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Abstract: Traditionally, a variety of unsupervised methods have been used for analyzing remotely-
sensed imagery. Although popular clustering techniques such as K-means, Mini-Batch K-means, and 
Fuzzy C-means are widely applied, their classification accuracy is often limited. This study proposes a 
new clustering method, called Multi-Criteria Mean Clustering (MCMC), to classify and extract forest 
areas from remote sensing images. The proposed method is based on a multi-criteria optimization 
framework, and leverages Pareto-optimal solutions arising from multiple clustering objectives. We show 
that K-means and Mini-Batch K-means can be viewed as specific instances of the proposed MCMC 
approach. For experimental evaluation, Root Mean Square Error (RMSE), Structural Similarity Index 
(SSIM), Overall Accuracy (OA), and Intersection over Union (IU) were used to assess performance. 
The results demonstrate that the proposed MCMC method provides more accurate and reliable 
classification, achieving lower RMSE, higher SSIM, higher OA, and higher IU compared to 
conventional clustering techniques. The study area is Bogd Khan Mountain, located in Central 
Mongolia, on the southern fringes of Ulaanbaatar. Sentinel-2B remote sensing data were employed for 
this research, and all computational experiments were conducted in Python Jupyter Notebook. 
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INTRODUCTION
Currently, researchers around the world are 
actively applying the latest advancements in 
remote sensing technology in various fields 
of study. Through automatic interpretation 
of remotely sensed images and advanced 
knowledge-based techniques, thematic 
results are generated and used for a variety 
of scientific purposes. A vast amount of 
remote sensing data, including optical, 
hyperspectral, and synthetic aperture radar 

(SAR) data, has been produced and is 
increasingly applied across different 
scientific domains. These data are 
particularly valuable for environmental and 
natural resource management. The diversity 
of research objectives and the unique 
characteristics of remote sensing data have 
led to the application of a wide range of 
machine-learning and signal-processing 
algorithms [1].
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The statistical characterization of remote 
sensing imagery is challenging due to the 
high dimensionality of pixel data, the 
presence of various noise sources and 
uncertainties, the inherent nonlinear nature 
of the data, and high spatial and spectral 
redundancies [1]. Machine-learning has 
been successfully applied in remote sensing 
for classification, regression, clustering, 
coding, and source separation tasks [1]. 
Despite the availability of automated 
techniques for satellite data processing, 
many applications still require manual 
intervention and human expertise for 
decision-making. Artificial intelligence and 
machine-learning techniques aim to address 
these challenges by enabling computational 
processes to function in a manner similar to 
human reasoning [2]. 

Clustering, also known as cluster 
analysis, has become an important 
machine-learning technique for discovering 
natural groupings within observed data [3], 
[4]. It serves as a powerful tool for pattern 
discovery, data organization, and gaining 
insight into the inherent structure of 
datasets. In remote sensing, clustering is 

commonly used for grouping similar pixels 
or objects in satellite or aerial imagery, 
helping to identify patterns, regions of 
interest, and distinguish different land-
cover or land-use types. Data clustering 
involves identifying natural groupings or 
clusters within multidimensional data based 
on similarity measures, such as Euclidean, 
Manhattan, or Minkowski distance [5], [6], 
[7], [8]. Clustering methods are widely 
applied across many fields, including 
pattern recognition [9], [10], image 
segmentation [11], [12], [13], vector and 
color image quantization [14], [15], [16], 
and data mining [17], [18]. The choice of a 
clustering method depends on the 
characteristics of the remote sensing data, 
such as the number and distribution of 
classes, as well as the spatial and spectral 
properties of the imagery. Among these 
methods, K-means is one of the most widely 
used clustering algorithms. It is extensively 
applied in data mining, image 
segmentation, and pattern recognition, 
where the primary objective is to group 
similar data points and uncover underlying 
patterns or structures within the data. 

 
The K-means clustering algorithm optimizes the following objective function: 
 

𝑱𝑱(𝑪𝑪) = ∑ ∑ �𝒙𝒙𝒊𝒊 − 𝒄𝒄𝒋𝒋�
𝟐𝟐
→ 𝒎𝒎𝒎𝒎𝒎𝒎𝒌𝒌

𝒋𝒋=𝟏𝟏
𝒏𝒏
𝒊𝒊=𝟏𝟏        (1) 

 
where xi, i =1,…,n,  are the data points, cj, 
j=1,…,k, are the cluster centroids, and ∥⋅∥ 
denotes the Euclidean distance. Despite its 
limitations, K-means is a computationally 
efficient and widely used clustering 
algorithm. It is particularly suitable for 
relatively well-structured datasets and is 
often employed as a baseline or starting 
point for more advanced clustering  

 
methods. 

Mini-Batch K-means is a variant of 
the traditional K-means algorithm that 
employs a stochastic optimization strategy 
by using randomly selected subsets (mini-
batches) of data to iteratively update the 
cluster centroids. The objective function of 
Mini-Batch K-means is a stochastic 
approximation of the original K-means 
objective and is defined as follows: 

 
𝑱𝑱(𝑪𝑪) = 𝟏𝟏

|𝑴𝑴|
∑ ∑ 𝒓𝒓𝒊𝒊𝒊𝒊𝒌𝒌

𝒋𝒋=𝟏𝟏𝒊𝒊∈𝑴𝑴 �𝒙𝒙𝒊𝒊 − 𝒄𝒄𝒋𝒋�
𝟐𝟐
→ 𝒎𝒎𝒎𝒎𝒎𝒎  (2) 

 
Here, M denotes a randomly 

selected mini-batch of data points, and 
∣M∣ is the size of the mini-batch. The 
variable rij is an indicator defined as: 
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𝒓𝒓𝒊𝒊𝒊𝒊 = �𝟏𝟏𝒙𝒙𝒊𝒊𝒊𝒊𝒊𝒊 𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂 𝒕𝒕𝒕𝒕 𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄 𝒋𝒋
𝟎𝟎 𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐 𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘

 
 
Fuzzy C-Means (FCM) is a 

clustering method that extends the 
classical K-means algorithm. It was 
introduced by James C. Bezdek [19], 
[20], following his significant 
contributions to pattern recognition and 

fuzzy systems. The objective function of 
FCM, which is minimized during the 
iterative optimization process, is 
expressed in terms of fuzzy membership 
values and cluster centroids as follows: 

 
𝑱𝑱𝒎𝒎(𝑪𝑪) = ∑ ∑ 𝒖𝒖𝒊𝒊𝒊𝒊𝒎𝒎�𝒙𝒙𝒊𝒊 − 𝒄𝒄𝒋𝒋�

𝟐𝟐
→ 𝒎𝒎𝒎𝒎𝒎𝒎𝒌𝒌

𝒋𝒋=𝟏𝟏
𝒏𝒏
𝒊𝒊=𝟏𝟏           (3) 

 
subject to the constraint: 

𝑱𝑱(𝑪𝑪) = �𝒖𝒖𝒊𝒊𝒊𝒊𝒎𝒎 = 𝟏𝟏,    𝒋𝒋 =
𝒌𝒌

𝒊𝒊=𝟏𝟏

𝟏𝟏,𝒏𝒏����� 

Here, m is a weighting exponent 
that controls the degree of fuzziness in 
the partition, and 𝐮𝐮𝐢𝐢𝐢𝐢𝐦𝐦 represents the 
membership degree of data point xi in 
cluster cj. Typically, m=2 is used in most 
applications. FCM has been widely 
applied in image processing, pattern 
recognition, and data mining, where soft 
clustering is advantageous for modeling 
uncertainty and overlapping data 
structures. In this paper, we propose a 
multi-criteria optimization-based 
clustering approach applied to Sentinel-
2B remote sensing imagery over selected 
forested areas of Bogd Khan Mountain, 
Central Mongolia. The results 
demonstrate that the proposed method 
outperforms traditional clustering 
approaches, including K-means, Mini-
Batch K-means, and Fuzzy C-Means. 

 
Multi-Criteria mean clustering 
(MCMC) 
 

The general formulation of 
clustering involves grouping a set of data 
points into subsets, or clusters, based on 
some similarity or proximity measure. 
Let X={x1,x2,…,xn}  be a set of n data 
points in a feature space, and let 
C={c1,c2,…,ck} be a set of k clusters. 
The term d(xi,cj), for i=1,…,n and 
j=1,…,k, represents the distance (e.g., 
Manhattan, Minkowski, Euclidean) or 
dissimilarity between a data point xi and 
a cluster centroid cj.  

The objective function J 
quantifies the quality of clustering and is 
optimized during the clustering process. 
It is commonly formulated as: 

 
𝑱𝑱𝒎𝒎(𝑪𝑪) = ∑ ∑ 𝒘𝒘𝒊𝒊𝒊𝒊

𝒌𝒌
𝒋𝒋=𝟏𝟏 𝒅𝒅(𝒙𝒙𝒊𝒊, 𝒄𝒄𝒋𝒋) → 𝒎𝒎𝒎𝒎𝒎𝒎𝒏𝒏

𝒊𝒊=𝟏𝟏        (4) 
 

where cj is the centroid of the j-th 
cluster, wij is a weight indicating the 
association of xi with cluster cj, and d(xi

,cj) is the distance between xi and cj. The 
clustering process involves finding the 
optimal assignment of data points to 
clusters in a way that minimizes the 
objective function. This is typically 

achieved through an iterative 
optimization procedure. We propose a 
clustering method based on a multi-
criteria optimization approach. Denote 
by C the set of points in a cluster. We 
introduce the following multi-criteria 
formulation in K-means clustering:
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𝝋𝝋𝒋𝒋(𝒄𝒄) = ∑ �𝒙𝒙𝒊𝒊 − 𝒄𝒄𝒋𝒋�
𝟐𝟐

,𝒏𝒏
𝒊𝒊=𝟏𝟏  𝒋𝒋 = 𝟏𝟏, … ,𝒌𝒌, 𝒄𝒄 ∈ 𝑪𝑪   (5) 

 
This formulation allows the 

clustering process to simultaneously 
consider multiple criteria, improving the 
robustness and quality of the resulting 
clusters. 

 
Definition: A point 𝒄𝒄∗ ∈ 𝑪𝑪 is called a 
Pareto optimal point of problem (5), if 
there is no other c ∈ C such that

 
𝝋𝝋𝒋𝒋(𝒄𝒄∗) ≤  𝝋𝝋𝒋𝒋(𝒄𝒄), 𝒋𝒋 = 𝟏𝟏, … ,𝒌𝒌,   

𝝋𝝋𝒋𝒋(𝒄𝒄∗) ≠  𝝋𝝋𝒋𝒋(𝒄𝒄),   𝝋𝝋 = (𝝋𝝋𝟏𝟏,𝝋𝝋𝟐𝟐, … ,𝝋𝝋𝒌𝒌) 
 

The concept of Pareto optimality 
is the primary notion of optimality in 
multi-objective optimization. A common 
approach for finding Pareto optimal 
solutions is the weighted sum method. 

Let αj>0 for j=1,…,k denote positive 
weights. Using these weights, we can 
formulate the following scalarized 
optimization problem corresponding to 
(5): 

 
𝐦𝐦𝐦𝐦𝐦𝐦
𝒄𝒄∈𝑪𝑪

𝑭𝑭(𝒄𝒄) =∑ 𝜶𝜶𝒋𝒋𝒌𝒌
𝒋𝒋=𝟏𝟏 𝝋𝝋𝒋𝒋(𝒄𝒄)     (6) 

 
The relationship between Pareto 

optimal solutions of the multi-objective 
problem and the solutions of this 
scalarized problem is given by the 
following assertion. 
Proposition: A solution 𝒄𝒄∗ to problem 
(6) is a Pareto optimal solution to 

problem (5). 
 
Proof: Let us assume c∗ is a solution to 
problem (6), but c∗ is not a Pareto 
optimal solution of problem (5). Then 
there exists a point 𝒄𝒄�∈ C and an index 
𝐣𝐣∈̅{1,2,…,k}, such that 

 
𝝋𝝋𝒋𝒋(𝒄𝒄�) ≥  𝝋𝝋𝒋𝒋(𝒄𝒄∗), 𝒋𝒋 = 𝟏𝟏, … ,𝒌𝒌,  

𝝋𝝋𝒋𝒋(𝒄𝒄�) > 𝝋𝝋𝒋𝒋(𝒄𝒄∗) 
 
By the definition of the scalarized objective function F(c), we have 

 
𝑭𝑭(𝒄𝒄∗)=∑ ∑ 𝜶𝜶𝒋𝒋�𝒙𝒙𝒊𝒊 − 𝒄𝒄𝒋𝒋∗�

𝟐𝟐
= ∑ 𝜶𝜶𝒋𝒋𝝋𝝋𝒋𝒋(𝒄𝒄∗) ≤ ∑ 𝜶𝜶𝒋𝒋𝝋𝝋𝒋𝒋(𝒄𝒄�)𝒌𝒌

𝒋𝒋=𝟏𝟏
𝒌𝒌
𝒋𝒋=𝟏𝟏

𝒏𝒏
𝒊𝒊=𝟏𝟏

𝒌𝒌
𝒋𝒋=𝟏𝟏 < ∑ �𝜶𝜶𝒋𝒋𝝋𝝋𝒋𝒋(𝒄𝒄�) +𝒌𝒌

𝒋𝒋=𝟏𝟏

𝜶𝜶𝒋𝒋𝝋𝝋𝒋𝒋̅(𝒄𝒄�)� =𝑭𝑭(𝒄𝒄�) 
 

which contradicts the assumption that c∗ 
is a solution to problem (6). Hence, c∗ 
must be a Pareto optimal solution of 
problem (5). Proof is completed. 

In the special case where αj=1 for 
all j, problem (6) reduces to the standard 
K-means clustering problem. The 
advantage of the multi-criteria 
optimization approach is that by 
selecting appropriate weights αj, the 
quality of clustering can be improved. 

For example, if in (6) we set 𝛂𝛂𝐣𝐣 =
𝟏𝟏

|𝐌𝐌|
∑ 𝐫𝐫𝐢𝐢𝐢𝐢𝐧𝐧
𝐢𝐢=𝟏𝟏 , the problem becomes 

equivalent to Mini-Batch K-means 
clustering. Similarly, Fuzzy C-means 
clustering can be regarded as a particular 
case of problem (6). In our numerical 
experiments, we considered k=2 clusters 
and set the weights as α1=0.7 and α2=0.3 
reflecting the relative importance of the 
two clustering criteria. 

https://doi.org/10.5564/pmas.v65i04.5236
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Test area and data  
 

The ground truth information 
was obtained through a forest inventory, 
which, by law, must be conducted for 
designated forest areas in Mongolia. In 
the study area, the inventory was 
conducted from 2013 to 2014, and the 
data analysis and processing were 
carried out by the Forest Division of the 
Ministry of Nature and Environment 
(MNE). Bogd Khan Mountain, one of 
Mongolia’s oldest protected areas, is 
located in Central Mongolia, south of 
Ulaanbaatar, the capital city (Figure 1). 
Historically, the mountain has been 
considered a sacred site by the 
Mongolian people. The area covers 
416.51 km², of which approximately 
55% consists of highly mixed forest 
types [21]. The mountain hosts 588 
species of higher plants, belonging to 
256 genera and 70 families. Among 
these, 135 species, such as Carex, 
Artemisia, and Oxytropis, from 11 major 
genera, account for 22.9% of all plant 

species distributed across the mountain. 
The elevation of the forest spans from 
1,400 m to 2,150 m above sea level and 
is classified into three sub-zones: 
mountain plateau, taiga, and taiga-type 
forests. Cedar and larch dominate the 
forest cover, with pine, birch, spruce, and 
poplar also present [22]. For this study, 
Sentinel-2B multispectral satellite 
imagery, acquired on 1 October 2023, 
was used. Figure 1 shows the Sentinel-
2B image of the test area. Sentinel-2B, 
part of the European Space Agency’s 
(ESA) Copernicus program, carries a 
Multi-Spectral Instrument (MSI) 
capturing imagery in 13 spectral bands.  

This satellite provides high-
quality, high-resolution Earth 
observation data essential for 
environmental monitoring, resource 
management, and scientific research. 
The data are widely used by researchers, 
scientists, and the public for applications 
that enhance understanding of Earth’s 
dynamics and environmental changes 
over time.

 

 

Figure 1.  Test Area. 
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RESULTS 
 

In the numerical experiments, the 
performance of the clustering methods 
was evaluated using Root Mean Square 
Error (RMSE), Structural Similarity  
 
Index (SSIM), Overall Accuracy (OA), 
and Intersection over Union (IU), 
treating the remote sensing image as a 
pixel-wise classification problem. 
RMSE is a widely used metric to 
measure the differences between 
predicted values and observed values. It 

is particularly useful in regression 
analysis and image processing to 
evaluate the accuracy of models or 
comparisons. In our case, RMSE will 
compare the corresponding pixels of two 
images and compute the errors. If RMSE 
= 0, two images are identifical (perfect 
match), if RMSE = 1, two images are 
completely different. Each pixel has 
either 0 (white, non-forest area) or 1 
(green, forest area). RMSE measures the 
pixel-wise differences between predicted 
and observed values: 

𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹 = �𝟏𝟏
𝒏𝒏
∑ (𝒙𝒙𝒊𝒊 − 𝒙𝒙�𝒊𝒊)𝟐𝟐 𝒏𝒏
𝒊𝒊=𝟏𝟏 (7) 

where n is the number of pixels, xi is the 
predicted pixel value, and 𝐱𝐱�𝒊𝒊i is the 
corresponding ground truth value. SSIM 
evaluates structural similarity, capturing 
perceptual and spatial information. 
SSIM is a method for measuring the 
similarity between two images. SSIM 

values range from -1 to 1, where 1 
indicates perfect structural similarity, 0 
indicates no structural similarity, 
negative values can occur but are less 
common in typical comparisons. The 
SSIM is defined mathematically as 
follows: 

 
𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺(𝒙𝒙,𝒚𝒚) = (𝟐𝟐µ𝒙𝒙µ𝒚𝒚+𝑪𝑪𝟏𝟏)(𝟐𝟐𝝈𝝈𝒙𝒙𝒙𝒙+𝑪𝑪𝟐𝟐)

(µ𝒙𝒙𝟐𝟐+µ𝒙𝒙𝟐𝟐+𝑪𝑪𝟏𝟏)(𝝈𝝈𝒙𝒙𝟐𝟐+𝝈𝝈𝒙𝒙𝟐𝟐+𝑪𝑪𝟐𝟐)
(8) 

 
where x and y are the two images being 
compared, μx, μy are mean intensities, σx

, σy are variances, σxy is covariance, and 
C1≈0.0001,C2≈0.0009 are small 
constants.  

In Addition, the inclusion of OA 
and IU strengthens the evaluation, 
providing a comprehensive assessment 

of both pixel-wise accuracy and spatial 
consistency, confirming that the 
proposed multi-criteria clustering 
method outperforms conventional 
methods. Overall Accuracy 
(OA)measures the proportion of 
correctly classified pixels:

 
𝑶𝑶𝑶𝑶 = 𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍 𝐨𝐨𝐨𝐨 𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩

𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓 𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧𝐧 𝐨𝐨𝐨𝐨  𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩𝐩
(9) 

 
and IU quantifies the spatial overlap between predicted clusters and ground truth: 

 
𝑰𝑰𝑰𝑰 = 𝐓𝐓𝐓𝐓

𝐓𝐓𝐓𝐓+𝐅𝐅𝐅𝐅+𝐅𝐅𝐅𝐅
              (10) 

 
where TP  (true positives), FP  (false 
positives), and FN (false negatives) are 
the numbers of pixels corresponding to 
the target class. 

The experiments were conducted 
in Python Jupyter Notebook on an image 

containing 506,834 pixels (899 × 566). 
Figure 2 shows the results of applying 
the proposed multi-criteria clustering 
method in comparison with K-means, 
Mini-Batch K-means, and Fuzzy C-
means on the ground truth image. Table 
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1 summarizes the quantitative evaluation 
of all clustering methods. From the 
results, it is evident that the proposed 

multi-criteria method outperforms the 
other three approaches in terms of both 
accuracy and structural preservation. 

 
Original image                                                                 Truth image 

 
 

K-mean clustering                                                  Mini-Batch K-mean clustering 

 
 

Fuzzy-C mean clustering                                     Multi-criteriamean clustering 

 
 

Figure 2.  Compared results. 
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Table 1.Comparative results. 
 

Clustering 
methods 

RMSE with 
truth image 

SSIM with 
truth image 

OA with 
truth image 

IU with 
truth image 

K-mean 0.413 0.606 0.71 0.67 
Mini-Batch  0.4199 0.627 0.71 0.68 

Fuzzy-C  0.4114 0.678 0.73 0.69 
MCMC 0.4093 0.683 0.74 0.69 

 
 
CONCLUSIONS 
 

In this paper, we proposed a new 
clustering method called Multi-Criteria 
Mean Clustering (MCMC). The method 
was applied to Sentinel-2B remote sensing 
images and compared with K-means, Mini-
Batch K-means, and Fuzzy C-means using 
RMSE, SSIM, Overall Accuracy (OA), and 
Intersection over Union (IU) as evaluation 
metrics. 

The results in Table 1 demonstrate 
that MCMC effectively enhances clustering 
performance by balancing multiple 
objectives. By incorporating weighted 
criteria, the proposed method improves 
pixel-wise accuracy, structural consistency, 
and spatial overlap, making it a robust 
alternative to traditional unsupervised 
clustering approaches for forest mapping 
from Sentinel-2 imagery. The experiments 
were conducted using Python Jupyter 
Notebook, confirming that the multi-criteria 
optimization framework effectively 
enhances clustering performance for remote 
sensing image analysis. 
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