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A B S T R A C T   

A major limitation in the simulation of forest fires involves the proper characterization of the 
surface vegetation over the study area, based on land cover maps. Unfortunately, these maps may 
be outdated, with areas where vegetation is either not documented or inaccurately portrayed. 
These limitations may impair the predictions of wildfire simulators or the design of risk maps and 
prevention plans. This study proposes a complete procedure for fuel type classification using 
satellite imagery and fully-connected neural networks. Specifically, our work is based on pixel- 
based processing cells, generating high-resolution maps. The field study is located in the 
Northeast of Castilla y León, a central Spanish region, and the Rothermel criteria was followed for 
the fuel classification. The results record an accuracy of close to 78% on the test sets for the two 
studied settings, improving on the results reported in previous studies and ratifying the robustness 
of our approach. Additionally, the confusion matrix analysis and the per-class statistics computed 
confirm good reliability for all fuel types in a cross-validation framework. The predicted maps can 
be used on wildfire simulators through GIS tools.   

1. Introduction 

The impact of climate change is increasing all over the world (IPCC et al., 2021), making weather phenomena more extreme, 
affecting plant and forest cover. Wildfires are no exception, becoming more frequent and destructive each year (Moreira et al., 2011; 
Aponte et al., 2016), although they are admittedly part of the natural dynamics of ecosystems (Keeley et al., 2011). They are also, 
nonetheless, one of their main threats, critically affecting the environment, biodiversity, and socioeconomic activities (Stephenson 
et al., 2013). It is crucial to predict the behavior of wildfires in order to combat them, as this helps us to develop the most appropriate 
strategies. Several modelling approaches have therefore been developed to tackle the problems involved in wildfire simulation 
(Sullivan, 2009a,b,c). However, developing a model to describe a real-world wildfire and its effects (Prieto-Herráez et al., 2017; 
Trucchia et al., 2019; Asensio et al., 2020b) requires accurate data on the characteristics of the fuel to be burnt (Ferraz et al., 2009; 
Stavros et al., 2018), which can be incorporated into the model (Asensio et al., 2020a). Fuel data are obtained from land cover maps 
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(Anderson, 1982). Unfortunately, these maps may have certain shortcomings such as their non-availability, lack of updating, or 
incomplete nature. These disadvantages became evident in countries frequently affected by wildfires, as is the case of Spain. According 
to the annual report of the European Forest Fire Information System (EFFIS) (European Commission. Joint Research Centre et al., 
2021), wildfires pose a present and future threat to forest areas. In Europe, the countries located in the Mediterranean basin are those 
that register the most of fires; in particular, Spain records the largest area affected by forest fires in recent decades. According to the 
Spanish Ministry for Ecological Transition and Demographic Challenge (2022), between 2000 and 2021 a total of 24, 142.03 km2 were 
burnt in Spain, with 2012 being the worst year with 2, 189.57 km2. The number of fires amounted to 113, 481 (surface burnt greater 
than 0.01 km2), and the majority of them were provoked (56%). 

This study therefore proposes an operational solution based on remote sensing technology and machine learning to deal with these 
issues (Jain et al., 2020), allowing the drafting of updated fuel type maps through multispectral satellite data and neural networks 
following the Rothermel classification (Rothermel, 1972). In particular, the procedure proposed here has two fundamental parts. The 
first step involves data processing, and the second one considers the actual prediction. Accordingly, we have assigned each pixel in the 
satellite imagery its corresponding fuel type, and then we have used an artificial neural network architecture to build a pixel-based 
classifier. 

Neural networks can tackle non-linear problems, making them a suitable tool for fuel type prediction. The most commonly used 
neural networks are the so-called Multilayer Perceptrons (MLPs) (Atkinson and Tatnall, 1997) and Convolutional Neural Networks 
(CNNs) (Lecun et al., 1998). The standard procedure in image classification is to use CNN. However, the objective here is to develop a 
procedure that will allow us to use satellite data to predict fuel maps with a one-pixel resolution large enough areas to cover the 
extension of a major wildfire. Consequently, we have chosen a pixel-based approach, which has already been explored by other 
scholars for remote sensing applications (Dean and Smith, 2003; Kamal and Phinn, 2011; Myint et al., 2011; Singh and Tyagi, 2021). It 
is based on considering solely each one of the pixels that compose the satellite image and estimating their associated fuel type through 
the intensity of each pixel’s component channel spectrum. MLPs are more suitable for the classification of raster inputs, so we have 
chosen this neural network architecture to build our classifier. Interesting studies have recently proposed mixing both MLP and CNN 
architectures for classifying land uses (Zhang et al., 2019; Ashiagbor et al., 2020), with promising results. It is well known that some 
indices were developed to highlight some features in the spectral data collections. Following this idea, we have considered a second 
dataset adding some spectral indices that we contend could help the classifier to tackle the problem (i.e. NDVI, GNDVI, EVI, AVI, SAVI, 
GCI, ARVI, SIPI, NDMI, BSI, NDWI, and NDSI). Finally, we have compared the performance for both cases, with and without the 
spectral indices, and predicted the annual fuel maps for the studied area for 2013, 2015, and 2017. The comparison of the overall and 
per-class statistics will confirm if these indices are beneficial for classification purposes, or if the original data collected from the bands 
is enough. 

The paper is organized as follows. Relevant related work are exposed in Section 2. Section 3 presents the main characteristics of the 
area of interest (AOI) and the data sources used. Section 4 explains the proposed procedure. The results are analyzed in Section 5, and 
fuel type maps for the AOI are shown. Section 6 discusses the results and the predicted maps. The limitations of the proposed procedure 
are also exposed as well as future research is suggested. Finally, Section 7 presents the study’s conclusions. 

2. Remote sensing, machine learning, and wildfires: an overview 

The use of remote sensing tools in wildfire research has been an intensive research field in the recent decades (Szpakowski and 
Jensen, 2019). In particular, previous studies have explored fuel type mapping through spectral imagery from different points of view. 
Riaño et al. (2002) have used maximum likelihood algorithms to classify fuel types in a Spanish region using Landsat TM spectral data. 
Subsequent studies include LIDAR combined with multispectral data. García et al. (2011) have trained a SVM to classify fuel types in 
Spain, Ruiz et al. (2018) have compared C4.5 decision trees, random forest (RF), k-Nearest Neighbour(kNN) and Support Vector 
Machine (SVM) classifiers to measure their performance in fuel type classifications, and Huesca et al. (2019) have estimated vegetation 
structural data with an RF algorithm. Ruiz et al. (2018) report that using only spectral imagery recorded an overall accuracy of under 
70%. We refer the reader to Gale et al. (2021) for an extended review of the literature in remote sensing applied to fire fuel in forest 
environments, including fuel type mapping studies, over the last decade. 

As far as we know, the most recent study with the same aim as our own research has been conducted by Domingo et al. (2020). 
Their study describes the fuel type mapping of three forests in the Spain’s Mediterranean regions that were affected by wildfires in 
1994 over an area of 2, 023.1 km2. Specifically, their study classifies seven different fuel types following cross-validation and stratified 
random sampling strategies, achieving an overall accuracy of 59% in the validation phase with a SVM with radial kernel, spectral data 
from Sentinel 2, and a low-density Airborne Laser Scanner. However, one of the approaches followed in their study involves a clas
sification using only spectral data, (i.e., four Sentinel 2 indexes and a NIR band), obtaining an overall accuracy of 0.38 for a SVM with 
linear kernel and 0.18 with an RF algorithm. Another similar study, conducted by Marino et al. (2016), proposes the generation of 
high-resolution fuel maps of the Canary Islands (3, 678 km2). The authors achieved an accuracy of 70% and 82% for the two data sets, 
corresponding to two different fuel type classifications. The first one is a general fuel type classification for Spain, and records an 
accuracy of 82%, albeit with a kappa score of 0.77. The second data set comes from a specific fuel type classification for the Canary 
Islands, recording 70% accuracy and a kappa score of 0.67. An RF algorithm was used as classifier, and the possibility of a 
cross-validation procedure was not considered. 
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3. Materials 

3.1. Fuel types 

The proposed AOI is located in the Spanish region of Castilla y León (see Fig. 1), with diverse types of vegetation. The regional 
government, Junta de Castilla y León (JCyL), in collaboration with the company (Tragsatec, 2022), drew up in 2012 a regional fuel map, 
applying Rothermel criteria adapted by Spain’s environmental agency - ICONA (1987). The fuel map provided by Tragsatec considers 
nine different types of fuels plus an additional one that includes non-flammable areas. The temporary vestiges of forestry operations 
are not included because of their temporal nature and the lack of data for their identification. In this study, we use the fuel type map 
drawn up by Tragsatec, provided as a shapefile, as the reference data for training the classifier. 

Table 1 describe the characteristics of the fuel types. 

3.2. Attributes 

3.2.1. Spectral inputs 
Our main data source is the multispectral imagery provided by Landsat 7 and obtained from Google Earth Engine (GEE) (Gorelick 

et al., 2017) between January 1, 2012 and December 31, 2012. These dates coincide with the period when the reference fuel type map 
was produced. We have computed the mean intensity of the pixels for the same ground point in the different images taken during the 
study period to create suitable raster data for the proposed procedure’s input. We have chosen imagery from this particular satellite 
because the data provided are available from July 1999 through to the present. The specific name of the collection used is USGS 
Landsat 7 Surface Reflectance Tier 1 (USGS). Landsat 7 spectral data consist of seven spectral bands with 30 m spatial resolution provided 
by an ETM + device and processed with LEDAPS software (Schmidt et al., 2013) (see Table 2). 

On May 31, 2003, the ETM + sensor’s Scan Line Corrector (SLC) experienced a catastrophic failure, whereby around 20% of the 
pixels per scene were not scanned. Since then, several methods have been used to recover Landsat 7’s lost pixels (Maxwell et al., 2007; 
Yin et al., 2017). LEDAPS software provides us with three additional bands to express the quality of the pixels. 

In addition, three extra spectral bands have been considered, namely, B01, B02 and B3N from the ASTER L1T Radiance data set 
(NASA, 2015) (see Table 2 for more information). This data set has been collected through the ASTER device, a sensor onboard the 
Terra satellite. 

The first two bands have the same wavelength as bands B2 and B3 of the ETM + Landsat 7 sensor. The main differences involve pixel 

Fig. 1. Location of Spain’s Castilla y León region (red). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.) 
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Table 1 
Fuel types considered in this work.  

Group Fuel type Description 

Pasture 1 Thin, dry, low pasture. Land is fully covered. 1/3 of the land is covered by scrub or woodland. 
2 Pasture with scrub or light woodland covering between 1/3 and 2/3 of the surface. 
3 Thick and tall (Height ≤ 1 m), such as cereal crops. 

Scrub 4 Dense scrub or woodland (2 m height). The fire spreads quickly over the scrub. 
5 Low dense scrub. (Height ≤ 0.6 m). 
6 Older scrub than in type 5, between 0.6 and 1.2 m high. More flammable than model 5. 
7 Flammable scrub from 0.6 to 2 m high. The fire spreads under the wooded area. 

Leaf litter 8 Leaf litter in dense coniferous forest. The scrub makes a compact layer and the fire is not very intense. 
9 Leaf litter in dense coniferous forest, loosely packed spongy layer with intermediate air. Less dense than type 8. 

– 10 Omitted areas: Lakes, roads, villages, etc.  

Table 2 
Spectral data considered: Landsat 7 spectral bands provided by the ETM + sensor and available in GEE as a surface reflectance product, ASTER spectral bands, tem
perature information obtained from the MODIS sensor, and height data. LST = land surface temperature.  

Band name Wavelength (μm) Resolution (m/pixel) Band description 

B1 0.45–0.52 30 Band 1 (blue). 
B2 0.52–0.60 30 Band 2 (green). 
B3 0.63–0.69 30 Band 3 (red). 
B4 0.77–0.90 30 Band 4 (near infrared). 
B5 1.55–1.75 30 Band 5 (shortwave infrared 1). 
B6 10.40–12.50 60 Band 6 brightness temperature. 
B7 2.08–2.35 30 Band 7 (shortwave infrared 2). 
B01 0.52–0.60 15 VNIR_Band1 (visible green/yellow). 
B02 0.63–0.69 15 VNIR_Band2 (visible red). 
B3N 0.78–0.86 15 VNIR_Band3N (near infrared, nadir pointing). 
LST_Day_1 km – 1,000 Daytime Land Surface Temperature in Kelvin. 
LST_Night_1 km – 1,000 Night-time Land Surface Temperature in Kelvin. 
elevation – 30 Height of the terrain in meters.  

Table 3 
Mathematical formulation of the spectral indices used in this work. They highlight some of the characteristics of certain vegetation covers. The constants are G = 2.5, l =
1.0, C1 = 6.0 and C2 = 7.5. SWIR = Short-wave infrared; NIR = Near infrared.  

Index Name Use Mathematical formulation References 

NDVI Normalized Difference 
Vegetation Index. 

To estimate the vegetation’s size, quality and growth. NDVI =
NIR − RED
NIR + RED 

(Tucker, 1979) 

GNDVI Green Normalized Difference 
Vegetation Index. 

To estimate the size, quality and growth of the vegetation 
and whether it is sensitive to chlorophyll concentration. 

GNDVI =
NIR − GREEN
NIR + GREEN 

(Gitelson et al., 
1996) 

EVI Enhanced Vegetation Index. It is useful for detecting a high vegetation density. EVI =

G
NIR − RED

NIR + C1 RED − C2 BLUE + l 

(Huete et al., 
1994) 

AVI Advanced Vegetation Index. For monitoring changes in crops and forests. AVI =

(NIR(1 − RED)(NIR − RED) )
1
3 

(Silleos et al., 
2006) 

SAVI Soil Adjusted Vegetation 
Index. 

It is an NDVI correction of the influence of brightness in 
areas with less density of vegetation. 

SAVI =
NIR − RED

NIR + RED + l
(1 + l) (Huete, 1988) 

GCI Green Chlorophyll Index. To estimate the chlorophyll content of the leaves of 
different types of plants and crops. 

GCI =
NIR

GREEN
− 1 (Gitelson et al., 

2005) 
ARVI Atmospherically Resistant 

Vegetation Index. 
It is sensitive to atmospheric factors. ARVI =

NIR − 2 RED + BLUE
NIR + 2 RED + BLUE 

(Bannari et al., 
1995) 

SIPI Structure Insensitive Pigment 
Index. 

To analyze vegetation with the canopy’s variable 
structure. 

SIPI =
NIR − BLUE
NIR − RED 

(Pu et al., 2008) 

NDMI Normalized Difference 
Moisture Index. 

NDMI determines the plant water content of the 
vegetation. 

NDMI =
NIR − SWIR
NIR + SWIR 

(Cibula et al., 
1992) 

BSI Bare Soil Index. It quantifies the soil’s mineral composition. BSI =

(RED + SWIR) − (NIR + BLUE)
(RED + SWIR) + (NIR + BLUE)

(Chen et al., 
2004) 

NDWI Normalized Difference Water 
Index. 

For measuring the plant water content or the soil level of 
moisture saturation. 

NDWI =
GREEN − NIR
GREEN + NIR 

(Gao, 1996) 

NDSI Normalized Difference Snow 
Index. 

To detect the presence of snow in a given area NDSI =
GREEN − SWIR
GREEN + SWIR 

(Rogers 
Kearney, 2004)  
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resolution, which is 15 m/pixel for the ASTER products and 30 m/pixel for the ETM + ones. These band pixels have been sampled to 30 
m/pixel in agreement with previous imagery resolution. Band B3N is slightly different from B4 due to the shortest wavelength of the 
spectrum range. In this case, we have collected data from a previous period - January 1, 2011 to December 31, 2011 – because the GEE 
data set does not provide information from January 1, 2012 to December 31, 2012 for the AOI. 

3.2.2. Physical and terrain data 
In addition to pure spectral indices, we have considered both annual daytime and night-time LSTs and topography as inputs for the 

proposed procedure. The first two data sets (see Table 2) have been obtained from the MOD11A1 V6 product (Wan et al., 2015) 
through the GEE tool. This data set was created with the MODIS sensor, onboard the Terra satellite. This product’s resolution is 1 
km/pixel, but previous satellite imagery had 30 m/pixel, so pixel interpolation has been carried out. 

Height information has been obtained from the NASA Digital Elevation Model (NASADEM) the NASA Digital Elevation Model, 30 m 
product (NASA, 2020) through the GEE tool (see Table 2). 

3.2.3. Spectral indices 
We have used the spectral data provided by the ETM + sensor to compute some of the more relevant spectral indices in the remote 

sensing studies (see Table 3). 

3.3. Area of interest 

The proposed AOI in this study is shown in Fig. 2.We consider this study area suitable because of its low urban concentration, the 
presence of all fuel types, and the complex topography of the terrain (see Fig. 4 - B). Fuel type 10 is not considered in the proposed AOI 
due to the heterogeneity of the elements labelled within it and, furthermore, features such as roads, urban areas or lakes can be 
reconstructed in a post-processing step through other data sources (Navarro-Carrión et al., 2021), such as Spain’s national topographic 
bases (IGN, 2016). In addition, the AOI (561.4 km2) is prone to forest fires, according to the Spanish National Database of Wildfires, the 
period from 1996 to 2015 recorded 30 wildfires in the AOI, with a total burnt area of 1.6 km2 (IGN, 2021). Table 4 displays the number 
of pixels associated with each fuel type. 

4. Methodology 

This section describes the different steps in the proposed procedure (see Fig. 3). 

4.1. Image processing 

The pixel-based processing approach has been used. The algorithm developed to create the data set, input 1, operates as follows:  

1. Identify the area we are interested in for updating its fuel distribution and data gathering. In order to create an adequate data set, 
this area should contain as many fuel types as possible. We therefore recommend that the chosen area should have a suitable surface 
extension in which all the fuel types are included, taking into account the rising computational cost of training and processing the 
results.  

2. The data then need to be converted into the same format and reference system (e.g., World Geodetic System 1984 - WGS 84).  
3. We then intersect the full fuel type map of reference with the AOI. This point will allow us to associate the raster data with the fuel 

type map.  
4. The following step involves extracting areas with the same fuel type from the raster data. Both illustrative examples are provided in 

Fig. 4: in the fuel type map, the light blue area and the orange area inside the black squares are zones in which fuel type 4 and 8 are 
expected. The raster data are then cut according to the shapefile of this enclave. Pixels outside the cut area are labelled as non-data 
flag. At this point, we assign each pixel the fuel type present in the area. In the previous example, all the pixels inside the two areas 
are labelled as fuel types 4 and 8. The above process is carried out for all the features in the shapefile with fuel type information, 
except for those under 900 m2 because of the resolution of the satellite imagery used.  

5. At this point, we create a table with all the data sets and data on pixel intensities are normalized.  
6. Finally, we create new attributes for each pixel, corresponding to the artificial spectral indices described in Section 3.2.3. 

Fig. 2. Chosen AOI. The satellite image displays the spectral bands B3 (Red), B2 (Green), and B1 (Blue); taken from Landsat 7 (ETM + device). (For interpretation of 
the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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Each fuel type is associated with 28 potential attributes; some are provided by satellite spectra, and others are built from them. 

4.2. Sample analysis 

Table 4 shows the percentage of each class in the AOI and the highly unbalanced data set created from our AOI, where some classes 
are more than four times more common than others. This situation may lead to a scenario in which the classifier learns to identify the 
majority classes fairly well, while unable to recognize the minority ones, weakening the model’s generalization capacity (Waske et al., 
2009). We have used the stratified random sampling strategy to solve the data set’s problem of imbalance. This decision is informed by 
the simplicity of the technique, as well as by its verified effectiveness (Marino et al., 2016; Domingo et al., 2020). We have imple
mented the technique through a random choice of a number of samples equal to the number in the data set’s minority class, main
taining the same class distribution in each subset. This has provided a balanced data set. However, this may mean that the training data 
are not representative of our AOI. The training period has therefore involved a fivefold cross-validation strategy for the neural network. 
There are two reasons for implementing this strategy: first, if varying the training and validation sets does not cause major discrep
ancies in the results, it means the samples are representative of the AOI. Second, this division of the data set enables us to study the 
classifier’s performance for different sets of the same area, providing us with a more realistic picture. 

4.3. Classifier model 

The relationship between attributes and their associated fuel type may be highly non-linear or even unknown, so neural networks 
are a suitable tool for building an appropriate classifier. The network topology considered here consists of a fully connected four- 
hidden-layered MLP network. To learn the features properly, the learning rate, batch-size, and the maximum number of epochs 
were set as 10− 5, 32 and 1500, respectively. The neurons inside each layer contain ReLU activation functions (Nair and Hinton, 2010; 
Maas et al., 2013), except for the last layer, in which a softmax function has been used for the classification. A 30% dropout was used in 
each layer as a regularization method to prevent overfitting (Srivastava et al., 2014). The neural network has been adjusted to 
minimize the categorical cross-entropy function between observed and predicted classes. Adam optimization has also been used (Kingma 
and Ba, 2017). Considering the cross-validation strategy, the original data set will be split into five different parts, all with the same 
size and the same number of samples for each class. In each step, 20% of the samples are used for testing purposes, 20% for validation, 
and 60% for training, with the test set always being one of the five subsets created. Specifically, the data set is divided into five subsets 
to ensure that the training set has enough samples, and test sets are also representative of the total number of samples. 

Table 4 
Number of samples of each class in the data set and their percentages over the total amount.  

Fuel type Number of samples % 

1 58,922 7.07 
2 52,795 6.33 
3 91,700 11.00 
4 189,964 22.78 
5 62,161 7.45 
6 111,023 13.31 
7 97,392 11.68 
8 99,308 11.91 
9 42,777 5.13 
10 27,812 3.34  

Fig. 3. General scheme of the proposed procedure.  
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4.4. Performance evaluation 

The evaluation method is a crucial factor for the performance of the proposed procedure. Our classifier is multiclass, so we have 
used three overall statistical measures, namely, Accuracy, Cohen’s kappa, and the Matthews correlation coefficient. Accuracy is 
computed as the ratio of samples correctly classified over the total number of samples (Zhang et al., 2021): 

Acc =
TP + TN

TP + TN + FP + FN
, (1)  

where TP is the true positive number of samples classified, TN is the true negative number of samples classified, FP is the false positive 
number of samples classified, and FN is the false positive number of samples classified. Cohen’s kappa index rate reflects the classifier’s 
reliability (Cohen, 1960): 

κ =
Po − Pe

1 − Pe
, (2)  

where Po is the observed agreement ratio, defined as the probability of agreement between the predicted and true label values: 

Fig. 4. Cut area example. Figure A shows the satellite image of the AOI (spectral bands B3 (Red), B2 (Green), and B1 (Blue); taken from Landsat 7, ETM + device). 
Figure B shows the reference fuel map of the AOI. This map reveals the complex distribution of the fuel types. We cut the pixels in the original raster that belong to a 
labelled area and identify them with the corresponding fuel. The black rectangles show a raster cut following the illustrative examples described in step number 4. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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Po = TP + TN, (3)  

and Pe is the probability that true and false values agree by chance: 

Pe = (TP + FN)(TP + FP) + (FP + TN)(FN + TN). (4)  

The kappa value range falls between 0 and 1, where 0 means no difference between random choice and the classified sample, and 1 
means perfect agreement between classified and observed samples. The range between 0.81 and 1 is commonly considered almost 
perfect (Landis and Koch, 1977). The Matthews correlation coefficient was first introduced for multiclass classification (Gorodkin, 
2004), and is generally regarded as a balanced measure that represents the correlation between reference and predicted values. It can 
also be used even when working with a highly unbalanced data set. X and Y are two matrices with N rows, where N is equal to the 
number of samples, and K columns, where K is equal to the number of classes. Matrix X is defined as follows: Xik = 1 if i sample is 
predicted as k class, and 0 otherwise. Matrix Y is defined as follows: Yik = 1 if i sample belongs to k class, and 0 otherwise. The 
covariance function between X and Y can be stated as follows: 

COV(X, Y) =
1
K

∑N

i=1

∑K

k=1
(Xik − Xk)(Yik − Yk), (5)  

where Xk = (1 /N)
∑N

i=1Xik and Yk = (1 /N)
∑N

i=1Yik. The Matthews correlation coefficient for multiclass classification is defined as: 

MMC =
COV(X,Y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
COV(X,X)COV(Y, Y)

√ (6)  

The evaluation metrics explained above were implemented to characterize the classifier’s overall performance, although we can build 
a confusion matrix to discover its per-class statistics. This matrix allows us to use typical binary classification metrics as per-class 
statistics. These metrics will be precision, recall, and F-1 score (Zhang et al., 2021). Precision gives us the proportion of predicted 
positives that are truly positive (Eq. (7)): 

Precision =
TP

FP + TP
. (7)  

This metric is a good way of discovering whether the classifier is sensitive to false positives. Recall, also known as sensitivity, provides 
the proportion of positives that are correctly classified (Eq. (8)): 

Recall =
TP

FN + TP
. (8)  

A good recall score means few false negatives. Finally, the F-1 score is the harmonic mean between precision and recall (Eq. (9)): 

F1 = 2
Precision × Recall
Precision + Recall

. (9)  

5. Results 

The performance of the proposed procedure was investigated in two settings. The first one used the attributes corresponding to the 
pure spectral information obtained from satellite imagery. The second case included the spectral indices described in Table 3. Fuel type 
10 was not considered in either case because it represents land cover features that can be characterized by other data sources. In 
particular, this (i) avoids one source of error, which is inherent to any classification procedure, (ii) the lower the samples employed the 
faster the training period (iii) the classifier can focus on the rest of the fuel classes, increasing its performance. 

For the first case, the overall scores for the fivefold cross-validation steps are presented in Table 5. The results confirm a good 
predictive ability for the different cross-validation steps, meaning that the training data used in each step are representative of the AOI. 
The average time to train a subset within this scenario was 9 h and 47 min. Table 5 shows that the best statistics were recorded by 
subset 4 (78.80% for accuracy, 76.15% for Cohen’s kappa, and 76.17% for the Mathews coefficient). It is clear that the classifier used to 
make the predictions is the one with the better overall statistics in the cross-validation process, so in the remainder of this subsection 
we focus solely on the results of cross-validation subset 4 for the analysis. 

Fig. 5 presents the confusion matrix for the test set in the cross-validation subset 4.Based on these results, we have computed the 

Table 5 
Overall cross-validation scores.  

Fold Accuracy Cohen Matthews 

1 78.60% 75.93% 75.95% 
2 78.78% 76.13% 76.15% 
3 78.75% 76.10% 76.12% 
4 78.80% 76.15% 76.17% 
5 78.79% 76.14% 76.16%  
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per-class statistics, which give us a more detailed view of the classifier’s performance.The worst result is obtained for the predictions of 
fuel type 4. Specifically for this class, the recall metric had a score of 0.61, which means that 39% of the samples the classifier predicts 
as a fuel type other than 4 are in fact type 4. The confusion matrix reveals that fuel type 4 tends to be predicted as type 8. Both fuel types 
are labelled as areas of dense vegetated, which may explain the difficulties in distinguishing between them. In turn, the classifier is 
clearly able to recognize samples belonging to fuel type 9. In all cases, there are far fewer wrongly classified samples than those 
classified correctly in an order of magnitude. 

For the second case, we have studied the same classifier scheme, but with 28 attributes; that is, using both pure spectral data and 
spectral indices. The average time for training a subset within this scenario was 21 h and 8 min, which is more than twice the first 
scenario. The overall scores for this scenario are featured in Table 7. The results are close to those obtained in the first scenario. Better 
scores are again achieved during cross-validation step number four (77.78% for accuracy, 74.99% for Cohen’s kappa, and 75.01% for 
the Mathews coefficient). 

Fig. 6 shows the computed confusion matrix that allows us to check our classifier’s performance for the different types of fuels 
considered. As expected, most of the samples are on the diagonal of the matrix. The same patterns as in the first case are observed. 
Finally, Table 8 shows the local scores derived from the confusion matrix. The best scores were recorded for fuel type 9, and the worst 
for fuel type 4, which is in agreement with the results shown in the first case. The distribution of the best scores in Table 6 is also 
observed in Table 8. 

5.1. Prediction fuel type maps 

The high-resolution fuel type maps presented in Figs. 7 and 8 are the annual estimations for 2012, 2013, 2015, and 2017, 
respectively, with the neural network trained within the first and second case respectively. The spectral data for each year were 
collected from GEE in the same way as the training data. In both cases, we have used the neural network that provided the best results 
during the cross-validation phase. The reason for applying the model to 2012 is solely for illustrative purposes, as it is the year in which 
the reference fuel map was produced. We should note that some of the estimated data were present in the training data set, but it is also 
the period in which we can see how similar our estimation is compared to the reference scenario (see Fig. 7A, 8 A and 4B). Specifically, 
the satellite imagery of the AOI contains 833, 854 potential samples, but due to the stratified random sampling strategy, only 384, 993 
(46% of the total) were used in the cross-validation phase. In addition, given that the cross-validation strategy uses five folds, and we 
are using the neural network with better scores to make the predictions, compounded by the fact that the neural network uses only 60% 
of the data set for training purposes during the cross-validation phase, only 27% of the pixels to be predicted in Fig. 7A and 8A have 
previously been seen by the neural network. Therefore, the close similarity between the maps estimated for 2012 and the reference 
map, and between both estimated maps, is a further argument that supports the results and the approach chosen. 

Regarding the maps for 2013, see Fig. 7B and 8B, a fuel type variation is predicted for those years. Specifically, the first scenario 
records a major reduction in the pixels associated with fuel types 4 and 9. In addition, there is also a drop in the pixel density associated 
with fuel types 5 and 6 in the north-western area of the predicted map. Both maps show a considerable increase in fuel type 1 on the 
eastern side, although the map using spectral indices increases the pixel density associated with this type of fuel. There is good 
agreement between the predictions of the fuel type map for 2015 (see Fig. 7C and 8C). Note should be taken of the reappearance of fuel 
type 9, as its presence in the two previous years had been residual. Finally, the maps associated with 2017 (see Fig. 7 D and 8D) show 
how fuel type 9 again decreases, suggesting a possible oscillatory dynamic for this fuel type over time. There is also an increase in the 

Fig. 5. Confusion matrix with the predictions of the test set in fold number 4. Test set samples were not seen by the classifier in previous stages.  

M. López-De-Castro et al.                                                                                                                                                                                            



Remote Sensing Applications: Society and Environment 27 (2022) 100810

10

Fig. 6. Confusion matrix with the predictions of the test set in fold four for the second case. The classifier did not see test set samples in previous stages.  

Table 6 
Metrics for the per-class classification of fold number 4.  

Fuel type Precision Recall F-1 Score 

1 0.75 0.75 0.75 
2 0.78 0.81 0.79 
3 0.83 0.87 0.85 
4 0.71 0.61 0.65 
5 0.75 0.72 0.74 
6 0.76 0.72 0.74 
7 0.85 0.87 0.86 
8 0.78 0.82 0.80 
9 0.87 0.91 0.89  

Fig. 7. Predicted fuel map of the AOI for 2012 (Fig. A), 2013 (Fig. B), 2015 (Fig. C), and 2017 (Fig. D) with the neural network trained within the first case.  
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density associated with fuel type 4, as well as an advance of fuel type 6, which corresponds to intermediate scrub areas and may involve 
areas in which fuel type 5 evolves to type 6 (see Table 1). 

6. Discussion of the results 

The procedure developed here has a satisfactory prediction capacity according to the results reached in the test sets, maintaining 
similar overall statistics during the cross-validation. As noted in the preceding section, the predicted maps of the evolution of the fuel 
type in the AOI clearly agree with each other. Together with the similar performance recorded by the statistics used as validation 
metrics (see Tables 5 and 7), we may conclude that, in our case, the inclusion of data on spectral indices does not significantly alter the 
results. This is in agreement with the conclusions reported by Riaño et al. (2002). However, the significant presence of fuel type 1 in the 
predicted maps within the second scenario for 2013 (Fig. 8 - B) compared to the prediction within the first scenario (Fig. 7 - B) shows 
that the inclusion of the spectral index can help to clarify the presence of a specific type of fuel. Additional forest fuel data on the AOI 
are available through the Spain Forest Map (Spanish Ministry for Ecological Transition and Demographic Challenge, 2020), drawn up 
2007 and 2020, and plotted in Fig. 9. Even though the classification criteria were similar, a direct comparison between reference and 
predicted maps and the official Spain Forest Map should be made with caution, due to the low temporal resolution of the official map, 
which shows a high prevalence of fuel type number 7 in detriment to type 8. An increase in fuel type 5 is shown in detriment to fuel 
type 6. Fuel type 6 is an older scrub than type 5, so it suggests an older date of drafting. The official map also shows far fewer pasture 
group fuels compared to the increase in omitted fuels over the same areas. The comparison between the official map (see Fig. 9) and the 
reference map drawn up by Tragsatec (see Fig. 4 - B) shows the importance of periodically updating this kind of map. 

Tables 6 and 8 present the classification results obtained for each one of the fuel classes considered in the scenarios studied for the 
best cross-validation step. The differences between them are no more than 3%, which is consistent with the previous paragraph. 
According to Table 4, fuel type 4 is the most abundant within the AOI; however, it is also the one with the poorest results (see Tables 6 
and 8). This is probably due to the high degree of heterogeneity of the intensity spectra corresponding to this class; therefore, the 
number of samples considered by random sampling may be insufficient for the classifier to achieve its full predictive capacity for this 
class. The second most abundant fuel type according to Table 4 is number 6. The data show that the network obtains good classification 
data for this class (Tables 6 and 8), which supports the argument that the bad results obtained by fuel type 4 are due to the particularity 
and high complexity of its spectra. By contrast, the best results are obtained for fuel types 3, 7 and 9, which correspond to thick open 
pasture, flammable scrub from 0.6 to 2 m high, and leaf litter in dense coniferous forest with an intermediate air layer, accounting for 
10.99%, 11.67%, and 5.13%, respectively, of the total pixels of our AOI. Specifically, the best results are recorded by fuel type 9 for 
both scenarios considered (see Tables 6 and 8), which is also the least abundant fuel type. 

Fig. 8. Predicted fuel map of the AOI for 2012 (Fig. A), 2013 (Fig. B), 2015 (Fig. C), and 2017 (Fig. D) with the neural network trained within the second case.  

Table 7 
Overall cross-validation scores for the second case.  

Fold Accuracy Cohen Matthews 

1 77.27% 74.43% 74.44% 
2 77.51% 74.70% 74.72% 
3 77.38% 74.56% 74.57% 
4 77.78% 74.99% 75.01% 
5 77.02% 74.14% 74.16%  
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6.1. Limitations and further work 

The proposed procedure has certain intrinsic limitations that prompt the need to explore multiple ways of improving its perfor
mance in future iterations. An initial one involves an artificially balanced data set with more sophisticated techniques than random 
sampling. Artificial generative networks are currently being used to increase data set size (Shao et al., 2019), whereby this and similar 
techniques pave the way for a balanced data set using high quality artificial data based on the original data set. Another shortcoming in 
the results is the unknown seasonal nature of the training data. This is due to the absence of data on the specific period of the year in 
which the fuel type map was produced, and it explains why the intensity considered for each pixel is computed as the mean of the pixels 
in the same position in all the satellite imagery available for the year. We are also aware that one of the major weaknesses of the 
proposed procedure is the loss of spatial context. This means that pixel attributes have no link to the nearest pixel attributes. Fixing this 
problem is not easy in the approach taken. Zhang et al. (2019); Ashiagbor et al. (2020) are examples of merging our approach based on 
MLP with a CNN architecture that considers spatial information in its predictions. 

7. Conclusions 

This paper has taken the first steps in the formulation of a comprehensive procedure based on neural networks for predicting fuel 
types that will contribute to the updating of the corresponding maps. The above procedure acquires data from a specific AOI and is 
designed to be fed with any available satellite data. The pixel-based approach taken allows predicting maps with the same resolution as 
the input data. The product generated may also be geo-referenced and post-processed through GIS tools for their use in wildfire 
simulators. Two examples of the application of the proposed procedure have been analyzed: on the one hand, pure spectral data, 
temperature and height information were used as input attributes. On the other hand, we added some artificial spectral indices, 
increasing the number of attributes as classifier inputs. Specifically, the map of fuel types for the proposed AOI was drafted in 2012, 
and it contains ten classes of fuel types one of which has been discarded because the information it contains can be included in a post- 
processing step. The remote sensing tools used to illustrate the operation of the proposed procedure have been the Landsat 7 and Terra 
satellites, as they were in service when the fuel map was made. Despite the limitations caused by various failures affecting these 
satellites’ sensors, a good prediction capacity was confirmed in a cross-validation process. In particular, our predictions reached 78% 
of accuracy in the test phase, with no preference for any fuel type and no 3D data. The global accuracy measured in this study is higher 
in comparison with the 59% obtained by Domingo et al. (2020) and, specifically, twice compared with the 38% that they reach using 
only spectral data from Sentinel 2. Therefore, this research supposes a considerable increase in prediction capacity, considering 
geographical differences and the different fuel type classification used. Moreover, if we compare our results with the research con
ducted by Marino et al. (2016), our procedure based on neural networks has recorded similar validation scores between both the 
settings considered, where different attributes were applied to the same AOI, confirming the robustness of the predictions. This study’s 
promising results and the possible work discussed in Section 6 for future iterations of the proposed procedure suggest that it is a strong 
candidate for complementing any operational wildfire simulator. Finally, it should be noted that despite the general purpose for which 
the procedure has been designed, no similar studies have been found for the vegetation cover in the AOI. 

Fig. 9. Spain Forest Map developed by Spanish ministry. In particular, it is represented the forest Map of the studied area.  

Table 8 
Metrics for the per-class classification for fold number 4 within the second case.  

Fuel type Precision Recall F-1 Score 

1 0.74 0.73 0.74 
2 0.76 0.80 0.78 
3 0.83 0.87 0.85 
4 0.68 0.59 0.63 
5 0.73 0.72 0.73 
6 0.74 0.71 0.73 
7 0.84 0.87 0.86 
8 0.79 0.79 0.79 
9 0.86 0.91 0.88  
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Marino, E., Ranz, P., Tomé, J.L., Noriega, M.A., Esteban, J., Madrigal, J., 2016. Generation of high-resolution fuel model maps from discrete airborne laser scanner 
and Landsat-8 OLI: a low-cost and highly updated methodology for large areas. Remote Sens. Environ. 187, 267–280. https://doi.org/10.1016/j.rse.2016.10.020. 

Maxwell, S.K., Schmidt, G.L., Storey, J.C., 2007. A multi-scale segmentation approach to filling gaps in Landsat ETM+ SLC-off images. Int. J. Rem. Sens. 28 (23), 
5339–5356. https://doi.org/10.1080/01431160601034902. 

Ministry for Ecological Transition and Demographic Challenge, 2022. Estadística general de incendios forestales. Available on the Spanish Ministry for Ecological 
Transition and Demographic Challenge: https://www.miteco.gob.es/es/biodiversidad/temas/inventarios-nacionales/inventario-espanol-patrimonio-natural- 
biodiv/sistema-indicadores/06c-estadistica-incendios-forestales.aspx. 

Moreira, F., Viedma, O., Arianoutsou, M., Curt, T., Koutsias, N., Rigolot, E., Barbati, A., Corona, P., Vaz, P., Xanthopoulos, G., Mouillot, F., Bilgili, E., 2011. Landscape 
– wildfire interactions in southern Europe: implications for landscape management. J. Environ. Manag. 92 (10), 2389–2402. https://doi.org/10.1016/j. 
jenvman.2011.06.028. 

Myint, S.W., Gober, P., Brazel, A., Grossman-Clarke, S., Weng, Q., 2011. Per-pixel vs. object-based classification of urban land cover extraction using high spatial 
resolution imagery. Remote Sens. Environ. 115, 1145–1161. https://doi.org/10.1016/j.rse.2010.12.017. 

Nair, V., Hinton, G.E., 2010. Rectified linear units improve restricted Boltzmann machines. In: Proceedings of the 27th International Conference on International 
Conference on Machine Learning ICML’10. Omnipress, Madison, WI, USA, pp. 807–814. 

NASA LP DAAC, 2015. ASTER level 1 precision terrain corrected registered at-sensor radiance V003 [data set]. NASA EOSDIS land processes DAAC. Last accessed: 
September 2021 from. https://doi.org/10.5067/ASTER/AST_L1T.003. 

NASA, J.P.L., 2020. NASADEM Merged DEM Global 1 arc second V001. In: NASA EOSDIS Land Processes DAAC. Last accessed: September 2021 from. https://doi.org/ 
10.5067/MEaSUREs/NASADEM/NASADEM_HGT.001. 

Navarro-Carrión, J.T., León-Cadena, P., Ramon-Morte, A., 2021. Open data repositories and Geo Small Data for mapping the wildfire risk exposure in wildland urban 
interface (WUI) in Spain: a case study in the Valencian Region. Remote Sens. Appl.: Soc. Environ. 22, 100500 https://doi.org/10.1016/j.rsase.2021.100500. 
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