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Abstract

:

Wildfire is a major concern worldwide and particularly in Australia. The 2019–2020 wildfires in Australia became historically significant as they were widespread and extremely severe. Linking climate and vegetation settings to wildfires can provide insightful information for wildfire prediction, and help better understand wildfires behavior in the future. The goal of this research was to examine the relationship between the recent wildfires, various hydroclimatological variables, and satellite-retrieved vegetation indices. The analyses performed here show the uniqueness of the 2019–2020 wildfires. The near-surface air temperature from December 2019 to February 2020 was about 1 °C higher than the 20-year mean, which increased the evaporative demand. The lack of precipitation before the wildfires, due to an enhanced high-pressure system over southeast Australia, prevented the soil from having enough moisture to supply the demand, and set the stage for a large amount of dry fuel that highly favored the spread of the fires.






Keywords:


Australia wildfires; extreme events; hydroclimatology; ecology; remote sensing; climate change; drought












1. Introduction


Wildfires are one of the major environmental concerns in Australia that are widespread and occur regularly. They have significantly shaped the nature of the continent over millions of years. However, the wildfires that occur virtually every summer have devastating outcomes. The 2019–2020 wildfire season killed 33 people, destroyed over 3000 homes, razed almost 19 million hectares, and exterminated about one billion animals, including several endangered species. The 2019–2020 Australian bushfire season began with several serious uncontrolled fires in June 2019. Throughout the summer, hundreds of fires burned in southeast Australia with the major peak during December and January. In eastern and northeastern Victoria, large forest areas burned at an unstoppable rate for four weeks. There has been considerable debate regarding the underlying cause of the intensity and scale of the fires, including climate change, which brought significant international attention to this event [1,2,3].



Wildfires have been extensively studied both in Australia and around the globe. There is significant evidence that demonstrates a growth in the frequency, spatial extent, and severity of wildfires in several areas around the globe. For instance, Jolly et al. [4] used three daily global climate datasets and three fire danger indices to develop a simple annual metric of fire weather season length, and map spatiotemporal trends from 1979 to 2013. They showed that fire weather seasons have lengthened across 29.6 million km2 (25.3%) of the Earth’s vegetated surface, resulting in an 18.7% increase in the global mean fire weather season length. Such tendencies have also been linked to climate change. For example, Bradstock et al. [5] modeled fire events using FIRESCAPE to simulate landscape fires, weather and fuel dynamics, and treatments in the Sydney region, indicating that climate change affects fire regimes extensively. In addition, Liu et al. [6] investigated the trend in global wildfire potential under climate change due to the greenhouse effect using General Circulation Models (GCMs). They reported that future wildfire potential increases significantly in the United States, South America, Central Asia, southern Europe, southern Africa, and Australia.



One way to analyze the relationship between wildfires and hydroclimate is to observe signals in climate variables before and during the wildfires. The relationship between climate, meteorological conditions, and fires is well known; the most destructive fires are usually preceded by extremely high temperatures, low relative humidity, and strong winds, which combine to create ideal conditions for the rapid spread of fire [7]. In recent decades, the climate has changed by an increase in the mean temperature on a global scale [8]. Because this increase has been especially noticeable since the 1970s, it is possible to examine whether the changing climate has already affected the frequency and magnitude of wildfires [7,9]. In particular, Australia shows one of the most variable climates due to inter-annual rainfall caused by El Niño Southern Oscillation (ENSO) [10].



The main issue in using climate variables for the study of wildfires is the lack of data availability in many places, especially when long records are required. Lack of spatially-comprehensive climate data on regional variation in fire regimes, and statistical limitations associated with the temporal extent of instrumental records are among the many challenges of studying wildfires. Fortunately, remote sensing and observational products can help manage these challenges by providing both temporally and spatially comprehensive datasets. Remotely sensed data are useful for the identification of the extent and intensity of wildfires. For example, Cattau et al. [11] used Moderate Resolution Imaging Spectroradiometer (MODIS) Fire Radiative Power (FRP) data from 2003 to 2016 to show that fires, especially in the western United States, are becoming larger and more frequent over time. In a similar study, Vadrevu et al. [12] mapped the trends of fires in southeast Asia, concluding that the highest fire count occurs in Indonesia. Hence, the MODIS FRP dataset is a reliable source for identifying the extent of the fires. In addition, Vadrevu et al. [13] quantified the fire hotspots in India using the fire pixel from the Fire Information for Resource Management System (FIRMS). In addition to supporting the use of the FIRMS dataset, they found that the intensity of fires in evergreen forest regions is higher compared to other surface types.



A large-scale synoptic pattern that can be represented by 500 hPa geopotential height along with 10-m wind is often studied in relation to wildfires [14,15]. The 10-m wind brings dry air mass to wildfire-prone areas, making the environment more favorable for wildfires. Garcia-Ortega et al. [14] demonstrated that the 500 hPa geopotential height is helpful to characterize the synoptic pattern during wildfire season in Spain. They showed that wildfire events caused by lightning are closely related to the triggering of convective clouds, which is directly linked to a favorable synoptic environment for the convective organization. Zhong et al. [15], using statistical analysis (i.e., composite Empirical Orthogonal Function (EOF) and self-organizing map), found that the dominant anomalous 500 hPa synoptic pattern associated with the occurrence of large wildfire events over the northwestern United States is characterized by positive height anomalies over the western United States. They also noticed that the environment becomes more favorable for wildfires due to the dry air mass transported by the dominant anomalous 10-m winds from central Canada.



The relationship between wildfires and local hydroclimatic variables is investigated in several studies as well. Well known is the impact of the root zone Soil Moisture (SM) in the availability of water required by plants to perform photosynthesis. Long-duration droughts introduce stress on vegetations, reduce vegetation water content, and amplify the risk of wildfires. Several studies have linked SM to the risk of wildfires, including the study by Krueger et al. [16] that compared an SM-based index against the traditional ones showing a better predictive capacity. Similarly, Chaparro et al. [17] studied SM with temperature trends to predict the extent of wildfires. The impact of the precedent SM state also has a large impact on how prone to wildfires the different zones are, and SM in combination with other variables has shown potential to be used for fire prediction [18,19,20,21]. Temperature also influences the wildfires’ behavior dramatically. Specifically, drought and high temperatures are strongly correlated to potential megafires in areas with dry vegetation [22].



In the same context, global climate change models predict warmer and drier conditions in the coming decades, which will increase the frequency, size, and intensity of fire events [23]. According to Balling et al. [24], the increasing temperature in the fire season, decreasing precipitation, and increasing drought conditions in the antecedent season increase the likelihood of wildfires. Recent studies have supported this relationship as well [25,26,27,28]. Precipitation is one of the most important factors controlling fuel moisture content and plant growth, and there is a high correlation between phenological cycle peak, integrated greenness, and monthly Southern Oscillation Index (SOI). Evapotranspiration is the only connecting component of water and energy balances. Due to the complex interactions between soil, water, vegetation, and atmosphere, Actual Evapotranspiration (AET) is probably one of the most impacted variables by wildfire [29,30,31]. There are limited studies that have focused on the wildfire-evapotranspiration relationship. Poon et al. [32] explored the spatial and temporal changes in evapotranspiration following the 2011 Las Conchas fire in New Mexico (United States) using the Operational Simplified Surface Energy Balance (SSEBop) model. They reported an average annual decrease of 120 mm of evapotranspiration within the regions affected by the Las Conchas fire. In addition, Vapor Pressure Deficit (VPD) can provide valuable information for drought early detection and can be used as the drought proxy for wildfire analysis [33,34,35].



Vegetation indices derived from optical remote sensing have been used to monitor aboveground biomass, vegetation density, and live fuel moisture for many regions throughout Australia [36,37,38,39]. Normalized Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) can be used as proxies for vegetation properties and utilized by algorithms to retrieve values of fuel mass and water content [40,41]. NDVI and LAI have also been used directly by models to predict wildfire risk, severity, and extent [42,43]. During the growing season, high NDVI and LAI values generally indicate healthy and productive vegetation, while decreasing values generally indicate that vegetation is unhealthy and stressed due to moisture limitations or environmental disturbances that inhibit photosynthesis or reduce the growth of leaves [44,45]. In this case, areas that exhibit anomalously low NDVI and LAI can be attributed to vegetation that is drier and more flammable, thus signaling an increased risk of a wildfire [44,45]. Predominant vegetation classes must be considered when deriving live fuel moisture at large scales due to the spatial variability of plant physiology and phenology [46]. However, optical vegetation indices are limited by cloud cover and saturate quickly in dense vegetation, making it challenging to monitor fire risk for many regions throughout Australia from optical remote sensing alone [47]. Vegetation Optical Depth (VOD) from passive microwave observations experiences minimal attenuation by the atmosphere and is much slower to saturate in dense canopies [48]. While optical indices return information from the top surface of vegetation only, VOD is derived from the energy that passes through the entire vertical structure of vegetation and is more directly sensitive to the amount of water contained in both its photosynthetic and non-photosynthetic components [47,49]. Furthermore, VOD products derived for separate microwave channels can be used to distinguish and monitor specific structural features of vegetation (e.g., woody trunks and stems vs. leaves) [50,51]. Thus, VOD can be used in tandem with indices such as NDVI and LAI to enhance the measurement of biomass, live fuel moisture content, and to assess fuel conditions before wildfire events [52,53].



The main objective of this study was to understand the relationships between the 2019–2020 wildfire season and its climate and vegetation settings. This understanding can help to improve the prediction of the severity of the wildfires in the future and provide some insights into the behavior of future wildfires under climate change.




2. Material and Methods


2.1. Study Area


The Region of Interest (ROI) for this study was defined as the burned areas over Australia from December 2019 to February 2020. The burned areas were obtained from MODIS-MCD64A1 collection 6 product, identified through tracking rapid changes in daily surface reflectance time-series. These changes in surface reflectance are due to charcoal and ash deposits, removal of vegetation, and alteration of vegetation structure during fire events. As the land-cover types in the burned area could be grouped into two very different main classes, including short vegetation (e.g., grasslands and open shrublands) and evergreen forest, the portion of the total burned area covered with evergreen forest (17.84%; Supplementary Materials Figure S1) was analyzed beside the total burned area. Figure 1 shows that the majority of the burned areas located in southeast Australia were related to evergreen forests (including both broadleaf and needle leaf) that were close to populated residential regions, supporting the decision to investigate the burned evergreen forests separately.




2.2. Datasets


Table 1 summarizes datasets used in this study. The FRP was retrieved from the MODIS MOD14 version 6 product, which is a daily level 2 product generated with 5-min temporal swaths and pixel size of 1 km. Fire pixel counts (FPC) data retrieved from brightness temperature was obtained from the FIRMS dataset. The 500 hPa geopotential height and the 10-m winds data were obtained from the National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) reanalysis monthly means product. The spatial resolution of the dataset is 2.5° × 2.5° with 17 pressure levels, available from 1948 to the present.



Access to reliable long-term records of soil moisture with sufficient resolution and spatial coverage is a challenge. Point measurements, although probably more precise, are sparse and have a very limited spatial representativeness. Satellite-based remotely sensed products of soil moisture offer an adequate balance between accuracy and spatial coverage, although the temporal extent of the records is not adequate to have a climatological perspective; for instance, retrievals from the Soil Moisture Active Passive (SMAP) are only available since 2015; while Gravity Recovery and Climate Experiment (GRACE) retrievals are not limited to the root zone, their resolution is too coarse for this purpose. On the other hand, models provide good resolution and larger records, although their accuracy varies largely among different models. The Global Land Data Assimilation System (GLDAS) version 2.1 was chosen for soil moisture due to its wide use, availability, and broad validation [54]. The root zone soil moisture is available globally at a resolution of 0.25° × 0.25° every 3 h from NASA. GLDAS is the result of the NOAH Land Surface Model, forced with the National Oceanic and Atmospheric Administration/Global Data Assimilation System atmospheric analysis fields, the disaggregated Global Precipitation Climatology Project (GPCP) precipitation field, and the Air Force Weather Agency’s AGRicultural METeorological modeling system radiation [55,56].



Air temperature data was recollected by using European Centre for Medium-Range Weather Forecasts (ECMWF) global reanalysis (ERA5). ERA5 covers the period from 1950 to the present with hourly resolution. The native horizontal grid is 30 km and resolves the atmosphere using 137 levels from the surface up to a height of 80 km. Integrated Multi-satellitE Retrievals for GPM (IMERG) V06 product was used for precipitation analysis. IMERG estimates precipitation rate by merging, interpolating, and inter-calibrating data from various microwave and infrared sensors. Using multiple data sources allows this product to offer fair spatial and temporal resolution (i.e., 0.1° × 0.1° from 90° N–90° S, 30 min).



The MODIS ET product was used for exploring actual and potential evapotranspiration over the ROI [57]. TerraClimate dataset was used to calculate and investigate VPD over the ROI. TerraClimate is a high-spatial-resolution dataset (1/24°, ~4 km) for global terrestrial surfaces from 1958–present. TerraClimate uses climatically aided interpolation, combining high spatial resolution climatological normals from the WorldClim dataset, with coarser resolution time-varying data from other datasets in order to produce a monthly dataset of precipitation, maximum and minimum temperature, wind speed, vapor pressure deficit, and solar radiation.



To assess the pre-fire condition of fuels (e.g., aboveground vegetation), several vegetation products derived using optical and passive microwave remote sensing were downloaded for the years 2003–2020. NDVI data from individual MODIS Terra and Aqua products (MOD131Q1.006 and MYD131Q1.006 respectively) and LAI data from a blended MODIS Aqua and Terra product (MCD15A3H.006) were used in this study. C-Band and X-Band VOD data from the Vegetation Optical Depth Climate Archive (VODCA) (Moesinger et al., 2020) were downloaded for the years 2003-2018. Land cover classes from MODIS (MCD12Q1) were downloaded and masked to the ROI.




2.3. Method of Data Processing and Analysis


In this study, anomalies of several variables were investigated for the period 2002–2020 for September-October-November (i.e., fire season in previous years and pre-fire season in the 2019–2020 fire season; SON) and December-January-February (DJF) to assess whether climate data reveal a fire season’s response to climate variabilities. The selection of these variables and indices was based on a comprehensive review of the available literature. Selected variables were categorized into four groups. The first group refers to the quantification of the wildfires through the FRP and the burned area. The second group includes geopotential height, wind speed, and ENSO. The third group corresponds to hydroclimatic variables, including root zone soil moisture, near-surface air temperature, precipitation, potential evapotranspiration (PET), actual evapotranspiration, and water vapor pressure deficit. Finally, the fourth group consists of vegetation indices, including LAI, NDVI, Enhanced Vegetation Index (EVI), and VOD.



For spatial analysis of 2019–2020 fire events, EOF also known as Principal Component Analysis (PCA) was applied to the FRP in DJF from 2002 to 2020 to obtain the dominant mode of the fire intensity and distribution during the 2019–2020 fire season. The computation involved the multiplication of the annual FRP anomaly and the vector variances of the first principal component (PC1). Significant differences in explained variance of the first two principal components indicate the existence of significant dominant modes or patterns. To make the computation manageable, the FRP datasets were regridded from 1 km to 10 km. Only FRP pixels with detection confidence greater than 40% were included in the computation following the methodology of Vadrevu et al. [12]. PCA was also performed on the geopotential height and 10-m wind to obtain the dominant mode of both variables during the 2019–2020 fire events. FPC data was used for time-series anomaly analysis in SON and DJF for each year relative to the mean FPC in the study period. This time-series allows to track the trend and change of FPC in the total burned area and the forested subset over the years.



Oceanic Nino Index (ONI) was used to identify the ENSO phase. ONI is a 3-month running mean of the Extended Reconstructed Sea Surface Temperature (ERSST) anomalies in the Niño 3.4 region (5° N–5° S, 120° E–170° W) relative to a single fixed 30-year base period [58]. Simple time-series of the ONI values were compared with that of FRP pixel counts from 2002 to 2020.



Each of the remaining variables were first masked to the extent of the fires during the 2019–2020 fire season (i.e., ROI) as shown in Figure 1. Then, masked variables were aggregated to monthly means for each pixel to finally be aggregated to a single monthly time-series containing the spatial average of all pixels in the mask. The mean annual cycle was computed by averaging each of the 12 months of the year during the period starting in January 2003 and ending in February 2020. Annual cycles of standard deviations were computed in the same way. Anomalies for each month in the record were constructed by subtracting the mean of its corresponding month from its actual value. The standardized anomalies correspond to the anomalies normalized by the standard deviation of that month. The same procedure was followed for a seasonal assessment, with the four seasons defined as DJF (December, January, February), MAM (March, April, May), JJA (June, July, August), and SON (September, October, November). The mean values for each season were computed for the period spanning from December 2002 to February 2020. The DJF season includes December of that year plus January and February of the following year. The same analysis was performed over different land-covers within the burned area of the 2019–2020 wildfire events.



VOD data were available up to 2018. Random Forest (RF) was used to complete the VOD time-series for the 2019–2020 period. RF is used widely in different applications from precipitation retrieval to dataset augmentation and is an ensemble learning method for classification, regression, and other tasks that operate by constructing a multitude of decision trees at training time and outputting the class that is the mode of the classes (classification) or mean prediction (regression) of the individual trees [59]. There are three reasons why RF was chosen for time-series augmentation. First, the predictive performance of RF can compete with the best supervised learning algorithms. Second, RF provides a reliable feature importance estimate. Third, RF offers efficient estimates of the test error without incurring the cost of repeated model training associated with cross-validation [60].





3. Results and Discussion


The total burned area from December 2019 to February 2020 is approximately 137,518 km2. Time-series of the total burned area in DJF for the period 2003–2019 shows that the recent wildfire has the highest burned area (Figure 2). In addition, the percentage of the burned areas within the ROI in previous years was investigated and the results show that the highest percentage occurred in 2009 (~6%). This indicates that most of the areas burned in 2019–2020 fire events have not been affected by wildfires since 2003.



Figure 3 shows PC1 or the dominant mode of the FRP based on the EOF analysis in DJF from 2002 to 2019 (Figure 3a) and from 2002 to 2020 (Figure 3b), while both PCs are statistically significant. The explained variance of the PC1 from 2002–2019 is 10% and from 2002–2020 is 12%. The PC1 DJF 2002–2020 shows that the latest fire events in December 2019 through February 2020 over southeast Australia had a higher FRP intensity compared to many other fire events in the past 18 years—it became the dominant mode of the fire events in DJF. The EOF analysis from 2002 to 2019 does not show the same dominant mode. Moreover, the positive values over southeast Australia indicate that the FRP of the latest events was more powerful than any other event in the past.



During SON, which is Australia’s fire season, the fire pixel count anomaly does not change significantly in the past 18 years, as shown in Figure 4 (left). The forested areas indicate large fires in 2013 and 2019. Otherwise, the annual fire events appear to be within its climatological mean as the standardized anomaly of fire pixel count (FPC SDAnom) is close to zero. On the other hand, during DJF (Figure 4 right), there is a significant increase of FPC SDAnom in forested areas in 2019–2020, indicating a significant increase in burned area that agrees with the EOF analysis.



Figure 5 shows the monthly boxplots of FPC over the total burned area and the forested subset from 2002 to 2020. In Figure 5 (left), the FPCs of the total burned area in the 2019–2020 wildfires, marked by black dots, are greater than the 75 percentile, although the FPC in February is only slightly higher than the median and the FPCs in SON 2019–2020 are close to the 25 percentile. This statistical data shows that the wildfires in DJF 2019–2020 were unprecedented events that had not occurred since 2002. In forested burned areas shown in Figure 5 (right), the FPC exhibits a worse situation. In DJF 2019–2020, the total FPC is beyond what has occurred in the past. In December and January, the total FPC is around 20,000, which is an outlier in the wildfire climatology of the months. In February, the total FPC is around 3,000, which is also an outlier of the month. Therefore, there is a sharp increase in FPC in a way that many forested areas that had never seen wildfires during the summer season in almost two decades were burned during DJF 2019–2020. This significant increase agrees with the EOF analysis shown in Figure 3 and FPC SDAnom in Figure 4.



Although it is not clear what factors play a dominant role in igniting the wildfires in Australia, the positive and negative FRP anomalies are correlated with the ENSO phase measured in positive and negative ONI, as shown in Figure 6. The correlation is true from 2002 to 2011. Dry conditions during El Niño events (positive ONI) associated with suppression of rain cloud development in the anomalously cold sea surface temperature over the West Pacific cause droughts and thus trigger wildfires across Australia as well as its neighboring maritime continent. On the other hand, wet conditions during La Niña events (negative ONI) suppress the wildfires because the soil is generally wet from precipitation. However, in the years following the 2011 La Niña event, the correlation between ONI and the FRP anomalies in DJF appears to be negative. The El Niño events are not ensued by the increased wildfires and the La Niña events do not result in decreasing wildfires. Likely, ENSO is not the only driver of the Australian wildfires. A study of megadrought (2010–2019) in Chile by Garreaud et al. [61] indicates that the El Niño events, which had been believed to be the driver of the wet condition in Chile, had little influence in maintaining the precipitation deficit during the megadrought period, suggesting that other factors contribute to the hydrological circulation around the Pacific.



Climatological change of the geopotential height can create a favorable condition for fire events. Persistent high-pressure systems trigger high temperatures and suppress evapotranspiration as well as a convective cloud organization. High wind near the surface may contribute to the severity, and enlarge the extent of the fires, especially in dry environments. The regression map of the dominant mode (Figure 7) is the product of the 500 hPa geopotential height anomaly and the vector variance of PC1 and shows the statistically significant pattern of the geopotential height. The second dominant mode (PC2) is also plotted. The EOF analysis shows that the high-pressure system was the dominant mode over southeast Australia in DJF both in 2002–2019 and 2002–2020. This high-pressure system may have contributed to the low precipitation and drier surface condition that is favorable for fire occurrence. The more intense high-pressure system in the latter period suggests that the environment in DJF 2019–2020 was more favorable for wildfire events. Though the intense fire event location was more to the south of the high-pressure system center, both the FRP EOF and geopotential EOF indicate that southeast Australia is the most impacted area.



It was also found that the mean 10-m wind vector in DJF from 2002 to 2020 was southerly over southern Australia (Figure S2). It means that the wind has transported colder and drier air mass to the continent, which makes the environment more favorable for wildfires during DJF. However, the calculations did not show any notable anomaly in wind speed over southern Australia. The anomaly analysis exhibits only about 0.2 to 0.6 m s−1 increase, relative to an 18-year wind speed average as shown in Figure S2.



Soil moisture depends on complex hydrometeorological interactions mainly driven by precipitation, temperature, and evapotranspiration and modulated by the characteristics of the soil. Conversely, SM is the main driver of the vegetation water content; hence, impacting the risk of wildfire events [62]. The response of SM to its forcing variables is smoother than any other variable as SM acts as a reservoir, which also adds memory to the system [63,64]. In Figure 8, the standardized anomalies of SM show a wet period from 2010 to 2012, but after that, a recurrent drier state has been the norm. Since June 2017, only negative anomalies have been recorded with 2019 and the first months of 2020 being more than two times the standard deviation below the normal. During December 2019, a record anomaly of about −70 mm was recorded. In addition, steady drying was observed from the monthly anomalies time-series since 2011 (Figure 9). The very low amounts of precipitation during December 2019, during a particularly warm growing season of the vegetation, were the main drivers of the record low soil moisture. When the season before the peak of forest fires is analyzed (SON; Figure 8), a rapid decrease in soil moisture during the last three years coinciding with the three low record values for the period of analysis can be noticed. Even a more extreme decrease was seen for the DJF season (Figure 9). This extremely low soil moisture before and during the current wildfire events is arguably one of the responsible factors for a quick spread of any active fire, as also reported by Farahmand et al. [20,21] over the United States. Only slight differences were observed when the area was limited to that covered by evergreen forests.



The standardized monthly mean temperature anomalies show an upward trend from 2010 to 2019 (Figure 9); positive values indicate that the temperature was higher than the means from 2002 to 2019 (i.e., almost 1 °C above the mean for the total area (ROI) and forested subset during the 2019–2020 fire season). In fact, the highest air temperature in Australia was registered in 2019 that may suggest a relationship between rising temperature and wildfire events.



The annual precipitation in 2019 over the study area has been exceptionally low, reaching about 530 mm (mean value for the 2002–2019 period is 750 mm), which may indicate the role of precipitation in the recent fire events. Precipitation decrease in 2019 was intensified in November (25 mm, 62 mm normal) and December (21 mm, 89 mm normal), compared to the previous years (Figure 8 and Figure 9). Figure 8 shows that every month (except March) in 2019 has negative anomalies setting the dry conditions preceding the fire events that occurred in December 2019 and continued until February 2020. The same pattern for precipitation anomalies was observed over burned evergreen forest areas in southeast Australia. Higher precipitation in March 2020 (109 mm, 97 mm normal) may highlight the important role of precipitation in extinguishing fires as well.



Based on Figure 8 and Figure 9, actual evapotranspiration (AET), potential evapotranspiration (PET), and water vapor deficit (VPD) have changed significantly in recent years. There was a decreasing trend in AET, while the PET and VPD increased in recent years. Increasing air temperature and decreasing precipitation, which are the most dominant factors of wildfires, can justify these trends. PET and VPD have increased, mainly due to high air temperature in the region. In contrast, AET has decreased due to less biomass and more water stress on the ground because of wildfires. Changes in the DJF are more notable than SON. It partly shows that the main impacts of wildfires on AET, PET, and VPD have occurred in DJF.



Monthly anomalies for NDVI, EVI, LAI, and VOD generally show positive anomalies early in 2019 (as well as previous years) changing to negative anomalies in the final months of 2019 (Figure 10). This may indicate an increase in vegetation early in 2019, followed by vegetation water stress during the months approaching the start of the fire, which suggests that other factors (e.g., drought) are creating prime conditions for increased fuel load in the form of moisture-limited vegetation. For optical indices (i.e., NDVI, EVI, LAI), negative anomaly values in the final months of 2019 are seen in both the forested and total burned areas, reaching more than 5.4 and 6.8 times the standard deviation below the normal for the total burned areas and the forested burned areas, respectively. For these same months, VOD anomalies in the total burned area show slightly increasing values in contrast to the anomalies shown by optical vegetation variables. Because increasing VOD typically is associated with increasing biomass or vegetation water content, these anomaly values indicate a decrease in fire likelihood for the total burned area. However, monthly VOD anomalies approaching the end of 2019 for the forested area are consistent with the decreasing trend seen with optical vegetation indices. Differences in monthly VOD anomalies between the total and forested burned areas suggest high sensitivity of VOD to different land-covers or vegetation types [47]. Seasonal anomalies (Figure 11) show generally decreasing values for both seasonal periods (SON and DJF) for all vegetation variables.




4. Conclusions


Linking the climate setting to the wildfires can provide insightful information to predict wildfires and understand their future behavior. Burned areas over Australia have been steadily increasing in the past two decades. In this context, the 2019–2020 fire season has set a new high record. The severity of these wildfires was high enough to substantially change the dominant mode in the EOF analysis of the fire radiative power. The large-scale analysis was consistent with the expectations, showing that the ENSO modulation in the precipitation patterns over Australia has a profound impact on the dry/wet conditions preceding the fire seasons. In the same way, the geopotential height anomalies showed a dominant mode with a high-pressure system over southeastern Australia, which was enhanced during the 2019–2020 wildfire events.



Consistent behavior of the examined variables highlights the role of the steady warming and drying as one of the main drivers of the severity and large extent of the fires in the 2019–2020 season. The 2019–2020 DJF season also showed a record high temperature anomaly with almost 1 °C above the normal since 2003. The elevated temperature led to an increased evapotranspiration demand as seen through the potential evapotranspiration and vapor pressure deficit positive anomalies. In contrast, this excess of demand was not satisfied due to the lack of precipitation in the previous years, yielding negative anomalies of actual evapotranspiration. This resulted in a very severe deficit of soil moisture, which led to an increase in the dryness of the vegetation and setting the conditions for faster expansion of the wildfires. Vegetations showed large greenness well before the 2019–2020 event, rapidly decreased after October 2019. This suggests the existence of large amounts of vegetation that rapidly became a great source of dry fuel, feeding the wildfires, and enhancing their severity. The pixel count of burned areas in the forested portion was 20 times larger than the standard deviation of burned pixels from previous years, indicating that the 2019–2020 event was very abnormal.



In this study, several climate variables and satellite-driven vegetation indices and their anomalies were investigated to assess whether climate data reveal a fire season response to climatic variability. The combination of remote sensing and in situ observations enabled us to investigate various important variables. However, there remain other useful variables (e.g., crown bulk density and canopy base height) that were not considered in this study mainly due to the limited access to reliable data.








Supplementary Materials


The following are available online at https://www.mdpi.com/2073-4441/12/11/3067/s1.





Author Contributions


All authors have read and agreed to the published version of the manuscript. M.R.E., M.J., J.A., and A.B. conceived and designed the experiments; M.R.E. and C.B.R performed the experiments; M.R.E., J.A., C.B.R., M.J., C.J.D., A.A., and H.L.V.-Q. analyzed the data; M.R.E., J.A. and C.B.R. contributed reagents/materials/analysis tools; M.R.E., J.A. and C.B.R. wrote the original draft. M.R.E., A.P.D. and A.B. reviewed and edited the manuscript.




Funding


This research received no external funding.




Acknowledgments


This work was partly supported by the University of Arizona Earth Dynamics Observatory, funded by the Office of Research, Innovation and Impact. This research received no external funding.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Di Virgilio, G.; Evans, J.P.; Clarke, H.; Sharples, J.; Hirsch, A.L.; Hart, M.A. Climate change significantly alters future wildfire mitigation opportunities in southeastern Australia. Geophys. Res. Lett. 2020, 47, e2020GL088893. [Google Scholar] [CrossRef]

	



Borchers Arriagada, N.; Bowman, D.M.J.S.; Palmer, A.J.; Johnston, F.H. Climate Change, Wildfires, Heatwaves and Health Impacts in Australia. In Extreme Weather Events and Human Health; Akhtar, R., Ed.; Springer: Cham, Switzerland, 2020. [Google Scholar] [CrossRef]

	



Nolan, R.H.; Boer, M.M.; Collins, L.; de Dios, V.R.; Clarke, H.; Jenkins, M.; Kenny, B.; Bradstock, R.A. Causes and consequences of eastern Australia’s 2019–20 season of mega-fires. Glob. Chang. Biol. 2020, 26, 1039–1041. [Google Scholar] [CrossRef]

	



Jolly, W.M.; Cochrane, M.A.; Freeborn, P.H.; Holden, Z.A.; Brown, T.J.; Williamson, G.J.; Bowman, D.M.J.S. Climate-induced variations in global wildfire danger from 1979 to 2013. Nat. Commun. 2015, 6, 1–11. [Google Scholar] [CrossRef] [PubMed]

	



Bradstock, R.; Davies, I.; Price, O.; Cary, G. Effects of Climate Change on Bushfire Threats to Biodiversity, Ecosystem Processes and People in the Sydney Region. Final Report to the New South Wales Department of Environment and Climate Change: Climate Change Impacts and Adaptation Research Project 50831. 2008, p. 65. Available online: https://www.researchgate.net/publication/265892763_Effects_of_Climate_Change_on_Bushfire_Threats_to_Biodiversity_Ecosystem_Processes_and_People_in_the_Sydney_Region (accessed on 27 August 2020).

	



Liu, Y.; Stanturf, J.; Goodrick, S. Trends in global wildfire potential in a changing climate. For. Ecol. Manag. 2010, 259, 685–697. [Google Scholar] [CrossRef]

	



Piñol, J.; Terradas, J.; Lloret, F. Climate Warming, Wildfire Hazard, and Wildfire Occurrence in Coastal Eastern Spain. Clim. Chang. 1998, 38, 345–357. [Google Scholar] [CrossRef]

	



IPCC. Climate Change 1995. Second Assessment Report of the Intergovernmental Panel on Climate Change; Houghton, J.T., Meira Filho, L.G., Callander, B.A., Harris, N., Kattenberg, A., Maskell, K., Eds.; Cambridge University Press: Cambridge, UK, 1996. [Google Scholar]

	



Nicholls, N.; Gruza, G.V.; Jouzel, J.; Karl, T.R.; Ogallo, L.A.; Parker, D.E. Observed Climate Variability and Change. Climate Change 1995: The Science of Climate Change; Houghton, J.T., Ed.; Cambridge University Press: Cambridge, UK, 1996; pp. 135–192. Available online: https://www.researchgate.net/profile/Chris_Folland/publication/280564613_Observed_Climate_variability_and_Change/links/55c3ad6508aebc967df1b4bd/Observed-Climate-variability-and-Change.pdf (accessed on 27 August 2020).

	



Nicholls, N. The El Niño/Southern Oscillation and Australian vegetation. Vegetatio 1991, 91, 23–36. [Google Scholar] [CrossRef]

	



Cattau, M.E.; Wessman, C.; Mahood, A.; Balch, J.K. Anthropogenic and lightning-started fires are becoming larger and more frequent over a longer season length in the U.S.A. Glob. Ecol. Biogeogr. 2020, 29, 668–681. [Google Scholar] [CrossRef]

	



Vadrevu, K.P.; Lasko, K.; Giglio, L.; Schroeder, W.; Biswas, S.; Justice, C. Trends in Vegetation fires in South and Southeast Asian Countries. Sci. Rep. 2019, 9, 7422. [Google Scholar] [CrossRef]

	



Vadrevu, K.P.; Csiszar, I.; Ellicott, E.; Giglio, L.; Badarinath, K.V.S.; Vermote, E.; Justice, C. Hotspot analysis of vegetation fires and intensity in the Indian region. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2013, 6, 224–238. [Google Scholar] [CrossRef]

	



García-Ortega, E.; Trobajo, M.T.; López, L.; Sánchez, J.L. Synoptic patterns associated with wildfires caused by lightning in Castile and Leon, Spain. Nat. Hazards Earth Syst. Sci. 2011, 11, 851–863. [Google Scholar] [CrossRef]

	



Zhong, S.; Yu, L.; Heilman, W.E.; Bian, X.; Fromm, H. Synoptic weather patterns for large wildfires in the northwestern United States—A climatological analysis using three classification methods. Theor. Appl. Climatol. 2020, 141, 1057–1073. [Google Scholar] [CrossRef]

	



Krueger, E.S.; Ochsner, T.E.; Quiring, S.M.; Engle, D.M.; Carlson, J.D.; Twidwell, D.; Fuhlendorf, S.D. Measured soil moisture is a better predictor of large growing-season wildfires than the Keetch–Byram drought index. Soil Sci. Soc. Am. J. 2017, 81, 490–502. [Google Scholar] [CrossRef]

	



Chaparro, D.; Vall-Llossera, M.; Piles, M.; Camps, A.; Rüdiger, C.; Riera-Tatché, R. Predicting the extent of wildfires using remotely sensed soil moisture and temperature trends. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2016, 9, 2818–2829. [Google Scholar] [CrossRef]

	



Krueger, E.S.; Ochsner, T.E.; Carlson, J.D.; Engle, D.M.; Twidwell, D.; Fuhlendorf, S.D. Concurrent and antecedent soil moisture relate positively or negatively to probability of large wildfires depending on season. Int. J. Wildland Fire 2016, 25, 657–668. [Google Scholar] [CrossRef]

	



Jensen, D.; Reager, J.T.; Zajic, B.; Rousseau, N.; Rodell, M.; Hinkley, E. The sensitivity of US wildfire occurrence to pre-season soil moisture conditions across ecosystems. Environ. Res. Lett. 2018, 13, 014021. [Google Scholar] [CrossRef]

	



Farahmand, A.; Stavros, E.N.; Reager, J.T.; Behrangi, A.; Randerson, J.T.; Quayle, B. Satellite hydrology observations as operational indicators of forecasted fire danger across the contiguous United States. Nat. Hazards Earth Syst. Sci. 2020, 20, 1097–1106. [Google Scholar] [CrossRef]

	



Farahmand, A.; Stavros, E.N.; Reager, J.T.; Behrangi, A. Introducing Spatially Distributed Fire Danger from Earth Observations (FDEO) Using Satellite-Based Data in the Contiguous United States. Remote Sens. 2020, 12, 1252. [Google Scholar] [CrossRef]

	



Attiwill, P.M.; Adams, M.A. Mega-fires, inquiries and politics in the eucalypt forests of Victoria, south-eastern Australia. For. Ecol. Manag. 2013, 294, 45–53. [Google Scholar] [CrossRef]

	



Leonard, S.W.; Bennett, A.F.; Clarke, M.F. Determinants of the occurrence of unburnt forest patches: Potential biotic refuges within a large, intense wildfire in south-eastern Australia. For. Ecol. Manag. 2014, 314, 85–93. [Google Scholar] [CrossRef]

	



Balling, R.C.; Meyer, G.A.; Wells, S.G. Climate change in Yellowstone National Park: Is the drought-related risk of wildfires increasing? Clim. Chang. 1992, 22, 35–45. [Google Scholar] [CrossRef]

	



Crockett, J.L.; Leroy Westerling, A. Greater temperature and precipitation extremes intensify Western, U.S. droughts, wildfire severity, and sierra Nevada tree mortality. J. Clim. 2018, 31, 341–354. [Google Scholar] [CrossRef]

	



Ratajczak, Z.; Churchill, A.C.; Ladwig, L.M.; Taylor, J.H.; Collins, S.L. The combined effects of an extreme heatwave and wildfire on tallgrass prairie vegetation. J. Veg. Sci. 2019, 30, 687–697. [Google Scholar] [CrossRef]

	



Parsa, S.M.; Rahbar, A.; Javadi, Y.D.; Koleini, M.H.; Afrand, M.; Amidpour, M. Energy-matrices, exergy, economic, environmental, exergoeconomic, enviroeconomic, and heat transfer (6E/HT) analysis of two passive/active solar still water desalination nearly 4000 m: Altitude concept. J. Clean. Prod. 2020, 261, 121243. [Google Scholar] [CrossRef]

	



Trauernicht, C. Vegetation—Rainfall interactions reveal how climate variability and climate change alter spatial patterns of wildland fire probability on Big Island, Hawaii. Sci. Total Environ. 2019, 650, 459–469. [Google Scholar] [CrossRef] [PubMed]

	



Javadian, M.; Behrangi, A.; Gholizadeh, M.; Tajrishy, M. METRIC and WaPOR Estimates of Evapotranspiration over the Lake Urmia Basin: Comparative Analysis and Composite Assessment. Water 2019, 11, 1647. [Google Scholar] [CrossRef]

	



Fisher, J.B.; Melton, F.; Middleton, E.; Hain, C.; Anderson, M.; Allen, R.; McCabe, M.F.; Hook, S.; Baldocchi, D.; Townsend, P.A.; et al. The future of evapotranspiration: Global requirements for ecosystem functioning, carbon and climate feedbacks, agricultural management, and water resources. Water Resour. Res. 2017, 53, 2618–2626. [Google Scholar] [CrossRef]

	



Javadian, M.; Behrangi, A.; Smith, W.K.; Fisher, J.B. Global Trends in Evapotranspiration Dominated by Increases across Large Cropland Regions. Remote Sens. 2020, 12, 1221. [Google Scholar] [CrossRef]

	



Poon, P.K.; Kinoshita, A.M. Estimating Evapotranspiration in a Post-Fire Environment Using Remote Sensing and Machine Learning. Remote Sens. 2018, 10, 1728. [Google Scholar] [CrossRef]

	



Behrangi, A.; Fetzer, E.J.; Granger, S.L. Early detection of drought onset using near surface temperature and humidity observed from space. Int. J. Remote Sens. 2016, 37, 3911–3923. [Google Scholar] [CrossRef]

	



Behrangi, A.; Loikith, P.; Fetzer, E.; Nguyen, H.; Granger, S. Utilizing Humidity and Temperature Data to Advance Monitoring and Prediction of Meteorological Drought. Climate 2015, 3, 999–1017. [Google Scholar] [CrossRef]

	



Akbari, M.; Torabi Haghighi, A.; Aghayi, M.M.; Javadian, M.; Tajrishy, M.; Kløve, B. Assimilation of Satellite-Based Data for Hydrological Mapping of Precipitation and Direct Runoff Coefficient for the Lake Urmia Basin in Iran. Water 2019, 11, 1624. [Google Scholar] [CrossRef]

	



Dilley, A.C.; Millie, S.; O’Brien, D.M.; Edwards, M. The relation between normalized difference vegetation index and vegetation moisture content at three grassland locations in Victoria, Australia. Int. J. Remote Sens. 2004, 25, 3913–3930. [Google Scholar] [CrossRef]

	



Caccamo, G.; Chisholm, L.A.; Bradstock, R.A.; Puotinen, M.L.; Pippen, B.G. Monitoring live fuel moisture content of heathland, shrubland and sclerophyll forest in south-eastern Australia using MODIS data. Int. J. Wildland Fire 2012, 21, 257–269. [Google Scholar] [CrossRef]

	



Nolan, R.H.; Boer, M.M.; De Dios, V.R.; Caccamo, G.; Bradstock, R.A. Large-scale, Dynamic Transformations in Fuel Moisture Drive Wildfire Activity Across Southeastern Australia. Geophys. Res. Lett. 2016, 43, 4229–4238. [Google Scholar] [CrossRef]

	



Szpakowski, D.M.; Jensen, J.L.R. A review of the applications of remote sensing in fire ecology. Remote Sens. 2019, 11, 2638. [Google Scholar] [CrossRef]

	



Qi, Y.; Dennison, P.E.; Spencer, J.; Riaño, D. Monitoring live fuel moisture using soil moisture and remote sensing proxies. Fire Ecol. 2012, 8, 71–87. [Google Scholar] [CrossRef]

	



Gao, Y.; Walker, J.P.; Allahmoradi, M.; Monerris, A.; Ryu, D.; Jackson, T.J. Optical Sensing of Vegetation Water Content: A Synthesis Study. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2015, 8, 1456–1464. [Google Scholar] [CrossRef]

	



Dasgupta, S.; Qu, J.J.; Hao, X. Design of a susceptibility index for fire risk monitoring. IEEE Geosci. Remote Sens. Lett. 2006, 3, 140–144. [Google Scholar] [CrossRef]

	



Forkel, M.; Andela, N.; Harrison, S.P.; Lasslop, G.; Van Marle, M.; Chuvieco, E.; Dorigo, W.; Forrest, M.; Hantson, S.; Heil, A.; et al. Emergent relationships with respect to burned area in global satellite observations and fire-enabled vegetation models. Biogeosciences 2019, 16, 57–76. [Google Scholar] [CrossRef]

	



Sullivan, A.; McCaw, L.; Gomes Da Cruz, M.; Matthews, S.; Ellis, P. Fuel, Fire Weather and Fire Behaviour in Australian Ecosystems. In Flammable Australia: Fire Regimes, Biodiversity and Ecosystems in a Changing World; 2012; pp. 51–77. Available online: https://publications.csiro.au/rpr/pub?list=BRO&pid=csiro:EP104481&sb=RECENT&n=30&rpp=50&page=65&tr=3972&dr=all&dc4.browseYear=2012 (accessed on 27 August 2020).

	



Myoung, B.; Kim, S.H.; Nghiem, S.V.; Jia, S.; Whitney, K.; Kafatos, M.C. Estimating live fuel moisture from MODIS satellite data for wildfire danger assessment in Southern California USA. Remote Sens. 2018, 10, 87. [Google Scholar] [CrossRef]

	



Yebra, M.; Quan, X.; Riaño, D.; Rozas, P.; Dijk, A.I.J.M.; Van Cary, J. Remote Sensing of Environment A fuel moisture content and fl ammability monitoring methodology for continental Australia based on optical remote sensing. Remote Sens. Environ. 2018, 212, 260–272. [Google Scholar] [CrossRef]

	



Liu, Y.Y.; van Dijk, A.I.J.M.; McCabe, M.F.; Evans, J.P.; de Jeu, R.A.M. Global vegetation biomass change (1988–2008) and attribution to environmental and human drivers. Glob. Ecol. Biogeogr. 2013, 22, 692–705. [Google Scholar] [CrossRef]

	



Brandt, M.; Wigneron, J.P.; Chave, J.; Tagesson, T.; Penuelas, J.; Ciais, P.; Rasmussen, K.; Tian, F.; Mbow, C.; Al-Yaari, A.; et al. Satellite passive microwaves reveal recent climate-induced carbon losses in African drylands. Nat. Ecol. Evol. 2018, 2, 827–835. [Google Scholar] [CrossRef] [PubMed]

	



Konings, A.G.; Rao, K.; Steele-Dunne, S.C. Macro to micro: Microwave remote sensing of plant water content for physiology and ecology. New Phytol. 2019, 223, 1166–1172. [Google Scholar] [CrossRef]

	



Teubner, I.E.; Forkel, M.; Jung, M.; Liu, Y.Y.; Miralles, D.G.; Parinussa, R.; van der Schalie, R.; Vreugdenhil, M.; Schwalm, C.R.; Tramontana, G.; et al. Assessing the relationship between microwave vegetation optical depth and gross primary production. Int. J. Appl. Earth Obs. Geoinf. 2018, 65, 79–91. [Google Scholar] [CrossRef]

	



Moesinger, L.; Dorigo, W.; de Jeu, R.; van der Schalie, R.; Scanlon, T.; Teubner, I.; Forkel, M. The global long-term microwave Vegetation Optical Depth Climate Archive (VODCA). Earth Syst. Sci. Data 2020, 12, 177–196. [Google Scholar] [CrossRef]

	



Tian, F.; Brandt, M.; Liu, Y.Y.; Verger, A.; Tagesson, T.; Diouf, A.A.; Rasmussen, K.; Mbow, C.; Wang, Y.; Fensholt, R. Remote sensing of vegetation dynamics in drylands: Evaluating vegetation optical depth (VOD) using AVHRR NDVI and in situ green biomass data over West African Sahel. Remote Sens. Environ. 2016, 177, 265–276. [Google Scholar] [CrossRef]

	



Fan, L.; Wigneron, J.; Xiao, Q.; Al-yaari, A.; Wen, J.; Martin-stpaul, N.; Dupuy, J.; Pimont, F.; Al Bitar, A.; Fernandez-moran, R.; et al. Evaluation of microwave remote sensing for monitoring live fuel moisture content in the Mediterranean region. Remote Sens. Environ. 2018, 205, 210–223. [Google Scholar] [CrossRef]

	



Rodell, M.; Houser, P.R.; Jambor, U.E.; Gottschalck, J.; Mitchell, K.; Meng, C.J.; Arsenault, K.; Cosgrove, B.; Radakovich, J.; Bosilovich, M.; et al. The global land data assimilation system. Bull. Am. Meteorol. Soc. 2004, 85, 381–394. [Google Scholar] [CrossRef]

	



Derber, J.C.; Parrish, D.F.; Lord, S.J. The new global operational analysis system at the National Meteorological Center. Weather Forecast. 1991, 6, 538–547. [Google Scholar] [CrossRef]

	



Adler, R.F.; Huffman, G.J.; Chang, A.; Ferraro, R.; Xie, P.P.; Janowiak, J.; Rudolf, B.; Schneider, U.; Curtis, S.; Bolvin, D.; et al. The version-2 global precipitation climatology project (GPCP) monthly precipitation analysis (1979–present). J. Hydrometeorol. 2003, 4, 1147–1167. [Google Scholar] [CrossRef]

	



Mu, Q.; Zhao, M.; Running, S.W. Improvements to a MODIS global terrestrial evapotranspiration algorithm. Remote Sens. Environ. 2011, 115, 1781–1800. [Google Scholar] [CrossRef]

	



Huang, B.; Thorne, P.W.; Banzon, V.F.; Boyer, T.; Chepurin, G.; Lawrimore, J.H.; Menne, M.J.; Smith, T.M.; Vose, R.S.; Zhang, H.M. Extended Reconstructed Sea Surface Temperature, Version 5 (ERSSTv5): Upgrades, Validations, and Intercomparisons. J. Clim. 2017, 30, 8179–8205. [Google Scholar] [CrossRef]

	



Adhikari, A.; Ehsani, M.R.; Song, Y.; Behrangi, A. Comparative Assessment of Snowfall Retrieval from Microwave Humidity Sounders using Machine Learning Methods. Earth Space Sci. 2020. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Garreaud, R.D.; Boisier, J.P.; Rondanelli, R.; Montecinos, A.; Sepúlveda, H.H.; Veloso-Aguila, D. The Central Chile Mega Drought (2010–2018): A climate dynamics perspective. Int. J. Climatol. 2019, 40, 421–439. [Google Scholar] [CrossRef]

	



Sungmin, O.; Hou, X.; Orth, R. Observational evidence of wildfire-promoting soil moisture anomalies. Sci. Rep. 2020, 10, 11008. [Google Scholar] [CrossRef]

	



Ghannam, K.; Nakai, T.; Paschalis, A.; Oishi, C.A.; Kotani, A.; Igarashi, Y.; Kumagai, T.O.; Katul, G.G. Persistence and memory timescales in root-zone soil moisture dynamics. Water Resour. Res. 2016, 52, 1427–1445. [Google Scholar] [CrossRef]

	



Karamouz, M.; Teymori, J.; Rahimi, R.; Olyaei, M.A.; Mohammadpour, P. The Impact of Artificial Groundwater Recharge on Water Resources Sustainability. In World Environmental and Water Resources Congress 2018: Groundwater, Sustainability, and Hydro-Climate/Climate Change; American Society of Civil Engineers Reston: Reston, VA, USA, 2018. [Google Scholar] [CrossRef]








[image: Water 12 03067 g001 550] 





Figure 1. Burned areas in Australia wildfires from December 2019 to February 2020. Red polygons indicate burned short vegetation (e.g., grasslands and open shrublands), while dark green areas indicate burned evergreen forests in this period. Burned areas were obtained from MODIS MCD64A1 collection 6 product. 
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Figure 2. Historical burned areas over entire Australia and the ROI. Red: total burned area in Australia from 2003 to 2019 in DJF. Blue: percentages of the ROI burned in previous year’s events. For each year, the burned area includes December of that year plus January and February of the following year. Values plotted were retrieved from MODIS MCD64A1 (collection 6) product. 
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Figure 3. PC1 of the Fire Radiative Power (FRP) based on the EOF analysis in DJF from 2002 to 2019 (a) and from 2002 to 2020 (b). 
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Figure 4. The standardized anomaly of fire pixel count (FPC SDAnom) in SON from 2002 to 2019 (left) and in DJF from 2002 to 2020 (right). The plotted values are spatial averages for the total burned area (i.e., ROI, blue) and forested subset (red). 
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Figure 5. Boxplot of FPC over the total burned area (left) and the forested area (right) from 2002 to 2020. A significant increase of FPC occurs in DJF 2019–2020, both in the total burned and the forested areas, as indicated by the black dots. Note that the FPC during DJF 2019–2020 over the forested area is much greater than the FPC of severe events in the past. 
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Figure 6. FRP count anomalies (black solid line and black triangles) and the ONI (blue dashed line: red dots for El Niño and blue dots for La Niña conditions) for DJF between 2003 and 2020. All FRP in the domain (any FRP > 0 W m−2) are counted. 
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Figure 7. 500 hPa geopotential height regression map based on PC1 of the EOF analysis from 2002 to 2019 (a), 2002 to 2020 (b), and PC2 from 2002 to 2019 (c), and 2002 to 2020 (d). 
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Figure 8. Standardized anomalies of local hydroclimatic variables, including precipitation (P), temperature (T), actual evapotranspiration (AET), potential evapotranspiration (PET), and vapor pressure deficit (VPD). The plotted values are spatial averages for the total burned area (i.e., ROI; left) and forested subset (right). 
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Figure 9. Annual anomalies of precipitation (P), temperature (T), actual evapotranspiration (AET), potential evapotranspiration (PET), and vapor pressure deficit (VPD) for the total burned area (i.e., ROI; blue) and forested subset (red). The plotted values are spatial averages for the SON (left) and DJF (right). 






Figure 9. Annual anomalies of precipitation (P), temperature (T), actual evapotranspiration (AET), potential evapotranspiration (PET), and vapor pressure deficit (VPD) for the total burned area (i.e., ROI; blue) and forested subset (red). The plotted values are spatial averages for the SON (left) and DJF (right).



[image: Water 12 03067 g009]







[image: Water 12 03067 g010 550] 





Figure 10. Standardized anomalies of normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), leaf area index (LAI), and vegetation optical depth (VOD). The plotted values are spatial averages for the total burned area (i.e., ROI; left) and forested subset (right). 
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Figure 11. Annual anomalies of normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), leaf area index (LAI), and vegetation optical depth (VOD) for the total burned area (i.e., ROI; blue) and forested subset (red). The plotted values are spatial averages for the SON (left) and DJF (right). 
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Table 1. Summary of datasets used in the present study.
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	Product
	Variables
	Resolution
	Link





	MODIS MOD14A1.006
	Fire Radiative Power
	1 km, daily D
	Earth Engine Data Catalog: MODIS_006_MOD14A1



	FIRMS
	Fire Pixel Count
	1 km, daily
	https://firms2.modaps.eosdis.nasa.gov/ respectively



	ONI
	Oceanic Niño Index
	3-monthly
	https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php



	NCEP/NCAR Reanalysis
	Geopotential Height

10-m Winds
	2.5°, monthly
	https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.derived.html



	GLDAS-2.1
	Soil Moisture
	0.25°, 3-hourly
	Earth Engine Data Catalog: NASA_GLDAS_V021_NOAH_G025_T3H



	ECMWF ERA5 Reanalysis
	Near-surface Air Temperature
	30 km, monthly
	Earth Engine Data Catalog: ECMWF_ERA5_MONTHLY



	IMERG
	Precipitation Rate
	0.1°, 30 min
	Earth Engine Data Catalog: NASA_GPM_L3_IMERG_V06



	MODIS MOD16A2.006
	Actual Evapotranspiration

Potential Evapotranspiration
	500 m, 8 days
	Earth Engine Data Catalog: MODIS_006_MOD16A2



	TerraClimate
	Vapor Pressure Deficit
	1/24, monthly
	Earth Engine Data Catalog: IDAHO_EPSCOR_TERRACLIMATE



	MODIS MOD13Q1.006
	NDVI, EVI
	250 m, 16 days
	Earth Engine Data Catalog: MODIS_006_MOD13Q1



	MODIS MCD15A3H.006
	LAI
	500 m, 4 days
	Earth Engine Data Catalog: MODIS_006_MCD15A3H



	MODIS MCD12Q1.006
	Land Cover Type
	500 m, annual
	Earth Engine Data Catalog: MODIS_006_MCD12Q1



	VODCA
	C-Band, X-Band
	0.25°, daily
	https://zenodo.org/record/2575599#.X3H29mhKiUk
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