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Abstract: Deep Fuzzy C-Means algorithm is applied to decide the hidden structure in the data set. It is commonly utilized when data 

limits are not characterized, and additional boundaries are expected to reduce the statistical closeness. In this paper, we propose a semi-

supervised deep fuzzy C-Means algorithm that accommodates this elusiveness. It applies to a machine learning strategy that depends on 

algorithmic stream for dynamic data. With statistical data gave as a collection of numerical data set of two classes, in particular, named 

and unlabeled, the semi-supervised deep fuzzy c-means clustering gives a comparison and answer for a given data set. The clustering 

approach sees enrollment functions for fuzziness. The proposed structure for semi-supervised data set finds supervised data and isolates 

it from unsupervised data. Here, the expression "deep" characterizes the closeness in ℜ2space, which is utilized to improve precision 

along with the centers.  
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_________________________________________________________________________________________________________

INTRODUCTION 

These days semi-supervised learning is a significant research 

zone. With more modest formative time cycle, reusability and 

recoding are significant concerns. The nature of a product and 

its improvement is the course of events and consistency 

subordinate. Clustering is one of the most mainstream 

techniques utilized in data investigation. There are two principal 

approaches for clustering methods, hierarchical clustering and 

segment clustering. Partitional clustering is commonly utilized 

over the hierarchical clustering technique. Parceling clustering 

is additionally isolated into hard and soft clustering. The k-

means clustering is the most common illustration of the hard 

clustering algorithm, and Fuzzy C-Means clustering (FCM) is 

the most common illustration of the soft clustering algorithm 

[1].Supervised learning is a process of processing data 

dependent on labels such as named and unlabeled. These labels 

help in supervised, figuring out how to give a connection 

between input and output sets. Unsupervised learning is a 

process of understanding, the capacity to a function to clarify the 

concealed structure and separate the unlabeled data in various 

classes. In semi-supervised learning, both named and unlabeled 

data sets are considered to assemble more suitable learning 

algorithm [2]. 

 

Figure 1: Deep Fuzzy C-Mean algorithm based Semi-

supervised Learning 

Unsupervised clustering can extensively be done in three stages: 

initialization, constraint the delicate assignment of instances to 

clusters, and iterative distance learning and  In this paper, we 

propose a system for a semi-supervised deep fuzzy c-mean 

algorithm and consider two classes, to be specifically marked 

and unlabeled data[3].  The performance of our algorithm is 

essential when we have disproportional inspecting among 

marked and unlabeled data. Semi-supervised processing for 

statistical inferences is inductive; that is, a function is applied to 
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a bunch of data set depending on the other's characteristics. The 

named data clusters are utilized as training data for 

acknowledging highlights regarding enrollment esteems, 

objective function, and centers got from𝐹𝐶𝑀. At that point, the 

algorithm moves the unlabeled data to marked data relying upon 

the vicinity data between the centres [4]. 

I. SEMI-SUPERVISED DEEP FUZZY C-MEAN 

CLUSTERING 

The point of our investigation is to give a practical and data 

fitting approach and propose a system in semi-supervised data 

for predicting named data from unlabeled data by the deep fuzzy 

c-mean algorithm according to a threshold. Here, "deep" is a 

metric used to increase precision. Utilizing "profundity" as a 

stage, an ideal distance in ℜ2 space gives a proportion of 

precision—these distance metric aides in reducing the fuzziness 

found in any case crude dataset [5]. Subsequently, deep has an 

additional level of vicinity alongside computed centers and a one 

of a kind gathering of clusters is resolved. 

Deep Fuzzy C-Mean Algorithm 

Input: 

Let Y ={Y1,Y2,…Yn}∈ Rd 

Yis the set of n data points with d features Let L={Y1, Y2,….Yk} 

be the set of k data points of labelled data and UL={ Yk+1, 

Yk+2,…Yn}be the set of (n-k) data points of unlabeled data[6]. 

Output: Predicted labeled data set from the unlabeled data set. 

Preprocessing 

Considering that all highlights' estimations are not in a similar 

significant degree, we play out the data normalization by 

utilizing the min-max technique to do the normalization [7]. It 

maps all qualities to values in the interval [0, 1]. Given a 

component𝑓, we indicate the least and most powerful incentive 

for min (𝑓𝑖) and max (𝑓𝑖). Let𝑓𝑖 us are the component of 𝑦𝑖the ith 

data point, and the standardized worth is computed as 

𝑦𝑖 =
𝑥𝑖 −min⁡(𝑓𝑖)

max(𝑓𝑖) − min(𝑓𝑖)
 

Accept there are two sets of cluster centres. One for labeled data 

is given as VL= { 𝑉𝐿1,⁡𝑉𝐿2,….𝑉𝐿𝑐} &one for unlabeled data is given 

as VuL= { 𝑉𝑈𝐿1,⁡𝑉𝑈𝐿2,….𝑉𝑈𝐿𝑐}, where cluster centre VJ being the 

standard estimation of each cluster for both label and unlabeled 

data [8]. 

 

Accuracy Rate 

Deep Fuzzy C-Mean (DFCM) results compare semi supervised 

data prediction with supervised data prediction. We compute the 

accuracy level used to accomplish an equivalence to become 

supervised data. We utilize labeled, and unlabeled data in our 

trial, each with a fixed number of clusters common to both 

focusing on the unlabeled data moved to labeled, given the fcm. 

In our research, the unlabeled data is predicted such that 

unlabeled data is closed to the standard estimation of the labeled 

data and difference of the centres of labeled and unlabeled data 

[9]. 

II. EXPERIMENT RESULTS  

Data Preparation 

To confirm our algorithm's clustering performance (DFCM) on 

two UCI datasets Iris and Wine are utilized to test the trial. All 

data set with 10%, 20%, 30% and 40% labeled data and contains 

two classes labeled and unlabeled. The moving threshold𝜏, 

changes from 0.2 to 0.5, in light of the comparison refreshing the 

labelled data and the level of fuzziness m=2. 

Design and Analysis 

Utilizing the DFCM clustering algorithm, we partition the data 

points of labeled and unlabeled data from iris and wine data sets. 

The objective function's convergence is tried to exhibit the most 

extreme number of clusters moved from unlabeled to the labeled 

data pool. We choose iris also, wine data sets with a proportion 

of labeled data 10% to 40% in our investigation. We are isolating 

two gathering labeled and unlabeled classes, each with a bunch 

of standard highlights. After normalizing these highlights, 

computing two sets of cluster centers of labeled, unlabeled data 

centers for assessing the clusters closeness utilizing fcm is 

performed and results in two participation matrices 𝜇𝐿and 𝜇𝑈𝐿. 

 

 

 

 

 

 

 

Figure 2: Iteratively updating cluster centers (Iris and Wine 

Dataset) 
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Euclidean distance metric between the cluster centers of labeled 

and unlabeled data is computed. From the chosen cluster record, 

the average estimation of the standardized unlabeled data is 

calculated. On the off chance that the regular worth and 

standardized unlabeled esteem is less at that point⁡𝜇, these 

renormalized unlabeled qualities are moved to the labeled 

dataset [10]. This computation for variety in data percentages, 

10% to 40%, is utilized to compare our algorithm's consistency 

proportion. 

Time Complexity 

Our algorithm's dependency as far as time shifts with the number 

of clusters and the constraint for each preliminary run is 

discussed. Here we follow the generic documentation (n), where 

n is the quantity of data set. Likewise, Big-Oh addresses 

efficiency measure for clustering for moving unlabeled data to 

the labeled data set. Time complexity relies upon the number of 

data, kind of data and the technique for collecting data [11]. This 

proportion of time complexity is taken by calculating the number 

of rudimentary tasks performed. 

 

Figure 3: Time verses, with objective threshold 

In the Iris data set, in figure 3, the time is taken to predict labeled 

data increases with the increase in the proportion of labeled data; 

the time taken is sensible and reaches consistent esteem. The 

dependency on the pace of labeled data ε and τ given the increase 

in cluster numbers, its conduct is unique concerning iris data set 

[12]. 

Space Complexity 

The requirement of memory for putting away the significant 

characteristics of our data is that this gives a gauge of putting 

away highlights of critical data for genetic characterization. 

Comparisons of the space complexity of two datasets appear in 

figure 4.  

 

Figure 4: Space Complexity of Iris and Wine datasets 

The computational complexity is data ward. Hence, to change 

these recognizable boundaries, we consider cluster size, 

cancroids or centers for the clusters, data points for clusters' 

choice, the underlying incentive as far as standardized data, and 

choice of cluster dependent on Euclidean metric [13]. 

III. CONCLUSION 

Clustering algorithm with a nearness measure as far as Euclidean 

distance. This profundity gives a secondary level for reducing 

the fuzziness and matching the labeled and unlabeled closeness. 

The precision improvement by DFCM likewise shows our 

results on semi-supervised data in comparison with past 

examinations. Along these lines, semi-supervised clustering 

improves the performance of supervised and unsupervised 

clustering. It gives a more extraordinary level of opportunity 

with a distance metric for improving precision and better 

accuracy. With a significant boundary such as distance, the 

elective measure can be utilized. For instance, Mahalanobis and 

escape probabilities give fitting closeness decision. The current 

estimations of the objective threshold can shift the convergence 

rate and restrict the unlabeled data development into labeled data 

relying upon the case. Our future work includes preliminary runs 

on various datasets alongside varieties in class or cluster 

numbers. 
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