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Abstract

:

Natural vegetation provides various benefits to human society, but also acts as fuel for wildfires. Therefore, mapping fuel types is necessary to prevent wildfires, and hyperspectral imagery has applications in multiple fields, including the mapping of wildfire fuel types. This paper presents an automatic semisupervised machine learning approach for discriminating between wildfire fuel types and a procedure for fuel mapping using hyperspectral imagery (HSI) from PRISMA, a recently launched satellite of the Italian Space Agency. The approach includes sample generation and pseudolabelling using a single spectral signature as input data for each class, unmixing mixed pixels by a fully constrained linear mixing model, and differentiating sparse and mountainous vegetation from typical vegetation using biomass and DEM maps, respectively. Then the procedure of conversion from a classified map to a fuel map according to the JRC Anderson Codes is presented. PRISMA images of the southern part of Sardinia, an island off Italy, were considered to implement this procedure. As a result, the classified map obtained an overall accuracy of 87% upon validation. Furthermore, the stability of the proposed approach was tested by repeating the procedure on another HSI acquired for part of Bulgaria and we obtained an overall stability of around 84%. In terms of repeatability and reproducibility analysis, a degree of confidence greater than 95% was obtained. This study suggests that PRISMA imagery has good potential for wildfire fuel mapping, and the proposed semisupervised learning approach can generate samples for training the machine learning model when there is no single go-to dataset available, whereas this procedure can be implemented to develop a wildfire fuel map for any part of Europe using LUCAS land cover points as input.
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1. Introduction


Fire is a significant ecological disturbance that threatens ecosystem sustainability worldwide, specifically in Mediterranean regions. Bond et al. [1] consider fire to be like the biggest “herbivore” on Earth [1]. Over the last five decades, researchers have paid much attention to the ecological impacts of fire. Fire behaviour helps determine the impact of fire to a considerable extent. Fire behaviour has different ecological impacts, and also helps us to determine the optimal suppression strategy for any given fire [2,3,4,5]. Fire intensity and rate of spread are two important aspects of fire behaviour that are affected, among other factors, by the load, type, and continuity of fuel [6]. Fuel types vary; for instance, Pinus halepensis is more flammable [3] due to the highly flammable resins and oils, producing high-intensity fires. At the same time, fuel continuity and fuel load relate to the percentage of the surface covered by vegetation—in other words, by potential fuels [6]. The accuracy and effectiveness of any tool for the simulation of fire behaviour or fire risk assessment depend on the accuracy and availability of data related to the vegetation ecosystem [3,4]. Spatially and thematically accurate vegetation cover is critical for the suppression and prevention of fire in fire-prone areas and ecosystems [7]. Goodenough et al. [8] have compared forest classification accuracies between EO-1’s Hyperion and ALI sensors and Landsat 7 ETM+ and concluded that hyperspectral sensors provide better discrimination with greater accuracy in comparison with multispectral sensors in several forest types. The potential of wildfire fuel mapping using hyperspectral data of Hyperion was evaluated by Yoon et al. [9] almost a decade ago and they concluded that Hyperion imagery has good potential for wildfire fuel mapping. Mapping boreal forest fuel types for interior Alaska, Smith et al. [10] used AVIRIS-NG hyperspectral data with 80% accuracy, while LANDFIRE’s Existing Vegetation Type product derived from Landsat-8 had 33% accuracy. For the same region of interest, hyperspectral data simulated using Sentinel-2 was used to map boreal forest fuel type with 89% accuracy, which was better than the accuracy obtained using multispectral Sentinel-2 [11]. A review was conducted by Sander et al. [12] on hyperspectral remote sensing of fire. The authors commented that hyperspectral data had proven utility in the temporal stage of the fire disturbance continuum, including prefire applications, i.e., in exact fuel type and condition assessment. Also, they added that, until 2018, there were only airborne hyperspectral data, and upcoming spaceborne missions like PRISMA, EnMAP, and HyspIRI will provide opportunities to explore further the linkages between ecosystem properties and fires at a regional to global scale. In this work, the feasibility and maturity of hyperspectral imagery from PRISMA (PRecursore IperSpettrale della Missione Applicativa), launched by the Italian Space Agency (ASI) in 2019, have been evaluated for mapping wildfire fuel types. After the commissioning phase, access to the data was granted to users in early June 2020. PRISMA is an on-demand mission, and the available data in the archive are limited [13].



Machine learning algorithms have become a vital tool in modern hyperspectral image analysis, especially in land cover classification, because of their unprecedented predictive power [14,15]. However, the accuracy of the machine learning-based classification depends entirely on the dataset. Therefore, annotated datasets have become a crucial pre-condition for developing and evaluating machine learning-based classifications. However, due to the heterogeneity of remote sensing measurements and tasks, there is no single go-to dataset that could serve the purpose of standardized pretraining and benchmarking [16,17]. Thus, a dataset was prepared by pseudolabelling the pixels or spectral signatures collected from the PRISMA image for mapping wildfire fuel types.



Another challenge in machine learning is the selection of a suitable machine learning classifier for a particular task among the various machine learning methods. Selecting based on accuracy is also tricky since the accuracy of ML algorithms depends upon various factors such as dataset pattern, size of training data, training parameters, etc. In such cases, an optimal algorithm can be selected considering the specific case, classes to be mapped, nature and size of training data, and predictor variables. The classification accuracy of supervised machine learning classifiers varies with the size of the training samples [18]. One study concluded that SVM accuracy decreased by 6.25% when using just 15 training samples instead of 100 for each class, and SVMs were less sensitive to training data size than other machine learning models. Thus, a support vector machine (SVM) classifier was chosen to perform the classification of vegetation types considering all the factors mentioned above, specifically the size of training data [19,20]. Classification of the mixed pixels in hyperspectral data is another vital process to be considered. In our case, a fully constrained linear mixing model was used to assign mixed pixels to their appropriate category. In the framework of EFFIS (European Forest Fire Information System) and FUELMAP projects under the Joint Research Centre (JRC), a categorization of the fuel types available in Europe was carried out and correlated with Anderson fuel models (1982) [21,22].



Therefore, this paper presents an automatic procedure for mapping wildfire fuel types using PRISMA hyperspectral imagery in a semisupervised machine learning approach. This work was started under the project S2IGI (an integrated system for forest fire management) funded by the Regional Administration of Sardinia under the POR (Programma Operativo Regionale) FESR (Fondo Europeo di Sviluppo Regionale) Sardinia and improved under the project ASI-HYP, funded by the Italian Space Agency. The main objectives of this work are (1) to develop an automatic procedure for wildfire fuel mapping, using PRISMA hyperspectral imagery and the land cover data from regional/national portals as input and (2) to correlate the fuel types to Anderson fuel models, more appropriately incorporating secondary classifications (sparse/dense, plains/mountains, etc.), if necessary, to extract the attributes of fuel models such as the fuel load (t/ha) for the living and dead components of the vegetation, the height of the fuel (litter) to the ground, extinction humidity (%), flame height (m), and propagation rate (m/s). In this paper, initially, the procedure developed to map fuel types using the vegetation map from the regional portal of Sardinia is presented, and the possibility of this procedure being extended to any part of Europe by using the LUCAS database as input is also explained. Section 2 describes the PRISMA data and methods used, and Section 3 describes the stepwise procedure of dataset preparation and fuel mapping. Section 4 represents and discusses the results obtained. Finally, Section 5 summarizes the conclusions of this work.




2. Data and Methods


This section explains the PRISMA hyperspectral data, the region of interest, and the methods implemented in this work. Collecting in situ data for the whole island is impossible, so a procedure is proposed to prepare a dataset given one known pixel as input, referring to the maps available from regional/national portals. Samples for the dataset were generated by pseudolabelling the unlabelled pixels available in the image using the methods described in this section. This process involves guided image filtering, Jeffries–Matusita spectral angle mapper, and k-means clustering methodology. Finally, the samples generated were implemented to train the support vector machine classifier.



2.1. Study Area


This work is part of the project funded for Sardinia. Sardinia, an island in the south of Italy and the second-largest island in the Mediterranean Sea, as shown in Figure 1, has frequent fires. In the last decade, 1008 fires per year ere recorded in Sardinia alone, which is 20% of the total fires at the national level [23]. This is a windy island with somewhat rainy winters, hot sunny summers, and an average temperature range of 10 °C in winter (January/February) to 24–25 °C in summer (July/August).



As an example, an image of 10 October 2021 on the southern part of this Mediterranean island was selected from the archived data shown in Figure 1. This image comprises Monte Arcosu Forest, one of the immense holm oak forests of the Mediterranean region, which is east of Cagliari. The region of interest is hilly with an altitude of around 800 m and a total area of 32 km2. The primary vegetation in this forest is holm oak (Quercion ilicis) and mastic shrubs of two different families (Ericion arboreae and Oleo ceratonian). The highest areas have low vegetation, specifically meadows of two different families (Teucrion mari and Periballio-Trifolion subterranei), whereas the lowest areas (around 200–300 m altitude) have evergreen broadleaved trees (Quercetalia ilicis) [24,25].




2.2. PRISMA Data


In this work, hyperspectral imagery from the PRISMA satellite as used to map vegetation fuel types. PRISMA has launched a new era of hyperspectral imaging spectroscopy. This imaging spectrometer can capture a continuum of spectral bands with 400 to 2500 nm at a spatial resolution of 30 m. The sensor counts 173 bands in the shortwave infrared (SWIR) within 920–2500 nm, and 66 bands are in the visible near-infrared (VNIR) portion of the spectrum (400–1010 nm). The widths and spectral sampling intervals are ≤12 nm. A panchromatic camera providing a single-band (400–700 nm) image at 5 m spatial resolution is also onboard the ASI’s satellite. PRISMA is an on-demand mission; the data in the archive (https://prisma.asi.it, accessed on 15 January 2022) are limited but imagery for the required location can be acquired upon request [13].



ASI delivers PRISMA products in four levels: L1, L2B, L2C, and L2D. L1 data contain top of atmosphere (TOA) radiometrically and geometrically calibrated hypercube and panchromatic radiance images. L2B contains geolocated and atmospherically corrected hypercube and panchromatic radiance images. L2C contains geolocated and atmospherically corrected hypercube and panchromatic reflectance images, whereas L2D also contains similar images but they are geolocated and geocoded. In addition, the L1 product comprises cloud and land cover maps, whereas L2C and L2D products have atmospheric constituent maps such as water vapour, aerosols, and thin cloud optical thickness. For detailed information on PRISMA product specifications, please refer to the PRISMA product specifications document on https://prisma.asi.it (accessed on 15 January 2022).




2.3. Reference Data


Reference data are necessary to train the machine learning model and validate the predicted output. Usually, remote sensing specialists conduct field campaigns to collect ground truth data as reference data for validation, but field campaigns were not performed due to COVID-19. During the pandemic, researchers around the world have tried other alternatives, such as using readily available maps/ground truth data collected by volunteers or airborne data as a reference [26,27,28]. This work used the Nature system map (Sardinia) accessed through the Sardinia geoportal and CORINE land cover (CLC) of 2018 and Grassland maps accessed from Copernicus Land Monitoring Service as reference data. The Nature System map (Carta della natura) prepared by Italian National Institute for Environmental Protection and Research (ISPRA) is more detailed and accurate [29,30] than the CLC, having an accuracy of around 85% [31]. Among these three, CLC has a total area coverage of 5.8 Mkm2 and 32 European Environmental Agency countries and seven cooperating countries are under coverage [32]. Two validation studies show that it has achieved an accuracy of 85% [32], which encouraged us to use CLC for reference data.



The Nature System map has 93 classes for Sardinia; CLC has 44 land cover types [31,32] at the third level for Europe, whereas the grasslands map shows the presence/absence of grasslands. For the region of interest, the nature system map had 43 classes, among which 18 fuel types were selected, as shown in Figure 2a, depending upon the area covered by each class. These three maps were used to differentiate and cross-check the pixels corresponding to trees, shrubs, and grasslands. Three classes, namely coniferous vegetation, holm oak trees, and grasslands near the Mediterranean coast, were verified using CLC and grassland maps.



Figure 2 shows the Nature System, CLC, and grassland maps that were referred to for input and later for validation of output. Classes were mainly chosen from Nature System, and grassland maps and CLC were used to cross-check in case of any confusion in selecting the appropriate pixels. Classes are shown in Figure 2a: 1—Halophyte vegetation with the dominance of annual succulent Chenopodiaceae, 2—Matorral of evergreen oaks, 3—Matorral with olive and mastic, 4—Matorral of junipers, 5—Low olive and mastic shrubs, 6—Low shrubs (from Calicotome family), 7—Formations of Euphorbia dendroides, 8—Garrigues and meso-Mediterranean silicicole spots, 9—Garrigues and calciculous mesomediterraneal spots, 10—Arid Mediterranean meadows, 11—Mediterranean grassland (including Mediterranean and postcultural sub-Mediterranean vegetation), 12—Riparian Mediterranean ash forests, 13—Tamarisk and oleander, 14—Tyrrhenian Cork, 15—Sardinian Leccete (Holm Oak), 16—Vegetation of reeds and similar species, 17—Coniferous vegetation, and 18—Eucalyptus plantations. Figure 2b shows the CLC map with five selected classes: 311—Broadleaved forest, 312—Coniferous forest, 313—Mixed forest, 321—Natural grasslands, and 323—Sclerophyllous vegetation. Figure 2c shows the pixels covered by grasslands, especially in urban areas.




2.4. Methods Implemented


This work implemented a sequence of methods to pseudolabel the pixels available in the image using a single spectral signature as input. This section explains the need for a particular method in this proposed procedure.



2.4.1. Guided Image Filtering


The guided filter is an edge-preserving smoothing algorithm that could smooth out the fine details of the input image while retaining the sharp edges. Fine details could be noise (for example, a random pattern with a zero mean) or texture, such as a repeated pattern with a regular structure. Applications of guided filtering include denoising, image mapping, dehazing and compression, and tone mapping of high-dynamic-range (HDR) images [33,34,35,36]. Guidance images can be obtained by performing a principal component analysis (PCA). The first three principal components were considered a colour guidance image for the guided filtering process.




2.4.2. Jeffries–Matusita Spectral Angle Mapper


Spectral angle mapper (SAM) is one of the most popular techniques in hyperspectral data analysis as it measures the spectral angle between the reference spectra and the target spectrum. SAM can detect the intrinsic properties of materials in terms of spectral angle, but is insensitive to shade and illumination effects. Thus, different materials/vegetation types with similar spectral shapes and offsets are classified only with difficulty [37]. SAM was used in combination with the stochastic divergence measures to overcome the insensitivity limitations mentioned above [38]. Thus, the Jeffries–Matusita (JM) distance measure was combined with SAM to identify similar spectra. The JM distance between two spectra measures the average distance between the spectra. The exponential factor involved in this method gives an exponentially decreasing weight to increasing separation between the spectra, and this approach overcomes the limitation of transformed divergence [39].



Furthermore, JM distance measures bandwise information between spectral vectors [40,41]. To identify similar spectra, JM-SAM (TAN) was used in which the deterministic SAM was combined with the stochastic JM distance using the tangent function as it projects the target spectrum and reference spectrum perpendicularly. This method considers the geometrical aspects (angle, distance) and band information between the spectral vectors. As a result, the least separable distance between the spectral vectors at each band and the minor spectral angle between the vectors is considered the best match [40,42].




2.4.3. K-Means Clustering


A proper unsupervised clustering technique can cluster data where the number of clusters (K) is either known, presumed, or indicated beforehand. The members of each group have similar characteristics and properties. This study used this technique in the dataset preparation process to collect true and false data for binary classification problems. As per the suggestion of Nguyen et al. [43,44], it would be better if the number of clusters K is greater than the number of expected or actual classes, so three clusters were formed since it is a binary classification. The k-means algorithm was carried out using the Machine Learning Toolbox of MATLAB. As a result, three groups were formed with similar spectral signatures, different spectral signatures, and very noisy spectral signatures, respectively [3,43,44].




2.4.4. Support Vector Machine for HSI Classification


There are numerous supervised learning-based algorithms in the artificial intelligence field that can be applied for classification [45,46]. In the current framework, SVM (with radial basis function, RBF) was applied because of its reputation in training datasets to achieve high accuracy irrespective of the size of the dataset and outstanding generalization capability. This method works on statistical learning theory and the structural risk minimization principle [47]. The optimal separating hyperplane with the maximum margin between the classes will be found using the strategy of this classifier using the training samples located at the edge of the class distribution [46]. Initially, the optimal values were found by hyperparameter optimization in the classification learner app of MATLAB but observed that it is slowly leading to overfitting. So, the Bayesian optimization technique was applied to optimize a few parameters such as sigma, box constraint, etc. Then, the SVM model developed was allowed to find posterior probabilities by training parameters of an additional sigmoid function to map the outputs into probabilities. Constructing a classifier to produce a posterior probability is helpful in practical recognition situations. For example, a posterior probability allows for making decisions using the utility model. Posterior probabilities play an essential role in making an overall decision when the classifier is limited to making a small part of an overall decision [47,48,49].




2.4.5. Linear Mixing Model


A linear mixing model is necessary when the pixel comprises materials with different reflectance properties and the spectral variability within the scene results from varying proportions of the endmembers [50,51]. The spectrum of the mixed pixel can be represented as a linear combination of component spectra (endmembers) in LMM. The weight of each endmember (abundance) is proportional to the fraction of the pixel area covered by the endmember [14,52]. If there are L spectral bands, the spectra of the endmembers and the pixel spectrum can be represented by L-dimensional vectors.




2.4.6. JRC—Anderson Fuel Models Correlation


In the EFFIS and FUELMAP projects under JRC [22,53,54], the correlation of vegetation types in Europe to Anderson fuel models was obtained. Under these projects, fuel of 42 types (as shown in Table 1) available in Europe were categorized into nine groups: Peat bogs (FT_1 and FT_2), Grasslands (FT_3 to FT_6), Shrublands (FT_7 to FT_12), Transitional Shrubland/Forest (FT_13 to FT_19), Coniferous Forest (FT_20 to FT_28), Broadleaved Forest (FT_29 to FT_34), Mixed Forest (FT_35 to FT_38), Aquatic Vegetation (FT_39 to FT_41), and Agroforestry areas (FT_42). Then, the correlation of fuel types to the fuel models of Anderson (1982) [54] was made, as shown in Table 1. This work generated a fuel map by referring to these JRC Anderson Codes. This correlation was used in this work to correlate the classified fuel types to Anderson codes [22,53,54,55].






3. Proposed Framework


The steps followed to develop a wildfire fuel map that involves various steps, viz., preprocessing, pixels extraction, dataset preparation by pseudolabelling, machine learning algorithm details, unmixing, further classification of fuel types, and fuel map, are illustrated in the flowchart in Figure 3. Details of the process are described in the following subsections.



3.1. Preprocessing


Level 2C and Level 1 products from the PRISMA archive with minimal cloud cover were considered. The atmospheric correction of the level 2C products is based upon inverting the radiative transfer model, i.e., minimizing a cost function representing the difference between the simulated spectrum and the measured one. The MODTRAN model performed the simulations, and they are stored as a lookup table (LUT) to speed up the inversion. Georeferencing of the image was carried out using the PRISMAread tool [56] developed by the National Research Council of Italy on R software. This tool imports the original data provided in he5 format and converts them to ENVI or GTiff format as per the requirements. The latitude and longitude files containing geographic latitude/longitude values (WGS-84 datum) are provided in the he5 file. Further details on the PRISMAread tool can be accessed from https://irea-cnr-mi.github.io/prismaread/ (accessed on 15 January 2022).



Further details about the mission and products are available in the PRISMA products specification document. Level 2C was considered for the fuel mapping, whereas the level 1 product provides a basic land cover map with classes, viz., water pixel, snow pixel, bare soil, cropland, forest, wetland, and urban component used to classify vegetation pixels from nonvegetated pixels, as shown in Figure 4a. Thus, the processing time was reduced by applying the proposed procedure only to vegetation areas.



Removing noisy bands is a required preprocessing step for most hyperspectral remote sensing applications. In this work, noisy bands were removed by giving a threshold in the algorithm, i.e., bands with more than 20% noisy pixels (omitting the bands with noisy lines, as shown in Figure 4b) were removed from the hypercube. In this image, 197 spectral bands in the range of 400 to 2500 nm, with a spectral bandwidth within ~9–12 nm, were extracted from Level 2C data to perform the classification, removing 36 noisy and water absorption bands.



Few bands of the PRISMA image contain noisy lines, as shown in Figure 4b; filling those lines was one of the essential preprocessing steps. Neglecting this step will cause these lines to show up in the final classification map. In this work, those lines were filled by interpolating the nearest neighbour pixels in a linear way.




3.2. Pixel Extraction


Pixel’s extraction of the HSI (Hyperspectral Image) is one of the imperative preprocessing mechanisms. It assists in handling the data and implementing the machine learning algorithms giving it as input data, as shown in the flowchart (Figure 4). The individual elements in the HSI are pixels of which the spectra are formed as vectors. Nature system map, CLC, and grassland maps obtained from sources such as Sardinia Geoportal and Copernicus Land Monitoring Service as described in Section 2.3 were considered reference maps for input data. Pixels that correspond to fuel types were selected and inputted for dataset preparation. Figure 1 shows the points selected for each vegetation type to be classified.



Points marked in Figure 1 represents 1—Halophyte vegetation with the dominance of annual succulent Chenopodiaceae, 2—Matorral of evergreen oaks, 3—Matorral with olive and mastic, 4—Matorral of junipers, 5—Low olive and mastic shrubs, 6—Low shrubs (from Calicotome family), 7—Formations of Euphorbia dendroides, 8—Garrigues and meso-mediterranean silicicole spots, 9—Garrigues and calciculous mesomediterraneal spots, 10—Arid Mediterranean meadows, 11—Mediterranean grassland (including Mediterranean and postcultural sub-Mediterranean vegetation), 12—Riparian Mediterranean ash forests, 13—Tamarisk and oleander, 14—Tyrrhenian Cork, 15—Sardinian Leccete (Holm Oak), 16—Vegetation of reeds and similar species, 17—Coniferous vegetation, and 18—Eucalyptus plantations.




3.3. Dataset Preparation


The flowchart shown in Figure 5 illustrates the procedure followed to generate and pseudolabel the samples for the dataset preparation and is as follows:



Step 1: Preprocessing of PRISMA data was carried out as explained in Section 3.1.



Step 2: HSI was denoised using the guided image filtering technique explained in Section 2.4. It was performed in MATLAB software, giving the degree of smoothness parameter as 0.01.



Step 3: Spectral signatures corresponding to the pixels extracted following the procedure explained in Section 3.2. were collected for all 18 classes. Since one of the main objectives of this work is to create a dataset using a single spectral signature as input, only one pixel per class was extracted, and one spectral signature per class was considered.



Step 4: JM-SAM (TAN) was applied to collect similar and dissimilar spectral signatures from the image. This technique has provided us with a score map, with values ranging from lower to higher according to the similarity of the given spectral profile. The score map was used to extract similar profiles by visually inspecting them and giving a threshold, but an unsupervised clustering technique (K-means) was preferred to remove the threshold system.



Step 5: The K-means clustering technique was applied to JM-SAM (TAN) scores to cluster the obtained values into three groups. Though we need only two groups (similar and dissimilar), three groups were formed referring to the literature, as explained in Section 2.4.3.



Step 6: A dataset of 500 samples was planned for each class/fuel type by pseudolabelling, as shown in Figure 5. Spectral signatures corresponding to the pixels having up to 300 scores in group 1 (similar profiles) were collected and labelled as ‘1’, which refers to pure samples. Then, 200 spectral profiles were randomly collected using the scores of group 2 (dissimilar) and group 3 (noisy) and labelled as ‘0’, which refers to impure samples. This process of dataset preparation was repeated for each fuel type.



Step 7: This pseudolabelled dataset was used for training and testing the SVM model (one vs. all) for binary classification, so it was named a semisupervised learning approach.




3.4. Classification Algorithm Details


Support vector machine classifier was considered for training using the generated dataset on MATLAB R2021b with Machine Learning Toolbox. In addition, the accuracy implemented to assess the trained model performance is the ratio of correctly classified testing samples to the total number of testing samples. The procedure followed for training, testing, and predicting is as follows:



Step 1: The dataset was divided into two: 70% as a training dataset and 30% as a testing dataset.



Step 2: K-fold cross-validation was performed with k = 10 to fit the model with a minor error.



Step 3: Hyperparameters given for tuning are as follows: radial basis function as kernel, sigma of range [1e-5 1e+5], and box constraint of range [1e-5 1e+5].



Step 4: Defined hyperparameters were optimized with Bayesian optimization in MATLAB Statistical Tool Box.



Step 5: The SVM classifier model was trained using the optimal hyperparameters and RBF as the kernel.



Step 6: The SVM posterior probability model was trained using the trained SVM classifier model as input. This step created the score-to-posterior transformation function (sigmoid function) and computed posterior probabilities for the samples classified as the positive class.



Step 7: The cross-validation classification model was trained to perform 10-fold cross-validation and find the classification (kfoldLoss). For every class, less than 5% of classification loss was obtained.



Step 8: The trained SVM posterior probability model was validated using the testing dataset for accuracy. If the accuracy was greater than 0.95, the model was considered for prediction.



The same steps were repeated for every class, and the classes obtained as output from the SVM classifier are shown in Figure 6.




3.5. Further Classification


Concerning the JRC–Anderson correlation [Table 1], Anderson codes differ between sparse grassland and typical grassland. According to the EFFIS project, sparse grasslands will have 1.83 tons/hectare of biomass [54]. So, a biomass map was obtained from EU Copernicus and differentiated spare grasslands from grasslands. Figure 7 shows the classification of sparse grasslands (class 2) from grasslands (class 1).




3.6. Linear Unmixing


Fully constrained LMM was applied to unmix the unclassified pixels as per the method described in Section 2. Before unmixing, classes 1 to 18 were categorized into three groups, with forests containing classes 12, 14, 15, and 17, shrubs containing classes 1, 2, 3, 4, 5, 6, 7, 8, 9, 13, and 18, and grasslands containing classes 10, 11, and 16.



Then, unmixing was carried out to identify the percentage of forests, shrubs, and grasslands in each pixel. The value for each pixel was assigned by knowing the percentage of each group in a pixel. Accordingly, mixed pixels were classified into six classes: 111—pixel with 50% forests and 50% unvegetated area, 112—pixel with 50% shrubs and 50% unvegetated area, 113—pixel with 50% of grasslands and 50% unvegetated area, 123—pixel with 50% forests, 20% shrubs and 30% grasslands, 231—pixel with 50% shrubs, 20% grasslands and 30% forests, and 312—pixel with 50% grasslands, 20% forests and 30% shrubs. Figure 8 shows the classification map obtained from fully constrained LMM.




3.7. Fuel Mapping


By referring to the correlation of JRC and Anderson codes shown in Table 1, Anderson codes were assigned to the pixels of the classified map with respect to the fuel types tabulated in Table 2. For mixed pixels, whichever fuel type had a higher percentage of occupancy was given the Anderson code corresponding to that fuel type.





4. Results and Discussion


This section shows the final classification and fuel maps obtained from the proposed method and the validation details.



4.1. Classification and Fuel Map


As per the methodology in the previous section, the hyperspectral imagery of PRISMA in Monte Arcosu Forest was classified into 18 classes and six mixed-pixel classes, as shown in Figure 9. Details of classes are given in Section 3.2. It can be observed from the obtained maps that the significant fuel types available in this region of interest are fuel type 2 (evergreen oak), fuel type 15 (holm oak), and fuel type 5 (mastic scrubs/bushes), which is in alignment with the literature stating that this forest has these three vegetation types at different altitudes [24,25]. This region also contains Eucalyptus plantations (fuel type 18), which are highly flammable compared to the major cover of broadleaved forest. Eucalyptus plants contain a high concentration of volatile compounds and accumulate a larger amount of flammable litter from leaves and bark [57].



One of the main factors affecting fire behaviour is fuel distribution, but our understanding of the fuel density’s heterogeneity effect on fire behaviour is limited. A study conducted by Adam et al. [58] concluded that increased fuel density had decreased forward fire spread due to a combination of fuel discontinuities and increased fine-scale turbulent wind structures. In contrast, a decrease in local fuel continuity and wind entrainment into the forest canopy maintained near-surface wind speeds had driven fire spread. Considering this point, mixed pixels with partial vegetation must also be considered as fuel-containing pixels. In this work, mixed pixels were classified into six types, as explained in Section 3.6, among which class 111 (50% forests and 50% unvegetated area) showed a higher amount.



Figure 10 shows the wildfire fuel map obtained by following the procedure described in Section 3.7. The fuel map has values ranging from 1 to 10, representing the fuel models of Anderson’s classification. By associating the classified fuel types with standard fuel models, each fuel type in this map is correlated to the attributes of fuel models such as fuel load (t/ha) for the living and dead components of the vegetation, the height of the fuel (litter) from the ground, extinction humidity (%), flame height (m), and propagation rate (m/s) [54].




4.2. Validation


The classified map was validated using different sources, i.e., the Nature System map of Sardinia, CLC, and grasslands maps, accessed from regional/or EU Copernicus geoportals, as described in Section 2.2. Each class was validated by randomly taking 30 points to measure the classification accuracy, which is the ratio of correctly classified points to the total number of points.



Table 3 shows each class’s precision, recall, and F1 score. This image’s major fuel types (class 2, 5, and 15) obtained 86%, 86%, and 90% accuracy. Almost every class has an accuracy of above 80%, except class 1. It was observed that halophyte vegetation (class 1) is spread over the forest in small areas, but the reference map shows only near the Mediterranean coast, leading to less accuracy.



Performance metrics for each class were identified to check the accuracy of the machine learning model. Performance metrics include precision, recall, and F1 score. Therefore, these scores take false positives and false negatives into account together. Understanding the F1 score is intuitively not easy, but F1 is usually more beneficial than accuracy, especially if there is uneven class distribution. Accuracy works best if false positives and false negatives have similar costs. In the case of different false positives and false negatives, it is better to look at precision and Recall.



The validation details showed an overall accuracy of 87.10%, which is the ratio of correctly classified points for all classes to the total number of points. Due to the lack of recent reference/ground truth data to validate, the uncertainty of ±5% inaccuracy can be expected. An EFFIS pan-European fuel map was prepared using CLC with eight vegetation classes/fuel types with 250 m of spatial resolution and at an accuracy of around 85% [54]. A fuel map under the framework of the ArcFuel project was prepared using CLC and Landsat 7 data with eight fuel types at a resolution of 50 m; it obtained an accuracy of 76% at Italian pilot sites [59,60]. Comparison with other fuel products is problematic since regional fuel maps use many different classification systems [57].




4.3. Stability Analysis


In order to evaluate the robustness of the machine learning classifier algorithm, PRISMA hyperspectral imagery from another region of interest for different dates, i.e., 27 June 2021 and 31 July 2021, was selected from the archive for fuel mapping.



According to the Anderson fuel models, the fuel maps were developed for two dates. Figure 11a shows the fuel map developed for 27 June 2021 on the imagery acquired on Lazio (Rome) comprising Castel Porziano. Figure 11b shows the fuel map developed for 31 July 2021 and is slightly rotated from Figure 11a. Fuel values were assigned in the range of (1–10) for both the maps; the similarity between the maps can be observed.



Since Figure 11b is slightly rotated, a common region from both the images was selected for the stability analysis. Images covering Castel Porziano were clipped from both these images as shown in Figure 12a,b. The similarity between these two images can be observed from Figure 12 and the numerical values in Table 4.



The stability of a learning algorithm refers to the changes in the output of the system when we change the training dataset. Therefore, a learning algorithm is stable if the learned model does not change much when the training dataset is modified. For example, when selecting a training dataset from the same image in the PRISMA hyperspectral imagery classification problem, using cross-validation, a loss of less than 5% was obtained, which means it was 95% stable. However, this cannot be considered alone when the algorithm is developed for different images.



Mathematically, there are many types of stability analysis, such as hypothesis stability, cross-validation, etc. Here, cross-validation was performed between two fuel maps developed using images on the same region of interest but acquired on different dates.



Table 4 shows the number of pixels and the difference between two images for each fuel. The difference in the number of pixels ranged from <1% to 26% for specific classes. The significant difference between these two images is the number of bands. For example, the image taken on 31 July 2021 has a higher number of noisy bands (22) than the previous image (four), which was one of the reasons for the variation in stability. Also, the images were considered during the summer season of Italy, which explains the difference in vegetation. Considering these differences and the obtained percentages, it can be observed that the overall stability is around 80%.




4.4. Repeatability and Reproducibility Analysis


To evaluate the repeatability and reproducibility of the algorithm, an image (of 19 January 2022) from Bulgaria was selected since a fuel map acquired from the local authorities is available as a reference. The classification and fuel map were generated for this image with six classes, as shown in Table 5. The input for this image was taken from the specified reference map, as shown in Figure 13a.



Figure 13b shows the classification map with six classes and its corresponding fuel map in Figure 13c. Again, the fuel map based on PRISMA is clipped for the region of interest. Details of classes and the Anderson codes are given in Table 1.



The reference fuel map has fuel types assigned to only four fuel models (1, 2, 6, and 9). The majority of vegetation in this area is Black Pine (coniferous forest), followed by other fuel types, as shown in Table 1. This scenario is also similar to the PRISMA-based fuel map except that the fuel types assigned to fuel model 9 have sparse vegetation, which is inadequately classified due to the dark pixels in the hyperspectral data (as shown in RGB of the PRISMA image).



A detailed evaluation, including misclassifications, can be shown only by the confusion matrix in Table 6. A confusion matrix, created by considering 30 points for each category in the fuel map, obtained an overall accuracy of ≅~84%. It can be observed from the overall accuracies that the degree of confidence obtained was greater than 95%.




4.5. Extension of Procedure for Europe-Wide Fuel Mapping with LUCAS Database


Since this procedure considers one spectral signature as input, it can be implemented to map wildfire fuel types in any part of Europe. For demonstration purposes, an image covering the city of Calabria in the south of Italy was considered. The LUCAS (land use/cover area survey) points map was accessed from Copernicus Land Monitoring Services, which provides information about the land use and land cover of Europe. Forest/vegetation information is provided under the land cover classification systems, which is categorised into eight different types: A—Artificial Land, B—Cropland, C—Woodland, D—Shrubland, E—Grassland, F—Bare land, G—Water and H—Wetland. Each of these categories is further categorised into various types. Among them, the image considered for the fuel mapping contained six vegetation types: (1) C10 (Broadleaved Trees), (2) D10 (Shrubland with sparse tree cover), (3) C32 (Pine-dominated mixed vegetation), (4) E20 (Grass without tree/shrub cover), (5) C22 (Pine-dominated coniferous vegetation), and (6) C33 (Other mixed vegetation).



Considering the points from LUCAS as input and by overlapping, spectral signatures corresponding to those pixels were extracted. Then, the procedure described in this paper was followed to develop classification and fuel map as shown in Figure 14a,b, respectively. Thus, this automatic procedure can develop a wildfire fuel map on any part of Europe using LUCAS points as input.




4.6. Possible Applications of the Fuel Map


The procedure proposed in this work can be applied to any local region (such as a country or province) to create a custom fuel map using the local vegetation information. The dataset can be prepared following this proposed procedure if no local vegetation information/ground truth data are available. Researchers/policymakers/fire managers use fuel maps to study fire potential, fire behaviour, fire emissions, fire management, fire effects, land surface temperature [61], and ecosystem modelling [54]. In our ongoing project (S2IGI), the fuel map of the EFFIS project was used to calculate the fire danger hazard index [62] and to develop a wildfire vulnerability map [63]. These maps will be updated using the developed fuel map.



Due to the limited number of studies on wildfire fuel mapping using spaceborne hyperspectral data, this work could become an example demonstrating the feasibility and maturity of spaceborne hyperspectral data in the prevention and management of wildfires. Future developments of this work would be (1) to verify the procedure by associating fuel types to Scott–Burgan fuel models, including isobioclimatic conditions and (2) to apply a quantum support vector machine classifier as it can learn with fewer data [64].





5. Conclusions


In this article, an automatic wildfire fuel mapping procedure using machine learning on hyperspectral imagery from the PRISMA satellite has been put forward. All the necessary fuel types in the image covering the southern part of Sardinian Island were detected. However, there was no suitable dataset or literature available, so a semisupervised learning approach was proposed for fuel mapping. The support vector machine classifier was implemented to identify the fuel types using the posterior probabilities and obtained an overall accuracy of 87% by validation. The stability of the procedure and the machine learning model was checked by repeating the same procedure on HSI of PRISMA covering the west of Latium, Italy, and an overall stability of around 80% (considering the difference in images) was obtained. In a repeatability and reproducibility analysis using an image for Bulgaria, an overall accuracy of 84% was obtained. This procedure obtained a degree of confidence greater than 95% concerning repeatability and reproducibility analysis. Finally, the proposed procedure was applied to the image covering the city of Calabria in the south of Italy using LUCAS points map as input, which demonstrated that this procedure could be applied to any part of Europe for wildfire fuel mapping.
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Figure 1. (a) Geographic location of Italy for reference and (b) the geographic location of the PRISMA image and the 18 input pixels for model training. 






Figure 1. (a) Geographic location of Italy for reference and (b) the geographic location of the PRISMA image and the 18 input pixels for model training.



[image: Remotesensing 14 01264 g001]







[image: Remotesensing 14 01264 g002 550] 





Figure 2. (a) Nature System map; (b) Corine land cover map; and (c) grasslands map. 
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Figure 3. Process flowchart for wildfire fuel mapping using PRISMA hyperspectral data. 
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Figure 4. (a) Classification map (green and yellow represent vegetation and nonvegetation, respectively) and (b) PRISMA image with noisy lines (white lines represent noisy data). 
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Figure 5. Process flowchart of dataset preparation and classification. 
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Figure 6. SVM-based classification map. 
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Figure 7. Classification of sparse grasslands (1—sparse and 2—dense vegetation). 
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Figure 8. Classification map of mixed pixels. 
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Figure 9. Final classification map (pure and mixed pixels). 
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Figure 10. Wildfire fuel map. 
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Figure 11. Fuel maps: (a) 27 June 2021 and (b) 31 July 2021. 
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Figure 12. Castel Porziano: (a) 27 June 2021 and (b) 31 July 2021. 






Figure 12. Castel Porziano: (a) 27 June 2021 and (b) 31 July 2021.
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Figure 13. (a) Reference fuel map (courtesy of FirEUrisk project); (b) classification map (from PRISMA); (c) fuel map (from PRISMA); and (d) RGB (from PRISMA). 
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Figure 14. (a) Classification map and (b) wildfire fuel map. 






Figure 14. (a) Classification map and (b) wildfire fuel map.
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Table 1. Anderson fuel models (with correspondence to JRC).






Table 1. Anderson fuel models (with correspondence to JRC).





	FT Code
	FT Description
	Anderson Code





	FT_1
	Peat bogs
	5



	FT_2
	Wooded peatbogs
	6



	FT_3
	Pastures
	1



	FT_4
	Sparse grasslands
	1



	FT_5
	Mediterranean grasslands and steppes
	2



	FT_6
	Temperate, Alpine and Northern grasslands
	1



	FT_7
	Mediterranean moors and heathlands
	5



	FT_8
	Temperate, Alpine and Northern moors and heathlands
	5



	FT_9
	Mediterranean open shrublands (sclerophyllous)
	2



	FT_10
	Mediterranean shrublands (sclerophyllous)
	4



	FT_11
	Deciduous broadleaved shrublands (thermophilus)
	5



	FT_12
	Alpine open shrublands (conifers)
	6



	FT_13
	Shrublands in Mediterranean conifer forest
	7



	FT_14
	Shrublands in Mediterranean sclerophyllous forest
	4



	FT_15
	Shrublands in Mediterranean mountain conifers forest
	7



	FT_16
	Shrublands in thermophilus broadleaved forest
	5



	FT_17
	Shrublands in beach and mesophytic broadleaved forest
	5



	FT_18
	Northern open shrublands in broadleaved forest
	5



	FT_19
	Shrublands in Alpine and Northern conifers forest
	7



	FT_20
	Mediterranean long-needled conifer forest (Mediterranean pines)
	10



	FT_21
	Mediterranean scale-needled open woodlands (Juniperus, Cupressus)
	8



	FT_22
	Mediterranean mountain long-needled conifer forest (black and Scots pines)
	10



	FT_23
	Mediterranean mountain short-needled conifer forest (firs, cedar)
	8



	FT_24
	Temperate conifer plantation
	8



	FT_25
	Alpine long-needled conifer forest (pines)
	10



	FT_26
	Alpine short-needled conifer forest (fir, alp, spruce)
	8



	FT_27
	Northern long-needled conifer forest (Scots pines)
	10



	FT_28
	Northern short-needled conifer forest (spruce)
	8



	FT_29
	Mediterranean evergreen broadleaved forest
	4



	FT_30
	Thermophilus broadleaved forest
	9



	FT_31
	Mesophytic broadleaved forest
	9



	FT_32
	Beach forest
	9



	FT_33
	Mountain beach forest
	10



	FT_34
	White birch boreal forest
	10



	FT_35
	Mixed Mediterranean evergreen broadleaved with conifer forest
	4



	FT_36
	Mixed mesophytic broadleaved with conifer forest
	9



	FT_37
	Mixed mesophytic broadleaved with conifer forest
	10



	FT_38
	Mixed beach with conifer forest
	9



	FT_39
	Riparian vegetation
	5



	FT_40
	Coastal inland and halophytic vegetation and dunes
	1



	FT_41
	Aquatic marshes
	3



	FT_42
	Agroforestry areas
	2
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Table 2. Fuel types with correspondence to Anderson codes.






Table 2. Fuel types with correspondence to Anderson codes.





	Class
	JRC Fuel Type
	Anderson Code





	1
	FT_40
	1



	2
	FT_29
	4



	3
	FT_10
	4



	4
	FT_14
	4



	5
	FT_14
	4



	6
	FT_9
	2



	7
	FT_9
	2



	8
	FT_10
	4



	9
	FT_10
	4



	10
	FT_4
	1



	11
	FT_4
	1



	12
	FT_32
	9



	13
	FT_42
	2



	14
	FT_29
	4



	15
	FT_29
	4



	16
	FT_4
	1



	17
	FT_20
	10



	18
	FT_15
	7
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Table 3. Performance metrics of classes.






Table 3. Performance metrics of classes.





	Class
	Precision
	Recall
	F1 Score
	Classification Accuracy (%)





	1
	0.95
	0.70
	0.80
	70



	2
	0.83
	0.86
	0.85
	86



	3
	0.85
	0.72
	0.78
	80



	4
	0.86
	0.86
	0.86
	86



	5
	0.89
	0.86
	0.88
	86



	6
	0.83
	0.83
	0.83
	83



	7
	0.80
	0.93
	0.86
	93



	8
	0.86
	0.90
	0.94
	90



	9
	1
	0.86
	0.77
	86



	10
	0.70
	0.86
	0.89
	86



	11
	0.92
	0.90
	0.87
	90



	12
	0.84
	0.93
	0.94
	93



	13
	0.96
	0.86
	0.91
	86



	14
	0.96
	0.93
	0.96
	93



	15
	1
	0.90
	0.85
	90



	16
	0.81
	0.90
	0.87
	90



	17
	0.84
	0.96
	0.92
	96



	18
	0.87
	0.86
	0.83
	86
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Table 4. Cross-validation of images.






Table 4. Cross-validation of images.





	Fuel Types Value
	Number of Pixels on

27 June 2021 Image
	Number of Pixels on

31 July 2021 Image
	Difference (in %)





	2
	33,255
	33,465
	~1



	4
	57,339
	44,804
	~20



	5
	8259
	10,647
	~20



	10
	7472
	5473
	~26



	0
	1,419,353
	1,382,612
	~3
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Table 5. Fuel types and corresponding Anderson fuel models.






Table 5. Fuel types and corresponding Anderson fuel models.





	Sample No.
	Fuel Types
	Anderson Fuel Models





	1
	Winter Oak
	Mesophytic Broadleaved Forest (9)



	2
	White Pine
	Broadleaved with Coniferous Forest (9)



	3
	Black Pine
	Broadleaved with Coniferous Forest (6)



	4
	Hairy Oak
	Agroforestry (2)



	5
	Pasture and Meadows
	Pasture/Sparse grassland (1)



	6
	Mixed Land Use
	Pasture/Grassland (1)
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Table 6. Confusion matrix for fuel types.






Table 6. Confusion matrix for fuel types.














	S.No.
	1
	2
	6
	9
	User Accuracy
	Commission Error (%)





	1
	27
	2
	1
	0
	0.90
	10



	2
	2
	24
	4
	0
	0.80
	20



	6
	0
	1
	26
	3
	0.86
	13.33



	9
	0
	1
	3
	25
	0.86
	13.33



	Producer Accuracy
	93.10
	85.17
	76.47
	89.65
	
	



	Omission Error (%)
	6.89
	14.28
	23.52
	10.34
	
	OA ≅ 84%
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