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Abstract

:

Our study explores the relationship between land surface albedo (LSA) changes and burn severity, checking whether the LSA is an indicator of burn severity, in a large forest fire (117.75 km2, Spain). The LSA was obtained from Landsat data. In particular, we used an immediately-after-fire scene, a year-after-fire scene and a pre-fire one. The burn severity (three levels) was assessed in 111 field plots by using the Composite Burn Index (CBI). The potentiality of remotely sensed LSA as an indicator for the burn severity was tested by a one-way analysis of variance, correlation analysis and regression models. Specifically, we considered the total shortwave, visible, and near-infrared LSA. Immediately after the fire, we observed a decrease in the LSA for all burn severity levels (up to 0.631). A small increase in the LSA was found (up to 0.0292) a year after the fire. The maximum adjusted coefficient of determination (R2adj) of the linear regression model between the immediately post-fire LSA image and the CBI values was approximately 67%. Fisher’s least significance difference test showed that two burn severity levels could be discriminated by the immediately post-fire LSA image. Our results demonstrate that the magnitude of the changes in the LSA is related to the burn severity with a statistical significance, suggesting the potentiality of immediately-after-fire remotely sensed LSA for estimating the burn severity as an alternative to other satellite-based methods. However, the persistency of these changes in time should be evaluated in future research.
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1. Introduction


Fires recurrently affect Mediterranean forest ecosystems, affecting important biodiversity [1]. Severe wildfires adversely impact on water and environmental resources as well as on human life and property. Additionally, fires may also modify the air circulation and the cloud development and reduction, causing changes in the Earth surface albedo [2,3].



Accurately distinguishing different burn severity levels is fundamental for restoration practices [4]. Among field methods for evaluating the burn severity, the composite burn index (CBI) [5] has been commonly accepted, and is now considered a standard [6,7]. Sensors on board satellites may, however, provide accurate data to obtain regionally comprehensive information on the fire activity, severity and its potential effects, in less time [8,9,10]. Therefore, remote sensing techniques are becoming key instruments for burned area and burn severity mapping [6]. Among remote sensing methods for assessing the severity, spectral indices-based procedures are commonly used due to their computational simplicity and easy implementation [11,12,13]. Furthermore, most work on post-fire damage is derived from Landsat imagery, mainly because of its adequate spatial resolution [14]. In particular, the method proposed by Key and Benson [5], based on the difference of pre- and post-fire Normalized Burn Ratio (dNBR) images, has been recognized as a standard method to estimate the burn severity from satellite data. It contemplates the short-term effects of fire from an immediately-after-fire NBR image (initial assessment) and the long-term effects from an NBR image a year after a fire (extended assessment).



Fire leads to short- and long-term effects on other remotely-sensed variables as well. The Land Surface Albedo (LSA) depends on solar illumination, and the state and quantity of vegetation [15]. Fire has a significant effect on vegetation (both the quantity and state) and modifies the landscape, covering the surface with residues (black, grey and white) [16]. This surface blackening leads to a reduction in LSA immediately after a fire [17,18,19,20]. Furthermore, the amplitude of this reduction is determined by the burn severity [18]. However, long-term changes in the LSA due to wildfire may be associated with the common substitution of low LSA forests with grasslands and shrublands that have a higher LSA [19].



Changes in LSA caused by fires vary in relation to ecosystems [19]. Boreal forests have been the study area of most studies on LSA and wildfires [21,22]. Similarly, most of these studies have been based on Moderate Resolution Imaging Spectroradiometer (MODIS) data. The aim of our work is to study the influence of the burn severity on post-fire LSA values and to evaluate the potential use of LSA in identifying burn severity levels in a Mediterranean forest ecosystem (from uni- and multi-temporal approaches). Like Key and Benson [5], we considered two scenarios: immediately after a wildfire and a summer after a wildfire. Some studies related the LSA to the burn severity levels (see [17]); however, the present study is the first to try to relate both variables using Landsat 7 Enhanced Thematic Mapper (ETM+) data and the direct field burn severity measured by CBI. Our hypothesis is that LSA values could be used as an indicator of the fire severity during the first year after fire (initial and extended assessment), as they include more spectral information than commonly used spectral indexes based just in two Landsat 7 spectral bands.




2. Materials and Methods


2.1. Materials


Our study area is located in northwestern Spain, in the Autonomous Community of Castile and León (specifically in Castrocontigo), (Figure 1). In 2012, a fire burned 117.75 km2 between August 19th and August 21st. The fire appeared in the annual report by the Joint Research Centre of the European Commission as one of the largest fires in Europe in 2012 [23]. The pre-fire land-cover map of the burned area (from the Third Spanish National Forest inventory) indicates that Pinus pinaster Ait. covered 73% of burn scar and that shrubs covered 10%.



Following the methodology proposed by Key and Benson [5], an initial map of the burn severity (three levels) was computed based on the difference between the pre- and post-fire Normalized Burn Ratio images (dNBR). This initial burn severity map helped in defining the location of the field plots. We measured the burn severity in 111 30-m-diameter circular plots in the field 9-12 weeks after the fire by using CBI. The plots were established in areas of homogeneous stratification (having the five strata defined by the field protocol proposed by Key and Benson [5]), density and species and with similar burn severity levels (according to the initial burn severity map based on dNBR). (See [5] for more details). The number of studied plots was proportional to the extent of each burn severity class: 47 high severity plots, 29 moderate, 8 low, and 27 unburned plots). We set the CBI thresholds halfway between the values recommended by Miller and Thode [24] for the low, moderate and high categories. Specifically: high severity (2.25–3.00), moderate severity (1.25–2.24), low severity (0.10–1.24), and unburned (0.00). The photographs in Figure 2 illustrate the considered burn severity levels. It should be taken into account, however, that they are just an example of each burn severity level.



Three Landsat-7 ETM+ scenes (path/row 203/31) were downloaded from the US Geological Survey (USGS) (http://earthexplorer.usgs.gov/): 19 October 2010, 6 September 2012, and 9 September 2013. We tried to choose the same date of acquisition to keep the changes in illumination and their effects on the LSA to a minimum. Our study area was situated in the center of the Landsat-7 ETM+ scenes. Thus, we did not establish any CBI ground plots in the affected area by the Scan Line Corrector (SCL) malfunction of the sensor.




2.2. Methods


First, we windowed the downloaded Landsat 7 ETM+ scenes to our study area. We used the C-correction algorithm [25] to topographically normalize and atmospherically correct the subset images. Next, we scaled the reflective bands to surface reflectance. The image-based cosine of the solar transmittance (COST) method [26] was used to that end.



Second, we calculated the LSA from the surface reflectance images based on Liang [27] and Liang et al. [28], as their results showed very good agreement between the field measurements and their predictions (the average residual error was lower than 0.02). Often, the spectral dependence of the surface reflection is simplified by exclusively using the spectral regions where the surface reflectance is approximately constant [29]. Similarly, its angular dependence is reduced to the two components of incident light: 1) direct beam: sunlight that has not been scattered or absorbed; and 2) diffuse beam: sunlight that has been scattered and whose incidence with zenith angles is significantly different from the direct beam zenith angles [29]. Thus, in this study we calculated the total shortwave broadband LSA (LSAshort), total visible broadband LSA (LSAvis) and total near infrared (NIR) broadband LSA (LSANIR). Additionally, we computed the direct and diffuse albedos for LSAvis and LSANIR (see [27] for the detailed equations).



Third, we subtracted the post-fire LSA images from the pre-fire LSA images (dLSA) to evaluate the influence of the burn severity on the LSA images from a multitemporal point of view. We considered the 2010 Landsat 7 ETM+ image as a pre-fire reference. As post-fire LSA images, we used Landsat 7 ETM+ September 2012 (immediately after fire) and September 2013 (one year after fire). Next, a mean 3 x 3 filter was applied to both LSA and dLSA images, and the digital values for the 111 ground plots were extracted. Finally, a one-way analysis of variance (ANOVA) and Fisher’s Least Significant Difference (LSD) were used to check whether the post-fire LSA allowed us to differentiate three burn severity levels. In order to analyze the relationship between the LSA images and CBI values, we used a Pearson correlation analysis and linear regression models [30]. The adjusted coefficient of determination (R2adj) was used to evaluate the performance of the post-fire LSA images. We performed the same statistical treatments (ANOVA, regression model), but from a multi-temporal perspective, testing whether or not the LSA variations between the pre- and post-fire situations enable one to discriminate the burn severity levels that are to be determined.





3. Results


We observed a decrease in the LSA immediately after the fire (Table 1). LSAshort decreased from 0.1041 (unburned) to 0.0820 (high burn severity) and LSANIR from 0.1633 to 0.1129. A year after the fire (September 2013), the LSA increased (exceeding its pre-fire value, up to 0.1321 for LSAshort and 0.1963 for LSANIR, for the high severity level). The increase in the post-fire 2013 LSA values was higher for the moderate severity level than for the high one (Table 1). The mean LSAshort value for the moderate severity level was 0.1398, and it was 0.1321 for the high severity level; similarly, the same pattern was observed in all of the other LSA types. This trend (a decrease in LSA immediately after the fire and an increase in LSA a year after the fire) can also be observed in the dLSA images (see Table 3).



We observed significant differences (p-value < 0.05) between the mean unburned values and the rest of the burn severity levels for all the LSA images in the immediately-after-fire image. The LSAshort and LSANIR (total, diffuse and direct) images also allowed us to distinguish two levels of burn severity with a statistical significance. A year after the fire (Table 1), we observed significant differences between the burned and unburned values for the LSAshort and LSAvis (total, diffuse and direct) images. However, the LSANIR (total, diffuse and direct) images did not discriminate between the unburned and low severity level classes, and the LSANIR-diffuse images did not distinguish the burned from the unburned classes (Table 1).



As none of the 2013 LSA images discriminated burn severity levels (there are only significant differences between unburned and burned), we calculated the regression models only for the immediately post-fire LSA images (September 6th, 2012) (Table 2). All the immediately post-fire LSANIR images (total, diffuse and direct) had an R2adj higher than 62% (specifically, LSANIR diffuse had 67%), and LSAshort had an R2adj of 50%. However, the R2adj of the regression models between the LSAvis images (total, diffuse and direct) and the CBI values were approximately zero.



The spatial values of the immediately post-fire LSAshort and LSANIR images are displayed in Figure 3. In both images, it is possible to visually distinguish the burned from the unburned areas. In addition, we can observe some spatial variations in the burned area, mainly in the LSANIR image.



The results of the linear regression models between the dLSA images (Figure 4) and the field measured CBI values (Table 3) showed an R2adj maximum (61%) between the 2012 dLSANIR image and CBI. When the 2012 dLSAshort image was considered, R2adj decreased to 44%. R2adj values below 20% were obtained when the 2013 dLSA images were taken into account. Considering the results of the Fisher’s LSD test, we noticed significant differences (p-value < 0.05) between the unburned class and the other burn severity levels for all dLSA images. Both 2012 dLSA images (dLSANIR and dLSAshort) enabled us to discriminate two burn severity levels.




4. Discussion


The changes in the LSA values after a mega-wildfire in a Mediterranean Pinus pinaster ecosystem showed a significant decrease immediately after the fire and an increase one year after the fire. This pattern could be explained because wildfires significantly affect the LSA by altering the quantity of solar radiation that is absorbed [31]. The principal LSA variations are related to a reduction in ash and charcoal and to vegetation regrowth. In our ecosystem, there was important vegetation regeneration, mainly by re-sprouting shrub species (data not published), which affects the LSA values one year after the fire. In accordance with these facts, our results showed that the 2013 LSA images (1-year after fire) were not able to discriminate the burn severity levels, but only distinguished the burned from unburned areas. However, we must take into account that the LSA changes could be different in relation to the ecosystem type [19].



In boreal forest ecosystems, Jin et al. [21] found that during the first year after a fire, the summer LSA (short and NIR) decreased significantly below pre-fire levels. They also observed that the LSAvis remained fairly constant or even increased. Chambers and Chapin [32] observed that the post-fire summer LSA presents low values during several years due to the dark charring of soils and boles of burned trees. However, in our Mediterranean ecosystems one year after the wildfire, the boles of dead trees were removed and the black carbon coatings were leached out by rainfall, and, for this reason, we found an increase in the LSA values one year after the fire. In boreal forest ecosystems, Lyons et al. [20] and McMillan and Goulden [33] stated that vegetation growth led to increases in the summer LSA the first ten years after a fire. Regarding Mediterranean ecosystems, there are few studies relating the LSA and fire, but Veraverbeke et al. [17] observed an immediate post-fire LSAshort decrease after the 2007 Peloponnese fires. As there is heavy rainfall in Mediterranean winters, char was removed relatively soon, and this decrease had a comparatively short duration. In addition, both the char removal and vegetation growth lead to an increase in the LSA in the next post-fire summer period. Such a trend in the LSA change also agrees with the values found by Franch et al. [34] in their study on LSA and LST evolution after fire. They found an average LSAshort variation after a fire of 0.10 to 0.14 in fires in Portugal, and of 0.10 to 0.12 or 0.16 in some Spanish fires. Consequently, in our study area, the summer LSA values one year after the fire grew above pre-fire levels due to early successional plant biotypes (mainly herbs, re-sprouting shrubs and some deciduous trees [35]). These plant functional types have leaves and branches with a higher albedo than evergreen needleleaf trees [33,36,37].



In boreal ecosystems, high burn severity areas had the highest increases in post-fire spring LSA [21]. In our study, however, the post-fire 2013 LSA increase was higher for the moderate severity level than for the high one. Nevertheless, we can consider that our results agree with the findings of Jin et al. [21] because as the moderate and high burn severity levels could not be distinguished from the 2012 LSA images, we worked with only two levels of severity. Different studies (e.g., [19,38]) have concluded that the quantification of the recovery of LSA values after wildfire to achieve the pre-fire situation is very difficult, as there is a high variability (both spatial and temporal) in vegetation cover changes and rainfall. As Gatebe et al. [19] summarize, the complicated relationship between LSA variations, climate dynamics and human activities is an important question that needs to be studied.



Two burn severity levels were discriminated from the immediately post-fire LSA images with a statistical significance. The discrimination of only two severity levels has also been reported by other remote sensing-based studies (e.g., [24,39,40]). From a management overview, the identification of areas affected by high or very high severity levels is critical in terms of the ability to regenerate and of potential erosion effects [39,41], and therefore in terms of the ability to prioritise emergency measures for reducing these risks [42]. Therefore, the spatial identification of these areas would be one of the first post-fire management targets for forest managers, helping to recommend and put into practice emergency procedures to reduce and stop the additional deterioration of natural resources due to fire [43]. The capacity of LSA images in the discrimination of these high severity levels has been appropriate.



Jin et al. [21] proposed dLSA as a potential metric of burn severity. They found that spring dLSA was highly correlated with summer burn severity estimates (from dNBR) in all boreal ecozones they considered. Chambers et al. [44] affirmed that the use of dLSA as an indicator of the burn severity is most valuable in forested regions due to the lower sensitivity of dLSA to the burn severity in peatland and tundra regions (in areas with few or no trees, fire impacts are lower). In this sense, in our Mediterranean ecosystems we found a high correlation (up to 0.78) between the immediately-after-fire dLSA and the field-measured CBI values. However, more studies are needed before using dLSA as an operational indicator of burn severity, because the LSA varies both in space and time due to modifications in illumination (clouds, solar position) and surface characteristics (fire, snow, changes in vegetation cover, variations in soil moisture) [34].



Different authors [45,46,47] have shown the superiority of a multitemporal vs. single-date approach, pointing out the importance of pre-fire vegetation on post-fire spectral changes. We found, however, that the single-date approach based on the immediately post-fire LSA image provided the highest R2adj values. The main reason for our results is the date of acquisition of our pre-fire image. The scene was acquired two years before the fire, in autumn (October 19th), whereas our post-fire images are from late summer (September 6th and 9th). The seasonal difference caused changes in the vegetation cover, rainfall, solar illumination and, indirectly, in the LSA, masking the LSA change due to the forest fire.



Knowledge of burn severity can help with post-fire planning, as high severity burned areas must be included as target areas to control ecological problems. However, burn severity may be very diverse in a given burned area, and its estimate might introduce some uncertainties as well [2]. The development of new algorithms could reduce present uncertainties in terms of fire severity estimation to help in decision-making activities.




5. Conclusions


We evaluated the relationship between LSA and burn severity in Mediterranean forest ecosystems in a mega-forest wildfire (north western Spain) where CBI severity values were measured in 111 field plots. A one-way ANOVA, and regression models between CBI values and LSA (shortwave, visible and NIR), showed that immediately post-fire LSAshort and LSANIR accurately distinguished two levels of burn severity, whereas LSAvis only discriminated the unburned from the burned areas. A year after the fire, the LSA (shortwave, visible and NIR) could only discriminate the burned from the unburned areas. There was an increase in the LSA values immediately after the fire. However, one year after the wildfire, due to plant regeneration in the area, the LSA values decreased. The difference in the pre- and immediately post-fire LSA was highly correlated to the CBI values (0.78 dLSANIR and 0.66 dLSAshort). Our results suggest the capability of immediately-after-fire LSA in evaluating the burn severity in Mediterranean ecosystems. However, such a capability should be assessed in different ecosystems and fire regimes. Similarly, more studies must be carried out in this type of ecosystem to validate the potentiality of LSA as a severity indicator (from both uni- and multi-temporal points of view).
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Figure 1. The location of the study area. 
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Figure 2. Field photographs depicting the burn severity levels. 
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Figure 3. The immediately-after-fire LSAshort (left) and immediately-after-fire LSANIR (right). 
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Figure 4. The difference between the pre- and immediately post-fire LSAshort (left) and the difference between the pre- and immediately post-fire LSANIR (right). 
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Table 1. Fisher’s Least Significant Difference test for the post-fire LSA images (LSAshort, LSAvis, LSAvis-diffuse, LSAvis-direct, LSANIR, LSANIR-diffuse and LSANIR-direct) and the burn severity levels, immediately after a wildfire (September 6th 2012) and one year after a wildfire (September 9th 2013).
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Burn Severity Levels

	
LSAshort

	
LSAvis

	
LSAvis-diffuse

	
LSAvis-direct

	
LSANIR

	
LSANIR-diffuse

	
LSANIR-direct




	
μ

	
HG

	
μ

	
HG

	
μ

	
HG

	
μ

	
HG

	
μ

	
HG

	
Μ

	
HG

	
μ

	
HG






	

	
Landsat 7 ETM+. September 6th, 2012




	
Unburned

	
0.1041

	
a

	
0.0458

	
a

	
0.0409

	
a

	
0.0475

	
a

	
0.1633

	
a

	
0.1656

	
a

	
0.1645

	
a




	
Low

	
0.0971

	
b

	
0.0607

	
b

	
0.0555

	
b

	
0.0625

	
b

	
0.1358

	
b

	
0.1249

	
b

	
0.1346

	
b




	
Moderate

	
0.0838

	
c

	
0.0535

	
b

	
0.0490

	
b

	
0.0550

	
b

	
0.1159

	
c

	
0.1054

	
c

	
0.1132

	
c




	
High

	
0.0820

	
c

	
0.0527

	
b

	
0.0482

	
b

	
0.0542

	
b

	
0.1129

	
c

	
0.1041

	
c

	
0.1102

	
c




	

	
Landsat 7 ETM+. September 9th, 2013




	
Unburned

	
0.1060

	
a

	
0.0365

	
a

	
0.0314

	
a

	
0.0383

	
a

	
0.1761

	
a

	
0.1823

	
a

	
0.1772

	
a




	
Low

	
0.1280

	
b

	
0.0667

	
b

	
0.0598

	
b

	
0.0692

	
b

	
0.1935

	
a

	
0.1820

	
a

	
0.1958

	
a




	
Moderate

	
0.1398

	
b

	
0.0791

	
b

	
0.0713

	
b

	
0.0822

	
b

	
0.2062

	
b

	
0.1899

	
a

	
0.2087

	
b




	
High

	
0.1321

	
b

	
0.0728

	
b

	
0.0656

	
b

	
0.0755

	
b

	
0.1963

	
b

	
0.1802

	
a

	
0.1981

	
b








LSAshort: total shortwave broadband Land Surface Albedo; LSAvis: total visible broadband Land Surface Albedo; LSAvis-diffuse: diffuse visible broadband Land Surface Albedo; LSAvis-direct: direct visible broadband 