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In May 2022, there was a mega-fire in the south-eastern part of ChEZ, caused by the Russian 

Invasion of Ukraine. It burned plantations established after the mega-fire in 1992 in the same area. 

Despite the mega-fire, some forest patches survived. A detailed analysis of forest management data 

from 2016 shows that the survived forest patches were comprised of broadleaved tree species with 

more than 80% of the canopy. This suggests that the dominance of broadleaves could be the factor 

that contributed to the survival of the forest patches (refugia). Consequently, this study investigates 

the characteristics of their surrounding forests that enhance the likelihood of these forests escaping 

large natural fires. We hypothesize that fuel discontinuity and structural heterogeneity in the buffers 

increase the probability of refugia occurrence. We used available local forest inventory datasets 

(geospatial polygons with attribute tables) from 2016 to map fire refugia and their adjacent areas 

(buffer zones) using QGIS and R. From the GEDI LiDAR footprints and Planet satellite images that 

were acquired before (2021) and after the mega-fire, we created wall-to-wall maps for canopy cover 

(CC), canopy height (CH), presence of broadleaves (POB) and forest cover (FC). Spectral bands 

were used as the predictor variables for predicting these attributes. CC map was used as a proxy for 

fuel discontinuity, and the POB map was used as a proxy for fuel type. We extracted the values of 

the variables from the maps for 10 m, 30 m, and 50 m buffers around survived and burned polygons. 

CH difference was calculated as the difference in CH between buffer and polygon, which was used 

as a proxy for structural heterogeneity. Using these variables as predictors, we developed Random 

Forest models for the 10 m, 30 m, and 50 m buffers that predict refugia occurrence using R. After 

analyzing the refugia occurrence with variable importance plots and partial dependence plots, we 

found that the fuel type, POB was the factor that saved some forests from the 2022 mega-fire. We 

could not find any evidence to support our hypothesis of structural heterogeneity and fuel 

discontinuity. It was observed that the decrease in the probability of refugia occurrence despite 

higher POB values was due to the adjacence of the non-refugia buffers to highly flammable Scots 

pine stands. These stands got burned, and the crown fire spread to surrounding patches and burned 

them down even if the POB values ranged between 75-81.5% in their buffers of 10 m width. This 

research recommends incorporating broadleaved species such as European oak, European aspen, 

and silver birch into the future production forest management regimes as they are fire-resistant and 

enhance forest resilience. 
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1.1 Fire ecology and forest fuels 

Wildfires have shaped terrestrial ecosystem dynamics worldwide (Bowman et al., 

2009; Jones et al., 2022). Fire is crucial in the carbon cycle, floral and faunal 

distribution, and nutrient cycling (Collins et al., 2019b; Flannigan, Stocks, and 

Wotton, 2000). Forest fires have impacted the global carbon cycle for ~420 million 

years (Sommers, Loehman, and Hardy, 2014). The complex interactions between 

vegetation fuels, topography, and weather drive the behavior of forest fires (Agee, 

1993; Bradstock et al., 2010; Meddens et al., 2018; Meigs & Krawchuk, 2018).  

Unmanaged forests are characterized by three-dimensional, dense fuel patches 

with varying sizes, amounts, and spatial arrangements, creating conditions ripe for 

fire (Agee, 1993). They accumulate many combustible, dry deadwood, litter, and 

parched, dead trees, which are significant fuel sources in the forest. As these fuels 

build up with time, the likelihood of forest fires increases, providing ideal 

conditions for initiation (initial fire ignition) and propagation (fuels for subsequent 

fire stages) of fire (Alkhatib, 2013). Initial ignition is often triggered by hot, dry 

summer days with low humidity and high winds, which can quickly escalate into a 

widespread fire. 

There are three types of forest fire: ground fire, surface fire, and crown fire. 

Ground fires occur below the forest floor in deep accumulation of peat, duff, humus 

and similar decomposed vegetation. The fires spreading on the ground are called 

surface fires. They can progress further by burning fire-intolerant understory 

vegetation (Alkhatib, 2013). A surface fire enters an uncontrollable stage as it starts 

to consume large boles of living or dead trees and spread into crowns, which is 

called crown fire. The primary energy source for crown fire is biomass (Agee and 

Skinner, 2005). The burning continues as long as favorable conditions persist, 

including factors like fuel availability, terrain, and challenging weather conditions 

such as elevated temperatures, high windspeed, and low humidity, which make it 

difficult to stop the fire. By the time a forest fire is noticed, a large forest area would 

have already burned down. 

1. Introduction 
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1.2 Environmental impact of forest fires 

Anthropogenic climate change is expected to bring elevated temperatures from 1.4 

to 6℃ by the end of the 21st century (IPCC 2001, 2003; Boulanger, Martinez and 

Segura, 2006), irregular precipitation patterns (Dore, 2005), increased wind speeds 

(Blennow et al. 2010), and severe and frequent droughts (Grillakis, 2019). The 

degradation of structural and compositional heterogeneity of forests contributes to 

higher tree mortality rates (fuel accumulation) and increased frequency and severity 

of forest fires (Knapp et al. 2017). About 1.76 billion tonnes of CO2 were emitted 

alone by forest fires in 2021 (World Economic Forum, 2021). Forest fires emit other 

greenhouse gases such as methane (CH4) and nitrous oxide (N2O).  These emissions 

highlight the significant environmental impact of forest fires.  

1.3 Fire risk management  

Integrating fire risk management is important for land-use planning and forest 

management strategies in fire-prone areas. Fire management practices involve 

manipulating fuel structures to decrease fuel density, implementing fuel breaks to 

obstruct fire spread, and managing fuel loads to reduce the likelihood of fire 

occurrence. According to Agee (1996), fuel structure management to minimize fuel 

load can be done manually (human labor to remove the fuels directly), mechanically 

(using machinery), or by prescribed burning. Prescribed burning is carried out in a 

controlled environment (such as moist conditions) and is beneficial in mitigating 

fire severity (Agee and Skinner, 2005) by removing fuels such as downed or dead 

trees.  Fire management also includes integrating remote sensing technologies, 

which is helpful in early fire detection and subsequent monitoring (Jain et al. 2020; 

Kolden et al. 2012).  

1.4 Remote sensing in fire mapping and forest 

structure analysis 

Remote sensing is an efficient alternative to traditional in situ methods such as 

ground surveying, plot sampling, etc., which are time-consuming, labor-intensive, 

detailed, and cover smaller areas. Satellite data are inexpensive, cover large-scale 

areas, and possess traceable temporal and spatial changes that can extract 

information crucial for ecological studies and fire management. 

Remote sensing entails acquiring information about various features on Earth’s 

surface without any physical contact through detecting electromagnetic radiation 

by sensors mounted on different platforms such as aircraft, UAVs, and satellites. 

Spatial and temporal resolutions determine the utility of satellite images. Spatial 
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resolution is the pixel size represented by the earth's surface within a digital image, 

while temporal resolution is the image capture frequency. Higher spatial resolution 

generates detailed images, and higher temporal resolution indicates frequent 

monitoring (Hall, 2024). 

   The spectral resolution is the ability to distinguish between finer spectral 

bands/wavelengths of electromagnetic radiation. Specific spectral bands detect and 

analyze burned areas in fire mapping. Satellites such as Landsat series, MODIS 

(Moderate Resolution Imaging Spectroradiometer), and Sentinel-2 utilize 

combinations of red, green, blue, NIR (Near Infra-Red), SWIR (Short Wave Infra-

Red) and TIR (Thermal Infra-Red). Sensitivity to soil moisture and vegetation 

health makes NIR and SWIR bands more important in detecting burned areas for 

fire mapping (Lechner, Foody, and Boyd, 2020; What are the best Landsat spectral 

bands for use in my research? | U.S. Geological Survey, 2024). 

   Fire severity mapping involves dNDVI (delta Normalized Vegetation Difference 

Vegetation Index)  and dNBR (delta Normalized Burn Ratio). These indices 

measure the change in vegetation health and soil moisture before and after the fire 

event. dNDVI is calculated using NIR and red bands. dNDVI values vary from -1 

to +1, where +1 indicates healthy vegetation, 0 indicates barren land or sparse 

vegetation, and -1 suggests the presence of water bodies. dNBR is calculated from 

NIR and SWIR and is sensitive to PAR (Photosynthetically Active Radiation), soil 

moisture reduction, and mineral soil (Key and Benson, 2006; Meddens, Kolden, 

and Lutz, 2016).   

1.4.1 GEDI 

The Global Ecosystem Dynamics Investigation (GEDI) mission by NASA, 

utilizing LiDAR (Light Detection and Ranging) technology, yields information 

about forest structure in burned areas. GEDI surpasses other missions because of 

its penetration capability of up to 99% in dense vegetation (Hoffrén et al., 2023). 

GEDI provides data on vertical canopy profiles for mapping continuous variables 

like canopy height, canopy cover, and aboveground biomass density in the survived 

forest patches because of the interaction in a vertical orientation (Myroniuk et al. 

2023). GEDI data is inexpensive, freely available to the public, and has proven 

advantageous when the study location is inaccessible or field observation is not 

viable. 

The GEDI-derived metrics are calibrated using field observation to ensure 

spatial accuracy. This process is also called co-registration. Various statistical 

regression models and machine learning algorithms are developed to understand 

and predict the relationship of GEDI metrics with field-observed metrics in the 

study location. After this, applying the prediction models to the GEDI data over the 

study location can generate maps for forest structures in larger areas. These maps 

are then utilized for fire impact assessment. 
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1.5 Chornobyl Exclusion Zone (ChEZ) 

1.5.1 Chornobyl Exclusion Zone: past 

Unlike any other forest fires, fire events in ChEZ have grave implications for future 

generations in the Northern Hemisphere. The nuclear explosion at the V.I. Lenin 

Power Plant in Chornobyl (Now known as the Chornobyl Nuclear Power Plant ) on 

April 26th, 1986, contaminated (radionuclide contamination level> 37,000 Bq/m2) 

more than 200,000 km2 area of Europe majorly with 137Cs (T1/2 = 30.1 years), 90Sr 

(T1/2 = 29.14 years) and 238+239+240Pu (Ager et al. 2019; Masson et al. 2021). During 

the following spring and summer in 1986, more than 300,000 people were 

evacuated by forming two exclusion zones around the Chornobyl Power Plant: 

Chornobyl Exclusion Zone (ChEZ; 260,000 ha) in Ukraine and Polesie State 

Radioecological Reserve (PER; 240,000 ha) in Belarus (Beresford et al. 2021). The 

radioactive fallout spread across the northern hemisphere, contaminating soil, 

forests, fields, and water bodies contingent upon wind and precipitation (Zhuravel, 

2021). The forest cover of ChEZ was 41% in 1986 (Matsala et al. 2021a), which 

played a crucial role in containing these radionuclides and preventing further 

migrations through water or wind as dust and further propagation through trophic 

chains (Bird and Little, 2013). However, since then, smoke plumes of irradiated 

forest fires may redistribute some radionuclides to a greater distance within and 

outside ChEZ (Yoschenko et al. 2006), potentially polluting air, water bodies, and 

food. 

1.5.2 Challenges in silviculture due to radioactivity 

Silvicultural activities have been significantly hindered due to radioactivity. Before 

1992, large-scale Scots pine plantations were established during the soviet era 

(Ager et al. 2019). Kashparov et al. (2024) reported that 80% of the forests in ChEZ 

are dominated by Scots pine (Pinus sylvestris L.), while silver birch (Betula 

pendula) and European oak (Quercus robur) cover 8-10% and 5-6% respectively 

in the present time. Local forest management activities are partially prohibited, and 

silvicultural interventions are mostly confined to making firebreaks or conducting 

intermediate thinning treatments (Zhuravel, 2021). Final felling and prescribed 

burning are completely prohibited.  

As agricultural activities have also been banned since 1986, the farmlands were 

quickly afforested (Matsala et al. 2023). The partial prohibition of silvicultural 

treatments, such as pre-commercial thinnings, resulted in weak, flammable, 

overstocked Scots pine stands with reduced growth and high susceptibility to fire, 

pests, and diseases (Zymaroieva et al. 2023). Ager et al. (2019), Beresford et al. 

(2021), and Zymaroieva et al. (2023) suggest that the lack of silvicultural 

interventions and forest management have also led to the accumulation of fuels and 



15 

 

increased wildfire risk, which is further exacerbated by climate change. From 1993 

to 2021, ChEZ experienced almost 1730 wildfires (Zymaroieva et al. 2023), out of 

which a few were mega-fires (1992, 2015-2016, 2020, and 2021). The last mega-

fire incident in ChEZ happened in May 2022 during the Russian invasion. 

   Forestry activities are only carried out to ensure fire safety requirements by 

growing healthy, vital plantations for barrier function (Zhuravel, 2021). Deadwood 

removal or salvage logging is prohibited as the area is treated as a nature reserve 

(Matsala et al. 2023). Forest management and firefighting operations are hazardous 

and challenging, as radiation exposure poses significant health risks to workers and 

firefighters. Consequently, financial and logistical constraints, especially after the 

Russian invasion of Ukraine in 2022, further hinder effective forest management 

and fire control efforts in ChEZ.  

1.6 Relevance of this study 

In May 2022, a mega-fire in the southeastern part of the ChEZ triggered by the 

Russian invasion of Ukraine burned almost 14,000 ha of area (UNCG, 2023). This 

includes the forest plantations of different tree species established after the first 

ChEZ mega-fire in 1992 (Zibtsev et al., 2015). However, several patches survived 

the fire in 2022. A detailed analysis of forest management data from 2016 shows 

that the survived forest patches were largely homogenous in species composition, 

comprised of broadleaved tree species with more than 80% of the canopy. 

   This finding suggests that the dominance of broadleaves could have significantly 

contributed to the survival of some forest patches during the mega-fire. 

Consequently, our research aims to identify the forest characteristics of their 

surroundings that could also increase their chance of escaping large, natural fires. 

We hypothesize that fuel discontinuity and structural heterogeneity in the adjacent 

neighborhood areas (buffers) affect the probability of a forest patch escaping fire. 

 

The analytical approach involves a buffer-level spatial aggregation. In the first step, 

I calculated the mean values of canopy cover, canopy height, canopy height 

difference, and the presence of broadleaves within the buffers around the forest 

patches. Then, this aggregated data was fed to the classification models to predict 

whether each buffer was likely to be burned (non-refugia) or unburned (refugia). 

This approach is beneficial in understanding the factors in the surroundings that 

influenced the fire behavior, resulting in some patches being burned while others 

are not.  

I used 10 m, 30 m, and 50 m buffers around the survived patches. I selected 

buffer widths of 10 m, 30 m, and 50 m to examine how the impact of surrounding 

patches varies with distance from the survived patches. We created external buffers 
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only because we expected them to be less homogeneous than the survived forest 

patches and differ mostly in forest structure. 

 Then, I collected variables representing vegetation in the buffers. This involved 

analyzing LiDAR data, forest management data, and satellite records. I used these 

variables to model the occurrence of refugia within these buffers.  

I tested whether the hypotheses about fuel discontinuity and structural 

heterogeneity are true. Fuel discontinuity is the degree of interruption in continuous 

fuel distribution across the forest floor (Agee, 1993). Increased fuel discontinuity 

reduces fire spread. Canopy cover was the variable selected to examine fuel 

discontinuity because fire spread slows down when there is much variation in 

canopy cover, creating fuel breaks (Francis et al. 2023). As canopy cover decreases, 

fuel discontinuity increases due to vegetation gaps. Hence, more survived patches 

were expected under lower canopy cover values.  

Structural heterogeneity is the variation in forest structures, such as differences 

in canopy heights and diameters. I chose canopy height difference to study 

structural heterogeneity because the presence of tall and short trees can interrupt 

fuel continuity, reducing the fire spread. More burned patches were anticipated for 

negative CH difference because short trees in the buffer may act as ladder fuels for 

crown fire in the main forest patches.   
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2. Materials and methods 

2.1 Study area 

Chornobyl Exclusion Zone (ChEZ) is a 2600 km2 area formed after the nuclear 

explosion of 1986. ChEZ is located 100 Km north of Kyiv, in northern Ukraine, 

and borders Belarus (N 51.084 and N 51.351; E 29.262 and E 30.384). The area of 

interest possesses an Eastern European plain topography with a maximum elevation 

above sea level of 200m and is characterized by sod-podzolic soil. Pripyat River 

passes through, with swampy left banks and high right banks. The local climate is 

continental (for the last 66 years). The mean annual temperature is 8.20℃, and the 

mean annual precipitation is 620mm. As of 2020, the forest cover in ChEZ is 59% 

(Matsala et al. 2023), which was 41% in 1986. The region is a part of the Eastern 

European mixed forest belt, and the dominant local tree species include Scots pine 

(Pinus sylvestris L.), silver birch (Betula pendula Roth.), European oak (Quercus 

robur L.)., and common alder (Alnus glutinosa (Gaertn.) L.). 

   Many forest patches were established in our study area in the southeastern part of 

ChEZ after the first mega-fire in 1992. Some of these patches survived the last 

mega-fire in May 2022, forming the basis of our study (Figures 1, 2, and 3). 

 

 

Figure.1: The maps of Ukraine and the area in ChEZ affected by the mega-fire in 2022. 
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Figure 2: False color composite showing pre-fire (left) and post-fire (right) Planet satellite images 

of the study area. The red color indicates the presence of healthy vegetation, while the green color 

shows the area affected by the fire. 

 

 

Figure 3: A schematic representation of the study area. Top left: The grey area denotes the fire-

affected area from the 1992 mega-fire. The green circles show the broadleaved patches 

established following the fire. Top right: During the second mega-fire in May 2022, some patches 

burned (yellow), but others survived (green). Bottom: Our research aims to understand the factors 

in their buffers (dashed circles) influencing forest patches' fire behavior and survival. 
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From the forest management datasets of 2016, the main species prevailing in the 

area are Scots pine, silver birch, European/pedunculate oak(Quercus robur), 

European aspen(Populus tremula), and common alder(Alnus glutinosa). Other 

minor tree species include European hornbeam (Carpinus betulus), black locust 

(Robinia pseudoacacia), maple (Acer spp.), and Norway Spruce (Picea abies). The 

mean age of the stands is 58 years, with a maximum age reported 160 years and a 

minimum age of 5 years. The standard deviation in age was 26.26 years. The mean 

stand diameter at breast height (DBH) is 23.20 cm, with a maximum DBH of 64 

cm and a standard deviation of 9.5 cm. The mean stand height is 19.28 m with a 

maximum of 35 m, a minimum of 1 m height, and a standard deviation of 6.53 m. 

The average growing stock volume (GSV) was reported to be 249.9433 m3·ha-1 

with the highest GSV of 620 m3·ha-1, the lowest GSV of 5 m3·ha-1, and a standard 

deviation of 128.81 m3·ha-1. There are some outliers for Scots pine in age, diameter, 

and GSV in the graph below (Figure 4). They are from the oldest Scots pine stands, 

established during the Soviet reign.  

 

 

Figure 4: Distribution of age, mean stand DBH, growing stock volume (GSV), and mean height, 

respectively, from the forest management plan from 2016 
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2.2 Data 

2.2.1 Shapefiles 

The stand-wise forest management data was obtained in 2016 and was provided as 

a set of stand-level polygons. The polygons here contain data on variables such as 

stand tree species composition, mean height, DBH, GSV, and age. 

2.2.2 GEDI 

The GEDI LIDAR footprints for the study were downloaded from the Google Earth 

Engine (GEE) platform. GEDI is a LiDAR instrument mounted on ISS by NASA 

that provides high-resolution laser altimetry data, which contains detailed 

information on the vertical structures of forests (canopy cover and canopy height) 

and the terrain beneath. GEDI produces raw, high-resolution, three-dimensional 

point clouds and waveform data representing the vertical fuel distribution on the 

ground surface (Liu and Wang, 2022).  It was obtained as raster files containing the 

data on the canopy cover (CC). The values of CC ranged from 0 to 1.0. Then, it was 

vectorized to extract the average spectral values within each polygon and to derive 

calibration data to create a wall-to-wall CC map. 

2.2.3 Raster files 

Raster files of Planet satellite images of the study location in ChEZ before (2021) 

and after the mega-fire in 2022 with a spatial resolution of 3 m and eight spectral 

resolution bands were provided. This study uses eight spectral bands: NIR, red-

edge, red, green, green_i, yellow, blue, and coastal blue. The green_i band is an 

optimized version with improved calibration of the green band. We used Planet 

imagery to map forest structure and composition in a spatially explicit, wall-to-wall 

manner.  

We also used an existing, unpublished canopy height raster predicted from GEDI 

footprints with the data at 98% of relative height within a single footprint and Planet 

spectral variables. 
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2.3 Methods 

 

Figure 5: The workflow design for data processing and analysis 
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2.3.1 Modification of polygons 

 

Figure 6: The refugia and non-refugia polygons created for the study. The post-fire Planet 

satellite image's false-color composite was used as a background image with a spectral band 

combination of near-infrared (NIR), red, and green.  

 

The shapefiles containing forest stand polygons were visually examined and edited 

into two shapefiles to contain the fire refugia (survived forest patches) and non-

refugia (burned forest patches). For visual examination, we used the post-fire Planet 

image's false color composite (NIR, red, and green). Only young broadleaved 

patches ≤ 38 years old (planted after the 1986 nuclear disaster) were selected to 

study the fire refugia occurrence. Quantum GIS (QGIS) Ver.3.28.0 (Firenze) was 

used to edit the shapefiles. Then, buffers of width 10 m, 30 m, and 50 m were 

created for both polygon layers (refugia set and non-refugia set) using R software. 

Buffers were created to identify the forest structure in the adjacent neighborhood 

areas of survived and burned patches. A total of 58 buffers were created, out of 

which 25 were non-refugia buffers, while 33 were refugia buffers. The refugia 

buffers were mapped only in the direction of fire blown by the wind. Figures 7(a) 

and 7(b) show refugia and non-refugia polygons for 10 m, 30 m, and 50 m buffers.  

https://www.qgis.org/en/site/forusers/visualchangelog328/index.html
https://posit.co/download/rstudio-desktop/
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Figure 7(a). Visualization of refugia buffers with 10 m, 30 m, and 50 m widths. 

 

 

Figure 7(b). Visualization of non-refugia buffers with 10 m, 30 m, and 50 m widths. 
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2.3.2 Prediction models from remote sensing data 

2.3.2.1 Random Forest  

The Random Forest is a fast, accurate machine-learning algorithm (Breiman, 2001) 

used in classification and regression models. It works by building a “forest” of 

decision trees (for simple, non-parametric models), and each decision tree is trained 

by a random subset of the sample (training data) with random features. The only 

difference is that the target variables are class labels in classification, while in 

regression, they are continuous numerical values (Liaw and Wiener, 2022). 

Even though GEDI provides high-resolution, precise data on canopy cover and 

canopy height, it is sparse and has limited coverage. To address this issue, we 

trained RF models using GEDI data with satellite imagery to predict canopy cover 

and canopy height across the entire study area. This approach enhances the 

predictive power of models beyond the limit of GEDI data points. Xi et al. (2022) 

demonstrated that RF prediction models are more suitable for extracting spatially 

continuous data for canopy height for the study area.  

2.3.2.2 Forest cover model 

The training dataset for the Forest Cover (FC) model was created using the pre-

fire satellite image from 2021 with 3 m spatial resolution. Based on the visual 

interpretation as a true-colour image in QGIS, a shapefile (point vector) containing 

forest and non-forest points with binary values was manually created. The points 

that fall in areas with forest cover are assigned the value of 1, and those that fall in 

non-forest areas such as roads, agricultural fields, and grasslands were assigned the 

value of 0. The points were positioned at least 200 m apart to ensure statistical 

independence and avoid spatial autocorrelation. 

R packages of tidyverse, raster, terra, and randomForest (Hesselbarth 

et al. 2021; Maxwell, Farhadpour, and Das, 2024) were used to develop the FC 

classification model using spectral Planet data as independent variables. After 

loading the satellite raster image from 2021 and point vector polygons in R, the 

mean spectral reflectance values for each point in the shapefile were extracted to 

create data frames. Then, a binary variable indicating forest presence was converted 

into a factor for facilitating classification (here, categorical mapping). A Random 

Forest model was trained to classify forest and non-forest areas using the extracted 

spectral values as the predictor variables. This mask was used to filter the study 

area only to the FC extent, thus masking out non-forest pixels. The FC model used 

all the spectral bands (coastal blue, blue, green, green_i, red, red-edge, yellow, and 

NIR) as predictor variables. 
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In the case of imbalanced data distribution (where one class is more prevalent than 

the other), the performance of classification models was assessed by classification 

accuracy metrics such as balanced accuracy, kappa, and F1 scores. The R package 

utilized for this operation was caret and the function confusionMatrix(). 

2.3.2.2.1 Kappa coefficient 

Cohen (1960) introduced the kappa coefficient as a statistical measure of overall 

agreement between categorical variables (Kvålseth, 1989). It can be used to 

understand how the model performs compared to random guessing. Kappa values 

range from -1 to +1. +1 indicates perfect agreement, 0 shows no agreement by 

chance, and -1 indicates less than an agreement by chance. 

 

𝐾𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  
𝑃0 − 𝑃𝑒

1 − 𝑃𝑒
 

 

Where, 

P0  = Observed agreement (Proportion of times the raters agree.) 

Pe  = Expected agreement (Proportion of times the raters are expected to agree by 

chance.) 

2.3.2.2.2 F1 score 

I used the F1 score to measure the model’s accuracy on a dataset with an imbalanced 

class distribution. It is calculated as the harmonic mean of precision and recall 

(Lipton, Elkan and Narayanaswamy, 2014): 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 × (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
) 

 

Where, 

Precision =   Proportion of correct positive predictions 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 

Recall for negative classes is known as specificity, and recall for positive classes is 

known as sensitivity. 

 

Sensitivity =  Proportion of actual positives correctly identified by the model. 

 

𝑅𝑒𝑐𝑎𝑙𝑙(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) =  
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
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Specificity =  Proportion of actual negatives correctly identified by the model. 

 

𝑅𝑒𝑐𝑎𝑙𝑙(𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) =  
𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

 

2.3.2.2.3 Balanced accuracy 

I calculated Balanced accuracy as the average of sensitivity and specificity: 

 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
 

 

It is a robust measure that accounts for model performance on negative and positive 

classes and ensures better performance across all classes. 

2.3.2.3 Canopy Cover Model 

The canopy cover model was developed as a proxy for the hypothesis of fuel 

discontinuity. Because the fire spread is often limited under high variation in 

canopy cover (Francis et al., 2023). The raster data with canopy cover from GEDI 

LiDAR footprints has been converted into a CC shapefile. R packages of 

tidyverse, raster, terra, and randomForest were used to develop the CC 

model. After loading the satellite image from 2021 and CC polygons into R, the 

Planet image was clipped and masked using the FC mask created earlier. This 

results in a forest mask raster, with non-forest areas (value 0) denoted as NA. The 

mean spectral reflectance values were extracted from the masked satellite image 

after assigning unique IDs to each polygon. NA values were filtered out, and I 

randomly sampled 1,000 polygons for training and 500 for validation.  

   The RF regression model of CC used yellow, red, red-edge, and NIR as predictor 

variables to predict the binary variable of Refugia and grew 500 decision trees. 

Other spectral bands, such as blue, green, and coastal blue, were not chosen as 

predictor variables since these increased the variation of the predicted CC in test 

model runs. The model performance was visually assessed by plotting predicted 

and observed values after making predictions on the validation set and finding root 

mean square error (RMSE). RMSE can be calculated using the rmse() function by 

loading metrics package in R or by the equation: 

 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √
∑ (𝑥𝑖−�̅�)2𝑛

𝑖=1

𝑛−1
 

 

Where, 
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xi  = actual value 

�̅� = predicted value 

n = number of data points 

 

  The model is then applied to the Planet raster image (masked within the forest 

cover map) for the wall-to-wall CC mapping.  

2.3.2.4 Tree species classification model 

A tree species classification model was developed to determine whether fuel type 

(coniferous and broadleaved) is involved in refugia occurrence. After visually 

examining the forest management stand polygons, a binary variable showing tree 

species composition has been created by selecting 100 coniferous and 100 

broadleaved stands. Values of 0 were assigned to the stand dominated by any 

broadleaves (broadleaves proportion in growing stock volume should be ≥ 80%), 

and one was assigned to monocultures of conifers (pine proportion in growing stock 

volume should be ≥ 80%). Mixed stands with conifers and broadleaves were not 

selected. This was because mixed stands cause spectral mixing, which brings errors 

in the classification model. Stands with many open gaps in the canopy cover were 

also not selected, as they could also increase the model uncertainty. 

   R packages of tidyverse, raster, terra, and randomForest were used to 

develop the tree species classification model. The binary variable of tree species 

composition was then converted to a factor. An RF model was trained using the 

values of spectral bands blue, coastal blue, green, green_i, red, yellow, red-edge, 

and NIR as predictor variables. The same metrics that were utilized to assess the 

accuracy of the FC model have been used to evaluate the accuracy of the model. I 

developed a mask predicting the class labels of conifer and broadleaves (tree 

species classification mask) and a mask with the probability of broadleaves 

occurrence (tree species probability mask). Both masks were then masked by the 

forest cover mask. I used a probability map to proxy broadleaves’ presence and 

expressed it as a percentage of broadleaved spectral signature within a given pixel.   

2.3.2.5 Canopy height model 

The supervisor provided the Canopy Height (CH) regression RF model after 

developing it from the 2021 GEDI LiDAR footprints. I chose the 98th percentile of 

Relative Height (RH98) as the GEDI metric. RH98 is the value below which 98% 

of all data points of Relative Height have fallen (Adrah et al., 2021). The seven 

spectral bands, except coastal blue, served as predictor variables. With 500 decision 

trees, the explained variance was 59.97%. 
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Figure 8: From top (a): The probability map for canopy height. The map shows the spatial 

distribution of canopy height over the study area. Bottom left(b): Variable importance plot for CH 

model. Only the yellow band significantly impacted the prediction accuracy of the CH model. 

Bottom right (c): Distribution of predicted and observed CH values. GEDI-based models 

underestimate higher CH values and overestimate lower CH values. 

2.3.3 Extraction of data and analysis 

The data fed into the models for classifying patches as either refugia or non-refugia 

based on the variables of canopy cover (CC), forest cover (FC), canopy height 

(CH), and broadleaves’ presence (POB) as predictors. The choice of methods 
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(parametric or non-parametric) for further analysis was decided by testing the 

normality for the samples of each variable with the Shapiro-Wilk test.  

   The Shapiro-Wilk test is a statistical test used to assess whether a given sample 

came from a normally (Gaussian) distributed population. The null hypothesis, H0, 

was that the population did not follow a normal distribution, while the alternative 

hypothesis, H1, was that it did. A p-value less than 0.05 indicated that H0 could be 

rejected and vice versa. The Shapiro-Wilk test for normality was performed on a 

random sample of 5,000 points after extracting canopy cover, forest cover, canopy 

height, and broadleaves’ presence within the 10 m, 30 m, and 50 m buffers around 

refugia and non-refugia polygons. Most tests produced a p-value less than 0.05, 

indicating that the variable samples did not come from a normally distributed 

population at a 95% significance level. This finding (Figure 9) supported the choice 

of non-parametric data analysis methods, such as RandomForest (RF) modeling and 

General Additive Models (GAM). Penner, Pitt, and Woods (2013) demonstrated 

that RF offered operational advantages over parametric regression without 

compromising precision or accuracy. 

 

 

Figure 9. Distribution of sample values for canopy cover (CC), canopy height (CH), forest cover 

(FC), and presence of broadleaves (POB). All variables resulted in p-values <0.05. The Shapiro-

Wilk test indicates that their distributions significantly deviated from normality at a 95% 

confidence level. 

 

Then, I extracted the mean values of CC and CH for 10 m, 30 m, and 50 m 

buffers (refugia and non-refugia) and survived patch polygons into a large dataset. 
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I included another variable, CH-difference between each 10 m, 30 m, and 50 m 

buffer and the corresponding stand polygon, to check whether the hypothesis of 

structural heterogeneity was true. This dataset was the base for developing RF 

models for further analysis. 

Three RF models were developed for every buffer width (10 m, 30 m, and 50 m) 

predicting the binary variable “refugia,” which shows whether the target stand 

survived. R packages such as tidyverse, sf, terra, and randomForest were used for 

this purpose. The binary prediction variable refugia was converted into a factor by 

assigning 0 as burned and 1 as alive value. The predictor variables for refugia 

prediction were CC, CH, POB, and CH difference for each buffer. The Random 

Forest models were named rf.10, rf.30, and rf.50 for 10m, 30m, and 50m buffers, 

respectively.  

We plotted variable importance plots and partial dependence plots to interpret 

the results of RF models. Using both metrics together gives a detailed interpretation 

of the models as variable importance plots point out which variables are crucial in 

predicting, while partial dependence plots identify the specific effects of these 

variables on the prediction. Variable importance helps determine the significance 

of each feature in predicting the target variable by calculating the importance score 

(Greenwell, Boemke, and Gray, 2020). Partial dependence is different from 

variable importance as partial dependence helps visualize the effect of one or two 

variables on the predicted outcome and how a change in these variables affects the 

predicted outcome (Friedman, 2001). 
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3. Results 

 

3.1 Evaluation of models’ performance 

3.1.1 FC and POB models 

After growing 500 decision trees, the FC model had an OOB (Out-Of-Bag) error 

(internal error caused by misclassification) of 2.47%. Table 1 shows the confusion 

matrix, and Figure 10 shows the variable importance plot for the FC model.  

Table 1. Confusion Matrix for FC Classification Model.  

 non-

forest 

forest Classification error 

non-forest 93 4 4.123 

forest 8 381 2.056 

 

 

 

Figure 10. Variable importance plot for FC model. 

 

After growing 500 decision trees, the OOB for the POB model was 16.92%. 

Table 2 shows the confusion matrix, and Figure 11 shows the variable Importance 

plot for the POB model.  
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Table 2. Confusion Matrix for POB Classification Model.  

 coniferous broadleaved Classification error 

coniferous 78 22 22.00 

broadleaved 12 89 11.89 

 

 

 

Figure 11. Variable importance plot for the POB model 

 

Red and NIR bands significantly impact the accuracy of FC and POB models, 

respectively (Figure 10 and Figure 11), suggesting that the red band was better at 

predicting FC and NIR was better at predicting POB. 

Evaluation of POB and FC classification models yielded higher values of F1 

score, kappa, and balanced accuracy (Table 3) for both of them but slightly higher 

for all three in the case of the FC model. Higher balanced accuracy (POB = 0.8506; 

FC = 0.9691) showed that the models performed excellently across both classes 

(forest and non-forest classes for FC; conifer and broadleaf classes for POB). 

Higher kappa coefficients (POB = 0.7014, FC = 0.9239) indicated that the models 

had better agreement with actual classes beyond what would be expected by chance. 

Higher F1 scores (POB = 0.8454; FC = 0.9394) indicated that the models accurately 

predicted positive classes. 

 

Table 3. Model performance indicators for POB and FC models. 

Model Kappa F1 Balanced accuracy 

POB 0.6914 0.8394 0.8456 

FC 0.9305 0.9447 0.9743 
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Figure 12: Probability map for forest cover for the study area. A value of 0 indicates a non-forest 

area, and 1 indicates that the area is a forest. 
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Figure 13: Probability map for the presence of broadleaves of the study area. A value of 1 

indicates a higher presence of broadleaves, while 0 indicates a reduced presence. 

3.1.2 Canopy cover model 

The explained variance of this model was 23.31%, and the RMSE resulted in 

0.1834. The mean value of CC was reported as 0.3680, and the relative RMSE was 

49.84%. The red-edge band significantly impacted the accuracy of the CC model 

(Figure 14(a)). 
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Figure 14. From top: (a) Probability map for canopy cover of the study area. Bottom left 

(b). The variable importance plot for the canopy cover model. Bottom right (c). Distribution of 

predicted and observed canopy cover values. GEDI-based models overestimate lower CC values 

while the higher CC values are underestimated. 



36 

 

3.2 Prediction models for buffers 

3.2.1 Random Forest Models 

The OOB error estimates for rf.10 was 31.03%, rf.30 was 25.86%, and rf.50 was 

22.41%. Tables 4 (a),(b), and (c) show the confusion matrix for each RF model. 

The classification error in the models was likely due to several reasons. One reason 

was the averaging of mixed conditions within buffer zones around each patch. As 

the vector layers cross the pixels of rasters, the buffer polygons could partially take 

the patches' values, leading to inaccuracies in the mean values of CH and CC. We 

did not attempt to create a raster mask of survived patches to exclude it from CC, 

CH, or POB rasters. Furthermore, the error could also be due to certain unaccounted 

factors, such as changing weather and topography. 

Table 4(a). Confusion Matrix for rf.10.  

 burned alive Classification error 

burned 14 11 44.00 

alive 7 26 21.21 

Table 4(b). Confusion Matrix for rf.30 

 burned alive Classification error 

burned 15 10 40.00 

alive 5 28 15.15 

 

Table 4(c). Confusion Matrix for rf.50 

 burned alive Classification error 

burned 20 5 20.00 

alive 8 25 24.24 

 

3.2.2 Interpretation of Random Forest Prediction models’ 

results 

We developed variable importance plots and partial dependence plots to analyze 

the results of RF models.  

3.2.2.1 Variable Importance Plots  

Tables 5 (a),(b), and (c) and Figures 15 (a),(b), and (c) below show each RF model's 

importance scores of its predictor variables and variable importance plots, 

respectively. Variables with an importance score (MeanDecreaseAccuracy) ≤ 5.00 

were not selected for further analysis as they did not yield useful information upon 
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further analysis. From the variable importance plots, we found that the variable 

POB has a higher importance score in all three Random Forest models for buffers 

with widths of 10m, 30m, and 50m (rf.10, rf.30, and rf.50, respectively), indicating 

that the POB has a significant impact on refugia occurrence in these buffers. 

Following POB, the CC variable possesses a moderate to low importance score for 

the RF models. Other variables, such as CH and CH difference, have lower 

importance scores, indicating no significant influence on predicting refugia 

occurrence. 

 

rf.10: 

Table 5(a). Importance score for rf.10 

 alive burned MeanDecreaseAccuracy MeanDecreaseGini 

CC 1.13 11.23 9.167 7.113 

POB 11.517 12.7 15.72 9.574 

CH - difference 5.80 3.82 5.90 6.040 

 

 

Figure 15(a). Variable importance plot for rf.10 

rf.30: 

Table 5(b). Importance score for rf.30 

 alive burned MeanDecreaseAccuracy MeanDecreaseGini 

CC 0.4646 12.127 9.191         6.014 

POB 20.655 22.94            26.64         12.69 
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Figure 15(b). Variable importance plot for rf.30 

 

rf.50: 

Table 5(c). Importance score for rf.50 

 alive burned MeanDecreaseAccuracy MeanDecreaseGini 

CC 2.659 14.02             12.89          6.00 

POB 19.698 25.47             27.91        12.98 

 

 

Figure 15(c). Variable Importance plot for rf.50 
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3.2.2.2 Partial Dependence Plots  

Figures 16(a), 16(b), and 16(c) are partial dependence plots for each predictor 

variable of rf.10, rf.30, and rf.50, respectively. The histograms represent the 

availability of data points of refugia polygons (sky blue) and non-refugia polygons 

(orange). 

 

 

 
Figure 16(a). Partial dependence plots for variables CC, CH, CH-difference, and POB for 

rf.10. 
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Figure 16(b). Partial dependence plots for variables CC, CH, CH-difference, and POB for rf.30. 

 

 

 

 

Figure 16(c). Partial dependence plots for variables CC, CH, CH-difference, and POB for rf.50.  



41 

 

The partial dependence plots indicate a positive trend for CC and POB in the RF 

models. The critical threshold values (the predictive outcome was negatively 

influenced below these values and positively above the values) observed for CC 

were 40.5%, 41.10%, and 37.5% for rf.10, rf.30, and rf.50, respectively.  

   The partial dependence plots for CH show a complex, non-linear relationship, 

while the CH difference for rf.10 has a critical threshold value of -2.26 m. A 

negative Canopy height difference means trees in the buffer are taller than those in 

survived patches. The canopy height difference continues to impact the refugia 

occurrence positively if the trees in the buffer are taller (2.26 m or more) than the 

trees in the polygon. However, this feature was observed only until the height 

difference of -2.26 m, after which it did not influence the prediction of refugia 

occurrence. For rf.30 and rf.50, we did not observe a critical threshold value. 

   The critical threshold values observed for POB in rf.10, rf.30, and rf.50 were 83%, 

66%, and 47% respectively. A decline in partial dependence for rf.10  was observed 

between the POB values of 60-80% (Figure 16(a)). As for rf.30,  there was a decline 

in partial dependence between POB values of 19-31 %, and POB has no significant 

influence over refugia occurrence after a slight increase after the critical threshold 

value (66%), as shown by the flat lines in the graph of POB in Figure 16(b). Also, 

POB has no significant influence over refugia occurrence in rf.50. 
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4. Discussion 

 

4.1 Influence of broadleaves in refugia occurrence  

Our analysis did not provide evidence supporting hypotheses of fuel discontinuity 

and structural heterogeneity. The presence of broadleaves increased the probability 

of refugia occurrence; in contrast, canopy height in the buffer and canopy height 

difference (between the stand and its buffer) did not significantly impact refugia 

occurrence. Despite a higher importance score, the fuel discontinuity hypothesis 

was rejected because we observed more burned patches associated with lower 

canopy cover values (20-30%) for 10 m and 30 m buffers (Figure 15(a)), which 

was the opposite of what we anticipated. The structural heterogeneity hypothesis 

was rejected because we observed more refugia patches under negative canopy 

height difference, which was also the opposite of what we anticipated.  There was 

a spike in data points for refugia areas below -2.26 m of canopy height difference, 

which caused an increase in the probability of refugia occurrence for rf.10. This 

created a critical threshold value of -2.26 m in rf.10.  In contrast, the absence of 

critical threshold values for rf.30 and rf.50 may imply that structural heterogeneity 

could not save the forests from the mega-fire. 

    The observed decline in the probability of refugia occurrence for presence of 

broadleaves values between 60-75% and 19-36% in both rf.10 (Figure 16(a)) and 

rf.30 (Figure 16(b)) was because of limited data points available for refugia areas 

and a spike in data points for non-refugia areas, respectively. Additionally, the 

decrease in the probability of refugia occurrence for presence of broadleaves values 

of 60-79% can be attributed to the proximity of non-refugia buffers to highly 

flammable Scots pine stands. These stands burned, and the crown fire spread to 

surrounding patches, burning them down even when the presence of broadleaves 

values ranged between 75-81.5% in their 10m wide buffers. This effect also caused 

a decline in refugia occurrence in our models. The limited data availability and 

proximity to Scots pine stands have also affected the prediction of refugia 

occurrence in 30 m buffers.  

4.2 Management implications 

We recommend increasing the proportion of broadleaved species in production 

forests to reduce fire risk. Broadleaved species have higher foliage and wood 

moisture levels than conifers, reducing flammability and fire spread (Vallejo, 
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Arianoutsou, and Moreira, 2012). They can reduce vertical fire spread and crown 

fire risk as they act as ladder fuel breaks.  The dense broadleaved stands are less 

affected by wind and cast intense shade with lower temperature and relative 

humidity due to decreased evaporation, which reduces fire risk (Whelan, 1995). 

Their leaves are quickly mineralized, preventing fuel accumulation on the forest 

floor and subsequent horizontal fire spread. Incorporating broadleaved species into 

local forest management plans can help develop resilient landscapes (Proença, 

Pereira, and Vicente, 2010; Pausas et al. 2005). Feurdean et al. (2017) also 

recommended increasing broadleaf deciduous forest cover in higher latitudes for 

fire suppression. 

   However, this study also observed that the efficiency of broadleaves in fire 

management depends on the landscape and the surrounding tree species. While they 

can act as a buffer, their effectiveness is compromised when adjacent to highly 

flammable species such as Scots pine, an excellent ladder fuel that can facilitate 

crown fire spread into the broadleaved stands. This means incorporating fire 

management strategies, such as implementing fuel breaks and removing fuel load, 

into the forest management regime could also enhance the resilience of broadleaved 

forests. Silvicultural activities such as thinning and prescribed burning are also 

essential in managing the fuel loads. Thinning from below in forest stands removes 

fine-diameter fuel load and reduces competition between trees for light, water, 

space, and nutrients. Reduction in competition leads to better resource allocation 

and growth rates and the development of thicker, fire-resistant barks for remaining 

trees (Moreau et al. 2022).  

 

The high-density pine plantations (10,000 seedlings per hectare) in ChEZ witnessed 

dieback events due to droughts, accumulating fine-diameter fuels (Matsala et al. 

2024). Pine forests exhibit a high load of dry, small fuels. Also, suspended needles 

and lower dead branches can act as ladder fuels (Proença, Pereira, and Vicente, 

2010). This can facilitate crown fire spread in pine stands. Crown fire in Scots pine 

stands can then spread into adjacent broadleaved stands. Tree species such as black 

locust and European oak can sustain fire because of their thick bark and high 

moisture content. Despite higher fire resistance, black locust is an alien and invasive 

species in Europe as they propagate fast and outcompete native forest ecosystems. 

Once established, controlling and managing them becomes physically and 

economically exhausting.  Hornbeam has thin bark and leaves with low moisture 

levels, while silver birch has thin bark and flammable leaves (USDA Forest Service, 

n.d.).  

   Fuel accumulation and lack of forest management promote fire spread in the study 

area. Ager et al. 2019 recommended developing strategies for harvesting deadwood 

contaminated by the deposition of nuclear fallout and managing it to facilitate 

further disintegration processes. Pre-commercial thinning of Scots pine plantations 

is also advisable as they are beneficial in removing ladder fuels. Also, a gradual 
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thinning is recommended because the dense forests in ChEZ provide an 

uninterrupted canopy for fire spread (Matsala et al. 2024). However, while pre-

commercial and intermediate thinnings are partially prohibited in ChEZ, other 

silvicultural activities such as final felling, deadwood removal, and prescribed 

burning are completely prohibited (Matsala et al. 2021; Zhuravel, 2021).  

4.3 Study limitations 

Models based on GEDI spaceborne laser scanning data often generate biased 

estimates because the system cannot distinguish between grasslands and tree 

patches with heights less than 5m. As a result, similar values are assigned to both 

vegetation types.  The underestimation of higher values and overestimation of lower 

values while predicting canopy cover (Figure 13(b)) and canopy height (Figure 

7(c)) is another issue of concern. The underestimation of actual forest variable 

values occurred due to the ineffective laser penetration in denser canopies and 

reflecting the canopy surface only (Li et al. (2024); Liang et al. (2023)). The 

discrepancies in canopy cover estimates happen due to the averaging effects 

associated with the size of the laser footprint, which covers both forest and non-

forest areas. As for canopy height, it happens when dense crowns obstruct the 

ground, leading to inaccurate estimates of actual canopy height. 

Conclusions 

Our study indicates that the forests that survived the May 2022 mega-fire in ChEZ 

were primarily due to the higher presence of broadleaved species in their 

surroundings. However, our findings did not support our hypothesis that structural 

heterogeneity and fuel discontinuity played a defining role. Broadleaved tree 

species such as European oak, European aspen, and silver birch can be introduced 

to create more mixed stands, as they are fire-resistant and ecologically resilient, 

thus facilitating post-fire ecosystem recovery. In addition to promoting 

broadleaves, it is also recommended that the proximity of any tree vegetation to 

conifer stands in fire-prone forests could be reduced to minimize crown fire risk in 

fire-prone forests.  
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Escaping the flames: How nature finds a safe haven in the Chornobyl 

Exclusion Zone 

 

Forest fires are an important driver of ecosystem dynamics in boreal and temperate 

forests. However, climate change is making these fires intense and difficult to 

control. As for the Chornobyl Exclusion Zone (ChEZ), forest fires interact with 

landscape in different ways, but our focus is on the factors in the surroundings of 

these forest areas, determining whether they survive or burned. 

    In May 2022, a fire in the southeastern part of ChEZ, sparked by the Russian 

invasion of Ukraine, burned an area of 14,000 hectares, including plantations 

established after a similar fire in 1992. Despite the destruction, some forest patches 

survived. Our research identifies the role of surrounding patches in influencing the 

fire behaviour in burned and unburned patches. We believe that diverse forest 

structures and fuel breaks near these forests could contribute to. Through this 

research, we aim to uncover what makes forests resillient and how this knowledge 

can be used to design  production forests in the future. 
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