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Abstract 

In this paper, we study image clustering without labeling using machine learning techniques. We proposed an 

unsupervised machine learning technique to design an image clustering model that automatically categorizes 

images into groups. Our experiment focused on inception convolutional neural networks (inception V3) with k-

mean methods to cluster images. For this, we collect the public datasets containing Food-K5, Flowers, 

Handwritten Digit, Cats-dogs, and our dataset Rice Germination, and the owner dataset Palm print. Our 

experiment can expand into three-part; First, format all the images to un-label and move to whole datasets. Second, 

load dataset into the inception V3 extraction image features and transferred to the k-mean cluster group hold on six 

classes. Lastly, evaluate modeling accuracy using the confusion matrix base on precision, recall, F1 to analyze. In 

this our methods, we can get the results as 1) Handwritten Digit (precision = 1.000, recall = 1.000, F1 = 1.00), 2) 

Food-K5 (precision = 0.975, recall = 0.945, F1 = 0.96), 3) Palm print (precision = 1.000, recall = 0.999, F1      

= 1.00), 4) Cats-dogs (precision = 0.997, recall = 0.475, F1 = 0.64), 5) Flowers (precision = 0.610, recall = 0.982, 

F1 = 0.75), and our dataset 6) Rice Germination (precision = 0.997, recall = 0.943, F1 = 0.97). Our experiment 

showed that modeling could get an accuracy rate of 0.8908; the outcomes state that the proposed model is 

strongest enough to differentiate the different images and classify them into clusters. 

 

1. Introduction 

Nowadays, artificial intelligence (AI) is becoming more 

powerful and highly efficient than in the past [1]. Machine 

learning (ML) and deep learning (DL) are subsections of AI 

and are very popular in the areas. Many fields using AI, such 

as industries, medical, agricultural, educational, and so on. 

AI is used to improve the productivity and to reduce the cost. 

These are the parts mentioned assume to study AI technology. 

This research applies unsupervised learning methods to 

cluster images without labeling. To begin with, we collected 

the public datasets that are Handwritten Digit, Food-K5, 

Cats-dogs, Flowers, [2], owner Palm print dataset [3], and 

our dataset Rice Germination [4] of different images. Each 

dataset contains images with different colors, textures, and 

shape features without labeling [5]. Then we applied the 

Inception V3 with the K-means method [6] [7] [8] to cluster 

images. Finally, the model is evaluated, and the performance 

is measured regarding the precision, recall, and F1 to 

measure the accuracy using a confusion matrix. 

The remaining of the paper is organized as follows. 

Section 2-3 reviews the related works and methods used in 

clustering methods, discusses the proposed unsupervised 

learning method in image clustering. The performance 

evaluation is analyzed in Section 4. The concluding remarks 

are given in Section 5. 

 

2. Preliminaries 

2.1 K-means Algorithm 

Most of the clustering techniques proposed are simple 

methods of clustering. The methods choose either K data 

points in the datasets either manually or randomly partition 

the data points into K subsets. More sophisticated methods 

such as density-based initialization, intelligent initialization, 

and farthest first initialization pick the center point randomly 

and add more center points next most distant from the 

existing ones. The K-means clustering method partitions the 

data points into K clusters. The example of K-means 

clustering with K = 1 on a set of points is illustrated in Figure 

1. The clusters are initialized by randomly selecting two 

points as centers [9]. 
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(Figure 1) (a) Initialization, (b) Re-assignment. 
 

The objective function of K-means is to minimize the sum of 

pairwise Euclidean distances of the points in clusters. The 

steps of the clustering process are as follows: 

 

 Choose K centroids randomly. 

 Calculate the Euclidean distance of each point to the 

centroids. 

 Assign each point to the closest centroid. 

 Update each cluster center by the mean distance of all 

points in the cluster. 

 Repeat the second and third steps until they converge 

[10] all points. 
 

2.2 Inception v3 

The GoogLeNet network is a CNN that was developed by 

Google teams in 2014. There are adopt the Inception network 

structure in a new way to reduces the amount of network 

parameters and increases the network depth. Culminate in 

this architecture is widely used in image classification tasks. 

As a set of the GoogLeNet network is the Inception network 

structure, the GoogLeNet network is called the Inception 

network. There are many versions of GoogLeNet, separate 

the groups as Inception v1 (2014), Inception v2 (2015), 

Inception v3 (2015), Inception v4 (2016), and Inception-

ResNet (2016). the Inception architecture is a module that 

typically has three types different sizes of convolution and 

one maximum pooling. In the previous layer for the network 

output, the channel is aggregated after the convolution 

operation, after that the nonlinear fusion is performed. This 

architecture presents the expression of the network and the 

adaptability to different scales can be improved, and over-

fitting can be prevented. the inception network structure is 

shown in figure 2 and the example of Inception v3 network 

architecture is shown in figure 3 [11]. 
 

 
 

(Figure 2) Inception network structure [11]. 

 
 

(Figure 3) Inception V3 network structure [11]. 
 

2.3 Evaluation Metrics 

In this experiment, we used the confusion matrix to 

evaluate the performance of the proposed model. In the 

evaluation, Precision, Recall, and F-measure metrics were 

considered. The confusion matrix is a two-dimensional array 

that contains the results of actual and predicted classes and 

explains how the clustering of new samples is performed. 

The confusion matrix can be used for multi-class clustering. 

Figure 4 shows an example of a multi-class confusion matrix 

where the attributes {C1, …, Cn} are the number of samples 

that are classified as class Cj but belong to class Ci. The best 

clustering will have zero value in non-diagonal entries. the 

confusion matrix is shown in Figure 4. 
 

 
 

(Figure 4) Confusion matrix. 
 

Single-class metrics are evaluated for every class and are 

less sophisticated to class imbalance. Therefore, it is more 

suited to evaluate clusters in skew data domains. The single-

class metrics are detailed as below: 

Precision metric measures correctly classified positive 

class samples using Eq. (1). Recall measures the percentage 

of identified all actual positive samples derived in Eq. (2). 

And F-measures derived in Eq. (3). are used to analyze the 

intuitive trade-off between precision and recall so that the 

constraint can be adjusted. 
 

 
 

Multi-class can be computed globally over all classes, and 

its elements (Precision and Recall) are obtained by summing 

over all classes. While macro-average can be obtained from 

each class locally and averaging those, a single value can be 

computed as an F-measure value in the whole classes [12]. 
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(Figure 5) Sample dataset. 

 

3. Proposed Method 

3.1 Collect the dataset 

We collect the public dataset consisting of four public 

datasets and one owner dataset and one of our datasets, 

enumerate that is respectively Handwritten Digit, Food-K5 

(foods), Palm print, Cats-Dogs, Flowers, and Rice 

Geminations. We randomly 1,250 images shown in table 1. 

and visualize the whole dataset shown in figure 5. 

<Table 1> Collection datasets. 

No. Name Amount/Class Amount/images 

1 Handwritten Digit 10 1,250 

2 Food-K5 (foods) 1 1,250 

3 Palm print 100 1,250 

4 Cats-Dogs 2 1,250 

5 Flowers 5 1,250 

6 Rice Geminations 2 1,250 

Total 7,500 
 

3.2 Overall our methods 

We randomly selected 1,250 images in each class and 

then combined all of the images composed into a whole 

dataset. After that, we converted it into unification labeling, 

then loaded whole datasets into the inception V3 architecture 

extraction feature priors feed to the K-means clustering. In 

this case, we assign the K cluster to six classes, and overall, 

our methods are shown in figure 6. 
 

 
(Figure 6) Procedure pipeline. 

4. Experiments 

In this experiment, the inception V3 architecture with the 

K-means method can cluster the images into class, as shown 

in Figures 7-9. 
 

 

(a) (b) 
 

(Figure 7) (a) Class Handwritten Digit and (b) Class Food-K5. 
 

 

(c) (d) 
 

(Figure 8) (c) Class Palm print and (d) Class Cats-Dogs. 
 

 

(e) (f) 
 

(Figure 9) (e) Class Flowers and (f) Class Rice Geminations. 

 

This step measures the performance of the model using 

the precision, recall, and F1 or F-measure in the confusion 

matrix to analyze the modeling. Comparison of each class 

accuracy between class, Handwritten Digit, Food-K5 (foods), 

Palm print, Cats-Dogs, Flowers, and Rice Geminations is 

shown in Table 2. 
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<Table 2> The results of precision, recall, and F1. 
 

 

 

After we can get the result mentioned above, each class can 

use the confusion matrix analysis of the accuracy of all 

dataset, the confusion matrix is shown in Figure 10. 
 

 
 

(Figure 10) Confusion Matrix Measures. 
 

In this our methods, we can get the results as 1) Handwritten 

Digit (precision = 1.000, recall = 1.000, F1 = 1.00), 2) Food-K5 

(precision = 0.975, recall = 0.945, F1 = 0.96), 3) Palm print 

(precision = 1.000, recall = 0.999, F1 = 1.00), 4) Cats-dogs 

(precision = 0.997, recall = 0.475, F1 = 0.64), 5) Flowers 

(precision = 0.610, recall = 0.982, F1 = 0.75), and our dataset 6) 

Rice Germination (precision = 0.997, recall = 0.943, F1 = 0.97). 

The result of our experiment showed that modeling can get 

the accuracy rate of 0.8908. 

However, the modeling mistake is 0.1092 to clustering 

true class, limited to decision and classification to the actual 

class., Some example of failure cases is shown Figure 11. 
 

 
 

(Figure 11) Failure images in the class. 

 

5. Conclusion 

In conclusion, we proposed a model which can 

differentiate different images and cluster similar images into 

the same class with an accuracy of 0.8908. However, in the 

case of Cats-Dogs grouping, the Inception V3 construction 

with K-means clustering was not successful. Hence, in the 

next experiment, we need to improve the modeling with new 

methods to increase accuracy, such as using VGG16 or 

another deep neural network architecture with K-means 

methods to enhance its clustering accuracy efficiency. 
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