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Abstract 

The palsa mires – hummocks with a permafrost core – of northern Finland are among the southernmost periglacial features in 

the Northern Hemisphere and mark the southern boundary of permafrost range. The rapid warming of circumpolar regions 

demands a better understand of the complex of environmental changes in the marginal permafrost zone. The study aims to 10 

investigate changes in selected environmental features (vegetation, water conditions and land moisture) in northern Finland in 

the years 1985–2024 using Landsat satellite data, with particular emphasis on the differences taking place in palsa mires. The 

calculated spectral indices NDVI, NDWI, MNDWI, NDMI and LST were analysed in relation to each other and to 

environmental data. The analysis of changes in spectral indices over time showed a small but systematic increase in the 

vegetation index value, an increase in soil moisture, and varied responses in indices related to surface water. Principal 15 

component analysis (PCA), linear mixed-effects models (LMM) and redundancy analysis (RDA) indicated the 

multidimensional structure of remote sensing indices and revealed the main environmental factors determining changes in 

vegetation and moisture in the study area. One of the main predictors differentiating the spectral response was determined to 

be palsa mires, which differed from mineral soils, but also from other organic soils. The results confirmed the effectiveness of 

RS and multispectral indices based on Landsat data for studying environmental changes, while indicating the need for 20 

multidimensional analyses that include various indicators and local environmental predictors. 

1 Introduction 

One of the most characteristic features of the northern European environment is its extensive peatlands  (Joosten and Clarke, 

2002). Here, in permafrost areas, are found the southernmost lowland periglacial formations of the Northern Hemisphere. They 

are characterised by the formation of palsa mires (Seppälä, 2011; Sollid and Sørbel, 1998). Palsas are small geomorphological 25 

forms composed of an ice core overlain by peat. They form through the cyclical freeze–thaw of water contained in the peat, 

which causes the permafrost core to expand and the surface to be uplifted (Krüger et al., 2017; Seppälä, 1986). They form in 

conditions of low snowfall (which allows for deep freezing of the ground in winter) and dry summers (which favour the thermal 

insulating properties of the peat overlay) (Seppälä, 1986, 2011). The microtopography of palsa mires creates a mosaic of 
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vegetation and water conditions that differs from more homogeneous low or transitional peatlands (Seppälä, 2011). These 30 

differences have significant implications for local ecosystem responses to climate change. That palsa mires occur in permafrost 

border zones (Leppiniemi et al., 2023) makes them extremely sensitive to climatic fluctuations (Christiansen et al., 2010; Luoto 

et al., 2004b), and studies from various regions of their occurrence confirm their ongoing degradation due to climate warming 

(Leppiniemi et al., 2023; Mamet et al., 2017; Olvmo et al., 2020; Verdonen et al., 2023). 

Being remote, the changing environmental parameters of northern areas are poorly accessible for in-situ research. This 35 

makes them suitable for analysis using satellite remote sensing (RS) (Duncan et al., 2020; Hjort and Luoto, 2006; Sjögersten 

et al., 2023), which enables continuous and repeatable observations (Wulder et al., 2012). RS is thus an important tool for 

monitoring environmental changes in permafrost regions (Chen et al., 2022; Jorgenson and Grosse, 2016; Philipp et al., 2021; 

Wenzl et al., 2024). Such monitoring often employs indirect remote sensing indicators for analysis of changes in vegetation 

(Crichton et al., 2022, 2025; Yang et al., 2024), water conditions (Li et al., 2024), moisture (Crichton et al., 2025) or surface 40 

temperature (Westermann et al., 2011). Studies have indicated that these environmental parameters are being affected by 

permafrost degradation and active layer deepening (Jin et al., 2022, 2021). Analysis of these parameters therefore supports 

research on degradation and other changes within permafrost areas (Nitze and Grosse, 2016), which attests to the great 

importance of research into local environmental conditions for permafrost monitoring (Chadburn et al., 2017). At the same 

time, researchers emphasise the importance of monitoring permafrost (directly and indirectly), including its response to local 45 

and regional climate changes (Hjort et al., 2022), due to the potentially large impact of its thawing on the global climate 

(Bartsch et al., 2023; Schuur et al., 2015, 2022; Turetsky et al., 2020). 

Remote sensing is being applied to an increasing range of types of research in northern areas due to the rapid increase in 

availability of satellite image data in recent decades (Wulder et al., 2012), including open multispectral data obtained from the 

Landsat programme (Wulder et al., 2012; Zhu et al., 2019). Landsat satellites, jointly developed by NASA and USGS (Wulder 50 

et al., 2019), provide images with a spatial resolution of 30 m and offer a long, continuous series of observations dating back 

to the 1970s (Anding and Kauth, 1970), as well as a wide spectral range (Wulder et al., 2019). Thanks to the increased 

availability of satellite data, analyses using these data in studies of permafrost regions have moved from analyses of single-

year data to studies using multi-year data series, allowing for continuous monitoring of these areas (e.g., Crichton et al., 2025; 

Nitze and Grosse, 2016). Satellite data are therefore a valuable source of data for monitoring northern environments (Philipp 55 

et al., 2021), including changes in wetlands and peatlands (Abdelmajeed and Juszczak, 2024; Czapiewski and Szumińska, 

2022; Demarquet et al., 2023; Ikkala et al., 2026; Zhao et al., 2026). 

The aim of the research presented here was to determine the directions of changes in selected environmental parameters 

of northern Finland in the period 1985–2024 using satellite data from the Landsat programme. The study area is located within 

the range of sporadic, isolated patches of permafrost (Gisnås et al., 2017), and palsa mires occur within its boundaries (Seppälä, 60 

2006). The study investigated long-term changes in remote sensing indicators describing environmental conditions in a selected 

area covered by permafrost, with particular emphasis on the dynamics of palsa mires. A secondary objective was to check the 

suitability of Landsat data for studying long-term changes (40 years). Such a study period is, on the one hand, a challenge due 
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to the lower availability of satellite images for the 20th century compared to the last two decades. However, on the other, it 

provides an opportunity to determine the directions of changes resulting from long-term climate change. 65 

The research also analysed the relationship between the calculated remote sensing indicators and selected, relatively 

constant environmental features, including elevation differences, slope, aspect, and soils, which may influence climatically 

determined changes in such elements as moisture or vegetation. The analysis included only those environmental parameters 

that could be clearly identified based on available cartographic databases. In this analysis, particular attention was paid to the 

potential distinctiveness of palsa mires in relation to other types of peatlands (non-palsa organic soils) and non-peatland areas 70 

(mineral soils). This distinction enabled the identification of directions of changes and of the factors determining the dynamics 

of these climate-change-sensitive forms, which are also indicators of the state of permafrost. 

2 Study designs and methods 

2.1 Geographical features of study area 

The study area covers an area of 402 km2 (Figure 1A) in northern Finland (Figure 1B), in the catchment area of the Tana River 75 

and its right-bank tributary, the Vetsijoki, in a sub-Arctic climate zone (Peel et al., 2007) strongly influenced by both Atlantic 

and continental circulation. The area is characterised by wet, cool winters and relatively short, cool summers (Autio and 

Heikkinen, 2002). The study area was selected for its occurrence of palsa mires (0.5% of the area), while excluding areas 

encompassing deep river valleys (e.g., near the Tana and Usjoki rivers), because the main factor determining environmental 

conditions in such valleys is relief, which could distort the interpretation of the analysed processes. Furthermore, the study 80 

area was selected to fit within one satellite scene. 

The study area has a young glacial landscape with elevations ranging approximately from 105 to 445 m above sea level 

(Figure S1). The dominant features are undulating areas, with the Vetsijoki river valley constituting a central depression and 

higher elevations to the east and west. The analysis of terrain slopes showed that flat and moderately inclined areas predominate 

(0–5° over 80% of the study area), whereas areas with significant slopes (>5°) occur locally, mainly in the edge zones of hills 85 

(Figure S2). The terrain has a predominantly eastern aspect, while the least common aspect is southern (Figure S3). 

The geological structure of the study area is varied. In the southwest, quartz diorite and biotite paragneiss with 

amphibolite interbeds dominate. From the northwest to southeast, quartz feldspar paragneiss predominates with gabbro and 

biotite paragneiss interbeds. In the southeast, there is also tonalitic migmatite, while the northeast is occupied by granodiorite 

with interbeds of ultramafic rock (Figure S4). There are numerous lakes throughout the area, some of which accentuate the 90 

deformation zones, but with most being related to ice sheet activity (Tikkanen, 2002). The soil map reveals a predominance of 

podzols, which are characteristic of northern regions. There are also numerous distric histosols and sapric histosols associated 

with depressions and shallow initial soils (leptosols) on hills (Figure S5). 

In the study area, permafrost currently occurs in the form of isolated patches and sporadic areas (Gisnås et al., 2017). The 

terrain structure is dominated by open peatlands, especially in the southwest of the study area, with sporadic, sparsely forested 95 
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peatlands (Figure S6). Palsa mires also occur in the study area (Figures 1C and S6) (Leppiniemi et al., 2025a, b). Apart from 

the peatlands, the landscape is dominated by sub-Arctic tundra plant communities (Ahti et al., 1968). 

 

 

Figure 1. Study area: (a) Location of peatlands, palsa mires and sampling points – points analysed using RS indices on the background of 100 

relief and hydrographical network; (b) Location of the research area in Finland; (c) View of the palsa mires in the west site of the study area 

(photo: August, 2022) (a – prepared based on (National Land Survey of Finland, 2025) and (Finnish Environment Institute (SYKE), 2025), 

b – prepared based on (Natural Earth, 2026), c – photo by D. Szumińska, August 2022) 

2.2 Climate data processing 

The analysis of climatic conditions in the study area was performed based on climate data (air temperature, precipitation and 105 

snow depth mean) from the Utsjoki-Kevo meteorological station in Northern Finland (~5 km NW of the study area) that were 

downloaded from the Finnish Meteorological Institute (2025). Those data related to the period 1970–2024, which is 15 years 

longer than the period analysed based on remote sensing materials (1985–2024). Extending the analysis of climatic conditions 

to the preceding fifteen years was aimed at providing a more comprehensive understanding of climatic trends in the study area. 

Based on the obtained data, thermal and precipitation classifications of individual years and months were performed (Tables 110 

S5 and S7). Based on the data and the classifications conducted, the course of air temperature and precipitation was analysed, 

and the trends were calculated using the Mann–Kendall test (PAST 5.2.1. program). All climate data were analysed in terms 

of annual and monthly values, as well as in terms of three periods selected on the basis of the analysis of air temperature 

variability (Table S4). Time intervals distinguished based on differences in air temperature conditions (P1: 1985–98; P2: 2000–

11 and P3: 2013–24) were used in the RS indicator analyses. The years 1999 and 2012 were omitted from satellite data 115 

processing due to the lack of cloudless imagery. 
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2.3 Remote sensing data processing 

The study employed satellite images from the Landsat 5 (TM – Thematic mapper), 7 (ETM+ – Enhanced Thematic Mapper 

Plus) and 8/9 (OLI – Operational Land Imager) mission satellites with a spatial resolution of 30 m. A flowchart of the satellite 

data processing and analysis procedure is presented in Figure 2. Cloudless images for the years 1985–2024 were anlysed; they 120 

were taken in the morning hours (according to the revisit time of Landsat satellites) in the months June–August (vegetation 

season, no ice and snow cover). Imagery was downloaded via the USGS EarthExplorer platform (USGS, 2025) and then 

processed using QGIS 3.36. To ensure data comparability across different sensors, harmonisation based on the methodology 

of Roy et al. (2016) was used, including correction for spectral differences between generations of Landsat satellites. Values 

from Landsat 8 OLI were adjusted to be consistent with Landsat 5 TM and Landsat 7 ETM+ using the cross-sensor calibration 125 

equations proposed by Roy et al. (2016). 

 

Figure 2. Diagram illustrating the selection process for calculating spectral indices related to environmental changes in northern Finland in 

the period 1985–2024 

 130 

The images were generally from the months of June–August, but the dataset also included one image taken on May 31, 2013. 

Image verification consisted of visual assessment and rejection of data affected by interference, primarily due to cloud cover. 

Ultimately, images with cloud cover <80% were selected, which meant that no satellite data of adequate quality were available 

for some years (e.g., 2010, 2015). The selected satellite scenes were then processed in QGIS 3.36 by cropping to the boundaries 

of the study area and masking clouds. The QA Pixel layer was used to correct the quality of pixels, leaving only the values of 135 
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the “clean” pixels for Landsat 5-7 and Landsat 8/9. A total of 58 images (Table S1) that met the criterion of no cloud cover 

over the study area were used for further analyses. 

Based on selected images, the following spectral indices were calculated: NDVI (Normalised Difference Vegetation 

Index) (Rouse et al., 1974) to assess vegetation changes, NDWI (Normalised Difference Water Index) (McFeeters, 1996) and 

MNDWI (Modified NDWI) (Xu, 2006) to analyse water conditions, NDMI (Normalised Difference Moisture Index) (Gao, 140 

1996) to determine moisture, and (Land Surface Temperature) (Jimenez and Sobrino, 2003) (Table S2). 

The values of remote sensing indices (RS indices) were calculated for 245 sampling points (POI) distributed throughout 

the study area, covering various substrate types and excluding water areas (lakes and streams and their immediate 

surroundings) (Figures 1 and S6). About 40% of the sampling points were located on peatlands (96 points; histosols on the 

soil map) (Figure S5), including palsa mires (48 points). The locations of palsa mires were determined based on Leppiniemi 145 

et al. (2025b). Additional points were assigned to mineral soils (149 points). For each point, an average raster value was 

generated for a buffer size of 60 m (min. 4 pixels). These values were then used to calculate the average values of indices for 

individual years, the three periods (P1: 1985–98, P2: 2000–11 and P3: 2013–24) and the full study period 1985–2024 (Table 

S1). The differences between the mean index values for the three time intervals were presented graphically using the generated 

difference maps. A "decrease" value indicates a >10% decrease in the index value between two periods; likewise, an "increase" 150 

value indicates a >10% increase. Additionally, a mosaic of changes was developed by combining the analysis of changes 

between P1 and P2 and between P2 and P3. Difference maps were not made for LST, because the calculated LST reflects 

instantaneous thermal conditions (depending, for example, photo acquisition time relative to time of sunrise), while the 

remaining indices should be considered as representing phenomena that are more stable over time. 

2.4 Statistical methods 155 

Remote sensing data were subjected to preliminary data mining using statistical methods (Figures S7-S12). Then, changes in 

remote sensing indicators and their relationships with environmental features of the study area were analysed using the R 

environment and the PAST program v.5.2.1 (Hammer et al., 2001), according to the scheme presented in Figure 3. 

Pairwise relationships among RS indices were assessed using Spearman rank correlations calculated for point-level mean 

values. This step examined whether the indices exhibited a common structure of environmental variation and supported 160 

subsequent multivariate analyses. Additionally, Spearman rank correlations were computed for environmental variables to 

evaluate their internal relationships and ensure comparability with the patterns observed in RS-derived indices (Figures S10-

S12). 

Principal component analysis (PCA) was used to explore the overall covariance structure among indices. PCA was 

performed on five remote sensing variables (NDVI, NDWI, MNDWI, NDMI, and LST; multi-year means of 245 points) to 165 

identify the main environmental gradients in the dataset. The analysis was conducted on z-score standardised data to eliminate 

the influence of differences in measurement scales. PCA results were visualised using scaling 2 in the vegan package, which 

emphasises relationships among variables and allows direct interpretation of variable loadings (arrows represent correlations 
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of variables with the ordination axes). The variable SOIL_reclass was not included in the PCA directly and was used solely as 

a categorical variable for visual classification of points (three groups: 0 – mineral soils; 1 – non-palsa organic soils; 2 – palsa 170 

mires). 

Due to the hierarchical structure of the data, which includes repeat observations collected at the same sampling points 

over time, and the lack of statistical independence of measurements, as well as the absence of data for some years, linear 

mixed-effects models (LMM) were used in the statistical analyses (Pinheiro and Bates, 2000). Moreover, LMMs can properly 

accommodate unbalanced repeated-measures data, which is the structure of our dataset. In subsequent steps, multivariate 175 

statistics were used, based on the average values of RS indices for specific periods or the entire multi-year period.  

Firstly, to check for a general temporal trend in each index, separate LMMs were fitted for NDVI, NDWI, MNDWI, 

NDMI and LST, with year as a fixed effect and sampling point (POINT_FIN) as a random intercept: 

Index_value ~ year + (1 | POINT_FIN) 

Year was treated as a continuous predictor and centred prior to analysis. Models were fitted using restricted maximum 180 

likelihood (REML), and the estimated slope for year, its 95% confidence interval, associated p-value, and marginal and 

conditional R2 values were reported. Marginal R2 represents the proportion of variance explained by year alone, and 

conditional R2 represents the proportion explained by the full model, including both the fixed effect and random differences 

among sampling points. 

Further, to test whether the RS indices differed among the three soil categories (mineral soils, non-palsa organic soils, 185 

and palsa mires) and whether their temporal trajectories differed, separate mixed-effects models were fitted with year, soil 

category, their interaction as fixed effects, and POINT_FIN as a random intercept: 

Index_value ~ year × soil category + (1 | POINT_FIN) 

Significant effects were followed by post-hoc pairwise comparisons of estimated marginal means and estimated temporal 

slopes, with Tukey-adjusted p-values. 190 
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Figure 3. The statistical calculation process 
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To examine environmental controls of remote sensing indices variability, point-specific mean values and temporal slopes 

were calculated for each RS index and used as response variables in regression models with environmental predictors 195 

representing topography, hydrology and soil. 

Continuous predictors were standardised, categorical predictors were treated as factors, and predictor redundancy was 

assessed using Spearman correlations and variance inflation factor (VIF) at the initial data exploration step (Figures S10-S12). 

All mixed-effect linear models analyses were performed in R (R Core Team., 2025) using the packages lme4 (Bates et al., 

2015), lmerTest (Kuznetsova et al., 2017) and emmeans (Lenth et al., 2026). 200 

Then, Redundancy Analysis (RDA) was performed for the selected independent variables (environmental parameters) 

and all remote sensing indicators (dependent variables). This analysis was applied to test whether environmental predictors 

explained the shared multivariate structure of the RS signal. The analysis included environmental characteristics related to: 

terrain elevation (DEM), exposure (ASPECT), slope (SLOPE), groundwater depth (DTW2), soil category (SOIL_RECLASS) 

and distance from the nearest water body or watercourse (distance_hyro) (Table S3). These were assigned in the database to 205 

each of the 245 points based on the source materials presented in Supplementary Material (Figures S1-S6). The input data 

were standardised z-scores within the dependent and independent variable matrix. Both multivatiate analysis (PCA and RDA) 

were performed with the vegan package (Oksanen et al., 2022). 

Furthermore, boxplots were used as a complementary tool to visualise the distribution and variability of RS indices across 

predefined study periods and soil categories. Their role was to illustrate temporal structure, capturing phase-specific 210 

differences and between-group contrasts, thereby supporting the interpretation of mixed-effects analyses. 

3 Results 

3.1 Factor analysis of RS indices 

In the analysis of correlations between satellite indices, the strongest negative relationship was between NDVI and NDWI (r=-

0.97), which indicates that high surface water content in the study area accompanies low vegetation intensity. This indicates 215 

the presence of wetlands, peatlands and water bodies with limited vegetation cover. In turn, NDVI and NDMI show a strong 

positive correlation (r=0.84), confirming their utility for assessing the condition and water content of vegetation. Being based 

on difference between NIR and SWIR bands, NDMI well reflects moisture changes in plant biomass, as reflected in its 

consistency with NDVI. The high, negative correlation between NDVI and surface temperature LST (r=-0.66) indicates the 

cooling effect of more heavily vegetated areas. This phenomenon is due to the effect of transpiration and shading, which lower 220 

ground temperatures in heavily overgrown areas. Additionally, water and moisture indices were each noted to correlate 

strongly negatively with LST (LST/MNDWI: r=-0.68; LST/NDMI: r=-0.76) (Figure S12). 

The correlation analysis indicates diverse connections between environmental parameters and RS indices. The strongest 

positive relationship (r=0.7) is between the terrain slope (SLOPE) and the Cartographic Depth to Water Index (DTW2) 

parameter. In turn, DTW2 also shows a moderate positive correlation with distance from watercourses (distance_hydro) at the 225 
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level of 0.41. The strongest negative correlations were recorded for the ASPECT_reclass feature in relation to slope (SLOPE, 

r=-0.55) and DTW2 (r=-0.39). The DEM (elevation) variable is most weakly related to the remaining predictors, with 

correlation coefficients not exceeding the absolute value of 0.25 (Figure S10). The strongest positive correlations were found 

between LST and DTW2 (r=0.63) and between LST and slope (r=0.55) (Figure S11). NDVI correlates moderately negatively 

with DEM (r=-0.45) and DTW2 (r=- 0.44), which suggests higher plant productivity in depressions and with higher soil 230 

moisture. NDMI has its strongest negative correlation with DTW2 (r=-0.45, this also being DTW2’s strongest negative 

correlation), followed by SLOPE (r=-0.42) and DEM (r=-0.41), confirming the importance of terrain relief in the concentration 

of surface moisture. In general, moisture-related indices (NDMI and MNDWI) are closely related to hydrological conditions 

(DTW2), which indicates their sensitivity to the local retention capacity of the substrate. In turn, the relationship between LST 

and DTW2 constitutes the strongest positive correlation for both indices (r=0.63). Thus, though surface temperature is 235 

conditioned by meteorological conditions, it is also determined more strongly by water conditions than any other index studied 

here and can also influence substrate moisture (Figure S11). 

The PCA conducted for RS indices revealed a strong underlying structure in the remote sensing dataset. The first principal 

component (PC1) explains 75.7% of the total variance, while the second (PC2) accounts for 16.1%. Together, the first two 

components explain over 91% of the total variability, indicating an efficient dimensionality reduction (Figures 4a-c).  240 

 

Table 1. Loadings of the first five principal components (PC1–PC5) obtained from Principal Component Analysis (PCA) of 

remote sensing variables (NDVI, NDWI, MNDWI, NDMI, and LST; multi-year means). Loadings indicated the contribution 

of each variable to the respective principal components 

Index PC 1 PC 2 PC 3 PC 4 PC 5 

MEAN_NDVI 0.9073 -0.4043 -0.0295 0.1120 -3.34E-05 

MEAN_NDWI -0.8892 0.4265 -0.1438 0.0811 0.0111 

MEAN_MNDWI 0.7415 0.6380 0.2052 0.0307 -0.0107 

MEAN_NDMI 0.9734 0.1176 0.1933 -0.0308 0.0186 

MEAN_LST -0.8195 -0.1935 0.5387 0.0272 0.0004 

 245 

The loadings indicate that PC1 is primarily associated with vegetation and moisture indices (NDVI, NDMI – rather than 

temperature and water-related variables [LST, NDWI]), which represent the main environmental gradient. PC2 reflects a clear 

contrast between water presence (MNDWI, NDWI) and vegetation (NDVI) (Table 1). The distribution of soil categories 

(SOIL_reclass) in the PC1–PC2 space (Figure 4a) exhibits a clear relationship with the identified environmental gradients. 

Palsa mires (SOIL_reclass=2) and other organic soils (SOIL_reclass=1) located along higher PC1 values are associated with 250 

increased vegetation and moisture (NDVI, NDMI), whereas mineral soils (SOIL_reclass=0) at lower PC1 values correspond 

to higher surface temperatures (LST) and reduced moisture conditions (MEAN_NDWI). Along PC2, there is no clear 

separation of soil categories (Figure 4a). The clear separation of points in the ordination space indicates that the analysed soil 
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categories have unique and measurable remote sensing signatures. Soil categories (SOIL_reclass) show a clear and ordered 

distribution along the main environmental gradient (PC1), indicating a strong relationship between soil type and vegetation–255 

moisture conditions. Soils on mineral substrates are associated with warmer and drier conditions, whereas organic soils (palsa 

and non-palsa mires) correspond to more vegetated and moist conditions (Figure 4a). 

 

Figure 4. (a) Principal Component Analysis (PCA) biplot of remote sensing variables: NDVI, NDWI, MNDWI, NDMI, and LST; multi-

year means (calculated based on Landsat data (USGS, 2025)) (b) Broken stick model (c) Correlation Spearman’s rs of the average values of 260 

remote sensing indices 

3.2 Temporal changes of air temperature and precipitation 

In the study period (1985–2024), the multi-year mean annual air temperature calculated for the Utsjoki-Kevo station was -0.8 

°C, while the multi-year mean annual precipitation reached 426 mm (Table S4). In the full meteorological period 1970–2024, 

a statistically significant upward trend in mean air temperatures of ~0.42 °C per decade was observed (Z=4.20, p=0.00003) 265 

(Figure S13). A similarly statistically significant (Z=3.29, p=0.00099) upward trend of 0.52 °C per decade occurred for the 

period 1985–2024. Among the summer months analysed based on satellite scenes, July was the warmest, with a multi-year 

average air temperature of 13.5 °C (Figure S14 and Table S4). During the period 1985–2024, years were classified from 

anomalously cold to very warm, with 15 normal years, 18 warm to very warm years, and only 7 cool to anomalously cool 

years. The year 2024 was very warm, and 1985 was anomalously cold (Table S6). 270 
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Atmospheric precipitation showed a slight, statistically insignificant, upward trend in the years studied, of the order of 

0.9 mm per year. In turn, linear regression analysis indicates a decreasing number of precipitation days of ~1–1.5 days per 

year (Figure S15). During the period under review, years ranged from very dry to very moist, with 16 normal years, 9 moist, 

6 very moist, 8 dry, and 1 very dry (1990) (Table S8). Detailed air temperature and precipitation characteristics for individual 

months of the study period are presented in Supplementary Material. 275 

Linear regression analysis showed a significant decreasing trend in the number of snow cover days between 1975 and 

2024, averaging ~0.65 days per year (R²=0.449). In terms of snow cover depth, no clear time trend was observed, as confirmed 

by the very low coefficient of determination (R2<0.001). The results indicate a shortening of snow persistence with a 

simultaneous high variability of average cover thickness (Figure S16). 

The analysis of air temperature changes at the Utsjoki Kevo station (Figure S13) allowed three different periods to be 280 

identified. The first (P1: 1985–98) is characterised by high interannual variability of air temperature and lower mean annual 

air temperature, as compared to the later years. The average temperature for the period was -1.5 °C, and the average annual 

temperature was lowest in 1985 (-3.6 °C) and highest in 1989 (0.3 °C) (Table S4). The average annual rainfall for this period 

was 425 mm. The second period (P2: 2000–11) is characterised by a greater amplitude of air temperature variability and more 

frequent occurrence of mean annual temperatures exceeding -1 °C. The mean temperature for the period was -0.5 °C, and the 285 

mean annual temperature was lowest in 2010 (-2.1 °C) and highest in 2011 (0.6 °C). The average long-term annual rainfall for 

the period was 433 mm. In the most recent period (P3: 2013–24), there is less year-to-year variability in mean annual air 

temperature and a greater frequency of mean annual temperatures exceeding -0.5 °C or even 0 °C. This period is clearly warmer 

than periods P1 and P2, with a mean temperature of -0.1 °C. The lowest average annual temperature occurred in 2019 (-1.4 

°C) and the highest in 2024 (0.9 °C). The long-term average annual rainfall during this period was 402 mm (Table S4). 290 

3.3 Temporal variation and trends of remote sensing indices 

Linear mixed-effects models revealed significant temporal trends for all analysed RS indices over the study period 1985–2024. 

NDVI and NDMI showed positive trends, indicating an overall increase in vegetation greenness and moisture-related 

conditions. In contrast, NDWI and LST exhibited significant negative trends, while MNDWI showed a weak but statistically 

significant positive trend (Figure 5). 295 

The strongest positive temporal trends were found for NDMI, followed by NDVI (Table 2). NDWI decreased significantly 

over time, and LST also showed a negative trend. Although MNDWI increased significantly, this effect was small. The 

marginal R2 values were generally low to moderate, indicating that time alone explained only a limited proportion of the total 

variance, whereas the substantially higher conditional R2 values suggest that a considerable part of the variability was 

associated with persistent differences among sampling points (Figure 5, Table 2). 300 
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Figure 5. Temporal changes of NDVI, NDWI, MNDWI, NDMI, and LST across the study period (1985–2024) (calculated 

based on Landsat data (USGS, 2025)) 
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 305 

Table 2. Results of linear mixed-effects models testing temporal trends in remote sensing indices across the study period 

(1985-2024) (calculated based on Landsat data (USGS, 2025)). 

Index Trend (β/year) 95% CI p-value Marginal R² Conditional R² 

NDVI 0.0018 0.0016, 0.0019 <0.001 0.068 0.406 

NDWI -0.0019 -0.0020, -0.0018 <0.001 0.12 0.498 

MNDWI 0.0002 0.0001, 0.0003 <0.001 0.001 0.482 

NDMI 0.0025 0.0023, 0.0026 <0.001 0.068 0.611 

LST -0.0246 -0.0310, -0.0182 <0.001 0.006 0.301 

 

The variability of satellite indicators based on the 245 points distributed over the study area showed differences depending 

on point locations. Points located on palsa mires exhibited greater amplitudes of fluctuations in of most remote sensing indices 310 

(NDVI, NDWI, NDMI, MNDWI) (Figures 6 and S17). The exception was the LST index, which in the areas of palsa mires 

and other organic soils had significantly (~4 °C) lower and less diverse values compared to points in areas outside peatlands 

(i.e., in those with mineral soils). The two organic categories did not differ significantly from each other (Figure 6 and Table 

S9). At the same time, the points located on palsa mires stood out for having the lowest spatial variation in surface temperature. 

Importantly, palsa mires exhibited higher NDVI, MNDWI and NDMI values and lower NDWI values compared to the other 315 

sites; NDWI, in contrast, reached their highest level on mineral soils (non-peatland) (Figure 6 and Table S10). 

Pairwise comparisons were conducted to further investigate the significant main and interaction effects detected in the 

mixed-effects models (Table 3). The comparisons showed a clear and consistent gradient for NDVI, MNDWI and NDMI, with 

their values being highest in palsa mires, intermediate in other organic soils, and lowest in mineral soils. Differences in 

temporal trajectories were most evident for NDVI and NDMI, with mineral soils showing weaker positive trends than both 320 

categories of organic soils. For NDWI, mineral soils showed a weaker negative trend than other organic soils and palsa mires. 

In contrast, no significant pairwise differences in slope were detected for MNDWI, and only weak evidence of slope differences 

was found for LST (Figure 6 and Table S9). 
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Figure 6. Temporal changes of NDVI, NDWI, MNDWI, NDMI, and LST  across the study period (1985–2024) in the three soil categories 325 

(calculated based on Landsat data (USGS, 2025)) 
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Table 3. Summary of mixed-effects models testing the effects of soil category on remote sensing indices and their temporal 

trajectories. 

 Year Soil category Year × soil category 

Index F p F p F p 

NDVI F(1, 6465.0) = 704.11 < 0.001 F(2, 242.1) = 79.77 < 0.001 F(2, 6465.0) = 11.12 < 0.001 

NDWI F(1, 6464.6) = 1332.42 < 0.001 F(2, 242.0) = 72.43 < 0.001 F(2, 6464.6) = 5.54 0.004 

MNDWI F(1, 6461.8) = 19.74 < 0.001 F(2, 242.2) = 114.86 < 0.001 F(2, 6461.8) = 1.91 0.148 

NDMI F(1, 6462.5) = 1012.71 < 0.001 F(2, 241.9) = 199.56 < 0.001 F(2, 6462.5) = 8.15 < 0.001 

LST F(1, 6461.9) = 29.30 < 0.001 F(2, 243.1) = 389.92 < 0.001 F(2, 6461.8) = 2.99 0.050 

F, omnibus test statistic, Adjusted p indicates the p-value corrected for multiple comparisons; values < 0.05 were considered statistically 

significant 330 

 

Within analysis of the three study periods (P1: 1985–88, P2 2000–11, P3: 2013–24), soil categories differed significantly for 

all analysed indices (all Kruskal–Wallis tests: p<0.001; Table 11). Post-hoc Dunn tests showed that NDMI and MNDWI 

consistently distinguished all three categories in every period, and the same overall pattern was observed for NDVI. For NDWI, 

all three categories differed significantly in P2 and P3, whereas in P1 the contrast between mineral soils and non-palsa organic 335 

soils was not significant. For LST, mineral soils differed significantly from the organic soil categories (both palsa and other) 

in all periods, while non-palsa organic soils and palsa mires did not differ significantly from each other (Tables S11 and S12). 

The average index values for periods P1, P2 and P3, calculated for points grouped by soil category, indicate clear changes 

over time. They also confirm the previously indicated variability in these changes among mineral soils, non-palsa organic 

soils, and palsa mires (Figures 7 and S18). The vegetation index (NDVI) clearly increases through P1, P2 and P3 for all soil 340 

categories, and the median NDVI in each period is notably higher for palsa mires (0.46–0.52) than for other organic soils 

(0.40–0.48) or mineral soils (0.37–0.43) (Figures 7 and S18). This indicates that biomass productivity is highest within palsa 

mires. There is a similar increase through P1, P2 and P3 for the soil moisture index (NDMI) in all soil categories, with the 

increase being most pronounced between periods P2 and P3. Median water indices for all soil categories either decreased 

across P1, P2 and P3 (NDWI) or decreased between P1 and P2 then increased between P2 and P3 (MNDWI). In P1, the average 345 

air temperature was -1.5 °C, followed by -0.5 °C and -0.1 °C in P2 and P3, respectively (Table S4), indicating a persistent 

climate warming trend in the study area. Bearing in mind that LST is the most temporally variable of the studied indices, the 

median of this index was notably lowest at points representing all soil categories in P1, then increased in period P2 and 

decreased slightly in period P3. Treating the set of indices as comprehensive information about the environment, the decrease 

in LST in P3 may result from increased moisture (increases in NDMI and MNDWI), which may have changed the radiation 350 

balance of the land surface. Considering the slight (~5–7%) decrease in atmospheric precipitation in P3 compared to P1 and 
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P2 (Table S4) and the constant upward trend in air temperatures, the increase in area humidity in the summer months may 

have been contributed to by ice degradation within the palsa mires. At the same time, the persistent decrease in median NDWI 

and accompanying increases in NDMI and MNDWI suggest a tendency for changes towards wetland conditions rather than 

an increased number and area of water bodies. Notably, the P3 period, especially its second half, was characterised by 355 

exceptionally warm, dry months in June–August on a multi-annual scale (Tables S6 and S8), which may have resulted in large 

water losses to evaporation and transpiration. It is also noteworthy that, as shown earlier, palsa mires differ clearly in the values 

of the analysed indices, not only from mineral soils, but also from other organic soils (Figure 7); they constitute sites with 

higher plant productivity, higher moisture and lower surface temperature. 

The spatial differentiation of environmental dynamics in the study area in the study period is presented on maps of 360 

differences in remote sensing index values among the three sub-periods (Figures S19-S22). NDVI increased between P1 and 

P2 across the vast majority (61%) of the study area, but there was no change between P2 and P3 (in 95% of total area) (Figure 

S19). However, there is an increase in NDVI between both P1 and P2 and P2 and P3 within peatlands and along streams and 

in the vicinity of water bodies, which indicates highly dynamic hydrological processes and the associated variability of 

vegetation. Stable areas (unchanged) occur mainly in areas above 300 m a.s.l. that are characterised by slopes of <15° (Figures 365 

S1, S2 and S19). 

For the NDMI moisture index, most of the area exhibited either no change between P1 and P2 (85% of total area) and an 

increase between P2 and P3 (61% of total area) or no change between P1 and P2 nor between P2 and P3 (24% of total area) 

(Figure S20). In P1–P2, increases in NDMI were recorded mainly along watercourses, in the vicinity of lakes, and on peatlands, 

while the index remained unchanged in the rest of the area. Between P2 and P3, conditions were stable in areas surrounding 370 

rivers and lakes, whereas values continued to increase within palsa mires. The most stable moisture conditions are found on 

the slopes of larger valleys and depressions (slopes of >5°; Figures S2 and S20).  

The MNDWI index was highly stable in most of the study area (no index changes in 81% of total area) (Figure S21). In 

P1–P2, decreases were only local, whereas in P2–P3 local increases occurred. The NDWI index exhibited clear temporal and 

spatial variability. In P1–P2, it decreased in 37% of the study area (Figure S22). In P2–P3, decreases of >10% occurred mainly 375 

in and around peatlands, while the index value was stable elsewhere. Importantly, within a few hundred metres of the 

dynamically changing peatlands, no significant changes were recorded, which emphasises the point-specific nature of the 

NDWI index values. 
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Figure 7. Distribution of point-level mean values of NDVI, NDWI, MNDWI, NDMI, and LST across three study periods (P1, P2, P3), 380 

shown separately for soil categories (calculated based on Landsat data (USGS, 2025)). Asterisks above comparisons indicate statistical 

significance from Dunn post-hoc tests: * p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001, ns = not significant. 
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3.4 Environmental drivers of remote sensing variability 

Omnibus tests showed that soil category was the most consistent predictor of remote sensing variability, significantly 

explaining the point-level mean values of all five indices and the temporal slopes of all indices except MNDWI. DEM was the 385 

second most important predictor, with significant effects on the mean values of NDVI, NDWI, NDMI and LST and on the 

temporal slopes of the same indices. In contrast, DTW2 was significant only for mean LST, whereas distance to hydrographic 

features and slope did not show significant effects in the final models. Aspect had a more selective influence, significantly 

affecting mean LST and the temporal slopes of NDVI and LST (Tables 4 and S13). 

The coefficient estimates further indicated that, relative to mineral soils, both palsa mires and other organic soils were 390 

associated with higher mean values of NDVI, NDMI and MNDWI and with lower mean values of NDWI and LST. For 

temporal slopes, soil category was again important: compared with mineral soils, organic soils generally showed stronger 

positive trends in NDVI and NDMI and more negative trends in NDWI. DEM also showed a coherent pattern, being negatively 

associated with the mean values of NDVI and NDMI, positively associated with mean NDWI and LST, and significantly 

related to the temporal slopes of these indices (Figure 8 and Table S13). 395 

 

Table 4. Omnibus tests of environmental predictors for point-level mean values and temporal slopes of remote sensing indices: 

A – Models for point-level mean values, B – Models for point-level temporal slopes 

A 

Index DEM DTW2 Distance hydro Slope Aspect Soil category 

 F p-value F p F p-value F p-value F p-value F 
p-

value 

NDVI 32.33 <0.001 2.87 0.091 0.01 0.94 3.64 0.058 0 0.986 38.48 <0.001 

NDWI 19.22 <0.001 1.61 0.206 0.02 0.879 1.36 0.245 0.85 0.356 32.47 <0.001 

MNDWI 1.25 0.264 1.6 0.207 0.31 0.58 0.08 0.775 0.11 0.741 56.99 <0.001 

NDMI 15.74 <0.001 0 0.951 0.16 0.688 0.55 0.458 0.14 0.705 95.62 <0.001 

LST 6.24 0.013 4.13 0.043 0.55 0.458 0.12 0.732 4.72 0.031 200.21 <0.001 

B 

Index DEM DTW2 Distance hydro Slope Aspect Soil category 

 F p-value F p-value F p-value F p-value F p-value F 
p-

value 

NDVI 53.53 <0.001 0.23 0.628 3.51 0.062 1.17 0.281 7.57 0.006 18.03 <0.001 

NDWI 51.62 <0.001 0.01 0.921 3.44 0.065 0.01 0.917 1.45 0.23 6.78 0.001 

MNDWI 0.48 0.49 1.01 0.316 0.09 0.76 0.12 0.725 0.44 0.509 2.59 0.077 

NDMI 28.33 <0.001 1.39 0.24 0.58 0.447 0.01 0.912 3.4 0.066 10.55 <0.001 

LST 15.48 <0.001 1.6 0.207 0.83 0.364 0.1 0.752 6.38 0.012 11.66 <0.001 

Continuous predictors (DEM, DTW2, distance to hydrographic features, slope, and transformed aspect) were standardised before modelling. 

Soil category was entered as a factor; omnibus tests evaluate the overall effect of the three soil categories. Point-level means were calculated 400 

across the full study period, and slopes were estimated from linear regressions of each index against centred year for each sampling point. 

p-values <0.05 were considered statistically significant. 
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Figure 8. Coefficient plot showing regression estimates and 95% confidence intervals for: (a) environmental predictors of point-level mean 

values and (b) temporal slopes of NDVI, NDWI, MNDWI, NDMI and LST (Continuous predictors aspect, slope, distance_hydro, DTW2 405 

and DEM were standardised, and coefficients for soil category are expressed relative to mineral soils) 

Redundancy analysis (RDA) showed that environmental predictors significantly explained the shared multivariate structure of 

remote sensing indices in all three study periods. The overall constrained models were highly significant in P1, P2 and P3 (all 

p=0.001), indicating that the joint variation in standardised point-level mean values of RS indices was strongly structured by 

environmental conditions. The explanatory power of the models was substantial and increased slightly over time, with adjusted 410 

R2 values of 0.496 in P1, 0.544 in P2, and 0.586 in P3 (Tables 5, S14 and S15). In all three periods, the first constrained axis 

dominated the ordination, accounting for 89.9% of the constrained variance in P1, 93.9% in P2 and 95.2% in P3, whereas the 

second axis explained only a small additional proportion (7.8%, 4.1% and 3.5%, respectively; Table 5). This indicates that the 

environmentally structured component of RS variability was organised mainly along a single dominant gradient. 

 415 
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Table 5. Summary of redundancy analysis (RDA) models across the three study periods. 

Period Overall model F p-value Adjusted R² RDA1 (%) RDA2 (%) 

P1 34.57 0.001 0.496 89.9 7.8 

P2 42.15 0.001 0.544 93.9 4.1 

P3 50.15 0.001 0.586 95.2 3.5 

Overall model significance (F) is based on permutation tests. Adjusted R² values indicate the proportion of multivariate variation in 

standardised point-level mean remote sensing indices explained by the constrained model within each period. 420 

 

The distribution of points in the RDA biplots (Figure 9) indicates partial clustering of objects. Soil category (SOIL_reclass) 

clearly separates the studied points into three groups, suggesting that this environmental variable and satellite indicators 

significantly differentiate the studied area internally. Permutation tests for individual predictors showed that soil category, 

DTW2 and DEM were the strongest and most consistent drivers of the multivariate RS structure across all three periods (Table 425 

S13). Soil category was highly significant in P1, P2 and P3, and its contribution increased toward the most recent period. 

DTW2 was also strongly significant throughout and became particularly important in P3, whereas DEM showed a stable and 

substantial effect across all periods. Distance to hydrographic features and slope were consistently significant but clearly 

weaker, while aspect had the weakest and least stable influence. The ordination plots supported this interpretation by showing 

a clear environmental structuring of the multivariate RS space (Figure 9). Sampling points belonging to different soil categories 430 

occupied distinct positions in the ordination space, and the main RS indices were aligned along the dominant constrained 

gradient. Together, these results indicate that the joint RS signal was not random, instead being strongly organised by substrate-

related, hydrological and topographic conditions, with this environmental control remaining robust across all three temporal 

phases. 

 435 
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Figure 9. RDA biplots of standardised point-level mean RS (NDVI, NDWI, MNDWI, NDMI) values for P1, P2 and P3 periods 

according to soil reclassification groups (calculated based on Landsat data (USGS, 2025)) 
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4 Discussion 440 

Permafrost, especially discontinuous permafrost, is susceptible to the rapid climate warming that has been observed in the 

Arctic in recent decades (Schuur et al., 2008). According to recent studies, the temperature increase in permafrost regions is 

almost four times faster (3.8 °C between 1979 and 2021) than in the rest of the globe (Rantanen et al., 2022), and this trend is 

steadily continuing (Biskaborn et al., 2019; Smith et al., 2022). Permafrost degradation causes greenhouse gases to be released 

into the atmosphere (Hugelius et al., 2020; Turetsky et al., 2020), which further exacerbates warming and, as a result, 445 

progressively reduces the extent of permanently frozen ground (Schuur et al., 2015, 2022). The degree of permafrost 

degradation varies significantly across areas, which may result partly from differences in climatic conditions and vegetation 

cover (Streletskiy et al., 2015). 

4.1 Interrelationships between satellite indicators and environmental factors 

The relationships between remotely sensed indicators and environmental parameters reveal a spatial variability in ecosystem 450 

response to climate warming in northern Finland. The observed increase in NDVI and NDMI, together with the decrease in 

LST, suggests that the study area underwent a directional environmental change consistent with increasing vegetation-related 

and moisture-related signals and reduced surface thermal load. However, these patterns should be interpreted cautiously, as 

remote sensing indices represent indirect proxies of environmental processes and may also be influenced by image-acquisition 

timing, sensor-specific characteristics, and short-term weather variability (Pettorelli et al., 2014). The weak but significant 455 

trend in MNDWI indicates that not all water-related indices responded equally strongly, which may reflect differences in their 

environmental sensitivity and interpretability (Xu, 2006). 

PCA analysis showed a clear differences in the distribution of points according to substrate type, demonstrating that 

substrate type strongly determines environmental conditions and spectral signals. The main factor controlling the variability 

of Landsat indices in the study area is the gradient in the variation in moisture conditions and vegetation cover. The dominance 460 

of NDVI and NDMI within PC1 indicates an increase in plant productivity and surface moisture. The pattern of LST and 

NDWI in areas outside peatlands being opposite to that of NDVI and NDMI may indicate colder conditions in waterlogged 

areas. 

The RDA results extend the index-specific regression models (LMM) by showing that environmental predictors 

structured the remote sensing system at a multivariate level, rather than influencing only individual indices in isolation. 465 

Whereas the regression models identified which variables were associated with the mean values and temporal slopes of 

particular indices, RDA demonstrated that a large proportion of the shared variation among NDVI, NDWI, MNDWI, NDMI, 

and LST was jointly organised by environmental conditions. This methodological complementarity aligns with observations 

by Álvarez-Martínez et al. (2026), who noted that, although univariate models successfully capture high-frequency, short-term 

environmental dynamics, a multivariate ordination is essential to synthesise stable, spatial topographic–soil gradients. In 470 

particular, soil category (mineral soils, non-palsa organic soils, and palsa mires), DTW2 and DEM emerged as the strongest 

https://doi.org/10.5194/egusphere-2026-3763
Preprint. Discussion started: 21 July 2026
c© Author(s) 2026. CC BY 4.0 License.



24 

 

and most consistent predictors of the common RS structure across all three periods. The permanence of these predictors is 

rooted in the physical mechanisms governing the sub-Arctic landscape; mineral soils facilitate high thermal conductivity and 

lower moisture, which accelerates summer thaw and increases ground temperatures, whereas the organic peat layers of palsa 

mires act as a powerful thermal insulator (Muir et al., 2025). This indicates that the observed RS patterns were not simply a 475 

set of separate index-specific responses, but instead reflected an integrated environmental gradient linking substrate conditions 

and hydrological and topographic setting. Specifically, the high stability of the DTW index underscores its capacity to model 

water table positions and soil drainage zones (Larson et al., 2022; Murphy et al., 2009), which directly dictate physiological 

vegetation stress, translating into a tightly coupled response of moisture (MNDWI, NDMI) and vegetation (NDVI) indices. 

Thus, RDA provided an important synthetic perspective, confirming that environmental control operated not only at the level 480 

of single indicators, but also at the level of the overall multivariate RS signal. 

4.2 Temporal changes of remote sensing indices 

The analysis of the Landsat mission time series revealed significant environmental changes in the studied part of northern 

Finland (Figures 1 and S19-S22). The RS indices calculated based on Landsat data (such as NDVI, NDWI, NDMI) in this 

work have already been successfully used to monitor environmental changes on a temporal scale in northern regions (e.g., 485 

Chen et al., 2022; Liu et al., 2025; Nitze et al., 2018; Nitze and Grosse, 2016). The analysis of three time periods (P1: 1985–

98, P2: 2000–11, P3: 2013–24) indicated a gradual but clear trend, which can be interpreted as a transition from a more stable 

environment characterised by the occurrence of permafrost to systems dominated by peat-forming and hydrological processes. 

The increase in NDVI in the periods P1–P3 may indicate intensifying “Arctic greening”, i.e. an increase in vegetation 

productivity under warming climate conditions (Berner et al., 2020; Myers-Smith et al., 2020). Important findings include that 490 

the overall increase in NDVI values in the study during the study period is in line with the commonly observed Arctic greening 

trend (Yang et al., 2024), which in recent decades amounted to ~1.8% per decade (Seo and Kim, 2024). The increase in 

vegetation productivity in this region is usually associated with increased average air temperatures and a longer growing season 

(Myers-Smith et al., 2020). Shijin and Xiaoqing (2023) and Yang et al. (2024) showed that the increase in NDVI in Arctic 

regions intensifies with increasing active-layer thickness, and that the main determining factor is permafrost degradation. 495 

At the same time, our study found an increase in NDMI, which is a strong indicator of water content in plant tissues (Gao, 

1996). Combined with increasing MNDWI values, which reflect open water and ground saturation (Xu, 2006), this indicates 

an increase in moisture content of both the surface layer and vegetation. This trend supports the hypothesis that northern 

permafrost areas are transforming into more water-rich ecosystems, where depressions associated with permafrost degradation 

and plant expansion result in the pixel containing more water “in vegetation”. Thus, NDVI showed a high positive correlation 500 

with NDMI (0.84; Figure S12) indicating the relationship between vegetation productivity and moisture. This relationship is 

characteristic of wetland and tundra areas, where vegetation development is strongly controlled by hydrological conditions 

and the active soil layer (Loranty et al., 2011). 
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In turn, the decrease in NDWI found in the study may have been strongly disturbed by the development of dense 

vegetation, especially in peatlands during the growing season. In such conditions, the signal reflected from plants dominates 505 

in the water signal, thus limiting the index’s ability to detect ground moisture and possibly producing underestimated values 

despite high ground moisture. MNDWI is more effective at detecting open water in complex landscapes, especially where 

vegetation and moist soils are present, whereas NDWI may be more sensitive to changes in “water pixels” (Zhou et al., 2017). 

Giese et al. (2025) pointed out that, on a European scale, there is a clear rising trend in moisture content (rising NDMI) in 

peatland areas in the boreal part of the continent, although locally it is shaped by high heterogeneity of hydrological conditions 510 

(a larger number of small wet spots, less water area), which confirms our results. 

LST values in Arctic regions are strongly determined by surface properties such as moisture, vegetation cover or 

permafrost condition (Westermann et al., 2011), and studies on tundra energy balances indicate that any change in the 

insulating properties of vegetation and soils directly modifies the surface temperature (Helbig et al., 2020; Langer et al., 2010). 

Despite the increase in air temperature recorded by the meteorological station, remote sensing analysis showed a local 515 

downward trend in LST in our study area that was particularly pronounced within the peatlands. This discrepancy indicates 

that surface temperature in peatland ecosystems is not only determined by the direct influence of air temperature but also by 

local hydrological conditions and changes in vegetation structure. These values may also be related to changes in the energy 

balance structure, which increases latent heat flux at the expense of sensible heat, leading to effective surface cooling (Nedbal 

et al., 2020), even when the region as a whole experiences long-term warming (Worrall et al., 2019). The spatial thermal 520 

variability of the tundra can be captured using Landsat data, which enable high-resolution estimations of energy balance 

components (Nedbal et al., 2020). The strong negative correlation found between LST and NDVI, NDMI and MNDWI indices 

(r≈-70, Figure S12) proves that hydrological processes are effectively limiting the impact of regional warming in the study 

area. 

It should be noted, however, that the LST value does not directly reflect long-term air temperature trends (recorded by 525 

the weather station). While the stations record continuous changes in air temperature (24 hours a day), LST represents the 

surface state only at the specific moment of the satellite's overflight and is strongly dependent on atmospheric conditions and 

data acquisition time, and its analysis is based on a limited number of observations per month (e.g., 1 or 2 scenes available per 

month). Consequently, LST is highly susceptible to short-term atmospheric conditions and daily variability. In contrast, 

vegetation and water/moisture indices (e.g., NDVI, NDMI) reflect the integrated vegetation/moisture response over the entire 530 

growing season. Their values result from the cumulative impact of environmental conditions (temperature, moisture, water 

availability) and not from the conditions prevailing on a single day. For this reason, discrepancies between the indicator values 

obtained do not necessarily indicate a contradiction, but may instead result from differences in time scales and in the nature of 

the indicators. 
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4.3 Changes of environmental characteristics of the palsa mires 535 

The results obtained for the studied part of northern Finland, which lies at the marginal extent of permafrost occurrence and 

features palsa mires (Seppälä, 2006), indicate differences in the thermal and hydrological character of palsa mires in the boreal 

zone as compared to the remaining peatlands and other soil types in this area (represented mainly by podzols). Palsa mires 

constitute a specific type of peatlands associated with the presence of permafrost, and their functioning depends heavily on the 

relationship between thermal and hydrological conditions (Seppälä, 2011). The analysis of 45 points located on palsa mires 540 

showed them to be characterised by higher soil moisture and lower and more stable surface temperature, as compared to 

mineral soils and non-palsa organic soils. This is due to the presence of permafrost and ice in the peat profile (Seppälä, 2011), 

which cushions seasonal thermal fluctuations and limits infiltration (Kujala et al., 2008). Increased surface moisture favours 

an energy balance shift towards the latent heat flux (Helbig et al., 2020), which limits surface heating and may locally decrease 

LST. 545 

In the study area, the highest NDVI values were recorded on palsa mires rather than at points located on other peatlands 

or outside them. The analysis of trends over time (40 years: 1985–2024) showed an increase in NDVI in P3 compared to the 

earlier periods P1 and P2, suggesting a slight increase in plant productivity in the study period. Bosiö et al. (2012) analysed 

palsa mires in Fennoscandia and indicated that climate changes within them were leading to the transformation of plant 

communities and an increase in the share of plants preferring more humid habitat conditions. This trend is confirmed by studies 550 

of “Arctic greening”, which is being observed in many high-latitude regions (Heijmans et al., 2022; Myers-Smith et al., 2020). 

In the study period, an upward trend was observed that was similar for the NDMI and MNDWI indices. It was seen at 

sites represented by the 245 points (Figure S18) as well as across the area as a whole (Figures S20 and S21). The results 

indicate a progressive increase in environmental moisture and vegetation development related to the degradation of permafrost 

and hydrological changes occurring within palsa mires. Previous studies have shown that ice loss within palsa mires increases 555 

substrate moisture (Laurent et al., 2025), as reflected in high values of satellite indices reflecting moisture (NDMI and 

MNDWI). Similar spectral changes were reported by Kolari et al. (2022), although their study concerned a boreal aapa mire 

rather than a palsa mire. Using Landsat data from 1985–2020, they showed that increasing NIR reflectance, together with 

increasing GDVI and decreasing AWEI, was associated with the replacement of formerly open, wet flark surfaces by 

Sphagnum carpets and lawns. Their findings therefore support the interpretation that changes in moisture dependent peatland 560 

vegetation and surface wetness can strongly affect satellite derived spectral indices (Kolari et al., 2022). Furthermore, a study 

that included areas of northern Finland (around Kevo), Crichton et al. (2025) found a consistent increase in NDVI on more 

than two thirds of analyse peatland edges (over the last 15–20 years) with stable or increasing moisture (NDMI). 

A different situation was observed for the NDWI index, which showed a decrease in value in the analysed period. As 

described in section 4.2, this may suggest a reduction in surface water availability or changes in vegetation structure affecting 565 

the spectral response of the indicator. The indicator NDWI is traditionally applied to delineate open water features (McFeeters, 

1996), while MNDWI more accurately reflects both open water bodies and zones of high soil-moisture saturation (Xu, 2006). 
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As a result, a concurrent rise in MNDWI coupled with a decline in NDWI may indicate progressive wetting of the ground 

within palsa mires. The expansion of water-saturated surfaces increases MNDWI, whereas permafrost degradation and the 

resulting vegetation development increase NIR reflectance, thereby decreasing NDWI. It is also interesting that NDWI values 570 

were lowest on palsa mires as compared to the other substrate types, which may be due to their unique relief. Their ice core 

elevates these formations above the mire level, which forces a natural slope of the terrain. As a result, water does not 

accumulate on the tops of the palsas but flows down to the lower depressions. 

The results obtained can be associated with the specificity of the study area, and specifically with the presence of palsa 

mires that are subject to strong degradation (Leppiniemi et al., 2025b; Luoto et al., 2004a). Studies monitoring the state of 575 

these forms indicate their successive reduction in the Northern Hemisphere (Aalto et al., 2017; Borge et al., 2017; Fewster et 

al., 2022; Mamet et al., 2017; Olvmo et al., 2020). In Fennoscandia, bioclimatic models indicate that, by the end of the 21st 

century, climatic conditions throughout the region will no longer be conducive to maintaining permafrost and its associated 

palsa mires (Fewster et al., 2022; Fronzek et al., 2006; Leppiniemi et al., 2023). In contrast, forecast models indicate an almost 

complete loss of environmental conditions suited to palsa mires in the Northern Hemisphere by 2061–80, under a high-580 

emission scenario (RCP8.5), but even under moderate and low-emission scenarios the projected loss is 89.3% and 76.3%, 

respectively (Leppiniemi et al., 2023). For example, detailed studies of two palsa mires in the Kilpisjärvi area (Finland) showed 

their areas to have decreased by 77–90% and their heights by 16–49% between 1959 and 2021 (Verdonen et al., 2023), which 

indicates intensive permafrost degradation. This process is closely related to the spatial variation of active layer thickness 

(ALT), which is greatest at the edges of the forms, leading to their erosion (Verdonen et al., 2024). Moreover, recent studies 585 

indicate that 53% of palsas in northern Finland are in poor morphological condition and only 28% have maintained good 

ecological status (Leppiniemi et al., 2025b). 

Previous studies show that, in the past, climate warming led to increased carbon accumulation in high-latitude peatlands 

(Gallego-Sala et al., 2018; Piilo et al., 2020). However, contemporary warming is bringing about more diverse responses in 

permafrost-associated peatlands, which results from dynamic hydrological and ecological changes (Sim et al., 2021). Models 590 

indicate that Arctic peatlands will remain a carbon sink in the coming decades (northern peatlands will become a CO2 source 

of ∼0.2 Pg C year-1 by 2300 under RCP8.5) (Qiu et al., 2022), but around the mid-21st century they may become a carbon 

source due to drying, permafrost thawing and vegetation changes (Gallego-Sala et al., 2018). Moreover, a possible disturbing 

effect of palsa degradation is changes in hydrochemical characteristics, including metals accumulated in palsa mires being 

released into surface waters (Jóźwik et al., 2025). 595 

Considering the environmental changes being seen, further disappearance of palsa mires in the future may gradually 

transform into boreal peatlands and/or more hydrated communities related to the development of thermokarst and the 

expansion of water surfaces. However, the thinness of permafrost within the marginal zone of its extent, together with rising 

air temperatures and the expansion of vegetation (increased evaporation and transpiration), accompanied by no significant 

upward trend in total precipitation, appears not to favour the increasing extent of open waters that has been observed in regions 600 

of continuous and discontinuous permafrost (Jones et al., 2011). At the same time, the environmental response of the palsa 
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mires of the study area to the increase in air temperatures results from their marginal character; the observed changes, such as 

changes in hydrological condition (Jin et al., 2022; Liljedahl et al., 2016), are a signal of the palsas’ gradual disappearance in 

this region. At the same time, the results indicate that the rate of permafrost degradation may be spatially diversified due to the 

heterogeneity of thermal and hydrological conditions – especially in relation to the distance from the hydrographic network, 605 

but also other environmental factors, including the height above sea level. 

Perspectives of remote sensing study 

The results are important due to the need for local research in Arctic regions that has been indicated in the literature (Leppiniemi 

et al., 2025a; Nitze and Grosse, 2016). This will improve understanding of the potential directions of environmental 

transformations in the 21st century. The results also indicate the effectiveness of RS detection of changes in moisture, 610 

temperature and vegetation at high spatial resolution (30×30 m per pixel) for long time series (1985–2024). The increasing 

availability of satellite data (e.g., new Copernicus Sentinel earth observation missions), as well as the increasingly rapid 

development of open source software (e.g., QGIS, SAGA GIS and ESA SNAP), together create promising prospects for using 

RS data for detailed analysis of changes in environmental components in remote northern areas. Moreover, structured 

monitoring of permafrost areas can enrich national and international peatland ecosystem observation programmes (e.g., Global 615 

Terrestrial Network for Permafrost (GTN-P), Copernicus). Another key perspective for the development of modern remote 

sensing is the rapid progress in artificial intelligence, with particular emphasis on machine and deep learning algorithms, which 

are revolutionising data processing and automatic detection of environmental changes (Shang et al., 2026; Zhu et al., 2017). 

Limitations due to remote sensing data 

Satellite data from the Landsat series play a key role in environmental research, ecosystem monitoring and land cover change 620 

analyses at local and global scales (Wulder et al., 2019). Their application is somewhat hampered by atmospheric influences 

on data quality (Song et al., 2001). The presence of clouds, aerosols and variability of atmospheric conditions can significantly 

reduce the number of usable scenes, especially in polar regions (Ju and Roy, 2008). Landsat 8 exhibits specific trends for 

latitudes between 55 and 82 degrees, where data availability is reduced by frequent cloud cover (Rahimi and Jung, 2024). 

Moreover, the temporal resolution of 16 days for a single satellite, or even 8 days for Landsat 8 and 9 combined, may be 625 

insufficient to track acute or extreme processes, such as rapid changes in soil moisture (Roy et al., 2014). In our case, only 58 

satellite images from the years 1985–2024 were used due to limitations resulting from cloud cover. At the same time, scenes 

were most abundant for the last 5 years (2020–24), which creates a risk of uneven data abundance in the time series. It is also 

important to note that seasonal differences and satellite pass dates can significantly affect spectral indices – comparing images 

from different days during the season can lead to the false appearance of trends. 630 
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5 Summary and conclusions 

Satellite images from the Landsat mission were used to calculate selected remote sensing indices for the period 1985–2024, in 

an area of 402 km2 within the range of permafrost occurrence in northern Finland. Long-term monitoring encompassing a wide 

range of spatial and temporal data enabled a comprehensive analysis of changes in the environment of the study area. The 

trends of the calculated indices (NDVI, NDWI, MNDWI, NDMI and LST) revealed environmental changes over time. 635 

The most important findings are: 

1. Temporal trends in the vegetation index (NDVI) and moisture indices (NDMI, MNDWI) increased throughout the entire 

study period, in contrast to the water index (NDWI) and surface temperature (LST), which decreased towards the end of 

the study period. 

2. A strong positive correlation between the vegetation index (NDVI) and the moisture index (NDMI) was found and a 640 

negative correlation between the vegetation index (NDVI) and the water index (NDWI). 

3. Spatial differentiations in individual indices and in trends over the period 1985–2024 were found. 

4. Discrepancies were found between the air temperature trend (continuous increase) and the surface temperature index trend 

(decrease at the end of the period). 

Clear environmental factors were detected that determined the multidimensional structure of remote sensing indices. Of 645 

these, soil categories, DTW2 and DEM were the strongest and most consistent predictors in all three subperiods of 1985–2024. 

The importance of soil categories and the DTW2 parameter increased significantly in the last period (P3: 2013–24), indicating 

the progressive intensification of environmental control over the spectral signal. These results also confirmed the clear thermal 

and hydrological distinctiveness of palsa mires, which throughout the study period retained an environmental character that 

was entirely distinct from the other organic soils (i.e., dystric histosols, sapric histosols) and the mineral soils (dystric leptosols, 650 

endogleyic podzols, hypersceletic leptosols). 

The use of Landsat images, being characterised by high spatial resolution (30 metres), enabled the detection of even small 

spatial changes, which is important due to the heterogeneous and mosaic landscape of the young glacial landscape of northern 

Finland. At the same time, the Landsat mission provides a long time series of images, which allowed for the analysis of changes 

over as much as 40 years. The approach used can be easily applied to other study sites, which can help understand and quantify 655 

changes in dynamically changing permafrost areas, including those at the margins of its range. 

Code and data availability 

Detailed values of RS indices calculated for each point was presented in Szczepańska et al. (2026). Dataset for: The use of 

remote sensing for studying environmental changes in a palsa mire zone of Northern Finland in the period 1985-2024. 

https://doi.org/10.5281/zenodo.20817134. 660 
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