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Abstract

:

Spectral indices derived from optical remote sensing data have been widely used for fire-severity classification in forests from local to global scales. However, comparative analyses of multiple indices across diverse forest types are few. This represents an information gap for fire management agencies in areas like temperate south-eastern Australia, which is characterised by a diversity of natural forests that vary in structure, and in the fire-regeneration strategies of the dominant trees. We evaluate 10 spectral indices across eight areas burnt by wildfires in 1998, 2006, 2007, and 2009 in south-eastern Australia. These wildfire areas encompass 13 forest types, which represent 86% of the 7.9M ha region’s forest area. Forest types were aggregated into six forest groups based on their fire-regeneration strategies (seeders, resprouters) and structure (tree height and canopy cover). Index performance was evaluated for each forest type and forest group by examining its sensitivity to four fire-severity classes (unburnt, low, moderate, high) using three independent methods (anova, separability, and optimality). For the best-performing indices, we calculated index-specific thresholds (by forest types and groups) to separate between the four severity classes, and evaluated the accuracy of fire-severity classification on independent samples. Our results indicated that the best-performing indices of fire severity varied with forest type and group. Overall accuracy for the best-performing indices ranged from 0.50 to 0.78, and kappa values ranged from 0.33 (fair agreement) to 0.77 (substantial agreement), depending on the forest group and index. Fire severity in resprouter open forests and woodlands was most accurately mapped using the delta Normalised Burnt ratio (dNBR). In contrast, dNDVI (delta Normalised difference vegetation index) performed best for open forests with mixed fire responses (resprouters and seeders), and dNDWI (delta Normalised difference water index) was the most accurate for obligate seeder closed forests. Our analysis highlighted the low sensitivity of all indices to fire impacts in Rainforest. We conclude that the optimal spectral index for quantifying fire severity varies with forest type, but that there is scope to group forests by structure and fire-regeneration strategy to simplify fire-severity classification in heterogeneous forest landscapes.
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1. Introduction


Wildfire is considered an important disturbance agent, with a long history of shaping landscape patterns and ecosystem processes, relating to both vegetation distributions and physical structures [1,2]. Large-area wildfires can affect climate cycles at a global scale [3] while, at landscape scales, wildfires influence vegetation structure by partially or completely removing strata [4], and also influence vegetation patterns [5,6]. Assessment of wildfire effects in natural ecosystems is needed to select remedial post-fire treatments [7], to inform monitoring and planning of vegetation recovery [8], and to provide appropriate baselines for future landscape management [9].



Wildfire severity can be remotely sensed using either active or passive sensors, typically involving techniques such as spectral unmixing, simulation techniques, and spectral indices [10]. Spectral indices based on passive data are popular for providing information on fire severity due to their computational and conceptual simplicity [11]. Such indices often combine information from visible, near-infrared, and mid-infrared portions of the electromagnetic spectrum [7,12,13,14]. These bands are sensitive to variations in soil colour (visible and mid-infrared), soil composition (mid-infrared), and moisture and chlorophyll (near infrared), which are all land and vegetation properties that can be significantly affected by fire [14].



Spectral indices have been extensively tested in boreal forests, temperate conifer and deciduous forests, and Mediterranean forests. The capacity of spectral bands from the red to the mid-infrared spectral regions for fire severity estimation has been proved for different ecosystems such as African savannah [15] or Mediterranean ecosystems [16]. The Normalised Difference Vegetation Index (NDVI) has been among the most popular indices used to estimate fire severity classes within both uni-temporal (post-fire) and bi-temporal (pre-/post-fire difference) approaches [11,17]. The Normalised Burn Ratio (NBR) has also been identified as useful for estimating fire severity across a range of conditions [18]. For example, Epting, et al. [19] tested 13 indices for discriminating fire severity classes across Alaska, and confirmed that post-fire NBR gave the best correlations with field damage, followed by delta NBR (dNBR). In a detailed review, French, et al. [20], documented 41 studies worldwide that utilised moderate and coarse resolution satellite data to extract NBR and dNBR data to assess fire severity, including 26 studies that successfully used Landsat imagery for mapping fire severity. Landsat-derived NBR is used as an operational management tool in the USA through the Burned Area Emergency Rehabilitation (BAER) project that generates fire severity maps across the USA [21]. However, previous research has indicated that the performance of the NBR varies among ecoregions and vegetation types [20,22,23,24,25]. As such, the NBR approach needs to be tested for different areas and ecosystems [22,26,27,28], including its capacity to quantitatively classify different classes of fire severity generally [25], and particularly in previously under-examined ecosystems like temperate evergreen broadleaf forests [11]. In addition, variation of spectral indices with plant fire response traits or post fire regeneration remains under-examined, and there remains scope to examine the utility of thermal bands in discriminating among fire severity levels in a range of ecosystems [29,30,31].



Using the temperate forests of south-eastern Australia as a case study, we examine the capacity of Landsat-derived spectral indices to reliably detect fire severity. Forests in the south-eastern state of Victoria are structurally diverse and dominated by trees with diverse fire-response traits. In addition, about 8.6 million hectares of the south-eastern Australian state of Victoria was burnt by wildfires in the period 1952–2014, with half of that area (4.3 million hectares) burnt by wildfires between 2003 and 2014 [6], providing recent and diverse examples of fire severity/ forest type interactions. We compared the performance of ten Landsat-derived spectral indices to assess fire severity across 13 forest types varying in tree height, canopy cover, and post-fire regeneration strategies. We utilised Landsat 5 TM imagery due to the high spatial resolution (30 m) and the availability of long-term archives [32]. Our study addressed three research questions:




	
Do different eucalypt forest types require different optical spectral indices for wildfire severity estimation?



	
Do functionally-equivalent eucalypt forest types (i.e., same structure and post-fire regeneration strategy) have a similar spectral response, and thus, is there a single index that could be used for each forest functional group?



	
How accurately can we map fire severity when using spectral indices selected by forest type and/ or forest group?








To address these research questions, we first conducted a sensitivity analysis to evaluate the capacity of spectral indices to distinguish fire severity classes by forest types and forest functional groups. We then used a cross-validation approach to quantify the accuracy of the best-performing indices, and to provide recommendations on spectral indices use for fire severity estimation in temperate eucalypt forests.




2. Materials and Methods


2.1. Study Area and Forest Types


The study area included the state of Victoria, south-eastern Australia (Figure 1). The state’s climate is temperate with mean annual temperatures ranging from 12.6 °C in the South East region to 14.7 °C in the North and North West regions [33]. Annual mean precipitation in Victoria ranges from 300 mm to 2500 mm, and is distributed throughout the year [34]. Australia is one of the most fire-prone countries worldwide [34]. South-eastern Australia is considered to have a regime of infrequent wildfires [34] occurring mainly in summer, but also in spring and autumn [35]. Wildfire-history data indicate that 4.3 million ha of Victoria’s forests were burned by wildfires between 2003 and 2014, which was roughly equal to the total forest area burnt in the preceding 50 years (4.4 million ha) [6].



The study’s wildfire area encompassed up to 17 broad-leaf evergreen forest types, locally known as Ecological Vegetation Divisions [36]. For this study we selected the 13 most extended forest types (Table 1) encompassing 86% of Victoria’s forest area, and representing 60% of the wildfire-burned area in Victoria over the past three decades [37]. The 13 forest types were classified in terms of their structure (namely canopy height and canopy cover, following [38]), and the post-fire regeneration strategy of the dominant tree species (i.e., resprouters -R, obligate seeders -S, and resprouters with obligate seeders -RS). Resprouter species (R) are typically fire-tolerant eucalypts that survive most fires via either basal or epicormic resprouts; Obligate seeder species (S) are fire sensitive and are often wholly-killed by wildfire, and rely on seed to regenerate; and RS forests are co-dominated by both type of species [6,39]. The 13 forest types were classified into six forest ‘functional’ groups: open forest resprouter (OF-R); closed forest resprouter (CF-R); woodland resprouter (WR); low woodland resprouter (LW-R); open forest mixed traits (OF-RS), and closed forest obligate seeder (CF-S).




2.2. Reference Fire-Severity Data


Reference data were comprised of 3826 plots (Figure 1), including (i) 502 field plots, where fire severity was assessed within two months after a large wildfire (258,125 ha) and one smaller wildfire (14,334 ha) in 2009; and (ii) 3324 plots within the boundaries of six other major wildfires (>5000 ha each), where fire severity was estimated through aerial photo interpretation (API). The API severity estimates were available as polygons. A point vector file containing the 3324 plots was generated by taking the centroids of polygons resulting from the intersection of fire severity classes and forest types for each wildfire. All reference data (field and API estimates) were provided by the Victorian Department of Environment, Water, Land, and Planning (DEWLP), which had classified fire severity as Unburnt: less than 1% of eucalypt and non-eucalypt crowns scorched; Low severity: light scorch of 1–35% of eucalypt and non-eucalypt crowns; Moderate severity: 30–65% of eucalypt and non-eucalypt crowns scorched; High severity: 70–100% of eucalypt and non-eucalypt crowns burnt [37]. Overall, reference data included a minimum of 20 plots for each forest type and fire-severity class combination, with ca. 15% of all plots being in each of the Unburnt and Low severity classes, ca. 45% in the Moderate severity class and ca. 25% in the High severity class (Supplementary Table S1).




2.3. Remote Sensing Data


Sixteen Landsat 5 TM scenes (pre- and post-fire images) were obtained from the U.S. Geological Survey (USGS) Earth Explorer [40] to cover the eight fires included in the analysis. When possible, images were selected within two months before and after the fire to minimise effects of differences in forest phenology and atmospheric conditions at the time of acquisition (Supplementary Table S2). The original thermal band spatial resolution of 120 m was resampled at 30 m to match the resolution of the remaining bands. The images were masked for clouds and shadows using the Fmask algorithm [40], which has a proven accuracy of 96.4% [41]. The masked images were atmospherically corrected using Atmospheric Correction for rugged terrain (ACTOR 3) in ERDAS IMAGINE 2014 software [42].




2.4. Spectral Indices


We tested ten spectral indices and the temporal differences (delta versions which calculate the change between pre-fire and post-fire spectral index values) that are commonly used to assess fire severity (Table 2). These indices were computed for each of our 3826 reference plots using a combination of Landsat 5 TM spectral bands 3, 4, 5, 6, and 7. These indices were selected based on their sensitivities to changes in forest ecosystems status and their capacities for fire severity assessment, as demonstrated by previous studies encompassing a wide range of biomes and forest types [11,17,19,20,21,22,30,32,47,48,49,50,51,52,53].




2.5. Data Analysis


2.5.1. Sensitivity Analysis of Spectral Indices


Three lines of evidence were used to analyse the sensitivity of the ten spectral indices to fire severity: (i) analysis of variance (ANOVA) and pairwise comparisons, (ii) the separability index (M), and (iii) the optimality values (O). First, we used a one-way ANOVA per index, with fire severity as a fixed factor, followed by pairwise Tukey Simultaneous comparisons. Second, we calculated the separability index (M) between severity classes for each spectral index as Equation (1).


   M n  =    |   μ 1    −    μ 2   |     δ 1    +    δ 2     



(1)




where    μ 1    and    μ 2    were the mean values of the considered spectral band for the four fire-severity classes,    δ 1  b   and    δ 2    are the corresponding standard deviations, and n takes the values 1, 2, and 3 when analysing separability between Unburnt to Low, Low to Moderate, and Moderate to High classes [61]. The higher the separability index M, the better the discrimination between two classes. To evaluate the overall spectral index sensitivity across all fire-severity classes, we calculated the average value M for each index per forest type (AVG Mindex) as Equation (2).


  AVG  M  i n d e x   = 0.1 *  M 1  + 0.3 *  M 2  + 0.6 *  M 3   



(2)




with different weights (0.1, 0.3 and 0.6) assigned to reflect the operational importance of distinguishing between fire-severity classes. That is, we considered it more important that an index could distinguish between moderate and high severity wildfire areas (given the greater potential of the latter to influence forest structure and regeneration) than between unburnt and low-severity wildfire areas (since low-severity wildfires, by definition, had minimal influence on tree crowns).



Last, we used the optimality index to evaluate which index was most sensitive to post-fire reflectance changes [11,17,62]. The optimality index is based on the displacement of pixel reflectance values from unburned (U) to burned (B) after a fire (Figure 2). Point O resembles the position of an optimally-sensed burned pixel. An index that is sensitive to a burned pixel would be sensitive to the displacement |UB| and comparatively insensitive to the displacement |OB|, with index optimality calculated as in Equation (3) [17,62].


  Optimality = 1 −   | OB |   | UB |    



(3)







Because |OB| is never larger than |UB|, the optimality value varies between zero and one. When the optimality value equals 0, the index is completely insensitive to the change of interest. Conversely, when the optimality value equals 1, the index is ideal for quantifying the spectral changes [11,17]. We calculated three optimality values for each index, relating to each of the severity-class comparisons: Unburnt and Low, Low and Moderate, and Moderate and High classes. As for the M analysis, an overall optimality value was computed for each spectral index as a weighted average of the three values (Equation (4)).


AVG Optimality = 0.1*O1 + 0.3*O2 + 0.6*O3



(4)




where O1, O2, and O3 are optimality median values for low, moderate, and high severity respectively. We chose the median as an estimator of central tendency because it is more robust and less affected by outliers and skewness than the mean [63].



The capacity of each spectral index to distinguish between fire-severity classes in each analysis was scored using the criteria in Table 3. The overall performance of each index was then indicated as the sum of the three scores (one per analysis) per forest type. The best performing spectral indices were then identified for each forest group by averaging the aggregate scores of the forest types forming that group.




2.5.2. Index Accuracy Assessment


Using the reference data, we assessed the accuracy of the fire severity predicted using the best-performing indices selected for each forest type and each forest functional group. Reference fire severity data were randomly divided into training and validation datasets (60/40) for each fire severity class and forest type or group [64]. Threshold values were estimated by taking the mean of the median index values for each consecutive pair of fire-severity classes, namely: unburnt-low; low-moderate, and moderate-high [65]. In addition, thresholds were also estimated to separate unburned and low-severity classes from moderate and high severity classes. Confusion matrices and error metrics (i.e., overall accuracy–OA, commission errors—CE, and omission errors—OE) were used to characterise fire severity classification errors with the estimated thresholds [66,67]. In addition, Cohen’s kappa statistic, k, was used to assess the agreement between the reference and predicted classes [68]. Kappa values range from 0 (chance level agreement) to 1 (perfect agreement) [69], and were interpreted using the following guidelines [70]: no agreement (k < 0); poor agreement (0–0.20); fair agreement (0.21–0.40); moderate agreement (0.41–0.60); substantial agreement (0.61–0.80); and almost perfect agreement (0.81–1.00).






3. Results


3.1. Sensitivity of Spectral Indices to Fire Severity Classes


Overall, the capacity of spectral indices to distinguish between fire-severity classes varied by forest type and method of evaluation (Supplementary Table S3; Supplementary Figures S2–S4). Nonetheless, there was generally good correspondence between the highest total scores for forest types within the same functional group (Table 4), suggesting that, in most cases, forest types in a group showed similar spectral responses to fire, and thus, that one or two best-performing indices could be selected for each group.



The dNDWI was one of two best-performing spectral indices for three of our six forest groups, encompassing Open forest resprouters (OF-R, average score 1.9), Woodland resprouters (W-R, 1.75), and Closed forest seeders (CF-S, 2.13; Table 4). Similarly, the dNBR also performed well for two resprouter groups (OF-R, 2.2; W-R 2.08). Of the remaining indices, the dMSAVI and the dNBRT were identified as indices that performed well for more than one forest group, although lower average scores (CF-S, 1.63; Low woodland resprouter; LW-R, 1.25) indicated reduced consistency in distinguishing between fire-severity classes. The dMIRBI index performed comparably with dNBRT for the LW-R forest group (i.e., average score 1.25; Table 4), but did not reliably distinguish between fire-severity classes in all other forest types (Supplementary Figure S2). Similarly, average group scores for dNDVI were generally low, peaking at 1.75 for Riparian forest, which, as the only representative of the OF-RS group, had comparatively low total scores (<1.75) across all spectral indices (Table 4). No spectral index successfully distinguished between fire-severity classes in Closed-forest, the sole representative of the Closed forest resprouter group. dVI6T, dBAI, dMSAVI, and dCSI were not among the best-performing indices for any of our forest groups, reflecting relatively poor capacity to distinguish between fire-severity classes in most of the forest types studied (Table 4).



A correlation analysis between scoring resulted from the index sensitivity analysis and the overall accuracies (see below) at the forest functional group level showed a positive and significant agreement between both results (r = 0.87, Supplementary Figure S1), providing support to our scoring system.




3.2. Index Accuracy Assessment


Applying the computed thresholds (Supplementary Table S4) to the best-performing spectral indices per forest group resulted in overall accuracies (OA) ranging from 0.50 (the dNBRT for LW-R) to 0.82 (the dNDVIT for OF-RS; Table 5). The OA did not vary markedly among the two to three best-performing indices for each forest group or type (Table 5), and the OA at the level of forest functional group was closely related with the OA at the level of individual forest type (Supplementary Figure S1).



Kappa (k) values generally reflected OA, and were least for dNBRT for LW-R (0.33) and greatest for dNDVIT for OF-RS (0.77; Table 5). Substantial agreement (k > 0.61) between predicted and reference fire-severity data was indicated for the best-performing indices for OF-RS, both alone and when combined with the Inland Plains Woodland (Table 5). Moderate agreement (k > 0.41) was observed for all other index-forest group combinations, except for forest groups LW-R (0.33–0.36) and CF-S (0.37; Table 5), where kappa values indicated only fair agreement.



Large misclassification errors (i.e., difference of two or more severity classes between predicted and reference data) from the best-performing indices were generally low (<~10%) for forest groups OF-R, and W-R (Figure 3). Misclassifications by one class only (i.e., difference of only one fire-severity class between predicted and reference data such as an unburnt plot classified as low severity) in these forest groups varied among fire-severity classes, and were greatest for the low- and moderate-severity classes (Figure 3). Correct classification was also generally high (>50%) for OF-RS and CF-S, but varied markedly with index and severity class for Inland Plains Woodland and LW-R, consistent with variable and comparatively low commission and omission error values in these forests (Figure 3, Table 5).



The results of the combined classes (Table 5, lower panel) were comparable to those obtained for individual groups separately (Table 5, upper panel), indicating that the same level of accuracy was achieved when a single set of thresholds were derived for each of the combined groups.



Applying thresholds that combined the transition from unburnt and low severity to moderate and high severity (Supplementary Table S5) markedly increased the accuracy of fire-severity predictions. Overall accuracy (OA) was consistently high for all forest groups or types, ranging from 0.77 to 0.88 (Table 6). Commission errors ranged from 0 to 0.17 for the moderate/high severity combination, indicating low overall incidence of false positives across forest types. In addition, omission errors were universally low (<0.13) for the unburnt/low combination indicating reliable classification of plots, where tree crowns were largely untouched by fire.





4. Discussion


To our knowledge, this study presents one of the most comprehensive analyses of fire severity estimation from remote sensing data in Australia, and is the only one that examines the individual capacity of the most commonly-used optical spectral indices for fire-severity assessment in different forest types in temperate Australia. Our results confirmed that fire severity can be reliably estimated from optical images. However, we also demonstrate that estimation accuracy depends on proper matching of spectral indices with forest types and fire-response traits.



4.1. One Size Doesn’t Fit All: Index Suitability Varies with Forest Type


The results from our index sensitivity analysis indicated that index capacity to separate among the four defined severity classes differed among forest types. This is consistent with understanding that the suitability of different spectral indices to map fire severity varies with the characteristics of the dominant vegetation [71,72]. Nevertheless, our results also indicated that the more sensitive, and thus, best-performing indices were comparable among forest types with similar structure (canopy height and canopy cover) and fire-regeneration strategy. This suggests that functionally-similar forest types have similar spectral responses, and thus, that the same index could be collectively used for those forest types.



The dNBR index was the best performing index for the most extensive resprouter forests (OF-R and W-R), which are characterised by sparse (10–30%) to mid-dense (30–70%) projective foliage cover, and dominated by fire-tolerant resprouter species. This is in agreement with a previous study [31], which indicated that dNBR outperformed other spectral indices (including dNDWI and dNDVI) that were not based on the SWIR2 band (2.08 to 2.35 µm) because of its higher capacity to capture a larger range of variation in post-fire effects. The NBR is based on a relationship between plant and soil reflectance, with plants accounting for much of the NIR reflectance and soils for SWIR2 [62]. The dNBR accurately detects changes in that relationship, as plant-derived reflectance decreases and soil reflectance increases with increasing fire severity. Open forest and woodlands with low to moderate cover would offer a clear and gradual change in plant and soil signal with fire severity. The dNBR index has been identified as a robust index for mapping fire severity over a broad range of forests and shrublands [17,47], and has received support to be used operationally in post-fire land management projects [21].



While robust for the main resprouter forests, dNBR did not perform well for the other forest types, which included those with closed canopies and/or seeder species (CF-R, CF-S, OF-RS). The Normalised Difference Water Index (dNDWI) was the best-performing index for closed forest dominated by obligate seeders, and second best for resprouter open forest and woodlands. Lower overall performance of dNDWI in resprouter forests when compared to dNBR could, as suggested by Veraverbeke et al. [11], be related to the differential responses of SWIR2 (band TM7) and SWIR1 (band TM5), and the capacity of the former to capture a larger range of variation in post-fire effects. This interpretation is consistent with results from Epting et al. [19] for boreal mixed-species forests, from Escuin, Navarro, and Fernandez [17], for the forests of southern Spain, and from Harris et al. [21], for chaparral ecosystems in Southern California.



Three indices, dNDVI, dNDVIT, and dMSAVI were the most sensitive for two forest types of relatively limited distribution: Riparian forest (OF-RS) and Inland Plains Woodland (W-R). These results are in agreement with previous studies in coniferous species [73], temperate rain forests [74] and pine-dominated, cool temperate forests [75], which found the dNDVI outperformed other spectral indices for fire-severity characterisation. Nonetheless, our results supporting the utility of the thermally-enhanced version dNDVIT index are in contrast with findings from Harris et al. [21], who found that the thermally-enhanced version of dNDVI did not improve fire severity assessment in chaparral ecosystems.



None of the evaluated spectral indices were able to discriminate among fire-severity classes in rainforest. This was at least partly due to the low relative occurrence of wildfires in this typically moist and closed forest type, leading to less available reference data. The rainforest also typically occurs in gullies surrounded by steep slopes, and is characterised by complex and sometimes dense understorey strata, all of which could contribute to a more variable reflectance signature at the 30-m resolution of the Landsat data.



Two of the evaluated indices, BAI and MIRBI, were consistently poor performers across all forest types. BAI has been identified as one of the best indices to map burnt areas [58], but our study suggests that it is not suitable for distinguishing fire-severity classes in temperate eucalypt forests. Our results agree with Harris et al. [21], who noted the similarly weak performance of BAI and MIRBI indices in fire severity assessments, but are in contrast to the findings of Lu He and Tong [76] for fire-severity assessments in grasslands.



In agreement with previous studies of fire-severity in coniferous forest, broadleaved forest, shrublands and olive groves forest [11], chaparral ecosystems [21], and temperate rain forests [74], none of the thermal indices performed better than the non-thermal in all forest functional groups within our study. However, their decreased performance may be the results of the reduced spatial resolution of the thermal channel (120 m) which could result in an increased number of mixed-severity pixels.




4.2. Accuracy of Fire Severity Estimates Using Forest-Specific Indices


Our levels of overall accuracy for classifying fire severity ranged from 0.50 to 0.82, with kappa values ranging from 0.33 (fair agreement) to 0.77 (substantial agreement) depending on the forest group and index. Our highest accuracy was comparable with the overall 0.83 accuracy (kappa coefficient = 0.76) for pine-dominated cool temperate forest elsewhere [75], and our forest group accuracies of 0.77 to 0.84 for dNBR were also consistent with those reported elsewhere [19,77,78]. The dNBR overall accuracy in this study also agreed with results for fire severity classification in temperate rain forests (overall accuracy of 78%, kappa 0.59; [73]. Our kappa values also agreed with kappa values (0.38 to 0.64) in a study that evaluated 13 spectral indices derived from Landsat TM and ETM+ data in boreal forests dominated by black spruce or mixed black/white spruce [19]. Higher classification accuracies can be achieved when implementing machine learning techniques to map fire severity [9,79,80]), which is expected, given the difference between multivariate and single index approaches. However, the machine learning tendency to overfit may result in reduced accuracies when classification is implemented out of the set of training data [79]. A single index approach is robust, analytically simple, and it is already implemented operationally by land managers [9]. However, for particular forest types (i.e., close forest), more complex approaches might be needed, as single indices could not provide sufficiently accurate results.



Combining forests with the same best-performing indices did not appreciably change the overall accuracies. This result is highly relevant to land managers, as it reduces the number of indices and thresholds required to map fire severity across heterogeneous forested landscapes, and facilitates the operational use of these indices.



Commission errors indicated that there was tendency to misclassify plots in the moderate severity class, while omission errors suggested that high severity plots tended to be misclassified into other classes. These errors could be partly due to the growth of ground and understory vegetation within the temporal interval between fire and post-fire image acquisition date. Our results showed that in most cases, particularly for the best index per forest functional group, misclassification was typically by one class only, with a smaller percentage of plots misclassified by two or more classes. Misclassification between moderate and high severity classes are not un-common in fire severity estimation from remote sensing data, as has been addressed in previous studies in temperate rain forests, pine-dominated cool temperate forest, and chaparral ecosystems [74,75,78].



As expected, overall accuracies increased to between 0.77 and 0.88 when the four fire severity classes were reduced to two (Unburnt and Low vs. Moderate and High). This indicates significant benefits from our approach, i.e., by identifying the best-performing spectral indices by broad forest groups, managers can confidently distinguish between areas where a high proportion of forest crowns have been scorched or burnt from unburnt or mildly burnt areas, and thereby, identify priorities for forest restoration, recovery, and monitoring.





5. Conclusions


In summary, the aim of the current study was threefold. Firstly, our three methods of evaluation confirmed that there is no single spectral index that will reliably distinguish fire-severity classes in all forest types (although there are some that were unreliable for all forest types). Our findings also indicate that index performance is similar among forest types with similar functional characteristics (structure and regeneration strategy of dominant canopy species). Therefore, the same index could be used for forest types within the same broad functional group.



Second, the dNBR and the dNDWI indices proved to be reliable for classifying fire severity in two of the main forest resprouter forest groups of open to sparse structure (OF-R and W-R), and dNDWI was also identified as the best-performing index for the main closed forest group (CF-S). Of the remaining indices, dNDVI, dNDVIT, and dMSAVI were most useful for less common forest types (Inland Plains Woodland resprouter, W-R, and Riparian forest, OF-RS). We found that none of the tested indices could distinguish fire severity in rainforest, and dMIRBI and dBAI were consistently the worst-performing indicators in all forest groups.



Third, the overall accuracy of indices ranged from fair (OA ~ 0.5) in closed forest types to strong (OA ~ 0.8) in open forests. The percentage of large misclassifications for the best-performing indices was relatively small, with less than 10% of plots misclassified by more than one class in most forest groups. Our findings indicate that three spectral indices (dNBR, dNDWI, and dNDVI), each with a unique set of thresholds, could be used to map fire severity across most forest types that are regularly burnt by wildfire in south eastern Australia.
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The following are available online at http://www.mdpi.com/2072-4292/10/11/1680/s1. Figure S1: Scatterplot between overall accuracies (OA) estimated using defined thresholds in the best-performing index by forest type (i.e., mean of multiple forest types per group) and by forest functional group, indicating similar levels of accuracy at the two levels of forest classification, Figure S2: Boxplots of 10 difference indices between pre- and post-fire spectral indices derived from Landsat satellite images at four different fire severity classes (unburnt, low, moderate and high severity) for all individual forest types. (Means that do not share a letter are statistically significant different), Figure S3: M values indicating the capacity of 10 spectral indices to distinguish between fire-severity classes for resprouter (R), obligate seeder (S) and mixed traits (RS) forest types, Figure S4: Bar charts for median values of spectral indices’ optimality derived from Landsat satellite images at four different classes: unburnt to low, moderate and high severity) for the resprouter (R), obligate seeder (S) and mixed traits (RS) forest ecosystems, Table S1: Numbers of reference plots for fire severity analysis by forest type, Table S2: Landsat 5 TM images used to compute spectral indices of the reference plots (bands used: 3 ÷ 7), Table S3: A summary of scores for all ten spectral indices from three methods of evaluation by forest type. Higher values in all cases indicates greater capacity to discriminate between fire-severity classes (i.e., a total score of 3 indicates strong discrimination by all three evaluation methods), Table S4: Thresholds for selected spectral indices for fire severity assessment by forest groups or type, Table S5: Thresholds by forest type for selected spectral indices of the transition from Unburnt and Low (UL) to Moderate and High (MH) fire severity.
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Figure 1. Map of study area and locations of reference plots for fire severity analysis. (a) Victoria highlighted (grey) in the map of Australia; (b) Locations of study areas within Victoria, with grey boxes indicating the extent of Landsat 5 TM scenes used for this study (named by path and row), and the relative location of reference plots (field plots, FP, and aerial photo interpretation plots, API). (c) 2006 fire within Landsat scene 94086 (i.e., path 94, row 86); (d) 2009 fire within Landsat scene 92086. Landsat scenes (c,d) are post-fire RGB images based on a combination of Landsat bands 5, 4, 3. 
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Figure 2. Optimality approach for evaluating a spectral index [11,17,62]. This figure shows an example of the pre- and post-fire trajectory of a pixel in the TM4 − TM3, TM4 − TM5 or TM4 − TM7 feature space. 
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Figure 3. Summary of classifications and misclassifications resulting from the use of fire-severity thresholds for best-performing indices by forest functional group. Misclassifications are indicated as a difference of only one fire-severity class between predicted and reference data (e.g., an unburnt plot classified as low severity), or as a difference of two or more severity classes (e.g., unburnt plot classified as moderate or high severity). 
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Table 1. Description of forest types and forest functional groups.






Table 1. Description of forest types and forest functional groups.





	
Forest Type a

	
Regeneration Strategy b

	
Tallest Stratum Genus c

	
Height of Tallest Stratum

	
Over-Storey Canopy Cover

	
Projective Foliage Cover of Tallest Stratum

	
Group d




	
Dense (70–100%)

	
Mid-dense (30–70%)

	
Spare (10–30%)






	
Tall Mist Forest

	
S

	
E

	
30 m

	
40%

	
CF

	

	

	
CF-S




	
Moist Forest (S)

	
S

	
E

	
30 m

	
90%

	
CF

	

	




	
Closed-forest

	
R

	
E/A

	
25 m

	
50%

	
CF

	

	

	
CF-R




	
Grassy/Heathy Dry Forest

	
R

	
E

	
10–30 m

	
20–30%

	

	
OF

	

	
OF-R




	
Tall Mixed Forest

	
R

	
E

	
20–30 m

	
40–60%

	

	
OF

	




	
Foothills Forest

	
R

	
E

	
15–25 m

	
25–40%

	

	
OF

	




	
Forby Forest

	
R

	
E

	
15–30 m

	
20–40%

	

	
OF

	




	
Moist Forest (R)

	
R

	
E

	
25–30 m

	
30–40%

	

	
OF

	




	
High Altitude Shrubland/Woodland

	
R

	
E

	
15 m

	
15–20%

	

	

	
W

	
W-R




	
Riverine Woodland/Forest

	
R

	
E

	
15 m

	
10%

	

	

	
W




	
Inland Plains Woodland

	
R

	
E

	
15 m

	
15–30%

	

	
W

	




	
Lowan Mallee

	
R

	
E

	
7 m

	
25%

	

	

	
LW

	
LW-R




	
Broombush Whipstick

	
R

	
E

	
3 m

	
30%

	

	

	
LW




	
Riparian (higher rainfall)

	
RS

	
E

	
30 m

	
40%

	

	
OF

	

	
OF-RS








a Forest type were adopted from EVD names and associated structural data [36]; b R: resprouter; S: obligate seeder; RS: mix of both resprouter and obligate seeder; classifications based on predominant fire-response traits of the dominant tree species [39,43,44]; c Tallest stratum genus data were derived from the Ecological Vegetation Classes (EVC) benchmarks database at DELWP - E: Eucalypt spp [45], E/A: Elaeocarpus/Atherosperma; d OF: open forest; CF: closed forest: W: woodland; LW: low woodland [46]. 
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Table 2. Spectral indices for assessing fire severity; the delta version of each index, as the difference between pre- and post-fire values were tested in this study.
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	Spectral Index
	
	Formula *
	References





	Normalised Difference Vegetation Index
	NDVI
	   NDVI =      (  NIR − RED  )     (  NIR + RED  )      
	[54,55]



	Normalised Burn Ratio
	NBR
	   NBR =      (  NIR   −   SWIR 2  )     (  NIR   +   SWIR 2  )      
	[18,56]



	Normalised Difference Water Index
	NDWI
	   NDWI =      (  NIR   −   SWIR 1  )     (  NIR   +   SWIR 1  )      
	[57]



	Normalised Difference Vegetation Index Thermal
	NDVIT
	   NDVIT =      (  NIR   −   RED * TIR  )     (  NIR   +   RED * TIR  )      
	[29,30]



	Normalised Burn Ratio Thermal
	NBRT
	   NBRT =      (  NIR   −   SWIR 2 * TIR  )     (  NIR   +   SWIR 2 * TIR  )      
	[29]



	Vegetation Index 6 Thermal
	VI6T
	   VI 6 T =      (  NIR   −   TIR  )     (  NIR   +   TIR  )      
	[30]



	Burned Area Index
	BAI
	   BAI =    1     (  0.1   +   RED  )   2  +    (  0.06   +   NIR  )   2      
	[58]



	Modified Soil Adjusted VegetationIndex
	MSAVI
	   MSAVI =   2 * NIR + 1 −      (  2 * NIR + 1  )   2  − 8 *  (  NIR − RED  )     2    
	[59]



	Mid InfraRed Burn Index
	MIRBI
	   MIRBI = 10 * SWIR 2 + 9.8 * SWIR 1 + 2   
	[15]



	Char Soil Index
	CSI
	   CSI =     NIR   SWIR 1     
	[60]







* RED: Band 3–Visible red (0.63 to 0.69 µm); NIR: Band 4–Near-infrared (0.76 to 0.90 µm); SWIR1: Band 5–Shortwave infrared 1 (1.55 to 1.75 µm); TIR: Band 6–Thermal (10.4 to 12.5 µm); SWIR2: Band 7–Shortwave infrared 2 (2.08 to 2.35 µm). 
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Table 3. Criteria for scoring the capacity of each spectral index to distinguish between fire-severity classes at forest type level based on ANOVA, the Separability index (AVG M, Equation (2)) and Optimality (AVG O, Equation (4)) index.
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	Scores
	ANOVA
	Separability Index
	Optimality Index





	1
	The index significantly distinguishes all 4 fire severity classes
	AVG Separability > 1
	AVG Optimality > 0.75



	0.75
	The index significantly distinguishes 3 fire severity classes
	0.75 ≤ AVG Separability ≤ 1
	0.5 ≤ AVG Optimality ≤ 0.75



	0
	The index significantly distinguishes less than 3 fire severity classes
	AVG Separability < 0.75
	AVG Optimality < 0.5
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Table 4. Summary of the total scores by forest type and the average scores by forest group for each spectral index. Total scores are the sum of scores from three evaluation methods (Table 3), with a score of 3 indicating strong discrimination between fire-severity classes by all three methods (Supplementary Table S3). The two best indices for each forest group are indicated in bold.
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Forest Type

	
Forest Group (FG)

	
FG Code

	
Summary Total Scores for all Spectral Indices by Three Methods




	
dNDVI

	
dNBR

	
dNDWI

	
dNBRT

	
dNDVIT

	
dVI6T

	
dBAI

	
dMSAVI

	
dMIRBI

	
dCSI






	
Moist Forest (S)

	
CF-S

	
6

	
2

	
2.5

	
2.75

	
2.5

	
2

	
2

	
1.75

	
2

	
0

	
1.75




	
Tall Mist Forest

	
CF-S

	
6

	
0.75

	
0

	
1.5

	
0.75

	
0

	
0.75

	
0.75

	
1.5

	
0

	
0.75




	
AVG for CF-S

	

	

	
1.38

	
1.25

	
2.13

	
1.63

	
1.00

	
1.38

	
1.25

	
1.75

	
0.00

	
1.25




	
Closed-forest

	
CF-R

	
2

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0




	
Grassy/heathy Dry Forest

	
OF-R

	
1

	
0.75

	
2.75

	
2.5

	
2.75

	
1.75

	
1

	
0

	
0.75

	
0

	
1.75




	
Tall Mixed Forest

	
OF-R

	
1

	
0.75

	
0.75

	
0.75

	
0

	
0.75

	
0.75

	
0

	
0.75

	
0

	
0




	
Foothills Forest

	
OF-R

	
1

	
1

	
2.5

	
2.5

	
2.5

	
1.75

	
2.5

	
0.75

	
1

	
0.75

	
1.75




	
Forby Forest

	
OF-R

	
1

	
1.5

	
2.5

	
2

	
1.5

	
0.75

	
1.5

	
0

	
1.5

	
0

	
0.75




	
Moist Forest (R)

	
OF-R

	
1

	
0.75

	
2.5

	
1.75

	
1.5

	
0.75

	
1.5

	
0.75

	
0.75

	
1.75

	
1




	
AVG for OF-R

	

	

	
0.95

	
2.2

	
1.9

	
1.65

	
1.15

	
1.45

	
0.3

	
0.95

	
0.5

	
1.05




	
High Altitude Shrubland/Woodland

	
W-R

	
3

	
1.75

	
3

	
2.75

	
2

	
1.75

	
2.5

	
0.75

	
1.75

	
0

	
2




	
Inland Plains Woodland

	
W-R

	
3

	
1.5

	
0.75

	
0.75

	
0.75

	
1.5

	
0.75

	
0

	
1.5

	
0.75

	
0.75




	
Riverine Woodland/Forest

	
W-R

	
3

	
1

	
2.5

	
1.75

	
1.75

	
1

	
0.75

	
0

	
1

	
1

	
1.75




	
AVG for W-R

	

	

	
1.42

	
2.08

	
1.75

	
1.50

	
1.42

	
1.33

	
0.25

	
1.42

	
0.58

	
1.50




	
Lowan Mallee

	
LW-R

	
4

	
0.75

	
0.75

	
0

	
0.75

	
1.5

	
0

	
0

	
0.75

	
1.5

	
0




	
Broombush Whipstick

	
LW-R

	
4

	
0

	
1

	
0.75

	
1.75

	
0

	
0

	
0

	
0

	
1

	
0.75




	
AVG for LW-R

	

	

	
0.38

	
0.88

	
0.38

	
1.25

	
0.75

	
0.00

	
0.00

	
0.38

	
1.25

	
0.38




	
Riparian

	
OF-RS

	
5

	
1.75

	
0.75

	
0.75

	
1

	
1.5

	
0.75

	
0

	
1.5

	
0

	
0.75
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Table 5. Error assessment of fire-severity predictions (four classes) based on estimated thresholds for the best-performing spectral indices by forest functional group or forest type.
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Forest Group

	
Spectral Indices

	
OA

	
Kappa

	
Commission Error *

	
Omission Errors *




	
U

	
L

	
M

	
H

	
U

	
L

	
M

	
H






	
Forest functional groups

	

	

	

	

	

	

	

	

	

	

	




	
OF-R

	
dNBR

	
0.68

	
0.53

	
0.41

	
0.69

	
0.12

	
0.32

	
0.25

	
0.45

	
0.41

	
0.11




	
OF-R

	
dNDWI

	
0.60

	
0.44

	
0.38

	
0.7

	
0.18

	
0.42

	
0.16

	
0.43

	
0.54

	
0.18




	
W-R

	
dNBR

	
0.69

	
0.56

	
0.54

	
0.68

	
0.13

	
0.16

	
0.03

	
0.53

	
0.43

	
0.09




	
W-R

	
dNDWI

	
0.62

	
0.47

	
0.57

	
0.7

	
0.21

	
0.25

	
0.08

	
0.55

	
0.53

	
0.14




	
W-R (Inland Plains Woodland)

	
dNDVI

	
0.56

	
0.41

	
0.62

	
0.55

	
0.17

	
0.33

	
0.5

	
0.5

	
0.64

	
0.09




	
W-R (Inland Plains Woodland)

	
dNDVIT

	
0.56

	
0.41

	
0.56

	
0.53

	
0.33

	
0.33

	
0.6

	
0.3

	
0.71

	
0.09




	
W-R (Inland Plains Woodland)

	
dMSAVI

	
0.58

	
0.44

	
0.58

	
0.5

	
0.17

	
0.33

	
0.5

	
0.4

	
0.64

	
0.09




	
LW-R

	
dNBR

	
0.52

	
0.36

	
0.43

	
0.64

	
0.43

	
0.5

	
0.2

	
0.77

	
0.43

	
0.55




	
LW-R

	
dNBRT

	
0.50

	
0.33

	
0.42

	
0.76

	
0.44

	
0.47

	
0.28

	
0.82

	
0.39

	
0.55




	
OF-RS

	
dNDVI

	
0.78

	
0.70

	
0.1

	
0.37

	
0

	
0.25

	
0.1

	
0

	
0.36

	
0.36




	
OF-RS

	
dNDVIT

	
0.82

	
0.77

	
0.17

	
0.4

	
0

	
0

	
0

	
0.1

	
0.09

	
0.43




	
OF-RS

	
dMSAVI

	
0.78

	
0.71

	
0.1

	
0.44

	
0

	
0.1

	
0.1

	
0

	
0.36

	
0.36




	
CF-S

	
dNDWI

	
0.52

	
0.37

	
0.39

	
0.69

	
0.28

	
0.46

	
0.49

	
0.45

	
0.57

	
0.35




	
Combinations of forest groups **

	

	

	

	

	

	

	

	

	

	

	




	
OF-R + W-R

	
dNBR

	
0.67

	
0.52

	
0.45

	
0.74

	
0.17

	
0.22

	
0.17

	
0.56

	
0.42

	
0.13




	
OF-R + W-R

	
dNDWI

	
0.60

	
0.44

	
0.42

	
0.72

	
0.22

	
0.35

	
0.2

	
0.49

	
0.53

	
0.17




	
OF-RS + W-R(Inland Plains Woodland)

	
dNDVI

	
0.67

	
0.56

	
0.3

	
0.47

	
0.21

	
0.23

	
0.3

	
0.11

	
0.54

	
0.32




	
OF-RS + W-R(Inland Plains Woodland)

	
dNDVIT

	
0.72

	
0.62

	
0.28

	
0.49

	
0.07

	
0.1

	
0.35

	
0.05

	
0.46

	
0.24




	
OF-RS + W-R(Inland Plains Woodland)

	
dMSAVI

	
0.74

	
0.65

	
0.27

	
0.41

	
0.07

	
0.17

	
0.2

	
0.11

	
0.46

	
0.24








* U, L, M and H stand for unburnt, low, moderate and high fire-severity classes; ** Forest groups were combined based on the similar responses observed for OF-R and W-R, as well as for OF-RS and Inland Plains Woodland (W-R); after combination, we calculated new thresholds and estimated their accuracy metrics.
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Table 6. Error assessment of fire-severity predictions (unburnt and low, UL, compared with medium and high, MH) based on thresholds for the best-performing spectral indices by forest group.






Table 6. Error assessment of fire-severity predictions (unburnt and low, UL, compared with medium and high, MH) based on thresholds for the best-performing spectral indices by forest group.





	
Forest Group

	
Spectral Indices

	
OA

	
Kappa

	
Commission Error *

	
Omission Errors *




	
UL

	
MH

	
UL

	
MH






	
OF-R

	
dNBR

	
0.84

	
0.61

	
0.43

	
0.02

	
0.05

	
0.19




	
OF-R

	
dNDWI

	
0.82

	
0.58

	
0.45

	
0.02

	
0.07

	
0.2




	
W-R

	
dNBR

	
0.81

	
0.56

	
0.47

	
0.02

	
0.07

	
0.22




	
W-R

	
dNDWI

	
0.79

	
0.51

	
0.5

	
0.03

	
0.1

	
0.23




	
W-R (Inland Plains Woodland)

	
dNDVI

	
0.84

	
0.70

	
0.26

	
0

	
0

	
0.28




	
W-R (Inland Plains Woodland)

	
dNDVIT

	
0.82

	
0.65

	
0.29

	
0

	
0

	
0.32




	
W-R (Inland Plains Woodland)

	
dMSAVI

	
0.84

	
0.70

	
0.26

	
0

	
0

	
0.28




	
LW-R

	
dNBR

	
0.77

	
0.54

	
0.27

	
0.17

	
0.13

	
0.33




	
LW-R

	
dNBRT

	
0.77

	
0.54

	
0.27

	
0.17

	
0.13

	
0.33




	
OF-RS

	
dNDVI

	
0.87

	
0.74

	
0.23

	
0

	
0

	
0.24




	
OF-RS

	
dNDVIT

	
0.87

	
0.74

	
0.23

	
0

	
0

	
0.24




	
OF-RS

	
dMSAVI

	
0.82

	
0.65

	
0.29

	
0

	
0

	
0.32




	
CF-S

	
dNDWI

	
0.88

	
0.82

	
0.21

	
0

	
0

	
0.22
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