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Abstract

:

Fast and accurate fire severity mapping can provide an essential resource for fire management and studying fire-related ecological and climate change. Currently, mainstream fire severity mapping approaches are based only on pixel-wise spectral features. However, the landscape pattern of fire severity originates from variations in spatial dependence, which should be described by spatial features combined with spectral features. In this paper, we propose a morphological attribute profiles-based spectral–spatial approach, named Burn Attribute Profiles (BAP), to improve fire severity classification and mapping accuracy. Specifically, the BAP method uses principal component transformation and attributes with automatically determined thresholds to extract spatial features, which are integrated with spectral features to form spectral–spatial features for fire severity. We systematically tested and compared the BAP-based spectral–spatial features and spectral index features in the extremely randomized trees machine learning framework. Sentinel-2 imagery was used for seven fires in the Mediterranean region, while Landsat-8 imagery was used for another seven fires in the northwestern continental United States region. The results showed that, except for 2 fires (overall accuracy (OA) for EMSR213_P: 59.6%, EL: 59.5%), BAP performed well for the other 12 fires (OA for the 2 fires: 60–70%, 6 fires: 70–80%, 4 fires: >80%). Furthermore, compared with the spectral indices-based method, the BAP method showed OA improvement in all 14 fires (OA improvement in Mediterranean: 0.2–14.3%, US: 4.7–12.9%). Recall and Precision were also improved for each fire severity level in most fire events. Moreover, the BAP method improved the “salt-and-pepper” phenomenon in the homogeneous area, where the results are visually closest to the reference data. The above results suggest that the spectral–spatial method based on morphological attribute profiles can map fire severity more accurately.
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1. Introduction


Forest fires are a vital disturbance affecting forest ecosystems [1,2] and are also widely recognized as a significant factor in global carbon emissions [3,4]. Additionally, fires can affect humans in many ways, including property damage, crop loss, infrastructure damage, and life loss [5]. Fire severity, usually defined as the loss or decomposition of organic material above and below ground, including partial or total plant mortality [6], correlates with fire intensity within the plant community. Fire severity can be used to describe fire conditions and as a standardized indicator of environmental changes in post-fire areas [7], which can reflect the succession of plant and animal communities and changes in surface materials. Accurate fire severity mapping helps land managers and researchers to provide practical information on post-fire areas for scientific post-fire ecological restoration [8], fire management strategies, and insight into the effects of fire on biota and ecosystem processes [9]. Currently, fire severity mapping is mainly studied using remote sensing data. The impact of fire on vegetation and soil can be characterized by remote sensing images [10] as changes in the spectral features of ground objects. The bands of near-infrared, short-wave infrared, and thermal infrared are the most sensitive to the intensity of forest fires [11,12,13].



While many methods have been developed to predict and map fire severity using remote sensing imagery, most have focused on remote sensed spectral indices methods [11]. Spectral indices (SI) [14], such as the Normalized Difference Vegetation Index (NDVI) [15] and Normalized Burn Ratio (NBR) [16], are often used to extract spectral features of severity. Epting and Verbyla used Landsat to evaluate the classification performance of many spectral indices for forest fire severity. They tested in four forest fire zones within Alaska using 13 spectral indices in dense coniferous and broadleaf forest environments. They showed that the NBR, which contains near- and mid-infrared bands, had the highest correlation with the Composite Burn Index (CBI) and was most suitable for forest fire severity classification [11]. Escuin and Navarro [17] analyzed the ability of NBR, NDVI, differenced NBR (dNBR), and differenced NDVI (dNDVI) extracted from Landsat imagery for fire severity assessment. They studied three fires in southern Spain and found that dNBR was optimal for discriminating between different fire severities.



More research into the direct estimation of biophysical measures would reduce current overreliance on burn severity indices. Physical-based models, such as Radiative Transfer Models, which take advantage of specific physical reflectance properties of the surface to simulate spectral signatures for vegetation, are appealing approaches for predicting burn severity from satellite imagery [18,19]. Others have estimated severity from post-fire satellite imagery based on spectral mixture analysis [18,20,21], which estimates the fractional cover of biographical variables at the subpixel level.



Another approach is to use machine learning (ML) classifiers to predict the degree of fire severity [22,23,24]. ML classifier methods outperform simple empirical statistical models in handling complex interactions among multiple scenes, scales, and aggregation degrees [25,26]. They can improve the classification accuracy of strongly heterogeneous surface regions commonly occurring in remote sensing [24,27]. Collins et al. [25] investigated the application of random forest (RF) in fire severity classification, evaluated the performance of RF, and demonstrated RF’s great superiority over the traditional single-index empirical model method. Syifa et al. [28] proposed a Support Vector Machine algorithm optimized with an Imperialist Competitive Algorithm for fire severity mapping using Landsat-8 and Sentinel-2 imagery and obtained high classification accuracy.



All of the aforementioned remote sensed spectral indices-based, direct estimation of biophysical measures-based, and ML classifier-based mapping methods are based only on pixel-related spectral features. However, there are limitations to purely spectral features regarding the classification and mapping of fire severity. The classification results show a salt-and-pepper effect, with individual pixels classified differently from their neighbors in homogeneous areas [25,29,30]. The landscape pattern of fire severity originates from variations in spatial dependence, which arise when the value of a pixel recorded at a location is highly related to the values in surrounding locations [18,31,32]. Therefore, the spectral and spatial features, i.e., spectral–spatial features, should be integrated to improve the accuracy of fire severity classification and mapping.



The significant number of contributions in the literature that address the application of the spectral–spatial method to many tasks (e.g., classification [33], segmentation [34], super-resolution mapping [35], etc.) prove how the spectral–spatial method is an effective and modern tool. In recent years, mathematical morphology-based spectral–spatial methods have attracted more attention [33,36]. The Extended Multi-Attribute Profiles method (EMAPs) is one of the main morphological spectral–spatial feature extraction methods [36]. EMAPs is an extension of morphological attribute profiles (APs) [37,38], which filter one base image using attribute filters with different thresholds to obtain multi-scale and multi-level filtering results. The base images can be obtained using dimensionality reduction methods, such as principal component analysis, independent component analysis, and target-constrained interference-minimized band selection [39]. EMAPs was proposed for spatial feature extraction of high-resolution hyperspectral imagery for land cover classification [40]. In addition to land cover and land use, EMAPs has been widely used in other fields. Licciardi et al. used EMAPs and moment of inertia to invert the heights of buildings in Worldview-2 multi-angle images, and the inversion results were closer to the actual data [41]. Falco et al. used EMAPs to extract the geometric features of multi-temporal images and then compared the temporal variations in the study area; the experiments obtained the desired results [42]. It has been proven that EMAPs is an effective spatial feature extraction method that allows the selection of attributes in spatial features flexibly to suit the actual situation [43], and it can also combine spatial features with spectral ones [44], which significantly enriches the decision information for image classification. Although EMAPs has shown better classification results in several domains, its overly flexible scalability makes attribute and threshold selection a critical issue when applied to new domains [45].



This study aims to propose a mathematical morphology-based spectral–spatial method for fire severity mapping. Specifically, we aim to answer the following questions: (1) How effective is the performance of the EMAPs-based spectral–spatial model, named the Burn Attribute Profiles (BAP), for fire severity mapping in different regions with different remote sensed imageries? (2) Is the inclusion of spatial features beneficial for classification (comparing BAP and SI methods)? and (3) Can the BAP method improve the salt-and-pepper phenomenon in homogeneous regions in fire severity mapping results?



The primary contributions of this work can be summarized as follows. To the best of our knowledge, this paper describes the first time the spectral–spatial method has been used for fire severity mapping. We explore the powerful prediction capability of EMAPs-based spectral–spatial features to classify fire severity according to the actual fire situation. Specifically, this study selected two study areas (the Mediterranean region and the northwestern continental United States region), each containing seven fire events. The classification assessment and mapping of the two areas are independent of each other and are not compared with each other. We used different remote sensing imageries (Sentinel-2, Landsat-8) in the two study areas. The two study areas applied different data types to show that the BAP model still has good applicability with different data types. Then, we extracted spatial information from post-fire images using the BAP method with automatically determined thresholds for respective attributes and integrated spatial features with spectral ones. We finally used the extremely randomized trees (ERT) [41] classifier to generate fire severity mapping products. Moreover, the BAP method is compared with the traditional SI-based method, which extracts spectral indices using pre- and post-fire images.



Section 2 first describes the study area and the data collected. The proposed fire severity mapping approach is described in Section 3. Section 4 reports the experiments that validate the performance of the method. Section 5 discusses the experimental results and highlights the proposed method’s merits and limitations. The paper is concluded in Section 6.




2. Study Area and Data Description


2.1. Study Area


The study area is divided into two large regions: the Mediterranean region of Europe and the northwestern continental United States region (Figure 1). Seven fires are present in each area.



Two of the seven fires in the Mediterranean region are located in Spain, and the other five are in Italy. The fire areas range from 219 to 8178 hectares. Fires are frequent in Spain, with an average of 184 fires per year in the last 15 years (http://effis.jrc.ec.europa.eu/apps/effis.statistics/estimates (accessed on 15 June 2022)) and an average annual fire area of 65,257 hectares. Most of these fires occur between July and September, when the Spanish region is often associated with high temperatures, little rain, and a dry climate, making it highly susceptible to fires. The main land cover types burned in the Spanish region are cropland and woodland, with a combined share of around 80% of monthly average statistics. Of the two fires in Spain, EMSR132 (identified according to the Copernicus Emergency Management Services grading map) burned a vast area of 8178 hectares, including 5482.4 hectares of scrub and woodland (Dominated by Pinus pinaster Ait. and Quercus pyrenaica Wild.); the affected region varies in altitude from 300 to 1400 m, with acidic soils and a climate typical of the Mediterranean. The EMSR216 fire has the smallest size at 219 hectares. The site has a large dense pine forest—approximately 84% forest.



The fires in the Italian region are more frequent than those in Spain. In the past 15 years, an average of 259 fires occurred annually, with an average annual fire area of 47,829 hectares. Italy has an extremely high proportion of farmland within the burn zone, with monthly average statistics exceeding 80%. The five fires in Italy were spread across the Apennines, Sicily, and Sardinia. The EMSR171 fire burned an area of 1632.1 hectares, most of which was artificial plantations, natural grasslands, and woodlands dominated by broadleaf and cork oak forests. Elevation ranges from 380 m to 720 m. According to the 2008 lithological map of Sardinia (http://www.sardegnageoportale.it/ (accessed on 15 June 2022)), the burn area is rich in rock types, including basalt, basaltic andesitic, sandstone, conglomerates, and sandstone. In the east, there are some mica schists and quartzites. The EMSR169 fire, which occurred in Sicily, burned an area of 4057 hectares, with 59% cropland and many olive groves, vineyards, and vegetable gardens. The region has a typical Mediterranean climate with hot, dry summers. Temperatures of 40 degrees Celsius and solid southerly winds exacerbated the wildfires. The remaining three fires were from the same fire record. Still, they were analyzed independently because they were far apart, their land cover types differed significantly, and their extinguishment times varied. The EMSR213_A fire has a total burned area of 890 hectares with undulating terrain, ranging in elevation from 500 m to 1900 m, with approximately 60% forested land and 30% grassland. EMSR213_P has a large area of impact, with a total burned area of 3706.3 hectares, with forest land accounting for about 60% and cropland and shrubs for about 32%. EMSR213_S has a total burned area of 582.1 hectares. The area’s topography is gentle, with elevations ranging from 400 m to 500 m. Cropland accounts for about 60% of the site, and forest land accounts for about 35%.



There are seven fires in the northwestern continental US region, distributed in different states, as shown in Figure 1, where the fires TW and GR are located in Washington State. The area burned by the TW fire is 4558 hectares in total. The burned area is mainly forest and grassland, with apparent zoning. There are large areas of ponderosa pine in the northwestern part of the TW fire area (data on land cover type sourced from the 2011 Native American National Land Cover Database) and extensive grasslands in the central and southeastern parts of the site, with a general topographic relief ranging from 490 to 1337 m in elevation (from NASADEM 30m data). The GR fire covers 3464 hectares, and the study area is located in the northern Rocky Mountains with an altitude of about 1000 m. Most of the interior is covered by dry mesic–montane mixed-conifer forest. Only deciduous shrubs are scattered in the south–central and the northeast. Fires BA and EL are located in Oregon. The BA fire covers 1498 hectares, with a large area of limber–bristlecone pine woodland in the fire area and some grassland and scrub in the southeast. The EL is the largest of all fires at 8483 hectares. Except for its western region, the study area is a basin with a large grassland area. Woodlands are concentrated in the west-facing Rocky Mountains, with large patches of ponderosa pine. Fire WE is located in Montana and has a fire area of 5866 hectares, with multiple woodlands (dry mesic–montane mixed-conifer forest and mesic–montane mixed-conifer forest, among others) in the northern and southern portions of the study area. Fire HU is located in Wyoming and has a burned area of 1498 hectares, with woodland interspersed with grassland within the burn area, ranging in elevation from 2044 m to 2747 m.




2.2. Fire Severity Data


Fire severity grading maps for use in European wildfire events were obtained from Copernicus Emergency Management Services (CEMS, https://emergency.copernicus.eu (accessed on 21 June 2022)). As part of the EU’s Copernicus program, CEMS uses satellite imagery and other geospatial data to provide free map services when natural disasters, man-made emergencies, and humanitarian crises occur worldwide.



One of CEMS’ services is to provide information on wildfire boundaries, forest fire severity grading maps, and other information used to prevent the loss of life and property and to restore the environment after the fire. The fire severity grading data describe four levels of fire severity: (1) Negligible to Slight Damage (ND); (2) Moderately Damaged (MD); (3) Highly Damaged (HD); (4) Completely Destroyed (CD). The forest fire severity products have been visually interpreted with high-resolution imagery (Pléiades-1A, WorldView-2, etc.) and field-validated, with the overall accuracy of products exceeding 85%. Figure 2a shows the distribution of fire severity reference grading for EMSR171.



Forest fire severity grading maps for use in the continental United States were obtained from the Monitoring Trends in Burn Severity (MTBS, https://www.mtbs.gov/ (accessed on 22 June 2022)) project. The MTBS project was jointly implemented by the United States Geological Survey Center for Earth Resources Observation and Science (EROS) and the USDA Forest Service Geospatial Technology and Applications Center (GTAC) to map fire severity and burn extent for all land in the United States from 1984 to the present, recording fires with areas of 1000 acres and larger in the western United States and those with areas of 500 acres and larger in the eastern United States. The project covers the continental United States, Alaska, Hawaii, and Puerto Rico. The data used in this study uniformly contain the following four classes of forest fire severity: (1) Unburned to Low (U); (2) Low (L); (3) Moderate (M); (4) High (H). Trained image analysts create severity maps based on experience and interpretation of dNBR and RdNBR (Relativized Differenced Normalized Burn Ratio) with manually selected selection thresholds. In this study, we used dNBR offsets to adjust the value of each pixel according to the recommendations of [46] and, thus, obtained a more accurate severity map. Figure 2b shows the distribution of the fire severity reference grading of the BO fire.



It is worth noting that the European CEMS system is more concerned with tree canopy and biomass depletion. In contrast, the US MTBS system focuses on a broader range of criteria while dividing trees, shrubs, grasses, and soils. In the CEMS system, ND stands for unburnt surface with green canopy or burnt surface with unburnt canopy, usually representing 0~10% canopy and reverse burn; MD stands for partial canopy scorch, usually 10–90% canopy score; HD stands for full canopy scorch (±partial canopy consumption), which generally means >90% canopy scorched and <50% canopy biomass consumed; and the CD class represents full canopy consumption, which usually means >50% canopy biomass consumption. For the MTBS system, Unburned to Low represents unburned areas and areas that recover quickly after the fire, such as grasslands, lightly burned surfaces, etc.; Low represents low vegetation (<1 m) and shrubs or trees (1–5 m) that may show significant above-ground scorching. Vegetation density or cover may change significantly, woody debris and newly exposed mineral soils typically exhibit some variability, and canopy tree mortality generally is around 25%. Moderate includes areas that show a uniform transition within low and high burn severity levels. High represents cases where vegetation is almost completely consumed, mostly ash and charcoal remain, and mortality in canopy trees is usually over 75%.




2.3. Remote Sensing Data


In this paper, two types of remote sensing images (Sentinel-2 and Landsat-8) were used and applied to the corresponding study areas. Sentinel-2 and Landsat-8 provide high-resolution remotely sensed images that can be obtained free of charge and have been used frequently in previous fire severity studies. Specifically, Sentinel-2 images are often used in recent studies because they contain red-edge bands that can describe chlorophyll content and can be used to monitor the health of vegetation.



Sentinel-2 images were used for fire severity mapping in the Mediterranean region of Europe. The BAP method proposed uses only post-fire images as original data, and the acquisition time of post-fire images is shown in Table 1. The start and end times of the European fires are taken from the official document provided by Copernicus (layered



Geospatial document). For the Sentinel-2 data, since some of the fires (e.g., EMSR132) occurred earlier than the production time of the surface reflectivity images (Class 2A products), we selected the top-of-atmosphere reflectivity products (1C products) as the raw images and used the 6S (Second Simulation of the Satellite Signal in the Solar Spectrum) model (https://github.com/samsammurphy/gee-atmcorr-S2 (accessed on 2 July 2022)) for atmospheric correction. Sentinel-2 imagery has multispectral bands with resolutions of 10, 20, and 60 m. In this study, only 10 and 20 m imageries were used, and 20 m imageries were upsampled (interpolated using bilinear interpolation) to 10 m ones. Then, all imageries were combined into one image as the input of the BAP model. The selection of fire images should consider the seasonal discrepancy between the fire environment and the post-fire environment [25]. In this paper, the acquisition time of the European post-fire remote sensing images is no greater than 70 days from the end of the fire, and images taken as close to the fire time as possible are selected. Cloudy conditions in the burn area were also considered when selecting the post-fire remote sensing images, and cloud-free images were selected whenever possible.



Landsat-8 images were used for the fires in the northwestern continental United States region. The acquisition times for post-fire imagery are shown in Table 1, and the fire start times are from the official file, whereas the post-fire imagery was acquired by viewing and comparing the traces in Landsat and related imagery ourselves due to the lack of fire end times in the official file. For the Landsat-8 images, we selected the surface reflectance products and used all seven 30 m resolution bands as the original images for BAP. The post-fire images of Landsat-8 were also selected considering the seasonal differences within the fire environment; post-fire image times similar to those used for the actual severity products and cloud-free images were selected as much as possible.



The remote sensing data used in the study were all sourced from the Google Earth Engine (GEE) platform. The corresponding atmospheric corrections, cropping, and other pre-processing methodologies were also performed in GEE. GEE is a free cloud computing platform that allows for online visualization and computational analysis of large amounts of global-scale geoscience data (especially satellite data). GEE also has an extensive publicly available geospatial database that includes optical and non-optical imagery from various satellite and aerial imaging systems, as well as a variety of other data.





3. Methodology


The graphical overview of the article is shown in Figure 3, which demonstrates the process of classification and mapping using the BAP method for the two study areas in the paper, which can be divided into the following three main processes: (1) using the BAP method to obtain the spatial–spectral features of remote sensing images in the study areas; (2) obtaining the training and test sets from the spatial–spectral feature images and the reference data; (3) using the ERT classifier for classification and mapping of fire severity.



3.1. Burn Attribute Profiles


This paper proposes the BAP method for fire severity feature extraction. BAP is based on the Extended Multi-Attribute Profiles (EMAPs) proposed by Dalla Mura et al. [37,40] and is adapted to the actual situation of the fire.



EMAPs is an extension of the morphological attribute profiles (APs) algorithm. As shown in Figure 4, the process of generating APs can be divided into the following four steps: (1) constructing a tree from grayscale images; (2) calculating the attributes of each node on the tree; (3) filtering (retaining or merging) the attributes of the nodes according to a predefined threshold; (4) reconstructing the image based on the filtered tree to obtain the APs under a certain threshold of attributes. APs provide a multiscale description of an image by applying a series of morphological attribute filters (AFs) based on the max tree (i.e., refinement operation,  γ ) and the min tree (i.e., coarsening operation,  ϕ ). Unlike image filtering operations that are usually performed directly at the pixel level, AFs operate on each concatenated component. For a grayscale image X, given a series of ordered thresholds    {   λ 1  ,  λ 2  , ⋯ ,  λ n   }   , the APs can be expressed as:


  APs  ( X )   =   {   ϕ   λ n     ( X )  , ⋯ ,  ϕ   λ 1     ( X )  ,  γ   λ 1     ( X )  ⋯  γ   λ n     ( X )   }     



(1)




where  ϕ  and  γ  represent the refinement operation and coarsening one, respectively.



The above is the process for single-band images. For multi-band images, if fewer bands exist, APs can be acquired directly on each band. However, feature extraction is needed to obtain the base image if the input data have more bands. The principal component analysis (PCA) method is commonly used, retaining the first few principal components containing most of the information and then performing morphological attribute profile operations on each principal component to obtain APs. The extended attribute profiles (EAPs) are obtained by superimposing APs of different base images for one attribute, and the EAPs are defined as shown in Equation (2) below:


  EAPs  ( X )   =   {  AP  (   X 1   )  , AP  (   X 2   )  , ⋯ , AP  (   X m   )   }   



(2)







EMAPs are EAPs of multiple attributes for direct stacking, which can extract feature vectors from multiple aspects and describe the fire area’s complex feature characteristics more comprehensively. Specifically, EAPs are stacks of different thresholds for a single attribute, while EMAPs are stacks of different thresholds for multiple attributes. EMAPs can be expressed as follows:


  EMAPs  ( X )   =   {    EAPs    a 1     (   X 1   )  ,   EAPs    a 2     (   X 2   )  , ⋯ ,   EAPs    a m     (   X m   )   }     



(3)







EMAPs are very flexible regarding the choice of attributes and can use any defined attribute to measure the connectivity component. For example, they can include attributes related to the region’s shape, such as area, external moments, and moments of inertia, and attributes related to grayscale variation, such as grayscale mean, entropy, and standard deviation.



In this study, we proposed a BAP feature extraction method for fire severity classification by improving EMAPs. Specifically, we improved the EMAPs generation process by adapting three important processes to fire severity classification: (1) base image extraction method, (2) attribute selection, and (3) threshold selection for attributes.



Firstly, to extract base images, we tested three methods: (1) PCA; (2) fast independent component analysis (Fast-ICA); and (3) Joint approximation diagonalization of eigenmatrices ICA (JADE-ICA). These three methods have been used in several studies to extract base images [47,48]. In this study, we tested these three methods’ base image extraction capabilities in seven fires within the European region. The testing results proved that PCA and JADE-ICA performed the best (Table S1 in the supplementary material), and both had advantages and disadvantages in different fire situations. Still, in general, the classification accuracy was similar. In the subsequent experiments of this paper, PCA is used consistently to obtain the base images to ensure uniformity. We retained the first four principal components (PCs), which explained most of the variance in the considered dataset. We retained the four principal component images as features of the spectral information in the BAP method.



Secondly, four common attributes were considered: (1) area of the region (“a”); (2) diagonal of the box bounding the region (“d”); (3) moments of inertia (“i”); and (4) standard deviation of the grayscale values of the pixels in the regions (“s”). We tested the permutations of the four common attributes. We found that the best classification combination was often a combination of all four attributes (“a-i-d-s”) (Table S2 in the supplementary material). Still, the difference in classification accuracy between the combinations of “a-s” and “a-i-d-s” was smaller, while the operation time of “a, s” was much shorter than that of “a-i-d-s”. We can automatically adjust the threshold values of “a” and “s” according to the post-fire image, which is more practical for actual work. Considering all of this, the combination of “a-s” attributes was finally chosen to extract the spatial features of fire severity. These two attributes are clearly correlated with the object level in the image, where “a” can be used to extract information about the object’s scale, and “s” is related to the uniformity of the pixel intensity values.



Finally, for selecting the thresholds of attributes “a” and “s”, we obtained them automatically based on the resolution of the post-fire image and the mean value of the base image’s pixel values, respectively. The threshold selection formula for “a” is as follows:


   λ a   ( X )   =    1000  ρ   {   a  m i n   ,  a  m i n   +  δ a  ,    a  m i n   + 2  δ a  , … ,  a  m a x    }     



(4)




where  ρ  is the spatial resolution of the image. In this paper, the values of    a  m i n    ,    a  m a x    , and    δ a    were taken as 1, 14, and 1, respectively.



The threshold selection formula for “s” is as follows:


   λ s   ( X )   =     μ i    100    {   σ  m i n   ,  σ  m i n   +  δ s  ,    σ  m i n   + 2  δ s  , … ,  σ  m a x    }     



(5)




where    μ i    is the mean value of the i-th feature (base image). In this paper, the values of    σ  m i n    ,    σ  m a x    , and    δ s    were taken as 2.5%, 27.5%, and 2.5%, respectively.



In summary, the specific process of the BAP method shown as the “BAP generation process” in Figure 3 contains three parts. Firstly, the PCA method is used to reduce the dimensionality of the pre-processed multispectral images to obtain four base images. Secondly, attributes “a” and “s” are selected to form EMAPs for each base image. Finally, the automatic threshold-selecting method is used in APs for each selected attribute. Specifically, the BAP method extracts a 204-dimension feature image containing 112 feature bands for attribute “a”, 88 feature bands for attribute “s”, and four principal components of the spectral bands. Figure 5 shows the BAP feature curves for the four severity classes within the EMSR171 fire. The code for calculating APs was obtained from [37].




3.2. Extremely Randomized Trees Classification


This paper uses the extremely randomized trees (ERT) model for classification. Similar to the random forest (RF) algorithm, the ERT model is a decision tree-based ensemble classifier that uses a classical top–down process to construct a decision tree. However, unlike RF, it partitions the nodes of the decision tree with completely randomly selected cut points and uses a bootstrap resampling strategy to grow the tree, using the entire learning sample to minimize bias. These strategies allow the algorithm to improve computational efficiency compared to RF while better reducing bias and variance in the model [49]. The basic process of growing an extremely randomized tree can be divided into the following parts: (1) for a given tree node, randomly select a subset of predictor variables from the set of all predictor variables; (2) for each predictor variable in the subset, pick a random cut point ac if the stopping segmentation condition is not satisfied; (3) for the set of all segments derived from the random cut point ac, use the scoring function to score (usually the score is calculated based on information gain) and obtain the set of segments with the largest score; (4) in the next node, a different set of variables is randomly selected from all the predictor variables, then steps (1)~(3) are repeated. When all extremely randomized trees are generated, the predictions of the tree are aggregated by majority voting to arrive at the final prediction. The effectiveness of the ERT classifier has been demonstrated in several studies [50,51]. The ERT classifier parameters are the same as those belonging to RF, focusing on the parameters mtry (a randomly selected subset of model predictor variables) and ntree (the number of decision trees). The implementation of the ERT classifier in the study was obtained from sklearn (https://scikit-learn.org/ (accessed on 5 July 2022)).



Figure 6 shows the collection process for the total dataset from which the training and test sets for the ERT classifier classification need to be sampled. The data sources for total dataset acquisition are the spectral–spatial feature images obtained by the BAP method in the previous section. After obtaining the spatial vector maps of fire severity levels for all fires from CEMS, boundary buffering was applied to them. The data acquired by MTBS are raster images, and we have further made internal buffers after converting the raster images to vectors. We set different buffer distances according to the image cell sizes of different images. Finally, we set the buffer distance to 15 m for Sentinel-2 images and 43 m for Landsat-8 images, which roughly corresponds to the hypotenuse length of each pixel in Sentinel-2 and Landsat-8. Applying an internal buffer to each class of polygon of the fire can prevent sampling points from falling on the boundary between two classes and can also prevent interference between different classes. After that, all pixels within this vector region of the feature image are acquired, and all data are acquired at the center of the pixel. This avoids a single pixel being acquired multiple times and ensures spatial heterogeneity. Each fire in the experiment was collected separately, so each fire had a separate dataset. For subsequent evaluation experiments, each sampling from the dataset is equivalent to sampling from the entire image, which avoids limiting the sample to a certain area and allows the data to be fully utilized.



The acquisition of data points in the total dataset is shown in Table 1, which shows that the amount of data in each fire severity class is unbalanced. Still, the data of each class are sufficient for sampling in the subsequent experiments.




3.3. Experimental Setup


In this paper, the experiments were conducted separately according to the study area (European Mediterranean region; northwestern continental US). Data sources from different remote sensors were used in the two regions, which can further explore the applicability of the BAP method under different sensors in different regions. Each fire in the study area was classified separately for fire severity, without interfering with each other.



The training set and the test set required for classifying individual fires in the experiment were drawn randomly from the total dataset of corresponding fires. In this paper, according to the principle that the number of samples for each severity level is fixed, we drew the training set from the total dataset, with 300 samples for each level. Meanwhile, all the remaining data points in the total dataset were used as the validation set. The same sample size for each class in the training set avoids the imbalance between samples and conforms to the idea of collecting as many balanced samples as possible in practical work. We used the ERT classifier in our experiments to fit and classify the training and test sets.



For the classifier parameters mtry and ntree, after several tests, we found that the value of ntree did not improve the classification accuracy much after increasing up to 100, so the ntree parameter was fixed to 100. mtry is the quadratic root of the number of variables in the dataset. The above process of random sampling and classification was repeated 500 times.



The paper mainly uses Recall, Precision, F1-Score, OA (overall accuracy), and Kappa to evaluate the classification results of fire severity. Recall refers to, for all samples of a certain class, how many samples the classifier can find; Precision refers to, for a certain class of samples predicted by the classifier, how many samples belong to that class; F1-Score is a composite metric that reconciles Recall and Precision. OA and Kappa were used to evaluate the overall classification performance of fire severity. All indicators in the experiments were calculated based on the confusion matrix.



In this paper, we compared the BAP method with the conventional spectral indices-based method, which we refer to as the SI method. Firstly, in the SI method, different spectral indices are calculated using pre- or post-fire remote sensing images to form index images. Then, the direct superposition of all index images is involved in composing the fire severity feature images. Finally, the spectral index features are input into the ERT classifier to obtain classification and mapping results, similar to the process shown in Figure 6. A total of 10 spectral indices and their related variants (including the pre-fire, post-fire, and difference indices) were used in this paper, where the Burn Area Index (BAI) contains only the post-fire index. All used spectral indices are as follows: (1) The following indices use only the visible, near-infrared, or short-wave infrared bands: Normalized Burn Ratio (NBR) [16], Normalized Difference Vegetation Index (NDVI) [15], Normalized Difference Water Index (NDWI) [52], Visible Atmospherically Resistant Index (VARI) [53], Burn Area Index (BAI) [54]; (2) The following indices use red-edge bands: Chlorophyll Index red-edge (CIre) [55], Normalized Difference red-edge 1 (NDVIre1) [56], Normalized Difference red-edge 2 (NDVIre2) [57], Modified Simple Ratio red-edge (MSRre) [58], Modified Simple Ratio red-edge narrow (MSRren) [57].



The SI method for the Mediterranean region utilizing Sentinel-2 imagery uses 28 spectral index features (see Table 2). Whereas the Landsat-8 image used for the US region does not have a red-edge band, the SI method for this region uses only 13 spectral index features (See the first five lines of Table 2). The sample collection method, training and test set extraction method, and classifier parameter settings of the SI method were all consistent with those in the BAP method detailed in Section 3.2. It is worth noting that remote sensing data used in the SI method included both pre-fire and post-fire data (Table S3 in Supplementary Material for pre-fire image times).



We used the BAP and SI methods for fire severity mapping, and compared their processing results with real reference data to obtain visual differences. The feature extraction and classification processes were implemented using Python and MATLAB programming languages. ArcGIS was the cartographic tool used in this paper.





4. Results


4.1. European Mediterranean Region


In this paper, the BAP and SI methods were used for feature extraction, and then the ERT classifier was used for classification, and the results are shown in Table 3. The values in Table 3 were the means of 500 randomized experiments (with 95% confidence intervals).



As can be seen from Table 3, for all fires in the Mediterranean region, the BAP method obtained better classifications than the SI method in terms of overall performance (OA improvement ranging from 0.2% to 14.3% (Difference Value) and Kappa improvement ranging from 0.3% to 19.5% (Difference Value)). It is worth noting that in these fires (e.g., EMSR213_A, EMSR213_S, EMSR216), there was a small improvement in the OA values of the BAP method compared to those of the SI method, while the OA values in the SI method were all very high.



For the Recall evaluation indicator, HD and MD were poorly classified among all fire severity levels, while CD and ND were the best. However, the HD and MD classes often greatly improve the comparisons of BAP vs. SI, and this should be related to these two classes’ relatively low Recall values. Still, it further illustrates that the BAP method can provide the classifier with more decision-making information about the classes where the SI method is relatively weak. However, on the other hand, the Recall values of HD and CD classes were high (0.894 to 0.999) in fires EMSR213_A, EMSR213_S, and EMSR216, and a negative boost in BAP was observed in these classes instead, which shows that the spectral information is more sensitive in these classes and the spectral information gives the classifier enough information for decision making.



For Precision, the most obvious difference from Recall is that the ND class performed the worst among multiple fires, which indicates that the classifier has a large misclassification error when classifying ND. HD and MD values were also low, and only the CD class had high precision values (0.808 to 0.996) in all fires. The F1 value per fire event was compared to that of Precision. It is worth noting that the fire EMSR213_P performs poorly in the ND, MD, and HD classes in all indicators, especially the Precision value for ND (0.182 for BAP and 0.140 for SI), but the BAP method shows better performance than the SI method in all fire events.



This paper produced the fire severity mapping results using Python and ArcGIS tools. The EMSR171 fire event result is described and illustrated in detail, as shown in Figure 7 and Figure 8. It can be seen that the BAP method can significantly improve the “salt-and-pepper” phenomenon seen in the traditional SI method, and the resulting severity level polygons were more regular and closer to the reference data (Figure 7b). In the mapping results of the SI method with many fragmented points, the CD class is mainly wrongly divided into CD and HD classes. In contrast, the BAP method labeled the entire region as a single CD class, close to the results on the reference map. The BAP method outperformed the SI method in the cases of other classes (Figure 7c–e).




4.2. Northwestern Continental United States Region


The BAP and SI methods were used for feature extraction, and then the ERT classifier was used for classification. The results are shown in Table 4, in which the values are the means of 500 randomized experiments (with 95% confidence intervals). As can be seen from Table 4, the BAP method was better than the SI method again (OA improvement ranged from 4.7% to 12.9% (Difference Value)). None of the OA values for the fire severity classification in the northwestern continental United States region are high (up to 0.793 for the region; up to 0.994 for the Mediterranean region), which should be related to reference data used in this study area. However, the Kappa values for all fires in the region were high (minimum value: 0.801 for the region; 0.419 for the Mediterranean region), and the variations were small.



According to the Recall classification evaluation indicator, U and H classes have the lowest values among all the fire severity levels. In contrast, the maximum value usually comes from the M class. The three BO, EL, and TW fires were consistent with those in the



Mediterranean region, and the BAP method showed the largest improvement over the SI method, which had smaller Recall values in U and H classes. In all severity levels of the three fires BA, HU, and WE, comparing the BAP method with the SI method, it was found that the Recall values were greatly improved. Only in the GR fire event was the Recall value decreased in the H class, while it was greatly improved in the M class.



Based on assessment via the Precision evaluation indicator, compared with the SI method, it can be seen that the BAP method had largely improved values in all fire severity levels in all fire events and only had smaller values in some M and H classes of several fire events (EL: M, GR: H, WE: H). At the same time, in the L class of fires BA and HU, BAP greatly improved compared to SI (BA: +0.171, HU: +0.224). It is worth noting that the Precision value of class L is the smallest among all fire severity levels of fires BA and HU. This further proves that the BAP method can provide more decision-making information for the classifier regarding fire severity levels than the SI method and, thus, produces better classification and mapping results.



In Figure 9 and Figure 10, taking the BO fire as an example, the results of fire severity mapping in the northwestern continental United States region are shown, including fire severity maps and detailed information for each severity level. Since there are some scattered points in the reference data itself, and the overall severity polygon is not very regular, the difference between the mapping results of the BAP and SI methods was not too large in terms of the overall visual effects. However, regarding all severity levels (Figure 9b–e), compared with the SI method, it can be found that the BAP method can obtain more regular severity regions with fewer internal fragmentation points.





5. Discussion


In this paper, we proposed a mathematical morphology-based spectral–spatial method named BAP. We selected 14 fires in two study areas, the Mediterranean region and the northwestern continental United States region, for fire severity mapping, in which Sentinel-2 and Landsat-8 satellite imagery data were used, respectively. There are obvious differences in these data in terms of spatial resolution, band spectral range, etc. The experimental results of the BAP method proposed in this paper and the traditional SI method show that spectral–spatial features can better describe the fire severity level than spectral index features. It is the first time that the spectral–spatial method has been used for fire severity mapping. The BAP method opens new paths in fire severity mapping and introduces a new application of spectral–spatial methods in fire severity classification mapping.



5.1. Performance of the BAP Method


In the two study areas of this paper, the BAP method has better classification results and can obtain better fire severity mapping results. Specifically, in the European Mediterranean region, the OA variation of the BAP spectral–spatial features combined with the ERT classifier ranges from 0.596 to 0.994, where only the EMSR213_P fire has a low OA value, and the OA of the other six fires is above 0.743. Meanwhile, OA values were lower in the continental US region, ranging from 0.595 to 0.793. However, OA values in the continental US region were relatively concentrated, and the OA values of half of the fires were above 0.749.



As for the individual classes, the classification systems of the two study areas are different, so they are discussed separately. According to the composite indicator F1, the CD class out of the four classes in the Mediterranean region performed best among all fires. This result is consistent with that of some previous studies showing higher average accuracy for extreme-intensity classes [25,59]. The F1 values of the other three classes were very low in some fires, especially the ND and MD classes. It is worth noting that the Precision values of the three classes were also very low, indicating that many data prediction results needed to be corrected in these fire classes. Several previous studies have mentioned the insufficient predictive performance of low- and medium-class severity [17,60,61]. It has been mentioned that higher misclassification rates usually occur in areas with dense canopy cover and rugged terrain [59]. This requires careful consideration of vegetation types and terrain factors, which must be further explored.



The severity classification system for the US region differs slightly from that of the European region in broad terms. It contains one class for the transition from unburned to low severity, and it does not have a separate class for completely destroyed severity. The F1 values of the low-severity L class for most fire events in the US region were the worst performing of all four classes, but these values were more stable and did not show minimal values. This result is also consistent with some previous studies [25,59]. The four classes of all seven fires in the US region, except the M class of the EL fire and the H class of the GR fire, had relatively high values in all three indicators (Recall, Precision, F1), and most of these values were above 0.749.



The BAP method introduces spatial–spectral features into fire severity classification. It achieves excellent classification results in different remote sensing images in different regions, which proves that the BAP method has good generalizability and can be applied to different data sources in different environments.




5.2. Comparison of BAP and SI Methods


The BAP method is the first to use spatial information for fire severity classification. To illustrate whether the inclusion of spatial information can help improve classification performance, we compared the BAP method with the SI method based on spectral features. In addition, the SI method is also the mainstream classification mapping method in the field of fire severity at present [22,62], and its comparison with BAP can also prove the advancement and superiority of the BAP method. Table 3 and Table 4 indicate that in all fire events, the BAP method is superior to the SI method in terms of classification’s overall accuracy, which has a high or low improvement. Moreover, evaluated from each class’s precision and recall values, the BAP method outperforms the SI method in most cases. In the Mediterranean study area, according to the Recall indicator, compared with the SI method, the BAP method’s boost was generally highest for MD and HD classes, which have relatively low values, while the ND and CD classes, which have relatively high values, showed smaller boosts or even negative boosts. For the seven fires in the US region, the degree of BAP’s boost over SI varies in each class. The class that has the greatest (or least) boost varies from fire event to fire event. It is worth noting that in a fire event, if the Recall value of a class increases the most, its Precision value will generally increase the most, and the same is true for the class with the smallest increase.



The above results are attributed to the fact that the BAP method considers the connectivity between image pixels and assigns the spatial features to the current pixel according to the morphological attribute similarity between the current pixel and its adjacent pixels in the neighborhood and further combines the spectral features to obtain the complete spectral–spatial features for the current pixel. In this way, the actual fire severity level of the pixel can be better described, and more accurate fire severity classification mapping results can be obtained. At the same time, it is also worth noting that due to the limited ability of morphological attributes and the complex spatial heterogeneity of fire severity, morphological attributes-based spectral–spatial features still need to be fully capable of describing fire severity levels, thus avoiding misclassification of fire severity.




5.3. Salt-and-Pepper Problem


We used the BAP and SI methods to map all 14 fires in two study areas separately. The mapping results show that the BAP method can effectively improve the salt-and-pepper problem in the homogeneous regions of fire severity maps. This is most evident in the EMSR171 fire (Figure 7 and Figure 8), especially in the regions labeled as CD or MD in the detailed diagram (Figure 7). It can be seen that the BAP method can merge the small fragmented and isolated regions into the surrounding large regions, making the regions more concentrated and complete in fire severity maps. On the one hand, this is due to the better classification accuracy of the BAP method compared to the SI method in the EMSR171 fire. On the other hand, it is also mainly due to the inclusion of spatial information in the BAP method, which makes homogeneous regions more aggregated through connected components. As shown in Figure 9 and Figure 10, the classification accuracy of BAP and SI in the BO fire is relatively close. However, the BAP method still greatly merges the small fragmented regions in SI into the larger surrounding homogeneous regions. The mapping results are more accurate and closer to the reference map.



The improvement effect of the BAP method by introducing the joint spatial–spectral information into fire severity mapping is significant. The “pretzel phenomenon” common in pixel-oriented mapping methods based on spectral features is effectively improved.





6. Conclusions


In this paper, a spectral–spatial method for fire severity classification, the Burn Attribute Profiles (BAP), is proposed to improve the accuracy of fire severity classification and mapping results. The spectral–spatial features of post-fire images are extracted using the BAP method, which automatically determines the threshold of the attributes and combines the spatial features with the spectral ones. Finally, an extremely randomized trees classifier is used to learn and predict fire severity maps. In our study, there were two study areas (the European Mediterranean region and the northwestern continental US region), each containing seven separate fires. Two types of different remote sensing data were used in the study areas (Mediterranean: Sentinel-2; US: Landsat-8) to evaluate the performance of the BAP method. According to the experimental results, BAP performed well in different data from different study areas and achieved high classification accuracy in most fires (10 out of 14 fires had OA greater than 70%). We then compared the BAP method with the mainstream SI method to assess whether including spatial information is beneficial for classifying fire severity. The results showed that the BAP method outperformed the SI method for all fires (OA improvement is 0.2–14.3% in the Mediterranean and 4.7–12.9% in the US). More results showed that the BAP method could improve the salt-and-pepper problem in SI mapping results.



However, the BAP method proposed in this paper still has much room for improvement. The attributes selected in this paper are frequently used in previous studies and performed well in our study for fire severity inversion. Therefore, exploring more attributes may lead to better classification results, reflecting the greater potential of the BAP method in fire severity classification. Furthermore, the attribute thresholds used in the paper are automatically determined. Thus, the number of coarsening and refining features is extremely large, among which there are bound to be many features that are not very useful for severity classification. In future work, the features obtained by BAP can be screened twice using genetic algorithms to reduce the number of features and computational effort.
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Figure 1. Study area and the location of the fires in (a) the European Mediterranean region; (b) the northwestern continental United States region. 
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Figure 2. Fire severity reference maps of (a) the EMSR171 fire (located in the European Mediterranean region. CD: Completely Destroyed; HD: Highly Damaged; MD: Moderately Damaged; ND: Negligible to Slight Damage); (b) the BO fire (located in the northwestern continental United States. U: Unburned to Low; L: Low; M: Moderate; H: High). 






Figure 2. Fire severity reference maps of (a) the EMSR171 fire (located in the European Mediterranean region. CD: Completely Destroyed; HD: Highly Damaged; MD: Moderately Damaged; ND: Negligible to Slight Damage); (b) the BO fire (located in the northwestern continental United States. U: Unburned to Low; L: Low; M: Moderate; H: High).
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Figure 3. Proposed fire severity mapping scheme. 
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Figure 4. Morphological Attribute Profiles (APs) and Extended APs (EAPs) for base image  X . 
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Figure 5. Burn Attribute Profiles (BAP) feature curves for the four classes in the EMSR171 fire: (a) CD: Completely Destroyed; (b) HD: Highly Damaged; (c) MD: Moderately Damaged; (d) ND: Negligible to Slight Damage. Shown for each class with one sample point taken randomly, and each band corresponds to a value within 0~255. 
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Figure 6. The sample collection process for the EMSR171 fire. 
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Figure 7. Detailed display of EMSR171 fire mapping results: (a) fire severity reference map; (b) Detailed display of CD class; (c) HD class; (d) MD class; (e) ND class. Ref: reference map; BAP: Fire severity mapping generated by BAP method; SI: Fire severity mapping generated by SI method. 
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Figure 8. Comparison of EMSR171 fire severity mapping results of (a) BAP method; (b) SI method. 
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Figure 9. Detailed display of BO fire mapping results: (a) fire severity reference map; (b) Detailed display of H class; (c) M class; (d) L class; (e) U class. Ref: reference map; BAP: Fire severity mapping generated by BAP method; SI: Fire severity mapping generated by SI method. 






Figure 9. Detailed display of BO fire mapping results: (a) fire severity reference map; (b) Detailed display of H class; (c) M class; (d) L class; (e) U class. Ref: reference map; BAP: Fire severity mapping generated by BAP method; SI: Fire severity mapping generated by SI method.
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Figure 10. Comparison of BO fire severity mapping results of (a) BAP method; (b) SI method. 
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Table 1. The occurrence times of all 14 fires, the acquisition times of the corresponding remote sensing images, and the number of sample points for fire severity classes.
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Fire

	
Start Time

	
Post-Fire

Image Time

	
Sample Points for Fire Severity Classes




	
ND

	
MD

	
HD

	
CD

	
Total






	
European Mediterranean




	
EMSR132

	
6 August 2015

–11 August 2015

	
11 August 2015

	
20,707

	
40,918

	
141,066

	
506,953

	
709,644




	
EMSR169

	
16 June 2016

–2 July 2016

	
12 July 2016

	
59,806

	
65,921

	
70,536

	
147,988

	
344,251




	
EMSR171

	
4 July 2016

–26 July 2016

	
28 July 2016

	
4585

	
63,834

	
27,697

	
31,999

	
128,115




	
EMSR213_A

	
11 July 2017

–29 August 2017

	
13 September 2017

	
680

	
3960

	
2654

	
8449

	
15,743




	
EMSR213_P

	
11 July 2017

–9 August 2017

	
11 August 2017

	
6525

	
23,645

	
47,141

	
59,481

	
136,792




	
EMSR213_S

	
11 July 2017

–31 August 2017

	
2 September 2017

	
821

	
1770

	
1041

	
8182

	
11,814




	
EMSR216

	
27 July 2017

–4 August 2017

	
7 August 2017

	
1957

	
3091

	
1581

	
767

	
7396




	
Northwestern Continental United States




	

	

	

	
U

	
L

	
M

	
H

	
Total




	
BA

	
2 August 2014

	
20 July 2015

	
2561

	
3717

	
1137

	
1152

	
8567




	
BO

	
11 August 2015

	
24 July 2016

	
1309

	
1322

	
3724

	
7428

	
13,783




	
EL

	
14 August 2015

	
21 August 2015

	
4275

	
54,971

	
7074

	
1361

	
67,681




	
GR

	
14 August 2015

	
27 June 2016

	
3814

	
13,802

	
3952

	
1585

	
23,153




	
HU

	
10 August 2016

	
22 July 2017

	
2745

	
1704

	
896

	
2739

	
8084




	
TW

	
19 August 2015

	
4 September 2015

	
2421

	
24,412

	
6332

	
1370

	
34,535




	
WE

	
14 August 2015

	
24 July 2016

	
4253

	
7727

	
5817

	
22,721

	
40,518
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Table 2. The spectral indices used for SI Method in this study. The indices considered for the classification include the pre- and post-fire difference indices (denoted by Δ) and the pre- and post-fire indices (denoted by “pre” or “post”).
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	Index
	Equation
	Reference
	Indices Considered





	NBR
	     N I R − S W I R 2   N I R + S W I R 2     
	[16]
	    NBR  p r e   ,    NBR  p o s t   ,   Δ NBR   



	NDVI
	     N I R − R   N I R + R     
	[15]
	    NDVI  p r e   ,    NDVI  p o s t   ,   Δ NDVI   



	NDWI
	     N I R − S W I R 1   N I R + S W I R 1     
	[52]
	    NDWI  p r e   ,    NDWI  p o s t   ,   Δ NDWI   



	VARI
	     G − R   G + R − B     
	[53]
	     VARI   p r e   ,     VARI   p o s t   ,   Δ VARI   



	BAI
	    1     (  0.1 − R  )   2  +    (  0.06 − N I R  )   2      
	[54]
	   Δ BAI   



	CIre
	      Red   Edge    3    Red   Edge    1   − 1   
	[55]
	     CIre   p r e   ,     CIre   p o s t   ,   Δ CIre   



	NDVIre1
	     N I R −  Red   Edge    1   N I R +  Red   Edge    1     
	[56]
	   NDVIre  1  p r e   ,   NDVIre  1  p o s t   ,   Δ NDVIre 1   



	NDVIre2
	     N I R −  Red   Edge    2   N I R +  Red   Edge    2     
	[57]
	   NDVIre  2  p r e   ,   NDVIre  2  p o s t   ,   Δ NDVIre 2   



	MSRre
	      (  N I R /  Red   Edge    1  )  − 1      (  N I R /  Red   Edge    1  )  + 1       
	[58]
	     MSRre   p r e   ,     MSRre   p o s t   ,   Δ MSRre   



	MSRren
	      (   Red   Edge    4 /  Red   Edge    1  )  − 1      (   Red   Edge    4 /  Red   Edge    1  )  + 1       
	[57]
	     MSRren   p r e   ,     MSRren   p o s t   ,   Δ MSRren   
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Table 3. Performance comparison of fire severity classifications using BAP and Spectral Indices (SI) methods for each fire in the European Mediterranean region. ND: Negligible to Slight Damage; MD: Moderately Damaged; HD: Highly Damaged; CD: Completely Destroyed.






Table 3. Performance comparison of fire severity classifications using BAP and Spectral Indices (SI) methods for each fire in the European Mediterranean region. ND: Negligible to Slight Damage; MD: Moderately Damaged; HD: Highly Damaged; CD: Completely Destroyed.





	
Indicators

	
Class

	
EMSR132

	
EMSR171

	
EMSR169

	
EMSR213_A

	
EMSR213_P

	
EMSR213_S

	
EMSR216




	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI






	
Recall

	
ND

	
0.885

	
0.830

	
0.897

	
0.813

	
0.802

	
0.683

	
0.929

	
0.911

	
0.580

	
0.506

	
0.963

	
0.919

	
0.994

	
0.996




	
MD

	
0.732

	
0.588

	
0.718

	
0.621

	
0.681

	
0.528

	
0.947

	
0.920

	
0.497

	
0.466

	
0.915

	
0.908

	
0.993

	
0.987




	
HD

	
0.666

	
0.554

	
0.709

	
0.584

	
0.652

	
0.448

	
0.925

	
0.892

	
0.470

	
0.384

	
0.894

	
0.896

	
0.996

	
0.990




	
CD

	
0.854

	
0.834

	
0.800

	
0.690

	
0.837

	
0.716

	
0.968

	
0.969

	
0.737

	
0.704

	
0.944

	
0.947

	
0.999

	
0.995




	
Precision

	
ND

	
0.565

	
0.395

	
0.333

	
0.231

	
0.666

	
0.553

	
0.593

	
0.584

	
0.182

	
0.140

	
0.881

	
0.843

	
0.993

	
0.992




	
MD

	
0.396

	
0.312

	
0.885

	
0.849

	
0.649

	
0.506

	
0.972

	
0.954

	
0.455

	
0.395

	
0.962

	
0.961

	
0.995

	
0.996




	
HD

	
0.592

	
0.523

	
0.602

	
0.505

	
0.655

	
0.403

	
0.886

	
0.840

	
0.596

	
0.547

	
0.566

	
0.569

	
0.995

	
0.980




	
CD

	
0.978

	
0.962

	
0.808

	
0.652

	
0.933

	
0.862

	
0.996

	
0.996

	
0.820

	
0.791

	
0.996

	
0.996

	
0.995

	
0.983




	
F1

	
ND

	
0.689

	
0.535

	
0.485

	
0.360

	
0.727

	
0.611

	
0.723

	
0.711

	
0.277

	
0.220

	
0.920

	
0.879

	
0.993

	
0.994




	
MD

	
0.514

	
0.408

	
0.793

	
0.717

	
0.664

	
0.516

	
0.959

	
0.936

	
0.475

	
0.427

	
0.938

	
0.934

	
0.994

	
0.991




	
HD

	
0.626

	
0.537

	
0.651

	
0.541

	
0.653

	
0.424

	
0.905

	
0.865

	
0.525

	
0.451

	
0.693

	
0.696

	
0.995

	
0.985




	
CD

	
0.911

	
0.893

	
0.804

	
0.670

	
0.882

	
0.782

	
0.982

	
0.982

	
0.776

	
0.745

	
0.969

	
0.971

	
0.997

	
0.989




	
Kappa

	
0.622

	
0.535

	
0.620

	
0.475

	
0.670

	
0.475

	
0.926

	
0.905

	
0.419

	
0.352

	
0.861

	
0.858

	
0.992

	
0.986




	
OA

	
0.810

	
0.764

	
0.743

	
0.637

	
0.763

	
0.620

	
0.955

	
0.943

	
0.596

	
0.544

	
0.938

	
0.936

	
0.994

	
0.991
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Table 4. Performance comparison of fire severity classification using BAP and SI methods for each fire within the northwestern continental US region. U: Unburned to Low; L: Low; M: Moderate; H: High.
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Indicators

	
Class

	
BA

	
BO

	
EL

	
GR

	
HU

	
TW

	
WE




	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI

	
BAP

	
SI






	
Recall

	
U

	
0.778

	
0.686

	
0.748

	
0.639

	
0.819

	
0.779

	
0.761

	
0.745

	
0.733

	
0.624

	
0.814

	
0.762

	
0.724

	
0.675




	
L

	
0.855

	
0.703

	
0.833

	
0.738

	
0.844

	
0.842

	
0.841

	
0.745

	
0.846

	
0.704

	
0.748

	
0.750

	
0.835

	
0.751




	
M

	
0.940

	
0.838

	
0.906

	
0.876

	
0.935

	
0.933

	
0.945

	
0.844

	
0.928

	
0.806

	
0.920

	
0.902

	
0.909

	
0.879




	
H

	
0.804

	
0.739

	
0.826

	
0.801

	
0.551

	
0.443

	
0.585

	
0.618

	
0.899

	
0.860

	
0.607

	
0.453

	
0.732

	
0.727




	
Precision

	
U

	
0.875

	
0.809

	
0.577

	
0.447

	
0.985

	
0.979

	
0.931

	
0.912

	
0.714

	
0.606

	
0.950

	
0.948

	
0.827

	
0.769




	
L

	
0.669

	
0.498

	
0.800

	
0.720

	
0.530

	
0.474

	
0.705

	
0.609

	
0.602

	
0.378

	
0.588

	
0.571

	
0.608

	
0.523




	
M

	
0.944

	
0.873

	
0.976

	
0.955

	
0.316

	
0.392

	
0.846

	
0.725

	
0.986

	
0.960

	
0.606

	
0.566

	
0.982

	
0.976




	
H

	
0.830

	
0.771

	
0.850

	
0.826

	
0.702

	
0.600

	
0.693

	
0.723

	
0.874

	
0.829

	
0.741

	
0.606

	
0.778

	
0.786




	
F1

	
U

	
0.824

	
0.742

	
0.651

	
0.526

	
0.894

	
0.868

	
0.837

	
0.820

	
0.723

	
0.614

	
0.876

	
0.845

	
0.772

	
0.719




	
L

	
0.750

	
0.583

	
0.816

	
0.729

	
0.651

	
0.606

	
0.767

	
0.670

	
0.703

	
0.492

	
0.658

	
0.648

	
0.703

	
0.616




	
M

	
0.942

	
0.855

	
0.940

	
0.914

	
0.472

	
0.551

	
0.893

	
0.779

	
0.956

	
0.876

	
0.730

	
0.695

	
0.944

	
0.925




	
H

	
0.830

	
0.743

	
0.871

	
0.817

	
0.832

	
0.797

	
0.799

	
0.771

	
0.853

	
0.758

	
0.814

	
0.774

	
0.855

	
0.820




	
Kappa

	
0.857

	
0.807

	
0.877

	
0.853

	
0.971

	
0.933

	
0.851

	
0.871

	
0.850

	
0.801

	
0.955

	
0.918

	
0.830

	
0.857




	
OA

	
0.749

	
0.623

	
0.789

	
0.702

	
0.595

	
0.534

	
0.675

	
0.628

	
0.793

	
0.664

	
0.630

	
0.572

	
0.770

	
0.717
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