
AIMS Geosciences, 11(3): 704–724. 

DOI: 10.3934/geosci.2025030 

Received: 19 March 2025 

Revised: 23 June 2025 

Accepted: 23 June 2025 

Published: 18 August 2025 

https://www.aimspress.com/journal/geosciences 

 

Research article 

Comparison of machine learning techniques for thermokarst landscape 

mapping using Google Earth Engine 

Andrei Kartoziia* 

V.S. Sobolev Institute of Geology and Mineralogy, Siberian Branch of the Russian Academy of 
Sciences, 3 Ac. Koptug Ave., Novosibirsk, 630090, Russia 

* Correspondence: Email: andrei.kartoziia@igm.nsc.ru; Tel: +7-383-375-0524. 

Abstract: The localization of permafrost areas that are susceptible to thermokarst processes is a 
significant goal, given the current trend of increasing average surface temperatures in Arctic regions. 
The mapping of thermokarst landscapes is a significant research topic due to its relevance in 
understanding climate change, monitoring biodiversity, assessing carbon emissions, and informing 
sustainable land and water management strategies in vulnerable areas. This task can be accomplished 
through land cover mapping, utilizing supervised classification using machine learning techniques. In 
this study, we focused on comparing a range of machine learning algorithms available on the Google 
Earth Engine (GEE) cloud platform. We compared the performance of various models in the 
classification of land cover types, which relates to the degree of thermokarst process intensity. We 
identified that the random forest and K-nearest neighbor methods are the most effective in the 
classification of thermokarst landscapes, based on a visual analysis and accuracy assessment. 
Furthermore, we conducted the study on Arga Island (the Lena Delta). The Arga Island presents a 
unique opportunity for evaluating various methods of land cover mapping due to its uniformity in 
terms of landscape features, the monotony of deposits that make up the island, and the active 
thermokarst and neotectonic processes occurring there. The results obtained could be utilized in 
selecting the optimal model for multidisciplinary research involving various classification tasks. 
Additionally, the findings may be applied in future studies on landscape changes within the Lena Delta 
region. Furthermore, the comparison of machine learning techniques, which was conducted, may: 
Enhance the accuracy and efficiency of thermokarst detection; provide insights into the strengths and 
limitations of various algorithms; and foster the development of standardized approaches in remote 
sensing, which can be replicated in other studies. 
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1. Introduction 

In the past decade, all 10 of the warmest years on record have occurred [1,2]. A rising global 
temperature has resulted in significant changes to the Arctic ecosystems and landscape [3–5]. Global 
warming has led to extensive degradation of permafrost, accounting for 22% of the land area in the 
Northern Hemisphere [6]. The permafrost degradation leads to hazardous conditions for human life 
and infrastructure [7]. The processes of permafrost degradation that are activated by global warming 
and have an impact on Arctic ecosystems and infrastructure include thermokarst, thermal erosion, 
thermal abrasion, and thermal denudation [8]. To simplify the description of this study, we use the term 
“thermokarst” in a general sense when discussing the results of the above-mentioned processes, in 
accordance with [9]. Due to the potential for thermokarst to damage infrastructure and affect Arctic 
hydrology and ecology, mapping of thermokarst landscapes on a local and global scale in to forecast 
future topographical changes has become an increasingly significant task [8,10–12]. For instance, 
thermokarst processes may lead to topographical disturbances and the formation of depressions, which 
in turn may cause further thawing and degradation of the permafrost. A well-known example of a 
thermokarst landform is the Batagay Crater in Yakutia [13]. There are numerous instances of the impact 
of thermokarst on infrastructure. For example, these processes lead to the formation of thermokarst 
lakes [14,15], as well as landslides along the Qinghai-Tibet railway [16], which can impact the stability 
of infrastructure in the area. The task of mapping thermokarst landscapes on a local and global scale 
can be accomplished through the use of land use/land cover (LULC) mapping techniques, which utilize 
supervised classification methods. 

LULC mapping represents a significant approach that provides invaluable insights into the 
utilization of land resources and the transformation of land cover (LC), which is crucial for effective 
planning and management purposes [17]. LC encompasses the diverse types of biological or physical 
cover types that exist on the Earth’s surface [18]. These could include natural features such as forests, 
bodies of water, agricultural land, and built-up areas. LULC mapping and its derived products are 
extensively utilized in a diverse range of global and regional investigations across various subject 
areas [19,20]. Specifically, LULC maps are employed to detect alterations in Arctic landscapes and 
ecosystems, monitor the degradation of permafrost, and explore other impacts of global climate change 
[21]. For instance, the first LC dataset developed for the Arctic region is the Circum-Arctic Vegetation 
Map (CAVM) [22]. To date, a diverse range of global LC maps, including those covering arctic 
territories, are available [23,24]. Examples of successful LC mapping on a regional scale include a 
wide range of studies on the dynamics of thermokarst lakes [25–30].  

There have also been studies detecting LC changes in Arctic regions using LULC mapping. For 
example, Inga Beck and colleagues [31] used high-resolution remote sensing imagery and four Landsat 
images, as well as ground-based data, to estimate land cover changes within the extent of discontinuous 
permafrost, which strongly affects the forest-tundra ecotone in northern Quebec, Canada. They 
conducted post-classification analysis based on two independently generated spectral classification 
results from two dates. This was followed by a pixel-by-pixel comparison to detect any changes in 
land cover type. As a result, they identified the dynamics of vegetation cover and water bodies between 
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1986 and 2009. Julia Boike et al. [32] analyzed MODIS-derived NASA products and two mosaics of 
Landsat satellite images to identify land cover changes in central Yakutia between 2000 and 2011. 
They focused on studying water bodies, land surface temperatures, leaf area index, the occurrence and 
extent of forest fires and the area, and duration of snow cover. Consequently, the land cover mapping 
enabled the authors to observe a warming trend and identify a complex interaction between various 
mechanisms affecting land cover and surface temperatures. Yeji Lee and colleagues [33] analyzed land 
cover changes in central Yakutia over a 19-year period from 2001 to 2019 using sparse time series 
Landsat data. The implementation of complex methods, including the identification of short- and long-
term classes within the study area and their dynamics, enabled the authors to characterize patterns of 
land cover change. Nitze et al. [34] provided another example of the successful use of land cover 
mapping to estimate changes in permafrost landscapes. They analyzed the Landsat time-series imagery 
from 1999 to 2014 for four continental-scale transects in order to quantify the abundance and 
distribution of disturbances in the permafrost regions. Therefore, there have been numerous researchers 
that have focused on LULC mapping in regions with permafrost. These studies have demonstrated the 
diverse range of data sources and methods used to identify changes in land cover. Comparing mapping 
techniques and determining the most effective method depends on the specific data, study area, and 
research objectives is an important task today. 

The recent advances in LULC mapping would not be possible without the vast amount of remote 
sensing (RS) data collected, the development of cloud-based platforms, and the use of machine 
learning (ML) algorithms [35]. Today, researchers have access to a large number of images from 
Landsat and Sentinel satellite missions. The commencement of additional satellite missions has led to 
improvements in the spectral, spatial, and temporal resolution of the satellite imagery, which enables 
the analysis trends in LC change [11]. Moreover, the application of machine learning techniques for 
mapping has gained prominence, resulting in improved precision in the mapping process [11,21]. 
These methods rely on data-driven learning and decision-making with minimal human intervention. 
The emergence of the Google Earth Engine (GEE) platform has led to a significant shift in the approach 
to remote sensing [36]. The GEE is a free cloud-based platform that provides access to RS data, 
enabling users to analyze it using a range of ML techniques [20,37]. Therefore, the use of GEE 
platforms enables not only the analysis of RS data, but also the comparison of the ML algorithms 
performance in LC mapping. 

The evaluation of ML classifier performance has been enabled by the use of cloud computing, 
and such assessments have become a relevant area of research. Generally, the visual method for 
interpreting RS data and inspecting classification results is a conventional approach that provides a 
reasonable assessment of model performance [38]. However, this method is not applicable to large 
areas and often depends on the professional skills of the researchers. Therefore, the performance of 
classifiers in LC mapping is statistically estimated through validation and accuracy assessment 
techniques. Statistical estimates of model performance are provided by accuracy metrics, which are 
calculated based on a confusion matrix. In turn, this matrix is generated by comparing the classified 
values with those in the validation dataset. A number of studies have been conducted to evaluate the 
performance of ML models for LULC mapping [39]. For example, Zhewen Zhao and colleagues 
compared land use and land cover (LULC) maps of the Mardan city (Pakistan, Khyber Pakhtunkhwa 
province), which were generated using three ML algorithms [40]. Additionally, K.S. Rawat and co-
authors [41] compared the performance of three ML algorithms in the LULC mapping of a city area. Anam 
Nigar and colleagues [42] conducted a more in-depth study comparing ML and deep learning methods for 
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land classification. Similarly, to the aforementioned studies, we aim to evaluate the effectiveness of 
machine learning algorithms in land cover mapping. However, we focused on mapping thermokarst 
terrains. 

Therefore, our main objective of this study is to identify the optimal ML model for land cover 
classification in thermokarst terrains using the GEE platform. To achieve this goal, we performed the 
following steps. The first step was to create a dataset, which involved filtering satellite imagery and 
computing indices. Then, we identified LC classes and prepared training samples. After that, we 
divided these samples into two sets: One for training and one for subsequent validation. The second 
stage involved the supervised classification of composite using six ML models: Classification and 
regression trees, gradient tree boosting, random forests, k-nearest neighbors, support vector machines, 
and minimum distance classifiers. We selected optimal hyperparameter values through their tuning and 
estimation of the overall accuracy of classifiers. Ultimately, we determined the optimal 
hyperparameters for each classifier, under which they achieved the best performance. The final stage 
of the study involved a comprehensive evaluation of the classifier’s performance using a range of 
accuracy metrics. We calculated the following metrics based on the confusion matrix: Recall, precision, 
F1 score, overall accuracy, kappa coefficient, and classification success index. Finally, we compared 
the classifiers based on these calculated metrics and visual analysis. 

2. Materials and methods 

2.1. Study area 

The analyzed area is in the northwestern part of the Lena Delta, occupying the central part of Arga 
Island (Figure 1). It covers approximately 2,000 square kilometers. The Lena Delta is comprised of 
three terraces, each with its own unique geomorphic and sedimentary features, as well as distinct ages 
[43,44]. Arga Island is traditionally associated with the second one. The elevation of the island varies 
from 10 to 30 meters above sea level (a. s. l.). The depth of the permafrost in this region ranges from 
400 to 1000 m [45]. A massive cryostructure is a typical feature of Arga Island sedimentary deposits 
[46]. The active layer is about 20 to 40 cm deep. According to the latest detailed analysis of Lena 
Delta’s climate conditions [47], the average monthly air temperature for the coldest month was 
−32.7 °C (−25.6 °F), while the average monthly temperature for the warmest month was 9.5 °C 
(48.2 °F). In recent years, the average annual surface temperature has increased in the Laptev Sea 
region and in the Lena Delta, leading to areas of hydrological changes. This has been demonstrated by 
numerous observations [47–49]. 
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Figure 1. The location of the study area is indicated by the blue rectangle in the satellite 
image of the Lena Delta. 

The Arga Island is known for its uniform pattern of thermokarst topography. There are thermo-
erosional valleys and thermokarst depressions on the entire island surface. Thermokarst depressions 
typically contain sub-meridional thermokarst lakes within their central parts [46,50]. The deposits on 
the island are composed of fluvial sediments with a fine grain size and no silt, clay, or organic material 
throughout the area [51]. The uniformity of landscape features simplifies the LC mapping process by 
reducing the number of LC classes that need to be considered. It has also been noted that the Lena 
Delta is affected by active tectonic processes [43,45,52–55]. These processes have an impact on the 
permafrost degradation and the landscape dynamic. Therefore, the aforementioned features make Arga 
Island a unique test site for identifying previously undiscovered patterns of periglacial landscape 
transformations and for testing methods for LC mapping of thermokarst terrains. 

2.2. Data processing and mapped LC classes 

All research was conducted on the GEE platform, which included image processing, collection 
of training samples, supervised classification, and analysis of the performance of ML models. We 
selected the image from Sentinel-2 for our analysis over other satellite imagery due to its superior 
spatial resolution of 10 meters, its more frequent revisit frequency of every 5 days, its broader spectral 
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coverage, including red-edge and short-wave infrared bands, and its free availability. These factors 
make Sentinel-2 images a more appropriate choice for our research into the development of Arctic 
landscape monitoring techniques. As our main objective of the study was to compare the results of 
various classification methods for the first time in the region under investigation, it was crucial to 
select a cloud-free image taken during the summer season, when there was no snow and peak 
vegetation activity was present. Initially, we selected the most appropriate Sentinel-2 image (Level-
2A) from the summer period by filtering and sorting based on cloud coverage. This image was captured 
on 29th July 2021, with a cloud coverage of 0.008006% of the pixels. The details of the Sentinel-2 
bands are provided in Table 1. 

Table 1. The band characteristics of Sentinel-2 satellite imagery [56]. 

Band Pixel Size (m) Central Wavelength (nm) Description 

B1 60 442.3 Aerosols 

B2 10 492.1 Blue 

B3 10 559 Green 

B4 10 665 Red 

B5 20 703.8 Red Edge 1 

B6 20 739.1 Red Edge 2 

B7 20 779.7 Red Edge 3 

B8 10 833 NIR 

B8A 20 864 Red Edge 4 

B9 60 943.2 Water vapor 

B11 20 1610.4 SWIR 1 

B12 20 2185.7 SWIR 2 

We added spectral indices to provide additional information for the classifiers and improve 
classification results. All these indices were chosen because they are widely used for estimating 
biomass and identifying water bodies that are primarily affected by thermokarst processes. We used 
the Normalized Difference Vegetation Index (NDVI) [57], the Normalized Difference Water Index 
(NDWI) [58], the Enhanced Vegetation Index (EVI) [59], and the results of the Tasselled Cap 
transformation, wetness (TCW) and greenness (TCG) [60,61]. The NDVI is a widely used spectral 
index for assessing the health of plant cover. We incorporated the EVI, which enhances the ability to 
detect changes in vegetation and complements the information provided by the NDVI [59]. On the 
other hand, the use of the TCG approach provides a more detailed understanding of vegetation 
dynamics, as it can differentiate between various aspects of vegetation reflectance [62]. We employed 
the NDWI and the TCW as indicators of water surface presence and soil moisture conditions. Therefore, 
the selected spectral indices comprehensively describe the biomass and hydrologic characteristics of 
the study area. The formulas of the indices are presented in Table 2. Furthermore, after indices 
calculation and normalizing the initial Sentinel-2 image bands, we used principal components analysis 
(PCA) to derive new uncorrelated bands from the dataset. We selected the first three PCA results, 
normalized them, and added them to the dataset. Therefore, the final dataset comprises normalized 
Sentinel-2 Level-2A bands (B1-B12), calculated indices (NDVI, NDWI, EVI, TCW, and TCG), and 
the three PCA results (PCA 1, PCA 2, and PCA 3). 
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Table 2. The used spectral indices. The band’s names in the formulas are in accordance 
with Table 1. 

Index References Formula 

NDVI [57] (B8 − B4)/(B8 + B4) 

NDWI [58] (B3 − B8)/(B3 + B8) 

EVI [59] 2.5 × (B8 − B4)/((B8 + 6.0 × B4 − 7.5 × B2) + 1.0) 

TCW [60,61] 0.1509 × B2 + 0.1973 × B3 + 0.3279 × B4 + 0.3406 × B8 + 0.7112 × B11 + 0.4572 × B12 

TCG [60,61] −0.2848 × B2 − 0.2435 × B3 − 0.5436 × B4 + 0.7243 × B8 + 0.0840 × B11 − 0.1800 × B12

There are various classifications of thermokarst landforms and stages of their appearances [8,9]. 
We established five LC classes through a review of the literature and a visual examination of the study 
region, utilizing RS data. Moreover, we generally streamlined the classification of thermokarst 
landscapes and identified common categories that can be specifically related to the degree of 
permafrost degradation. We have provided a list of all LC classes in Table 3 and Figure 2. The detailed 
description of the mapped LC classes, including visual examples and justifications for differences in 
their spectral characteristics, is presented in another study [63]. 

We identified 20 training data polygons per LC class, which were distributed evenly across the 
study area. The final dataset comprised 100,805 sample points with unique values. These were 
randomly split into two categories: Training (61%) and validation (39%). 

Table 3. Description of mapped LC classes. 

LC class Class ID Description 

Water bodies 1 All water bodies, ranging from small ponds to large elongated thermokarst 

lakes, as well as the water surfaces of streams. 

Stable terrains 2 Stable areas with lighter and more yellowish tones in true color imagery. 

Training polygons for this class were mapped on flat upland surfaces unaffected 

by intense thermokarst processes. 

Thermokarst-affected 

terrains 

3 Areas affected by intense thermokarst processes with a darker and more 

brownish tone in the true color band combination. Training polygons for the 

thermokarst-affected terrain were mapped in the bottoms of the thermokarst 

hollows and erosion valleys. 

Slopes 4 Greyish areas in a true color band combination, which surround thermokarst 

hollows or are located along streams. 

Blowouts 5 A specific class for blowouts that significantly differ from other classes. They 

were added to the LC map as an independent class to avoid mistakes in ML 

models. 
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Figure 2. The examples of five mapped LC classes with corresponding training polygon 
contours. 

2.3. Models 

The GEE platform makes it possible to utilize a range of machine learning techniques that are 
commonly used for LULC mapping. Based on our objectives, we compared the outcomes of several 
popular ML algorithms. These were classification and regression trees, gradient tree boosting, random 
forests, k-nearest neighbors, support vector machines, and minimum distance classifiers. 

The comparison process can be described as follows. Initially, we processed the data and 
generated a training and validation set as described above. Then, we trained one of the ML models 
with various hyperparameters. Due to the GEE’s capacity for analyzing large volumes of data, it is 
possible to analyze several variants of the model that have been trained with different hyperparameters. 
Then, we performed supervised classification of the study area and evaluated the overall accuracy of 
each model variant. Following this, we identified a combination of hyperparameters for the model that 
enabled it to achieve the best performance. In the next phase, we tested other ML models and 
determined the optimal combination of hyperparameters for each one. As a result, we obtained six ML 
models that demonstrated the best performance. These models were used for further comparison of 
ML techniques. Below is a brief description of each model and its hyperparameters. 
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The classification and regression trees (CART) method is a variant of the decision tree algorithm 
that can handle both classification and regression tasks [64]. CART constructs a tree-like structure 
consisting of nodes and branches. The terminal nodes in the tree contain a predicted category label or 
value for the target variable. We did not impose any restrictions on the values of the maximum number 
of nodes or the minimum leaf population in this model. 

Gradient tree boost (GTB) constructs trees one at a time [65]. Each new tree is designed to correct 
the errors or deficiencies of the existing collection of trees. The trees employed in GBT are typically 
decision trees, which are created by dividing the input space (features) in a manner that minimizes a 
predetermined loss function. After each tree is integrated into the model, the algorithm calculates the 
loss function, which measures the discrepancy between the current ensemble’s predictions and the 
actual values. The differences between the predicted and actual values are then used to construct the 
subsequent tree. The model achieved the best outcome with 6 trees. 

The random forest (RF) algorithm is a machine learning technique that creates multiple decision 
trees during training and produces the most frequent class label for classification or the average 
prediction value for regression [66]. Each tree in the random forest model is constructed using a 
random selection of features and a subset of the training data. The final prediction is derived by 
combining the results of all individual trees in the ensemble. The RF algorithm demonstrated the 
highest overall accuracy when the number of trees was set to 110. 

The k-nearest neighbor (KNN) algorithm is a non-parametric supervised learning classifier that 
uses proximity to make predictions [67]. This model works by identifying the k-nearest neighbors of 
a given data point, based on a specific distance metric. In this study, the KNN algorithm demonstrated 
the best performance when using k = 7 and the Manhattan distance metric. 

The support vector machine (SVM) algorithm separates two categories by locating the ideal 
boundary that maximizes the distance between the closest data points of opposite categories [68]. The 
number of features in the input data determines whether the boundary is a line in a two-dimensional 
space or a plane in a multi-dimensional space. Since there can be multiple boundaries that separate 
categories, maximizing the distance between points enables the algorithm to find the best boundary 
between categories. The lines that are adjacent to the ideal boundary are known as support vectors, as 
these vectors pass through the data points that determine the maximum distance. We used an SVM 
model with a C parameter of one. 

The minimum distance (MIND) classifier determines the distance between a pixel’s value and the 
mean value for each class and assigns the pixel to the class that has the smallest distance. The MIND 
algorithm demonstrated the best performance when using the cosine distance metric in the presented study. 

2.4. Accuracy assessment 

Following the training of the classifier and the classification of the dataset, we compared the 
predicted values with those in the validation set using the ee.Classifier.confusionMatrix() method. 
Thus, we calculated a confusion matrix (CM) for each model. Then, we calculated the following 
metrics based on the CM for a comprehensive quantitative assessment of model performance. The 
primary metric, overall accuracy (OA), was derived by dividing the sum of true positive and true 
negative classifications by the total data points [69,70]. Recall (producer’s accuracy, PA) was 
calculated by dividing correctly classified pixels in a class by the total pixels in that class [69,70]. 
Precision (consumer’s accuracy, CA) was determined by dividing true positive pixels by the total pixels 
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predicted for the class [69,70]. The F1 score was computed as the harmonic mean of precision and 
recall [71]. The Kappa coefficient, which evaluates consistency across variable measurements under 
different conditions, was used to assess classification accuracy against random assignment [72]. 
Additionally, the classification success index (CSI), a class-specific symmetric measure, was 
calculated as the sum of recall and precision minus one [73,74]. 

3. Results and discussion 

3.1. Classification results 

We generated the LC map of the study area using ML models. The results are presented in Table 
4 and Figure 3. The spatial distribution of the mapped LC classes illustrates how different models 
statistically tend to categorize pixels. The CART model classified a greater number of water bodies 
compared to other models. RF and KNN models do not have any maximum or minimum values. 
Although the RF model mapped a larger number of pixels of thermokarst-affected terrain, KNN 
categorized a greater number of pixels as stable terrain and slopes. The SVM model tends to map 
thermokarst-affected terrains and slopes, but it has classified a minimum number of pixels as stable 
areas. Conversely, the MIND model categorized a greater number of pixels as stable terrains. However, 
this model mapped a significantly smaller number of pixels to thermokarst-affected terrains. Given 
that the outcome of the MIND model demonstrates extreme values in the two most significant classes 
compared to other models, the accuracy of this model is doubtful. 

Table 4. The area of LC classes (in km²), as determined by various models. 

Models water bodies stable terrains thermokarst-

affected terrains 

slopes blowouts 

CART 423.89 550.41 672.51 316.14 28.92 

GTB 406.06 538.37 693.36 318.77 35.31 

RF 397.98 539.35 716.15 308.42 29.97 

KNN 392.02 567.96 673.05 330.94 27.92 

SVM 394.29 513.02 717.70 342.25 24.62 

MIND 384.77 744.61 504.19 341.86 16.45 
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Figure 3. The spatial distribution of LC classes in percentage. 

3.2. Performance Evaluation 

3.2.1. Visual inspection of ML model performance 

Initially, we visually analyzed the results of the ML models. The inspection of the results involved 
visually interpreting some parts of the study area [75]. After visually recognizing the LC class, we 
compared it with the classification outcomes. This step enabled us to identify gross errors of the 
classifiers and determine which algorithms evidently failed to perform the task. The visual inspection 
indicated the following. 

All classifiers experienced difficulties with pixels at the boundaries between classes. This was 
due to the fact that these pixels often exhibit intermediate spectral properties and may therefore be 
classified as belonging to either category. Additionally, the classifiers made some mistakes in the 
categorization of small, shallow water bodies, thermokarst-affected terrains, and stable terrains. The 
pixels of these categories frequently have similar spectral properties. 

The visual inspection revealed that the two classifiers, CART and GTB, exhibited critical errors 
in water body recognition (Figure 4a). Apparently, this was due to the peculiarities of the algorithms 
themselves. The MIND classifier was observed to make errors in distinguishing stable and 
thermokarst-affected terrain. As a result, it often misclassified thermokarst-affected terrains as stable 
terrains (Figure 4b). The SVM model had difficulty recognizing blowouts and frequently misclassified 
small, shallow water bodies as thermokarst-affected terrains (Figure 4b). The KNN and RF models 
generated similar and, as far as possible, visually satisfactory results (Figure 4c). The results of all six 
models for the same area are also shown in Figure 5. 
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Figure 4. Visual inspection of ML models performance: (a) Critical errors of the CART 
and GTB algorithms in water body recognition; (b) errors in the classification of sable 
terrains, thermokarst-affected terrains, and water bodies by MIND and SVM; and (c) the 
fragments of the LC classes’ distribution maps, which were created using the KNN and RF 
techniques. 
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Figure 5. The fragments of the LC classification maps, which were generated using all the 
compared ML techniques. 

3.2.2. Accuracy assessment 

Based on the above-mentioned methods, we generated CM for all ML models in order to conduct 
an accuracy assessment. We further calculated the following metrics: Recall, precision, F1 score, 
Kappa, classification success index (CSI), and overall accuracy (OA) (Figure 6, Table 5). The quality 
assessment results suggested that, on average, the CART, GTB, SVM, and MIND classifier 
performances are statistically inferior compared to those of RF and KNN models. 

It should be noted that there were some features in the classification of certain LC classes. For 
instance, some classifiers demonstrated better recall and lower precision metrics for certain classes. 
This means that the model correctly classified actual pixels that belong to this class, as well as pixels 
from other classes that were also assigned to this class. The RF model demonstrated this by classifying 
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water bodies and stable terrains. In contrast, KNN and SVM models exhibit superior recall 
performance for thermokarst-affected terrains, slopes, and blowouts. 

Likewise, models could demonstrate higher precision metric and lower recall. In this case, 
classifiers skipped some pixels that belong to a class, but it can be assured that pixels that are classified 
as belonging to that class do concern to that class. The RF model showed this during the classification 
of thermokarst-affected terrain, slopes, and blowouts. Moreover, SVM and MIND models 
demonstrated superior precision in the classification of water bodies. Overall, these models are the 
most effective in identifying this class. 

The F1 score and CSI metrics produced similar results in assessing the accuracy of ML models. 
These metrics indicated that RF and KNN models performed well, without significant failures in 
classifying certain classes. The kappa statistic demonstrated that the results of the RF and KNN 
algorithms differed as much as possible from random LC class recognition. The overall accuracy of 
these models was also the highest among the classifiers compared. Therefore, we can assume that RF 
and KNN are generally the most effective methods in our classification task. However, the RF model 
is more accurate in classifying thermokarst-affected terrains. In the case of RF, we can have more 
confidence that pixels related to this important class belong to it. 

 

Figure 6. The quality validation results of classification for each LC class. 
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Table 5. The accuracy assessment metrics of ML models (in %). 

Models Recall Precision F1 Score CSI Kappa OA 

CART 97.82 97.86 97.82 95.68 97.26 97.81 

GTB 98.24 98.25 98.23 96.48 97.79 98.23 

RF 98.64 98.63 98.62 97.27 98.28 98.62 

KNN 98.68 98.69 98.68 97.37 98.34 98.67 

SVM 98.13 98.18 98.12 96.31 97.65 98.12 

MIND 98.03 98.07 98.04 96.1 97.54 98.03 

3.3. Discussion 

Based on the research, we found that the RF model is the most effective classifier for the given 
classification task. This finding is in line with a number of other studies, which also reported the 
successful performance of this algorithm [76–78]. One of the key reasons for the success of this 
algorithm is the combination of multiple decision trees into a single model. This aggregation of 
predictions from multiple trees helps to improve the model accuracy, especially in the classification of 
pixels with an uncertain spectral signature. 

The KNN algorithm has also demonstrated high accuracy due to the balanced training data and 
the local analyzed region, which has a monotonous landscape. Owing to this, pixels can be successfully 
classified based on their distance to the training points in the feature space. However, it is difficult to 
recommend the use of this algorithm for LC classification in thermokarst areas in other regions, given 
the features of the KNN model. For example, KNN has limitations when dealing with large datasets, 
specifically in terms of its computational efficiency and scalability. 

It is important to note the significance of visual analysis of classifier outputs in addition to 
statistical assessment of model performance. Often, researchers present only statistical estimates of 
classifier accuracies. Nevertheless, visual estimation can help identify critical errors of classifiers and 
make detailed analysis of numerical metrics for classifier accuracy meaningless; this is especially so 
during comparisons of the ML model’s performance in classifying different LC classes. 

We conducted a comparison of different ML models to determine the best algorithm for 
supervised classification of LC classes related to thermokarst intensity. We intend to utilize the findings 
of the RF algorithm in future research. For example, we intend to utilize this classification outcome in 
the development of a method for identifying areas of permafrost that are susceptible to intense 
thermokarst processes. In addition, we plan to utilize this ML model in the detection of temporal 
dynamics of LC classes on the Arga Island. This detection will enable the completion and continuation 
of previous research on the dynamics of the landscape in the Lena Delta region [79]. 

Therefore, our findings of this study represent a starting point for the development of a 
comprehensive method to analyze and monitor thermokarst landscapes and their responses to global 
warming. The recognition of the described land cover classes in the time series of satellite imagery 
will enable the quantitative estimation of landscape changes over time. This, in turn, would enable the 
identification of certain aspects of the interactions between hydrology, vegetation, and 
geomorphological characteristics of the Arctic lowlands. Finally, the acquired information will be 
utilized for modeling future changes in ground characteristics, their impact on infrastructure, and 
policy-making regarding development in Arctic regions. Furthermore, quantitative estimates of 
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landscape changes can provide a basis for an adequate and clear understanding of natural alterations 
under global warming and eliminate the influence of subjective assessments and political interference. 

4. Conclusions 

The significance of LC mapping cannot be overstated in the context of sustainable development. 
ML algorithms have produced dependable, precise, and trustworthy LC classification results. By 
comprehending the factors that affect the accuracy of the algorithm, we can enhance the classification 
outcomes. In this study, we identified the optimal ML model for LC classification in thermokarst 
terrains using the GEE platform. 

Based on the comparison conducted, we determined that the RF model is the most effective 
classifier for the specified classification task among the algorithms available on the GEE platform. 
However, the KNN model does not significantly differ in accuracy and can also be used for local 
studies of thermokarst landscapes. These two classifiers are statistically the most accurate models 
based on the accuracy assessment. The analysis of accuracy metrics enabled us to identify the models 
that showed the best performance in classifying LC classes. Moreover, it is worth noting the 
significance of visual analysis of classification results: Due to the visual assessment carried out, we 
identified that the CART and GTB models made critical errors in classification. 

The presented results could therefore be useful in future studies of thermokarst landscapes. 
Specifically, we can identify some areas for further research based on this study. The first direction is 
to clarify the presented findings and determine the limitations of the two best ML algorithms (RF and 
KNN). This could involve exploring the performance of the model across other geomorphological 
surfaces in the Lena Delta, as well as in classifying several satellite imagery from different times and 
in varying environmental conditions, such as cloud cover and seasonal variations. The second area of 
application for the presented results is in multidisciplinary research, as the mapped LC classes 
represent a wide range of landscape components within the study area. The classification results can 
provide information on hydrological conditions, soils, and vegetation cover of the territory. 
Accordingly, they can be utilized in various multidisciplinary studies. Furthermore, the comparison 
conducted has answered the question of which ML model can be employed in studies with different 
classification tasks. With regard to our specific plans, we will use the classification results from the 
RF model to identify areas that are susceptible to thermokarst processes. Furthermore, we intend to 
utilize the RF model to monitor the dynamics of the landscape in the Lena Delta region. It should also 
be noted that the developed methods for thermokarst landscape monitoring can be applied to other 
regions of the Arctic lowlands and can be repeated using other remote sensing platforms. 
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