An ensemble
agglomerative hierarchical clustering algorithm based
on clusters clustering technique and the novel similar-
ity measurement. ] King Saud Univ Comput Inform Sci.
2022;34(6):3828-3842.

[15] Zhang D, Yang Y, Qiu H. Two-stage semi-supervised
clustering ensemble framework based on constraint
weight. Int ] Mach Learn Cybernet. 2022;14:567-586.

[16] Yang T, Pasquier N, Precioso E Semi-supervised con-
sensus clustering based on closed patterns. Knowl Based
Syst. 2022;235:107599.

[17] Kadhim MR, Zhou G, Tian W. A novel self-directed
learning framework for cluster ensemble. ] King Saud
Univ Comput Inform Sci. 2022;34(10):7841-7855.

[18] Li Y, Niu B, Zong G, et al. Command filter-based
adaptive neural finite-time control for stochastic non-
linear systems with time-varying full-state constraints
and asymmetric input saturation. Int J Syst Sci.
2022;53(1):199-221.


https://doi.org/10.1007/s40815-022-01384-y
https://doi.org/10.1109/TASE.2022.3184022

(19]

(20]

(21]

(22]

Zhang H, Zhao X, Zong G, et al. Fully distributed

consensus of switched heterogeneous nonlinear multi-

agent systems with Bouc-Wen hysteresis input. IEEE

Trans Netw Sci Eng. 2022;9(6):4198-4208.

Zhang H, Zou Q, Ju Y, et al. Distance-based support vec-

tor machine to predict DNA N6-methyladenine modi-

fication. Curr Bioinf. 2022;17(5):473-482.

Liu Z, Zheng Z, Sudhoff SD, et al. Reduction of
common-mode voltage in multiphase two-level inverters
using SPWM with phase-shifted carriers. IEEE Trans

Power Electron. 2016;31(9):6631-6645.

Seldin Y, Tishby N. PAC-Bayesian Analysis of Co-

clustering and beyond. ] Mach Learn Res. 2010;11(12):

3595-3646.

(23]

(24]

(25]

AUTOMATIKA 771

Huang M, Chen Y, Liu J, et al. A large margin
nearest cluster metric based semisupervised clustering
algorithm for brain fibers. In: The 2014 5th interna-
tional conference on game theory for networks. IEEE;
2014, November. p. 1-5.

Si Z, Yang M, Yu Y, et al. Photovoltaic power forecast
based on satellite images considering effects of solar
position. Appl Energy. 2021;302:117514.

Wang M, Yang M, Fang Z, et al. A practical feeder plan-
ning model for urban distribution system. IEEE Trans
Power Syst. 2022. DOI: 10.1109/TPWRS.2022.3170933.


https://doi.org/10.1109/TPWRS.2022.3170933

	1. Introduction
	2. Related works
	3. Proposed algorithm
	3.1. System model
	3.2. Semi-supervised AHC clustering based on pairwise constraints
	3.3. Semi-supervised AHC clustering based on metric constraints
	3.4. Weighing mechanism

	4. Results and discussion
	4.1. Datasets
	4.2. Discussion and comparisons

	5. Conclusions
	Disclosure statement
	Funding
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.90
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.90
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


