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Abstract
The recent increase of the air temperature due to the global climate change is considered 
as one of the important reasons for the wildfires increase in the world, even in areas where 
the wildfires are not that common. In addition to the various physical damages adversely 
affecting the ecological balance, harmful gases and solid particles are released into the 
atmosphere due to wildfires, causing serious health problems. In this study, impacts of the 
most serious forest fire in modern history of the country lasting 16 days from 23rd of July 
2022 in the National Park” Bohemian Switzerland” in the Děčín district, Czech Republic, 
were investigated using remote sensing satellite datasets by cloud-based Google Earth 
Engine (GEE) platform. The normalized difference moisture index (NDMI), normalized 
burn ratio index (NBR), normalized difference vegetation index (NDVI), land surface tem-
perature (LST) and soil moisture index (SMI) were calculated from Landsat-8 Operational 
Land Imager and Thermal Infrared Sensor (OLI and TIRS) dataset for the dates of 31st 
October 2021, 18th June 2022, and 31st October 2022. Relationship of the remote sensing 
indices were calculated to estimate the impacts of the wildfire. Furthermore, distribution of 
nitrogen dioxide (NO2) was extracted using Sentinel-5P TROPOMI (Tropospheric Moni-
toring Instrument) to observe changes before and after the forest fire in the study region. 
The burnt area approximately 13.20 km2 from the total area of 79.28 km2 was detected 
using different time series of the remote sensing indices in the national park.

Keywords  Climate change · Environmental disaster · Land surface temperature · 
Remote sensing · Wildfires

1  Introduction

Forest fires occur from the past to the present in the world and some of the fires are caused 
by human effects while some of them are caused by harsh climatic conditions (Mansoor et 
al. 2022). Climate change is considered as one of the most important causes of natural fires 
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due to the extreme climate conditions and rising average temperature all over the world that 
trigger global warming and increase the risk of wildfires (Lohmander et al. 2022). Increas-
ing population density, greenhouse gases and industrialization activities are the main rea-
sons of the global warming in the world (Al-Ghussain 2019). As a consequence, wildfires 
lead to the deterioration of the structure of nature. Additionally, apart from the climatic 
conditions, the rapid urbanization of megacities also disrupts the natural ecosystems’ struc-
ture and leads to the conversion of agricultural areas and forests into settlements. Moreover, 
many natural disasters affect landscape structure and environment, such as earthquakes, 
wildfires, and landslides, which change the characteristics of the Earth surface (Ishtiaque 
and Nazem 2017). Therefore, the devastation of agricultural lands and forest areas not only 
contributes to a rise in air temperature but also precipitates significant global environmental 
transformations. Additionally, it inflicts harm upon ecosystems and disrupts organic cycles 
within habitats, as highlighted by Xiuwan (2002). Wildfires also cause soil erosion and land 
degradation which worsens the structure of the soil and makes it less suitable for sustain-
able farming (Depountis et al. 2020). The diversity of species is highly affected by wildfires 
due to the destruction of the habitats (McLauchlan et al. 2020; Walter et al. 2022). Thus, 
the environment is an important factor for the survival and ecological cycles of species are 
seriously affected by changes in the environment due to wildfires. Apart from all these, air 
quality deteriorates as high concentrations of dangerous gases and atmospheric particulate 
matter are released into the atmosphere due to forest fires (Bo et al. 2020). Thus, these harm-
ful gases and particulates easily enter to human body through the respiratory system and 
causing diseases such as acute or chronic asthma, hearth attack and serious lung diseases. 
For these reasons, it is very important to quickly examine effects of the forest fires and 
determine the damage they cause to the environment.

With the development of high-resolution sensors, unmanned aerial vehicle systems 
(UAV) and remote sensing satellite data have become commonly used tools examining for-
est fires and other natural disasters. These technologies are highly beneficial as they can 
swiftly collect data across different wavelengths of the electromagnetic spectrum. This 
allows rapid evaluation of natural disaster management strategies and subsequent assess-
ment of damage inflicted upon nature. Moreover, the effects of wildfires and forest fires 
can be observed using remote sensing satellite data by calculating different temperature and 
moisture indices.

Land surface temperature (LST) and soil moisture index (SMI) play important roles in 
climate studies, and these indices can be calculated using remote sensing satellite systems 
as much as reliable in situ measurements. Normalized burn ratio index (NBR), normalized 
difference moisture index (NDMI) and normalized difference vegetation index (NDVI) are 
effectively used to obtain information about vegetation density and discriminate burnt areas 
because vegetation absorb the sunlight due to photosynthetic activity and extra absorbed 
energy is emitted to the atmosphere. Therefore, near infrared and shortwave infrared bands 
of the satellite have an ability to observe the emitted energy from objects such as vegetation 
and soil.

Furthermore, the risk assessment of forest fires can be conducted by monitoring mete-
orological drought using remote sensing data enabling detection before wildfires occur 
(Bentchakal et al. 2022). The air quality and surface temperature values of a region are 
related to land use and land cover types as well as climate variables of the region, such as 
wind and precipitation (Yin et al. 2020). The measurement of the air pollution ratio in a 
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small region may be possible using ground stations but remote sensing technology is highly 
useful for monitoring large areas in the world.

One of the most significant pollutants in the air is nitrogen dioxide (NO2), which can be 
observed by measuring its concentration using remote sensing data provided by Sentinel-5P 
TROPOMI (Tropospheric Monitoring Instrument) (Rabiei-Dastjerdi et al. 2022). During 
and after wildfires, the concentration of NO2 in the atmosphere can significantly increase, 
i.e. due to the combustion of organic matter, such as nitrogen in the organic horizons and 
plant material (Keeley and Fotheringham 1997). High temperatures during fires cause these 
materials to oxidize, forming NO2 and other nitrogen oxides (NOx). This NO2 can undergo 
further transformations in the atmosphere: photochemical reactions may revert it back into 
nitrogen and oxygen, or it may interact with volatile organic compounds (VOCs) under 
sunlight to form ozone (Leighton 2012). The fate of NO2 also depends on atmospheric 
dispersion, influenced by factors like wind patterns, topography, and weather, leading to its 
deposition back onto the land, absorption by water bodies, or long-distance travel (Adams et 
al. 2019). These changes in NO2 and other pollutants post-wildfires can adversely affect air 
quality and human health, as reported by Naqvi et al. (2023). Their study reveals an overlap 
of increased pollutant levels with rising mortality in Covid-19 cases. Evaluating changes 
in NO2 concentration following wildfires is vital for maintaining air quality, safeguard-
ing environmental health, addressing climate change, guiding public health planning, and 
informing policy development.

The Bohemian Switzerland National Park is one of the important tourist destinations in 
the Czech Republic, it is a unique sandstone area that is habitat of many rare animals and 
plants, and the unique biodiversity is primarily a reflection of the diversity of the geologi-
cal formation. The national park is visited by many tourists throughout the year due to its 
natural beauty; the most attractive is the largest rock arch of natural origin in Europe. The 
Bohemian Switzerland National Park due to its geological origin is under risk of wildfires 
and actually various forest fires occurred in the past such as wildfire on 22nd July 2006. 
However, huge forest fires rarely occur in the Czech Republic as it belongs to the temper-
ate climatic zone. The biggest fire in modern Czech history so far started on 23rd of July 
in 2022 in this national park. It took almost 16 days to extinguish on the Czech side, and 
23 days on the German side, because the fire spread across the country border to the Saxon 
Switzerland National Park. Forest fires were investigated by examining the data of past fires 
between 1997 and 2019 in the Czech Republic, and the study shows that fires occur more 
frequently in the region where the national park is located (Špulák 2022). Furthermore, 
historical investigations of forest fires between 1992 and 2004 have shown that forest fires 
occurred mainly in April and August in the Czech Republic (Kula and Jankovská 2013). In 
addition, according to annual report of European Forest Fire Information System (EFFIS) 
in 2021, 1517 forest fires were recorded in 2021 and approximately 411 ha of forests were 
burned in the Czech Republic (San-Miguel-Ayanz et al. 2022). This is reported as one of 
the most severe fire seasons in the last 20 years. For a better insight, 10 years average is 
375 ha of burnt forest area in the country. As expected, an increased value of burnt area 
was reported in 2022, amounting to 1438 ha, of which 1062 ha comprised coniferous forest 
(San-Miguel-Ayanz et al. 2023). Forest fires can be caused by human activity or by natural 
changes such as high temperatures. However, forest fires, especially in the Czech Republic, 
are typically associated with human influence, often from residents of surrounding areas 
or tourists camping in the forests (Berčák et al., 2022). In spring 2023 was arrested the 
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offender, who started this particular fire in the national park on purpose during the period of 
drought (as can be found in local media).

There are several studies held for examining the impacts of forest fires with optical and 
radar remote sensing data. Impacts of forest fire on climate and land cover changes was 
analysed by De Jesus et al. (2022) and degraded soil areas were observed using remote 
sensing indices. Changes of land use and land cover types were investigated by Trochta et 
al. (2012) after the forest fire in 2006 for the Bohemian Switzerland National Park using 
remote sensing data by applying a supervised classification method and found the fire sever-
ity on the ground and in the canopy which had a strong correlation between each other. 
Sannigrahi et al. (2020) explored different vegetation indices such as NBR, NDMI and LST 
using Moderate Resolution Imaging Spectrometer (MODIS) remote sensing data to observe 
effects of forest fire in India and the study showed that the moisture indices are found to be 
the most suitable and spatially coherent burn indicators between the burn indices. Lambin 
et al. (2003) used NDVI and LST to estimate the burn efficiency of forest fires for different 
seasons in the Central Africa and results showed successfully that temperature values were 
highest and NDVI values were lowest after the forest fire. In addition, several remote sens-
ing indices were used by Chung et al. (2019) for the estimation of burnt areas using thresh-
old techniques after forest fire such as NDVI and NBR and the study demonstrated that 
the accuracy assessment of damage will be improved with near-daily monitoring of Earth 
surface. Yuan et al. (2017) observed a wildfire and evaluated the resulting damage using 
multispectral and hyperspectral sensors by UAV systems and the results verified that the 
designed method can effectively extract the fire pixels. Medvedkov et al. (2023) analysed 
the relationships between remote sensing indices, such as vegetation, moisture, and surface 
temperature, to detect geocryological conditions in forest areas and they found that on maps 
displaying LST, the ranges of these natural ecosystems become apparent as conspicuous 
“thermal islands,” where the intensity of colour corresponds to the extent of permafrost’s 
influence on forest growth conditions.

Most of the wildfire research was conducted in the regions like North America, Australia, 
and Southern Europe, where wildfires are more common than in Central European regions 
such as the Czech Republic. However, this is still a challenging and complicated process to 
understand the spreading and consequences of the wildfire because each particular region 
has different ecological characteristics (i.e. region-specific wildfires). Kudláčková et al. 
(2024) investigated different scenarios of this fire conditions, propagation, and extent and 
how these fire behavior characteristics could be affected e.g. by forest management. The 
report of Hruška et al. (2022) focused mainly on factors affecting the origin and spread of 
the fire. Despite these advancements, there remains a significant gap in comparison pre- and 
post-fire conditions in Bohemian Switzerland National Park, and no remote sensing study 
has been published to the present knowledge of the authors. Hence, such overall summary 
is crucial for the preservation of natural heritage as well as to characterize and understand 
the region-specific wildfires. Additionally, while remote sensing is widely used in post-
fire analysis, the integration of multiple indices and the use of cloud-based platforms like 
Google Earth Engine for such comprehensive analysis is still emerging.

The aim of the current study is the early detection of the changes in vegetation, air qual-
ity and temperature after a forest fire in the national park “Bohemian Switzerland” using 
remote sensing methods in the Czech Republic because this catastrophe seriously affected 
public life of inhabitants in the Czech Republic and to our best knowledge, the spreading 
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and emission of the harmful gases has not been thoroughly investigated by remote sensing 
method so far. The vegetation density and land surface temperatures were calculated and 
the relationship between them were examined before and after the forest fire. Moreover, 
water content of the plants and soil moisture were investigated to analyse their relation-
ship between vegetation density and surface temperature. The relationship of temperature 
changes with soil moisture and vegetation provides clear ideas about the effects of forest 
fire in the region before and after the event. Estimation of the burned area will be calculated 
using NBR and NDVI indices before and after the forest fire. The effects of forest fires on 
air quality will be examined by analysing the change of the NO2 ratio in the air.

2  Materials and methods

2.1  Study area

The main study area was chosen in the northwest part of the Czech Republic, located 
approximately between latitudes 49° and 51° N and longitudes 13° and 16° E. It covers the 
Bohemian Switzerland National Park and the adjacent regions in the direction of prevail-
ing winds. The climate of the Czech Republic is defined by the interweaving and mixing 
of oceanic and continental influences (Skalák et al. 2018). The main study area consists of 
Děčín, Česká Lípa and Mladá Boleslav districts and is shown in Fig. 1. This area covers 
3002.61 km2, which represents 3.8% of the total area in the Czech Republic. The Bohemian 
Switzerland National Park where forest fires occurred is shown in Fig. 1. It is located in 
Ústecký Kraj region and covers totally area of 79.28 km2. Approximately half of the park 
area is covered by forest ecosystems, mostly coniferous. Long-term annual average of the 
precipitation and temperature in the region are 636 mm and 8.2 °C, respectively. The sum-
mer of 2022 was 2.7 °C warmer in this region than the long-term average of 1961–2000 
(Hruška et al. 2022).

2.2  Datasets

Landsat-8 OLI (Operational Land Imager) and TIRS (Thermal Infrared Sensor) and Senti-
nel-5P TROPOMI images were used as input datasets. Landsat-8 surface reflectance (Level-
1) data have 30 m spatial resolution and 11 different spectral bands. The temporal resolution 
of the satellite is 16 days, and the satellite has two thermal bands which have 100 m spatial 
resolution.

The Landsat-8 raw and surface reflectance datasets were obtained using Google Earth 
Engine (GEE) cloud-based platform for the dates 31st October 2021, 18th June 2022, and 
31st October 2022. Landsat-8 images were filtered as coverage of less than 20% of the 
clouds and raw satellite images are shown in Fig. 2.

Sentinel-5P TROPOMI is a spectrometer that has 7 km × 3.5 km spatial resolution and 
can detect different wavelengths such as ultraviolet (UV), visible (VIS), near (NIR), and 
short-wavelength infrared (SWIR) to monitor ozone, methane, formaldehyde, aerosol, 
carbon monoxide, nitrogen dioxide, and sulphur dioxide in the atmosphere. Offline high-
resolution imagery of NO2 concentrations is obtained from Sentinel-5P TROPOMI satellite 
by using GEE platform. The related data were gathered for the days between July 19th and 
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Fig. 2  Raw Landsat-8 satellite images of the Bohemian Switzerland National Park

 

Fig. 1  The Bohemian Switzerland National Park and the main study area in the Czech Republic
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July 21st, 2022, that is, before the forest fire, and then on August 21st to 23rd, 2022, that is, 
after the forest fire.

2.3  Methodology

Google Earth Engine (GEE) is a cloud-based platform that works based on JavaScript and 
Python programming languages that provides remote sensing satellite datasets to users 
(Gorelick et al. 2017). The processing of the images to observe the changes was performed 
using the GEE platform. The data for October had to be examined to conduct the research 
instead of August and September due to the temporal resolution of the Landsat-8 data and 
the cloudy weather conditions in the study area. The cloud mask and spatial mosaic were 
applied to the dataset using the GEE platform that can calculate the average values of the 
images in the related time range and can create a mosaic image from remote sensing dataset. 
The process of image preparation and calculated remote sensing indices are shown in Fig. 3 
as a flowchart.

2.3.1  Normalized difference burn ratio index (NBR)

NBR is used to determine burned areas due to the difference between the reflectance of 
healthy vegetation and burned vegetation in the short-wave infrared interval of the electro-
magnetic spectrum (Tonbul et al. 2016). NBR is calculated using near infrared and short-
wave infrared band of the satellite using formula that is given in Eq. (1) (Smith et al. 2005).

	 NBR = (NIR − SWIR2) / (NIR + SWIR2)� (1)

Where NBR is the normalized burn ratio index, NIR is the near-infrared band of the sat-
ellite and SWIR2 is the short-wave infrared band of the satellite that has 2.11–2.29  μm 
wavelength.

Fig. 3  Methodology of image processing and calculated remote sensing indices
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2.3.2  Normalized difference moisture index (NDMI)

NDMI is a parameter that can show the water content of vegetation (Siachalou et al. 2009). 
NDMI is calculated using bands of surface reflectance data of Landsat-8 images. Near infra-
red and shortwave infrared values are used to calculate by formula that is given in Eq. (2) 
(Xu 2006).

	 NDMI = (NIR − SWIR1) / (NIR + SWIR1)� (2)

Where SWIR1 is a first shortwave infrared band of the satellite, and its wavelength is 
between 1.57 and 1.65 μm. NIR represents the near-infrared band of the satellite.

2.3.3  Normalized difference vegetation index (NDVI)

NDVI is the index that has a range between − 1 and 1 and NDVI is mostly used to detect 
vegetation density. Values below 0 represent water, ice, and stones, while values between 0 
and 0.2 are considered as pixels of bare soil. Values above 0.2 generally represent areas cov-
ered with vegetation, and closer to 1, the vegetation density increases. NDVI is calculated 
using the red and near infrared bands of Landsat-8 surface reflectance data with a formula 
given in Eq. (3) where NIR is the near infrared band, while R is the red band of the satellite 
(Tucker 1979).

	 NDVI = (NIR− R) / (NIR + R)� (3)

2.3.4  Land surface emissivity (LSE)

LSE is a key parameter for the calculation of land surface temperature. Electromagnetic 
energy has some interactions with objects, and energy can be reflected, transmitted, and 
absorbed by objects. The absorbed energy is then slowly spread outward from the object, 
and this diffusion process can be detected with the help of thermal sensors. Every object has 
an emissivity value between 0 and 1. An object with an emissivity value of 1 is considered 
perfect reflective, while a substance that has 0 emissivity is considered blackbody (Weng et 
al. 2004). Under normal conditions, there is no perfect reflective material with an emissivity 
value of 1 in the world (Sobrino et al. 2004).

Land surface emissivity values are calculated by NDVI thresholding method, and this 
method considers NDVI values less than 0.2 to be bare soil, while those greater than 0.5 are 
considered vegetation. Pixels that are equal to or between 0.2 and 0.5 are defined as mixed 
pixels. While the bare soil emissivity value is considered as the reflectance values in the 
red band, the vegetation covered pixels are assigned an emissivity value of 0.99 and the 
emissivity of the mixed pixels is calculated using the formula given in Eq. (4) (Sobrino and 
Raissouni 2000).

	 ε = εV*PV + εS* (1− PV) + dε � (4)

where ε is emissivity, εV represent emissivity of vegetation while εS is soil emissivity and 
PV is proportion of vegetation that calculates by using minimum and maximum NDVI 
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values. PV is calculated by Eq. (5) using 0.2 and 0.5 for the minimum and maximum NDVI 
values.

	 PV = ((NDVI − NDVImin) / (NDVImax − NDVImin))
2 � (5)

dε is geometry factor of object and its formula is given in Eq. (6) where F is a constant that 
is considered as the shape factor of Earth topography and estimated value is calculated as 
0.55 by Sobrino et al. (1990).

	 dε = (1− εS) * (1− PV ) *F*εV� (6)

2.3.5  Brightness temperature of the satellite (BT)

The brightness temperature of the satellite is found by conversion and calibration of the raw 
satellite datasets because raw data are stored as digital numbers which are not represented as 
a meaningful unit. Therefore, the raw pixels of the satellite images are converted to spectral 
radiance (TOA) values using the formula given in Eq. (7) (Ihlen 2019).

	 Lλ = ML*QCAL + AL � (7)

Where Lλ is spectral radiance values of satellite images, raw data band of the satellite is 
QCAL, AL and ML are stored in metadata information of satellite and ML is a rescale factor of 
the satellite and AL is additive rescaling factor. Brightness temperature values are calculated 
using thermal conversion constants K1 and K2, which are given in Eq. (8).

	 BT = K2/ (ln (K1/Lλ ) + 1)� (8)

Lλ is the spectral radiance, BT is the brightness temperature of the satellite in Kelvin (K) 
unit. According to thermodynamic experiments on the Kelvin temperature scale by Guildner 
and Edsinger (1973), 0 °C is accepted as equal to 273.15 K.

2.3.6  Land surface temperature (LST)

LST plays an important role for environmental studies and values of surface temperature 
can be calculated by different methods using thermal satellite data. LST is calculated using 
the emissivity and brightness temperature of the satellite parameters that are given in Eq. (9) 
(Dash et al. 2002).

	 LST = BT/ (1 + (λ *BT/ρ ) *ln (ε )) � (9)

Where BT is the brightness temperature of the satellite, λ is the mean wavelength of the 
emitted radiance and ρ is the blackbody law constant that is called Planck’s constant. Flow-
chart of the calculation method is shown in Fig. 4 that shows two different data types of 
Landsat-8 satellite datasets. Top of atmosphere spectral radiance values were calculated 
using raw datasets while NDVI was calculated using surface reflectance dataset because 
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accuracy of surface reflectance datasets is higher than raw data. Thus, NDVI was obtained 
using surface reflectance datasets.

2.3.7  Soil moisture index (SMI)

The estimation of the soil moisture index is based on the maximum and minimum LST val-
ues shown in Eq. (10) where SMI is soil moisture index, LST is the land surface temperature 
layer that is calculated using Landsat-8 data and LSTMAX, and LSTMIN are the maximum 
and minimum values of the LST layers in the study area, respectively (Parida et al. 2008).

	 SMI = (LSTMAX − LST) / (LSTMAX − LSTMIN)� (10)

Fig. 4  Calculation method of land surface temperature
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2.3.8  Extraction of nitrogen dioxide gas

The concentrations of NO2 gas (NO2_column_number_density) were extracted using GEE 
platform by Sentinel-5P TROPOMI satellite that was launched on 13 October 2017. Sen-
tinel 5P TROPOMI has push broom scanner for observation of ultraviolet, visible, near 
infrared and shortwave infrared intervals of the electromagnetic spectrum (Gorelick et al. 
2017). The mean of the pixel values was calculated and the average NO2 maps before and 
after the forest fire in 2022 were created.

2.3.9  Accuracy assessment and statistical evaluation of the data

Accuracy assessment is applied using the Moderate Resolution Imaging Spectrometer 
(MODIS) data for the land surface temperature values. MODIS has daily temporal resolu-
tion and land surface temperature data are provided by the satellite every day. The spatial 
resolution of Landsat-8 LST data is resampled to 1 km MODIS daily data (MOD11A1) and 
32 homogeneous points were used to achieve a correlation and root mean square deviation 
(RMSD) between the two datasets. Relationships between indices also were checked using 
32 homogeneous correlation points, and scatterplots were created to show their statistical 
evaluations using Statistica v13 (TIBCO Software Inc., USA) software. The homogenous 
distribution of 32 points is shown in Fig. 5 in the study area.

Fig. 5  Distribution map of the 32 homogeneous control points in the study area
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3  Results

NDVI maps are shown in Fig. 6 which play a critical role to discriminate vegetation dense 
and bare soil from each other. According to NDVI maps, June 2022 has the highest veg-
etation cover, while October 2021 had more vegetation than October 2022. The NDMI 
maps shown in Fig. 6 showed that the lowest values of the moisture content of the plants 
are established in October 2022 in the study area. NDMI and NDVI indices can be useful 
to observe changes on vegetated areas due to near infrared and shortwave infrared ability 
of the satellite. In addition, the NDVI and NDMI maps show the vegetation change in the 
national park between the summer in June and autumn seasons in October 2021 and 2022. 
Both the NDMI and NDVI values showed a significant decrease after the wildfire in October 
2022, compared to the same date in the previous year (October 2021). The decrease was 

Fig. 6  NDVI (left) and NDMI (right) maps of the study area
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more pronounced in the western part of the national park, which experienced the wildfire’s 
high-intensity impact.

The maps of NBR are shown in Fig. 7 and areas affected by fire are discriminated by 
NBR as well as NDVI in October 2022. The change between summer and autumn months 
is observed in NBR maps as well as in NDVI and NDMI maps. On the October 2022 map, 
it is seen that the burned forest areas have NBR values ​​below 0. When two different maps 
of the same month, dated 2021 and 2022, are taken into account, the vegetation destruction 

Fig. 7  NBR maps before (October 
2021 and June 2022) and after the 
fire (October 2022) in the national 
park
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effects of the fire are observed. NBR values are observed lower in October 2022 than other 
two dates in the study area. The spatial distribution NBR values were in accordance with the 
NDMI and NDVI values for the locality.

According to the maps of the LST and SMI values shown in Fig. 8, the highest LST val-
ues were found before the fire in June due to the summer season. LST values were evaluated 
for October 2021 and October 2022, and the temperature was shown to be higher in October 
2022 than in October 2021. The soil moisture content was lower in October 2022 than in 
October 2021. According to LST and SMI maps, it is determined that as the temperature 
increases in the national park, the humidity decreases. According to the average LST val-
ues, after the fire, the temperature in the national park in October 2022 increased by 2.5 °C 
compared to October 2021. Accordingly, average SMI decreased from 0.88 to 0.79 on the 
same dates.

The burned area was estimated using the difference of NDVI and NBR indices in 2021 
and 2022 and the approximate area is 13.20 km2 that represents 17% of the national park. 

Fig. 8  Land surface temperature (°C) and soil moisture maps of the study area
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The Bohemian Switzerland National Park belongs to the Natura2000 sites. According to the 
report of Joint Research Centre of European Commission (San-Miguel-Ayanz et al. 2023), 
the burned area was 14.38 km2. The total burned area in protected areas in 2022 was the 
highest amount mapped in the last 10 years, 3324 individual fires (> 30 ha) spread over more 
than 3650 km2. Average size of one fire was about 1.1 km2. However spatial resolution of 
the satellite sensor data used for that study from the MODIS sensor was 250 m, while the 
present study used 30 m spatial resolution (Sentinel-2).

The accuracy assessment of Landsat-8 LST values for three different images and their 
overall accuracy compared to MODIS are shown in Fig. 9 as scatterplots. Accuracy assess-
ments were found with 32 homogenous pixel points in the study area. Based on the accuracy 
analysis of the LST data, a highly proportional relationship is observed between the Land-
sat-8 LST and MODIS daily LST data, with an overall coefficient of determination (r2) of 
0.92. The lowest root mean square deviation (RMSD) is identified as 1.57 °C for the three 
dates in October 2021, while the highest RMSD is recorded as 3.07 °C in June 2022. The 
overall RMSD of the LST is determined to be 2.33 °C.

The correlational relationships of SMI, NDMI and LST with NDVI were assessed based 
on the values calculated for 32 spatial points that are homogeneously distributed. The rela-
tionships of the indices are shown in Fig. 10; in addition they are listed in Table 1. While 
the strongest correlation between NDMI and NDVI is seen in the summer season as r value 
of 0.84, on the other hand, the strongest correlation between SMI and NDVI is observed in 
the autumn of 2021 as r value of -0.63. The relationship of SMI and NDMI with NDVI is 
found to be weaker in October 2022 after the fire, compared to October 2021. NDVI and 
LST relationship is stronger in October 2021 than October 2022.

While the high vegetation cover in June 2022 ensures high NDMI values, high surface 
temperatures in the same month reduces the moisture content in the soil. It is observed that 
NDMI and SMI values decrease after the fire in the autumn months of both years, while 
NDMI increases, and SMI decreases in the summer months.

The SMI and NDMI relationships between the two years and different seasons are shown 
in Fig. 11. SMI represents moisture content of the soil while NDMI is related to water con-
tent of the plant canopy. A positive correlational relationship between the soil moisture con-
tent and the vegetation water content was observed in autumn season for both years while 
a week correlational relationship was found during the summer in June 2022 (see Table 1). 

Fig. 9  Accuracy assessment of Landsat and MODIS land surface temperature; the overall accuracy as-
sessment is on the right side (A) and the date specific accuracy assessment is on the left side (B)
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Fig. 11  Relationship between NDMI and SMI across different periods; different numbers of asterisks 
indicate different homogeneous groups for SMI and NDMI values separately (a higher number represents 
a higher mean value), according to Duncan’s multiple range test (p < 0.05)

 

Season Correlation coefficient NDVI NDMI
October 2021 NDMI 0.5009
June 2022 NDMI 0.8365
October 2022 NDMI 0.4341
October 2021 LST 0.1549
June 2022 LST -0.2492
October 2022 LST 0.0855
October 2021 SMI -0.6345 0.1301
June 2022 SMI -0.0731 0.3169
October 2022 SMI -0.2296 0.4835

Table 1  Correlation matrix of the 
remote sensing indices
 

Fig. 10  Relationship between NDVI and SMI (A), NDMI (B) and LST (C)
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The fire was considerably influential on the relationship between SMI and NDMI. Briefly, 
the most significant positive correlation between SMI and NDMI values was observed sev-
eral months after the fire in October 2022, while during the same period, SMI values were 
significantly lower compared to those observed in October 2021.

The NO2 values, indicating its ratio in the atmosphere, are depicted in Fig. 12, with the 
unit of measurement expressed in mol/m2. The NO2 concentration in the atmosphere, which 
serves as a crucial parameter for assessing pollution levels, was observed to exhibit a sig-
nificant increase immediately following the fire in the main study area.

4  Discussion

The impacts of the forest fire were examined using remote sensing indices in the Bohemian 
Switzerland National Park in the Czech Republic. Vegetation changes in the study area 
were detected using NDVI that shows density of vegetation cover while NBR is calculated 
to estimate burned areas. Changes in the vegetation water content and the soil moisture 
content after forest fire were observed using the NDMI and SMI indices. NO2 concentration 
was estimated in the air of adjacent regions before fire and after the fire in the interval of 
approximately one month.

The averages of all index values are given in Table 2 that show the changes in land sur-
face temperature, vegetation ratio and moisture ratio in soil and vegetation cover after the 
fire. According to the mean values in the Table 2, remote sensing indices have lower average 
value after the fire in October 2022, as it was also evident in the Figs. 6, 7 and 8.

The minimum value of NBR decreased from − 0.04 to -0.18 between October 2021 and 
October 2022 while the maximum value is approximately similar for both years, 0.38 to 
0.37, respectively. Thus, changes of NBR for the same month in different years demon-
strated that index showed burned areas successfully. In a forest fire study by Çolak and 
Sunar (2022, 2023) were calculated NDVI and NBR indices to estimate and detect burned 
areas using Landsat-8 data, revealing temporal changes between pre and post fire and the 
study showed that NBR index values were lower after the fire than before.

LST values showed negative correlation with NDVI in June 2022 while a weak positive 
correlation was observed in October 2021 and October 2022 due to effect of climate con-

Fig. 12  Nitrogen dioxide (mol/m2) maps of the main study area using Sentinel-5P satellite data before 
(between July 19th and July 21st, 2022), and after the fire (between August 21st to 23rd, 2022)
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ditions on temperature and decreasing vegetation density at the end of vegetation season. 
While there was a positive correlation between LST and NDVI in the autumn period, a 
negative correlation was observed in the summer period, as it was observed in the study 
by Marzban et al. (2018). Accuracy assessment of LST values with MODIS daily LST in 
Fig. 9 demonstrated that overall correlation was strong (r2 = 0.92) with RMSD = 2.33 °C. 
The related studies about accuracy assessment of Landsat LST with MODIS demonstrated 
that the RMSD range was 2.5–4.3 °C (Hengl et al. 2012; Vlassova et al. 2014; Choi et al. 
2021; Yilğan et al. 2022). MODIS daily LST can have approximately 1 °C accuracy in clear 
weather conditions which means atmospheric transmittance and water vapour ratio of the 
atmosphere are analysed and integrated to the calculation phase. Thus, accuracy assessment 
shows that RMSD values remained in the confidence interval despite the total atmospheric 
effects are not eliminated in this study.

After the fire, the results demonstrated that the moisture rate in the vegetation cover and 
soil decreased as expected in October 2022 more than in October 2021. SMI values were the 
lowest during the summer in June 2022 due to high surface temperature in the study area, 
which is in accordance with the study performed by Hruška et al. (2022). In their analysis 
of SMI for March and April 2022, a severe drought was observed in the study area, which 
helped to create the fire risk conditions. In the present study, SMI had weaker relationship 
with NDVI after the fire in October 2022 (r = -0.23) than in October 2021 (r = -0.63), which 
can be partly explained by temperature effect of the fire. In Fig. 8 can be seen hot places in 
the north-west part of the national park (October 2022), which corresponds with the epicen-
tre of the fire. However the main reason of this relationship can be explained with lower 
vegetation density due to burned areas.

While a positive relationship is observed between NDVI and NDMI for every season, 
the same relationship is not observed with SMI and NDVI because SMI is calculated using 
LST data and the seasonal difference in the dataset affects the relationship between SMI and 
NDVI. There was also a positive correlation observed between NDVI and NDMI (r = 0.74) 
in the study of Strashok et al. (2022). NDMI and NDVI had a weak correlational relation-
ship (r = 0.43) after the fire in October 2022. NDMI and SMI had also weak positive rela-
tionships for all seasons but SMI values were lower than NDMI values after the forest fire 
in October 2022.

According to Fig. 12, the range of NO2 concentration in the air doubled from 6 to 10.10-5 
mol/m2 to 11–17.10-5 mol/m2 after the forest fire in the main study area; that means the 
most affected adjacent districts. The WHO annual average limit is 40 µg/m3 as interim tar-
get, however the recommendation is as low as 10 µg/m3 and the highest obtained value of 
18.10-5 mol/m2 can be converted approximately to 34.45 µg/m3 using the WHO provided 
conversion factor 1.914 (WHO 2021). It should be noted, that the observation time was 
about 10 days after ceasing the fire. It is proven that NO2 gas can move to distant areas 
during and after the fire due to climatic conditions and show an intense accumulation (e.g. 

DATE NDVI NDMI SMI LST 
(LANDSAT-8)

LST 
(MODIS)

OCTOBER 
2021

0.19 0.05 0.88 10.3 °C 10.0 °C

JUNE 2022 0.31 0.11 0.30 27.9 °C 25.4 °C
OCTOBER 
2022

0.16 0.03 0.79 12.9 °C 14.0 °C

Table 2  Mean values of the 
remote sensing indices and 
MODIS daily LST
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Magro et al. 2021). The smoke from this particular catastrophic fire could be sensed even 
in capital city of Prague about 85 km far, as authors of the present study confirm. In addi-
tion, according to Cichowicz et al. (2017), the rate of NO2 held in the air is higher in winter 
than in summer. However, in this study, air quality data are not affected by a large seasonal 
temperature change, because Sentinel 5P satellite provides the opportunity to calculate data 
immediately after a fire, as it has high temporal resolution. Hruška et al. (2022) proved in 
their study that the cause of the rapid and uncontrollable spread of the fire in the first days 
was mainly high wind speed in combination with very low humidity of the soil, air, vegeta-
tion and also high temperature.

5  Conclusion

The environmental changes and their effects on vegetation, soil moisture, and air qual-
ity due to the biggest forest fire in recent decades in the Czech Republic, which hap-
pened in the Bohemian Switzerland National Park in July 2022, were investigated using 
satellite images by the GEE cloud-based platform. Only publicly available data were 
used. Several remote sensing indices such as NDVI, NDMI, LST, SMI and NBR were 
calculated and meaningful statistical relationships between indices were determined. 
The forest fire affected all observed indices in the area of the national park. In addition, 
air quality in the districts adjacent to the prevailing wind direction was observed and 
expressed as changes in the NO2 concentration in the atmosphere. About 10 days after 
the fire extinguishing the concentration was doubled compared to the situation before 
the fire.

As an important outcome of this experimental research, it was concluded that the 
burned area (approximately 13.20 km2) due to the forest fire was estimated properly, 
easily and rapidly using remote sensing tools. The achieved results are in accordance 
with the official studies. Result maps of indices showed burned areas in the study area 
after the fire and this information could be used for any external GIS analysis for the 
local authorities, governmental units as well as decision and policy makers. Also, aver-
age values of the indices clearly demonstrated that vegetation density, soil moisture and 
plant moisture were lower after the fire while surface temperature three months after the 
fire was higher than in the same time a year before (October 2021).
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