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ABSTRACT 

 

DEVELOPMENT AND STATISTICAL EVALUATION OF AN ANNUAL FIRE 

SEVERITY INDEX 

By 

Benjamin O. Bleiman 

Plymouth State University, June, 2020 

 

Efforts to delineate the quantitative influence of natural atmospheric 

variability on regional annual wildfire activity have previously been complicated 

by the stochastic occurrence of ignition and large fire events, particularly in the 

fire regimes of Southern and Central California where anthropogenic 

manipulation is extensive. Traditional methods of quantifying wildfire activity 

using counts of ignitions and acres burned inherently contain this stochasticity, 

likely weakening regional fire-climate relationships. In this research, a new 

method of quantifying regional wildfire activity is developed that aims to more 

clearly capture the atmospheric fire regime component by aggregating four 

metrics of fire activity into an annual index value, referred to as the “Annual Fire 

Severity Index” (AFSI), for the 24-year period 1992-2015. Then, using metrics of 

five weather and climate features known to significantly modulate fire activity in 

the study region, including the Atlantic Multidecadal Oscillation (AMO), Pacific 

Decadal Oscillation (PDO), El Nino-Southern Oscillation (ENSO), Santa Ana 

wind (SAW) events, and coastal marine layer (ML) frequency, the strength of the 
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regional fire-climate relationships contained within the AFSI were evaluated. 

Singular Spectrum Analysis (SSA), a variant of Principal Component Analysis, 

was applied to the AFSI time series to identify and attribute the different modes 

of variability [i.e. Principal Components (“PCs”)] that comprise it, as resulting 

from each of the five atmospheric predictors. Analysis of the PC-predictor 

relationships demonstrated a significant correlation with AMO (r = 0.814) and 

moderate correlations with PDO, ENSO, SAW, and ML (r = 0.470–0.630). PDO 

appears to influence regional fire activity at a longer-term lag of five years, while 

the influence of ENSO, SAW, and ML frequency is strongest in-year. The 

weakest PC-predictor relationships were found during periods of concurrent 

ocean-atmosphere oscillation phase shifts, suggesting that the interrelatedness 

of AMO, PDO, and ENSO must be better quantified to clarify these fire-climate 

signals. Overall, our results reinforce the need to rethink how regional fire-climate 

signals are calculated, and suggest that these methods can be further developed 

into a predictive model of fire activity.
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CHAPTER 1 
 

 
1.  Introduction 

 
Fire scientists, fire managers, and the community at large all have a 

vested interest in forecasting the potential for wildfire activity in an upcoming fire 

season. Such a forecast can be leveraged to inform wildfire-related legislation, 

attainment and mobilization of fire suppression resources including staffing 

levels, and other important decision-making processes that support the fire 

community to better prevent and respond to wildfire incidents. The ability to 

accurately predict wildfire activity is governed by a comprehensive understanding 

of the natural and anthropogenic forces that influence a region’s fire regime. 

These relationships can be delineated by correlating antecedent weather and 

climate with observed wildfire activity, often referred to as “fire season severity” 

or “annual fire severity”. Annual fire severity is a broad, vaguely-defined concept 

within the scientific literature that generally quantifies the observed physical 

impacts to a region’s landscape by wildfire, but is typically defined as either the 

number of wildfire ignitions or the number of wildland acres burned within a 

calendar year. Therefore, the goal of fire science research is often to correlate 

the number and size of wildfires in a region with the processes that govern fire 

activity, with the end goal of leveraging these empirical relationships to improve 

forecast skill.  

 Particular attention in fire-climate research has been focused on Southern 

California in recent decades due to a number of large, destructive wildfires in the 

region. Herein, Southern California is defined using the Geographic Area 
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boundaries developed by the National Wildfire Coordinating Group, explained 

further in Chapter 2. The Southern California Geographic Area (SCGA) stretches 

from the Mexico border north to central California, roughly parallel with the San 

Francisco Bay, including the southern Sierra Nevada mountains, the Southern 

Coast Ranges, and the Transverse and Peninsular Ranges that ring the large 

metropolises of Los Angeles and San Diego. Such fire-prone wildlands 

encompass a wide variety of dominant vegetation types, and thus fire regimes, 

ranging from coastal grass and shrubland to high alpine forests (Barbour et al. 

2007), yet still share a number of common characteristics. The region’s 

combination of expansive anthropogenic influence, a highly variable climate, 

extreme fire weather, abundant dry vegetation load, and an especially long fire 

season present a unique challenge for fire scientists to characterize (Keeley et al. 

2004; Keeley et al. 2009; Minnich 1983; Syphard et al. 2007; Westerling et al. 

2004).  

Because of the multitude of influences on the fire regime, and particularly 

because of significant human interference, our understanding of climate and 

weather’s role on SCGA fire activity is obscured (e.g. Keeley 2004; Abatzoglou 

and Kolden 2013). Past research has encountered difficulty in separating the 

relative contributions of natural physical processes with human influence here— 

methods used to attribute fire activity in other less-manipulated fire regimes 

across the western United States are generally less effective when applied to the 

SCGA. Yet this conundrum presents a compelling opportunity to rethink how we 

pursue a scientific understanding of this complex system. 



3 
 

The SCGA fire regime can be understood fundamentally as enabled and 

driven by climate and weather, respectively. Climate patterns have a strong yet 

complex influence on fire occurrence and extent because they control fuel 

(vegetation) production, composition, and moisture (Trouet et al. 2008; Swetnam 

1993). The SCGA’s Mediterranean climate consists of strong seasonal variations 

in precipitation and temperature wherein the large majority of annual precipitation 

falls in the cool season (roughly October-March), but very little precipitation falls 

in the warm season (April-September), regularly leading to 6 or more months of 

very dry conditions. Abundant cool season precipitation enhances fine fuel 

production and thus increases the following warm season’s fuel load (Westerling 

et al. 2003), wherein fuel moistures continually decline and fuel flammability 

increases until the next cool season’s precipitation arrives.  

However, fuels of different type and size respond dissimilarly to dry 

weather and climate conditions. Live fuels, such as those found in chaparral 

scrublands, are slower to lose moisture and usually are not supportive of large 

fires until later in the summer, depending on the year (Dennison and Moritz 

2009). Annual grasses green-up following cool season precipitation but dry and 

desiccate rather quickly in the warm season, becoming dead fuels. Such dead 

fuels accumulate on and near the ground over the course of years to decades 

and are more sensitive to weather- and climate-scale drying (Riley et al. 2013). 

Smaller-diameter dead fuels dry rather quickly (Westerling et al. 2003) but also 

contain comparatively less potential energy than large-diameter dead fuels. 
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However, these fine fuels enhance the ability of fire to spread across the 

landscape and can enable wildfires of greater intensity (Riley et al. 2013). 

Synoptic- scale atmospheric and oceanic circulation patterns, which drive 

the annual climate of the SCGA, are also of significant influence on interannual 

and interdecadal climate variability and thus regional fire activity. The El Nino-

Southern Oscillation (ENSO), Pacific Decadal Oscillation (PDO), and the Atlantic 

Multidecadal Oscillation (AMO) play a significant role in fire-climate relationships 

in this region (Westerling and Swetnam 2003; Gedalof et al. 2005; Trouet et al. 

2006). Each of these climate oscillations are characterized by sea surface 

temperature (SST) anomalies and subsequent atmospheric pressure patterns 

that, in turn, modify large-scale precipitation distributions. ENSO represents such 

SST and pressure anomalies in the central and eastern tropical Pacific Ocean; 

PDO represents these anomalies in the North Pacific Ocean; while AMO 

represents these anomalies in the North Atlantic Ocean. 

 The ENSO cycle is the strongest source of interannual climate variability 

in much of the western United States and is known to affect fire occurrence 

(Swetnam and Betancourt 1990), while the PDO is more closely related to 

decadal scale climate variability (Mantua et al. 1997; Gershunov et al. 1999). 

Both ENSO and PDO have positive (warm), neutral, or negative (cold) phases— 

warm phases of ENSO are commonly known as El Nino events, while cold 

phases of ENSO are named La Nina events. The PDO can constructively or 

destructively influence the atmospheric responses of ENSO depending on the 

phase coupling/decoupling of each circulation. ENSO and PDO cycles that are in 
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phase tend to magnify the resulting climatic effects of each circulation 

(Gershunov and Barnett 1998; Westerling and Swetnam 2003; McCabe and 

Dettinger 1999; Brown and Comrie 2004). During the warm phases of ENSO and 

PDO, wet anomalies tend to prevail in the SCGA, while the cool phases favor 

anomalously warm, dry conditions in the region (Andrade and Sellers 1988). The 

AMO also adopts warm or cool modes, but oscillates on a longer period of about 

60-70 years and has also been connected to wildfire activity across the western 

United States. In particular, warm AMO phases are related to synchronized fire 

across the SCGA at multidecadal time scales (Kitzberger et al. 2007). Contingent 

states of these Pacific and Atlantic synoptic circulations are known to influence 

fire activity via extended droughts, particularly during concurrent warm AMO, cool 

PDO, and cool ENSO phases (McCabe et al. 2004; Kitzberger et al. 2007). 

Although persistent climate-scale drought is related to these circulations, they are 

also known to modify the frequency of Santa Ana wind (SAW) events which can 

rapidly decrease vegetation moisture, a phenomenon that will be discussed in 

more detail below. Warm AMO, cool PDO, and cool ENSO phases have been 

correlated with increased SAW frequency (Rolinski et al. 2019; Li et al. 2016; 

Raphael 2003).  

Due to the contribution of ENSO/PDO events and their ability to drive 

strong interannual variations in precipitation and temperature, the onset of cool 

season precipitation can be delayed well into the winter months. Water deficit 

and drought associated with these large-scale climate modes are the main 

determinants of fire season length and severity across the western US due to low 
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fuel moistures (Swetnam and Betancourt 1990; Westerling et al. 2003; Balch et 

al. 2013; Morton et al. 2013). In addition, switching from extreme El Nino to La 

Nina events is important in favoring years of exceptional fire occurrence—a 

period of anomalously wet El Nino conditions enhances fine fuel build-up, while 

the rapid transition to warm, dry conditions with La Nina result in drying of the 

accumulated fine fuels and thus a substantial fuel bed that is more receptive to 

fire ignitions and widespread burning (Westerling et al. 2003; Swetnam and 

Baisan 1996; Kitzberger et al. 1997). Frequent interannual switching from wet to 

dry conditions due to high ENSO variability, a pattern that has become more 

common in the past several decades, also appears critical in frequent regional 

fire activity in the SCGA (Kitzberger et al. 2001). 

Another component of the regional climate with significance in modulating 

fuel production, composition, and moisture is the frequent warm season 

occurrence of coastal stratus clouds that form within the cool and humid marine 

boundary layer. These stratus clouds provide shade and occasional direct 

moisture deposition for coastal vegetation (Williams et al. 2008); anomalously 

low marine layer influence in the warm season can thus increase solar radiation 

at the surface, enhancing evaporative demand and decreasing fuel moistures 

(Williams et al. 2015). Williams et al. (2018) found a strong negative interannual 

relationship between coastal stratus frequency and area burned, highlighting the 

role of marine layer influence on annual fire severity in this region. Although this 

marine influence is typically confined to the narrow area between the coast and 
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nearby mountain ranges, coastal SCGA contains a large population of people 

and thus abundant human-caused ignition potential. 

Adding to the complexity of the SCGA fire regime is the annual occurrence 

of extreme fire weather driven by hot, dry SAWs that are concentrated on these 

highly-populated coastal areas. While most fire ignitions in Southern California 

occur during the summer months (Bartlein et al. 2008), these fires are 

comparatively easy to contain due to the presence of the prevailing onshore 

winds (Keeley et al. 2009). Large fires certainly can occur without the presence 

of SAWs, such as with the Zaca (2007), Station (2009), and Rim (2013) Fires, 

the severity of which were greatly impacted by extreme drought, erratic winds, 

and inaccessible terrain. Generally, the most destructive wildfires occur during 

SAW events when the coastal marine layer is eradicated by strong, offshore 

winds. SAW frequency peaks in the fall and early winter months at the end of the 

prolonged annual summer drought (Rolinski et al. 2019), and fires that are ignited 

can be very difficult to contain. As a result, the SAW season is responsible for the 

yearly maximum of area burned in Southern California (Keeley 2004). SAWs 

override most fire-climate signals due to their ability to rapidly decrease fuel 

moistures within a period as short as 1-3 days, thus increasing fuel flammability 

(Keeley 2004). Fall precipitation is crucial in ending the fire season and thus 

decreasing the effectiveness of SAWs in drying fuels and spreading fire.  

The majority of fires in the SCGA are human-caused, particularly within 

the regions vulnerable to SAW events where the wildland-urban interface (WUI) 

is large, thus increasing the probability of anthropogenic ignition (Keeley et al. 
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2004). Human ignitions, and the inherently unpredictable nature of when and 

where they will occur, are therefore one of the primary drivers of the regional fire 

regime (Minnich 1983; Keeley et al. 1999). When an ignition does occur, the 

complex, rugged terrain that rings the large population centers of Southern 

California can confound the ability of fire suppression resources to reach the fire, 

possibly allowing it to grow much larger.  

Overall, there are many complicating factors that hinder our ability to 

understand the drivers of the typical indices of annual fire severity (ignitions, 

acres burned) and how they are related to the region’s weather and climate. The 

standard method of attempting to relate ignitions or acres burned to various 

weather and climate parameters including SAWs (Jin et al. 2014); precipitation 

(Abatzoglou and Kolden 2013; Keeley 2004; Riley et al. 2013); drought (Riley et 

al. 2013; Westerling et al. 2003; Abatzoglou and Kolden 2013; Westerling and 

Swetnam 2003); synoptic-scale circulation patterns (Keeley 2004; Trouet et al. 

2008); etc. is complicated significantly by the stochastic nature of ignitions and 

large fire occurrence (Riley et al. 2013) which often dominate the annual fire 

occurrence record and are not fully represented in the existing body of literature. 

The method of relating the number of ignitions or acres burned to yearly fire 

severity also does not fully represent the different scenarios in which fire 

suppression resources can be strained, and are thus less capable of successfully 

containing the fires. A “severe” fire season can be caused by many small fires 

burning within a region or by a few very large fires burning at the same time. 

When considering only one single metric of severity at a time in an analysis of 
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fire-climate relationships, these modes of severity are not thoroughly 

represented.  

While past research aimed at understanding the drivers of annual fire 

severity has been effective, the methods used in the literature can be improved 

upon in two manners. First, it would be useful to develop a new annual severity 

index that combines the multiple modes of wildfire’s physical impacts on the 

landscape and the potential for fire suppression resources to be strained, which 

could lead to further physical impacts. Hypothetically, by representing annual fire 

severity as a combination of individual indices of severity, the stochastic nature of 

ignitions and large fire events will not dominate the fire occurrence record so 

extensively, potentially leading to a more robust understanding of the influence 

weather and climate have on annual fire severity. In essence, we believe that 

quantifying the observed physical impacts and the potential for physical wildfire 

impacts can improve this understanding.  

Second, past fire science research does not fully incorporate the effects of 

multiple different physical processes of varying spatial and temporal orders 

collectively, but instead tends to consider a single weather or climate component 

at a time (i.e. the effect of climate-scale drought, without also considering the 

added effect of flash-drying events). More broadly, the methods in the literature 

do not attempt to correlate annual fire severity with an aggregate of predictors 

occurring at once on both weather and climate timescales, and it is crucial to 

understand the collective roles of each in driving fire season severity. While it is 

not possible to identify exhaustively the set of weather and climate patterns that 
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contribute to annual fire severity, considering multiple elements of the SCGA fire 

regime in a single analysis could improve understanding of the drivers of annual 

severity. 

This research aims to provide a new, holistic method of quantifying annual 

fire severity that combines the two standard indices of severity (ignitions, acres 

burned) with two measures of the potential for fire suppression resources to be 

strained, which we believe are captured by the magnitude of the Energy Release 

Component (ERC) and the fire season length, into a single annual fire severity 

index value. ERC is an output of the National Fire Danger Rating System 

(NFDRS) used by fire managers country-wide that quantifies daily fire energy 

intensity and considers the cumulative drying effect of weather and climate in the 

previous days to weeks to estimate live and dead fuel moisture values 

(Bradshaw et al. 1984; Cohen and Deeming 1985). ERC is closely related to 

large fire occurrence and extreme fire behavior (Bradshaw et al. 1984). Fire 

season length represents the time period wherein regional weather conditions 

are conducive for significant wildfire activity. More specifically, it is defined as the 

number of days per year where ERC ≥ 50, and acts to quantify the length of time 

where fire suppression resources could be strained given the occurrence of an 

ignition. A longer fire season is more likely to strain financial resources, fire 

suppression crews, and the overall effectiveness of fire containment. Our 

proposed metric of annual fire severity combines the four indices into a single 

index value. 
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The second goal of this research is to provide a new method of correlating 

potential “predictors” at both weather and climate timescales together with the 

new quantification of annual fire severity, guided by the belief that fire-climate 

relationships delineated in the literature can be improved upon using such a 

method. For example, Keeley et al. (2004) found no significant relationship 

between climatic variables and area burned during the autumn fire season in 

coastal Southern California, a period when most large fires are driven by hot, dry 

SAWs. We believe that combining flash-drying events into our analysis could 

potentially yield stronger fire-climate relationships, especially when incorporating 

this new definition of annual fire severity. By representing many of the physical 

processes which comprise the physical system responsible for wildfire activity—

processes that are believed to contribute to annual fire severity, including fuels 

characteristics, weather, and climate patterns—we hope to thoroughly represent 

the fire regime characteristics. 

The structure of this research has been organized such that first, Chapter 

2 presents the development of the new Annual Fire Severity Index (AFSI), 

including background information on the geographic region studied, the fire 

occurrence dataset employed, the exploratory data analysis performed to 

understand how best to calculate the AFSI, and finally, a preliminary analysis of 

the AFSI’s ability to capture weather and climate patterns. In Chapter 3, a 

thorough statistical analysis of the AFSI is demonstrated using the time series 

decomposition method Singular Spectrum Analysis (SSA). SSA is a popular time 

series analysis tool that allows for a clearer understanding of the underlying 
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modes of temporal variability within a dataset. SSA is used here to identify the 

relative influences of atmospheric features known to modulate SCGA fire activity. 

Chapter 4 provides a concluding discussion of the research, including 

suggestions to further improve the methods employed. 
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CHAPTER 2 

 

2.  Annual Fire Severity Index 

a. Introduction 

The goal of this study is to create a new method of quantifying annual fire 

severity within a geographic region that effectively minimizes the stochastic 

element of fire-climate relationships, namely the occurrence of fire ignitions and 

large fires, that stem from human activity. This “Annual Fire Severity Index” 

(AFSI) will represent the extent of macroscale physical impacts by wildfire, and 

the potential for physical impacts to occur given a random ignition. The AFSI 

combines four parameters, each representing individual modes of fire severity, 

including yearly fire ignitions, acres burned, Energy Release Component (ERC) 

magnitude, and fire season length. In this chapter, the data and methods for 

developing the AFSI are presented, including a discussion of the study period 

and region, the fire occurrence dataset selected, and the statistical methods used 

to create the AFSI time series.  

 

b. Study period and region 

Our analysis focuses on the Southern California Geographic Area 

(SCGA), a set of boundaries designated by federal wildland fire protection 

agencies within which the effective coordination and mobilization of emergency 

management resources is organized (NWCG 2019). There are ten such 

Geographic Areas throughout the United States (Figure 2.1). Geographic Area 
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boundary shapefile data was collected from the National Wildfire Coordinating 

Group (NWCG).   

 

 

Figure 2.1: The ten NWCG Geographic Areas and their boundaries (NIFC GACC), and a detailed 
inlay of the Southern California Geographic Area. 

 

The SCGA boundary encompasses roughly the southern half of California 

from the California-Mexico border (32.5° N latitude) north to the San Francisco 

Bay (38.5° N latitude), for a total surface area of 251,533 km2. This Geographic 

Area is relatively small compared to the other nine, but comprises a wide variety 

of vegetation types, from grass and shrublands consisting largely of chaparral 

along the coast, to higher elevation forests consisting of various juniper, pine, 

and mixed conifer species in the southern Sierra Nevada mountains (Jin et al. 

2014). The varying ecosystems and terrain present in this region comprise a 
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wide variety of fire regimes and therefore require a more intensive fire 

management structure and set of fire suppression resources to combat. With the 

exception of the Northern California Geographic Area, which experiences a 

similar set of fire management challenges, all other Geographic Areas are quite 

large in comparison, a testament to the unique nature of California’s fire activity. 

We justify focusing our analysis on the SCGA, and therefore a diverse 

range of fire regimes, for two primary reasons. First, as argued by Abatzoglou 

and Kolden (2013), understanding fire-climate relationships at the spatial level of 

a Geographic Area corresponds to the scales at which climate information is 

digested and interpreted by fire management operations for seasonal planning, 

resource allocation, and suppression efforts. This allows for a direct link between 

research and application for seasonal planning and resource allocation, aligning 

with the objectives of this research—to develop results that can be interpreted 

and leveraged efficiently by the fire community. Second, Urbieta et al. (2015) 

found that correlations of the fire-climate relationships generally increased with a 

growing area of study. The authors argue that the variability of fire and climate 

data becomes attenuated as the level of aggregation increases, thus allowing the 

fire-climate relationships to more clearly emerge. The areas of study analyzed by 

the Urbieta et al.  ranged from roughly 11,850 km2 to 166,000 km2, placing the 

SCGA region on the high end of this spectrum. 

Our analysis is limited temporally by the existing period of consistent and 

accurate historical wildfire records, a discussion to be elaborated in the 

succeeding section. Because the fire occurrence dataset selected here is 
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currently complete for 1992-2015, the analysis focuses on this 24-year period. In 

contrast to other studies of wildfire activity, this analysis is not restricted to the 

time of year when regional fire activity is most prominent, generally regarded as 

the “fire season”, which excludes the cool, wet months of winter and early spring. 

Significant wildfire activity can occur throughout the calendar year in the SCGA, 

and therefore contributions to annual wildfire severity can also occur at any time 

of year. 

 

c. Selecting a fire dataset 

Fire data set issues are extensively documented within the literature and 

are known to affect the ability of fire-climate relationships to be most completely 

resolved. Short (2015) describes that no single, unified system of wildfire record-

keeping exists in the United States, even to this day. In fire science research, it is 

often necessary to utilize fire occurrence data from several different sources 

including archival summary reports, documentary fire records, and remotely 

sensed data. Each of these sources is subject to complications via inherent 

reporting biases, inconsistencies, errors or uncertainty, and a varying temporal 

extent. For example, documentary fire records introduce potential skew into the 

overall fire record because the numerous fire organizations responsible for 

suppression action each have disparate wildfire reporting requirements, 

standards, protocols and archival systems. It can therefore be difficult to compile 

documentary records from multiple organizations for comprehensive fire 

analyses, and inconsistencies between the various data sets may cast doubt on 



17 
 

the validity of the fire record. For a complete description of the complications 

faced, the reader is encouraged to refer to Short (2015). 

The Fire Program Analysis fire-occurrence database (FPA FOD) 4th 

edition (Short 2017) was ultimately determined as the best source of wildfire data 

for this research. FPA FOD is based on geospatial documentary fire records and 

has been evaluated for completeness using archival summary reports. Wildfire 

records from federal, state, and local fire organizations were combined and 

checked extensively for errors, such as duplicate records, to the best degree 

possible in the creation of this database, which includes fires of all sizes 

throughout the United States from 1992-2015. To qualify for inclusion, fire 

records from the various reporting systems were required to contain the 

discovery date, final fire size, and a point location accurate to at least a 1-square 

mile grid. In total, there are approximately 1.88 million wildfire records, over 

100,000 of which occurred within the SCGA region during the 24-year period.  

FPA FOD provides several advantages over other datasets. First, unlike 

the Monitoring Trends in Burn Severity (MTBS; Eidenshink et al. 2007) database, 

FPA FOD’s inclusion of small fires enables an understanding of the strain fire 

ignitions can impart on fire suppression effectiveness throughout the year. The 

Fire Resource and Assessment Program (FRAP; CDF-FRAP 2012) fire perimeter 

database is another data set that includes small fires, but the criteria for inclusion 

differ between grass fires, brush fires, and timber fires, and these criteria have 

even changed throughout the database’s existence. Therefore, FPA FOD more 

accurately reports the number of ignitions and acres burned per year compared 



18 
 

to FRAP. Next, fires occurring on both federal and non-federal lands are 

incorporated in FPA FOD, allowing for an “all-lands” analysis. This research aims 

to relate all fire occurrence in the SCGA with weather and climate to develop a 

comprehensive understanding of fire patterns in the region, regardless of land 

protection status. Additionally, FPA FOD does not include controlled burns in the 

wildfire record, unlike MTBS, consistent with the current standard of fire 

occurrence record keeping. 

There are notable weaknesses inherent in the dataset that must be 

considered when choosing FPA FOD. First, federal fire records, which comprise 

a significant portion of the database, contain published figures that significantly 

overestimate area burned due to the assumption of homogenous burning within 

the fire perimeter (Kolden and Weisberg 2007; Kolden et al. 2012). This method 

ignores the reality that unburned “islands” of land are common and can result in 

derived fire-climate relationships that are not perfectly represented. However, this 

complication can only reasonably be mitigated by satellite-based fire 

observations such as MTBS and so some level of error in these statistics must 

be accepted. Additionally, FPA FOD may underestimate the true number of fire 

ignitions and acres burned in the Geographic Area as compared to California’s 

state and federal written fire records, but the written records only document fires 

on United States Forest Service (USFS) or Cal Fire direct protection area (DPA) 

land, leaving some lands unrepresented which FPA FOD includes (Syphard and 

Keeley 2016). Finally, FPA FOD has a limited period of record, currently 

extending 24 years from 1992-2015, due to concerns about the quality and 
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completeness of data prior to 1992. Only since this year has federal reporting of 

wildfire incidents in which federal services responded on non-federal land been 

generally consistent and complete (Short 2014). It is therefore not feasible to 

draw robust conclusions of the decadal-scale variations in fire activity that may 

occur and how they relate to longer term climatic variations, but a comprehensive 

understanding of the recent climate in our study region can still be derived with 

confidence.  

Overall, FPA FOD is a dataset that has been extensively checked and 

evaluated for accurateness and completeness, covers the large majority of fire 

incidents in Southern California, and retains fires of all sizes. Having addressed 

the potential complications, we are comfortable with the level of accuracy that 

FPA FOD maintains for the purposes of this analysis. 

 

d. Data and methods 

1) DATA 

The fundamental scientific goal of this research is to develop a new index 

of quantifying annual wildfire severity which aggregates four individual metrics of 

severity (yearly ignitions, acres burned, ERC magnitude, and fire season length). 

By conducting the analysis on an annual temporal scale, a full year of fire data 

can be aggregated into easily interpretable, concise information about the overall 

pattern of regional fire activity. Additionally, because fire preparedness and 

response resources to are allocated at a yearly level, it would be highly useful to 

develop a metric that assists the fire community in distributing resources 

appropriately. 
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Of the four components of “annual severity” used to calculate the AFSI, 

two (acres burned, ignitions) were calculated from FPA FOD. The other two 

components, yearly ERC magnitude and fire season length, were both calculated 

from a daily ERC time series gathered from the web-based cloud-computing 

application, Climate Engine (Huntington et al. 2017). This application allows the 

user to extract a wide variety of meteorological and climatological data for a 

custom time period and geographic area. A time series of area-averaged daily 

ERC values was downloaded for the SCGA from Climate Engine’s web 

application. ERC data is calculated by the application using the University of 

Idaho’s Gridded Surface Meteorological Dataset (gridMET; Abatzoglou 2013), 

which provides high spatial resolution (~4-km) daily surface fields of temperature, 

precipitation, winds, humidity, and radiation across the contiguous United States 

from 1979-present. Climate Engine’s ability to produce area-averaged surface 

data using high spatial resolution is a significant improvement over commonly-

used sources of ERC data including RAWS (Remote Automated Weather 

Station) data, which have a low spatial resolution and may not be capable of 

collecting data year-round (Dalton et al. 2015).  

 

 2) METHODS 

Conventionally, the two indices used to quantify fire severity in fire-climate 

research are yearly counts of fire ignitions and land area burned because they 

are both simple, descriptive indicators of fire activity. For these reasons, they 

were included as components of the AFSI scores.  All fires occurring within the 
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SCGA during the period 1992-2015 were identified and extracted from FPA FOD, 

and yearly statistics of acres burned and ignitions were calculated. These two 

indices are somewhat stochastic (particularly in SCGA), a characteristic that can 

be minimized by integrating additional severity indices that are more closely 

related to regional weather and climate. ERC magnitude is an important indicator 

of fire severity potential and is a useful component to the AFSI because ERC and 

fire intensity are positively correlated. Fire season length, here defined as the 

number of days per year with ERC ≥ 50, is also useful because it quantifies the 

length of time that significant fire activity is possible given a fire ignition. This 

threshold was determined based on a preliminary analysis of the relationship 

between ERC and acres burned within our data, which demonstrated that fires 

ignited when ERC ≥ 50 were significantly more likely to achieve a large final size 

(not shown). In summary, the four AFSI components selected are annual counts 

of fire ignitions, acres burned, ERC magnitude, and fire season length.  

The four components were preliminarily selected based on their perceived 

ability to quantify different, but equally important, modes of annual wildfire 

severity. To ensure that each of the components are sensible constituents, 

consideration must be given to their empirical distributions to understand how 

they may influence the resulting AFSI values. Therefore, an exploratory analysis 

of the data was performed as a first step in developing the AFSI time series. Fire 

size distributions often display a heavy left-skew, meaning the number of very 

small fires greatly outnumbers all other fires. In the filtered FPA FOD, over 70% 

of all fires terminated at a size < 1 acre (Figure 2.2). It was therefore decided that 
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fires < 1 acre would be excluded to help reduce noise in the analysis. Further, it 

is instructive to understand the relationship between final fire size and ERC 

magnitude as each fire burned. On days when a fire ignited with low ERC 

magnitude, the data showed it was extremely unlikely for the fire to grow to a 

large size. For fires ignited when ERC < 50, only about 0.22% and 0.027% 

exceeded final sizes of 100 and 1,000 acres, respectively (Figure 2.3). Therefore, 

the fire dataset can also be filtered by excluding all fires ignited on a day when 

ERC < 50 because they are very unlikely to contribute significantly to annual fire 

severity. This threshold excludes roughly the bottom 5% of all fires ≥ 1 acre in 

final size. 

 

Figure 2.2: Histogram of (log) fire size distribution for all fires in the SCGA, i.e. the prefiltered FPA 
FOD. 
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Figure 2.3: 2-D histogram of ERC magnitude vs (log) fire size for all fires ≥ 1 acre in SCGA, post-
filtering of the FPA FOD. 

 

 The next determination required in developing the AFSI method involved 

choosing transformations for each of the annual index component values. For 

example, it is standard practice in fire size distribution analyses to logarithmically 

adjust acres burned counts because of the extreme left-skew often observed. 

Although consideration was given to this transformation, it was ultimately decided 

to represent the acres burned AFS component as the annual number of fires 

exceeding the climatological (1992-2015) 97th percentile fire size. This focuses 

on the yearly severity contribution by very large fires, which can require a 

disproportionate amount of available resources to suppress as compared to 
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smaller fires. The yearly ignition count was left unaltered because it sufficiently 

represents the potential for many small fires to strain fire suppression resources.  

Third, it was determined that the ERC magnitude component is best 

represented by the yearly 90th percentile ERC value. Daily ERC values, which 

range from about 10-95 throughout the study period, display a right-skew in the 

distribution, meaning the frequency of daily ERC values is greater for high 

values. The 90th percentile value is less prone to sampling variation than a lower 

percentile, such as the median, because of this right skew. The fourth and final 

AFSI component is fire season length, the calculation of which was more 

subjective than the other three components.  Some research calculates fire 

season length simply as the number of days per year where daily ERC values 

exceed a given climatological percentile (e.g. Dalton et al.  2015), but this 

research aimed to focus on the number of consecutive days per year where ERC 

is elevated. A 14-day rolling mean filter was first applied to the daily ERC time 

series, and then the number of days per year where ERC ≥ 50 was calculated. 

However, this procedure was complicated by short periods where ERC fell below 

the threshold, particularly near the beginning and end of the dry season. This 

difficulty was overcome by subjectively determining whether this time period was 

part of an overall trend of ERC magnitude, or if this sub-threshold string of days 

was an anomaly. Subjective criteria included quantification of the sub-threshold 

period length in relation to above-threshold periods preceding and succeeding 

the period in question, and the extent to which ERC dropped below the threshold. 
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These criteria helped to identify whether regional fuels were sufficiently 

moistened to reduce fire potential.  

 

 

Figure 2.4: Daily ERC time series for calendar year 1994. Periods of ERC ≥ 50, our threshold for 
inclusion as part of the fire season, are shaded red, while periods of ERC < 50 are shaded blue. 
Numbers indicate the length of each period above or below the threshold. 

 

For example, Figure 2.4 displays the smoothed time series of daily ERC 

values, where it is evident that ERC rose above and dropped below the threshold 

numerous times throughout the year. Four separate periods existed where ERC 

exceeded the threshold, beginning with a 28-day stretch, but ERC dropped below 

the threshold for 70 days before again rising above for 23 days. Because the 

initial 28-day period was far removed from the longest above-threshold period of 

177 days, likely indicating an extended stretch of mild, wet weather in the spring, 

the 28-day period was not considered part of the fire season. However, the 23-

day and 4-day above-threshold periods were interrupted by relatively brief 

stretches of sub-threshold periods, and the ERC value dropped very little at its 
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minimum during the interim, and were therefore included as “fire season days”. In 

summary, the 1994 fire season was calculated as having 23 + 4 + 177 = 204 

days. Other special cases included the 1999 fire season, wherein the daily ERC 

value did not fall below the threshold until January 24 of the following year. 

Therefore, this 23-day above-threshold period was included as part of the 1999 

fire season. While such instances were uncommon, they can lead to very long 

fire seasons that do not allow a break for the fire community to prepare for the 

following fire season and are thus important to consider herein.  Both the ERC 

magnitude component and the fire season length component are derived from 

the same ERC time series, but we have determined that these two metrics are 

not strongly correlated, so it is valid to include both in the AFSI calculation.  

In considering how each of the AFSI components operate together, it is 

useful to note that the respective variance of each component is maximized 

during a different portion of the calendar year. This characteristic allows each 

component to represent modes of severity that may occur in the absence of 

another, and therefore may be missed when considering only the standard 

indices of annual fire severity (ignitions, acres burned). For example, when we 

compare the monthly distribution of ERC magnitude and ignition frequency in 

Figure 2.5, we see that both components are maximized in the summer months 

when weather conditions are typically hot and dry in the SCGA. Yet interannual 

ignition frequency varies greatly while ERC values are consistently elevated in 

the same summer period, and oppositely, ignitions frequency is consistently low 

while ERC magnitude displays a vast range in the winter months (dependent on 
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the onset of cool season precipitation). Each AFSI component is therefore 

capable of capturing very different behaviors that are all believed to be important 

modes of annual severity. 

 

 

Figure 2.5: Box-and-whisker plots of SCGA monthly fire ignitions and ERC magnitude, two of the 
components used in the AFSI calculation, for the study period 1992-2015. The boxes indicate the 

25th, 50th, and 75th percentiles of the distribution, while the whiskers extend to the 5th and 95th 
percentiles. Black dots indicate outlier values. 

 

Once the AFSI components were selected and justified, the yearly index 

values were calculated using the following method. Each of the four components 

were assigned a yearly “score” from 1-10, calculated by the yearly components’ 

decile value with respect to its 24-year climatology. A yearly score of 1 was 

assigned if the yearly component value fell within the bottom decile of the 



28 
 

component distribution, while a yearly score of 10 was assigned if the yearly 

component value fell within the top decile of the component distribution. This 

calculation was applied to each of the four AFSI components, and the yearly 

values were summed respectively. The result was a time series of 24 values 

(“scores”) ranging from 4-40, where a score of 4 indicates the least severe fire 

season possible, and a score of 40 indicates an exceptionally severe fire season.  

 

e. Results and Discussion 

 

Figure 2.6: The final AFSI time series for study period 1992-2015. Each of the four AFSI 
components are indicated by different colors (ERC, red; acres burned, orange; ignitions count, 

green; and fire season length, red), and the yearly component scores are stacked to indicate the 
yearly sum score.  

 

 The final AFSI time series for the 24-year period, 1992-2015, is displayed 

in Figure 2.6. A preliminary visual inspection indicates patterns and behaviors 

within the time series that can be investigated further. First, the range in total 



29 
 

score (the sum of all four individual components) spanned from a minimum value 

of 8 in 1998 to a maximum of 34 in both 2006 and 2007. The index score 

distribution is roughly normal with median =  21.50 and mean =  21.96, centered 

near the midpoint value of 22. Second, the time series can be divided into 

several periods of generally elevated or suppressed annual severity. From 1993-

1997, scores were consistently elevated above the median but then abruptly 

decreased, transitioning to a period of suppressed fire severity from 1998-2005, 

with the exception of 2002. The scores then underwent the largest year-to-year 

value increase, rising 13 points from 2005 to 2006, the first of 3 consecutive 

years where scores exceeded 30. Although the final 7-year period from 2009-

2015 also exhibited generally elevated scores, 4 of the 6 years were either near 

or below the median value of 21.50. The final 3 years each saw a gradual 

decrease in magnitude, potentially indicating a transition to a period of 

suppressed annual severity.  
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Figure 2.7: Comparing the yearly values of each AFSI component (ERC, acres burned, ignitions 
count, and fire season length); color schemes are same as Figure 2.6. 

 

Additional value can also be gained by inspecting the behavior of each 

individual AFSI component throughout the study period (Figure 2.7). The acres 

burned component peaked in the mid-1990s and mid-2000s, but remained 

consistently suppressed for the final 6+ years of the study period. Ignition 

component values followed a similar pattern to acres burned, although 

component values exhibited a maximum in the early 2010s. We do not believe 

that the trends in ignitions and acres burned are due to an artifact of varying 

recording procedures in the FPA FOD dataset. It was noted that the ERC 

component scores generally increased throughout the study period, but this 

increase was not consistent among the seasons. While August ERC largely 

stayed the same, the distribution of February, May, and August ERC shifted 
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toward higher values in the 24-year period examined, where February exhibited a 

substantial upward trend (Figure 2.8).  

A similar observation was made for the fire season length component, 

which exhibited significant interannual variability but generally increased through 

the study period. Because the SCGA warm season is dominated by 6+ months of 

drought conditions, mid-summer ERC values remained consistently elevated, 

and therefore a changing fire season length would be driven by changes in the 

onset and retreat of cool season moisture. Therefore, the observation of a 

prolonged fire season in the SCGA, driven by increasingly hot, dry weather in the 

spring and fall, is consistent with the finding that the fire season across much of 

the western United States has lengthened (e.g. Westerling 2016; Westerling et 

al. 2006). 

 

Figure 2.8: Yearly ERC median values for 4 months of the year (February, May, August, and 
November) to demonstrate how ERC values have varied differently through the 24-year period. 
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The most notable observation of the AFSI time series was that of an 

oscillatory behavior, albeit noisy and irregular in both period and magnitude. If 

impact of anthropogenic activity (human ignitions, fire suppression resource 

management/placement, etc.) on the AFSI has been effectively minimized, we 

would expect that the annual scores and overall behavior of the time series are 

largely driven by weather and climate features. As a first test of the AFSI validity, 

we attempted to relate the observed behavior with significant atmospheric 

features that could have driven the oscillatory behavior. For example, do mild, 

wet El Nino years in the SCGA align with low severity scores, and do the major 

California drought years of 2011-2015 exhibit generally elevated scores? While 

more advanced statistical methods are reserved for the next chapter of this 

research, it was important to first establish that the statistical methods employed 

herein generated a reasonable product in the AFSI. In addition, instances where 

the observed weather and climate patterns produced unexpected AFSI values 

may be identified, thus requiring alternate hypotheses.  

 Relatively strong El Nino years were recorded in 1992, 1998, and 2010, 

while strong La Nina events occurred in 1999-2000, 2008 and 2011. In each of 

these El Nino years, suppressed AFSI values were observed, and the strongest 

El Nino year of 1998 also recorded the lowest overall AFSI value. The first two La 

Nina years, which immediately succeeded the record 1998 El Nino event, 

exhibited relative score increases from the previous year but still remained below 

the median value. A cool ENSO continued through 2002, at which point a local 

maximum severity score was recorded, slightly above the median value. 
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Additionally, scores for both 2008 and 2011 were significantly elevated. The 

impact of major SAW years on AFSI was considered, notably including the 

destructive 2003 and 2007 SAW seasons. These two years had acres burned 

component scores of 9 and 7, respectively, indicating that there were an 

anomalously high number of very large fires, but their AFSI sum values were 

quite different at 20 and 34, respectively. Large differences in yearly ignition 

counts and fire season length resulted in vastly different AFSI sum values, 

revealing that the overall characteristics of each year were indeed dissimilar. This 

observation may otherwise be missed if considering only the traditional metrics of 

annual fire severity.  

 A final climate feature related with the AFSI was the severe multiyear 

drought from 2011-2015 (although the drought persisted through 2017, the AFSI 

only extends through 2015). In particular, the period from late 2011-2014 ended 

as the driest in California history (Hanak et al. 2016). Only 2011 and 2013 

exhibited AFSI scores significantly above the median at 27 and 26, respectively, 

but it is more illustrative to examine the individual component scores. Each of 

these drought years registered high fire season length component scores, 

ranging from a value of 5 to 10, while 2012-2015 also recorded ERC component 

scores ranging from 5 to 10. Interestingly, all five drought years registered low 

acres burned scores ranging from 1-4 points. In summary, because of the 

relative lack of very large fires in this period, our measure of annual fire severity 

showed that the severe drought years did not produce exceptional fire severity. 
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 By examining the component details, the AFSI allows for a more robust 

analysis of overall annual fire potential and activity, and to more precisely relate 

each of the components to observed weather and climate patterns. Although the 

AFSI method aggregates fire severity data into yearly values, thus limiting a fine-

scale temporal understanding of the related atmospheric phenomenon, the 

results have preliminarily shown that the methods employed have created a 

product that is qualitatively sensitive to significant atmospheric patterns in the 

SCGA. In the following chapter, an intensive statistical analysis of the AFSI is 

performed to quantitatively determine correlations with specific weather and 

climate features. 
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CHAPTER 3 

 

3. Statistical analysis of Annual Fire Severity Index 

a. Introduction 

 The second initiative of this research is to identify components of SCGA 

climate and weather that may be related to the AFSI time series, and to apply 

statistical methods that quantify these potential relationships. Each of the 

weather and climate parameters selected in this analysis were chosen because 

of their established connection in the literature with wildfire activity in the SCGA 

and other similar fire regimes in the western United States. These weather and 

climate parameters included the Atlantic Multidecadal Oscillation (AMO), Pacific 

Decadal Oscillation (PDO), El Nino-Southern Oscillation (ENSO), Santa Ana 

wind (SAW) events, and coastal marine layer stratus frequency. In this section, 

the methods used to quantify each of the predictors are described, followed by 

an explanation of the statistical methods used to relate the AFSI to the 

predictors. 

 

b. Data 

Of principal importance in modulating fire activity in the SCGA are three 

modes of large-scale climatic variability, namely the Atlantic Multidecadal 

Oscillation (AMO), Pacific Decadal Oscillation (PDO), and El Nino-Southern 

Oscillation (ENSO). Although there are arguably several more teleconnections 

that could be investigated here, a significant proportion of variability in 
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interannual and interdecadal climate (and thus fire activity) in the SCGA is 

explained by these three oscillation indices (Hidalgo 2004; Kitzberger et al. 2007; 

Kitzberger et al. 2001; Rolinski et al. 2019; Westerling and Swetnam 2003). AMO 

Index data for the period 1948-2015 was downloaded from NOAA Physical 

Sciences Laboratory. This index is calculated from the Kaplan SST dataset, 

Version 2, and represents detrended North Atlantic sea surface temperatures. A 

rolling average period of 120 months, where the averaging period was centered 

on the original observations to avoid lag, was applied to the AMO Index values to 

remove short term variability. PDO Index data was downloaded from NCEI and is 

based on NOAA’s extended reconstruction of SSTs (ERSST Version 4). This 

data set represents SST anomalies in the northeast and tropical Pacific Ocean. A 

rolling average period of 60 months, also centered, was applied to the PDO 

Index values. The averaging periods chosen for each respective index were 

based on the typical phase periodicities— given that PDO exhibits an oscillation 

on the order of roughly 20 years and AMO of 60 years, we aimed to reduce 

short-term variability while maintaining the integrity of the overall phases and 

phase transitions. ENSO conditions were quantified herein by the Oceanic Nino 

Index (ONI), NOAA’s primary indicator for the monitoring of ENSO conditions, 

and were collected from NOAA Climate Prediction Center’s (CPC) ONI database. 

This index represents the 3-month running average of ERSST Version 5 SST 

anomalies in the Nino 3.4 region. ENSO teleconnections between SSTs and 

weather/climate in the SCGA are typically strongest in the winter months 
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(Lindsey 2018), and so Dec.-Feb. mean ONI values were calculated to represent 

the yearly ONI state. 

SAWs, and their ability to rapidly dry fuels and drive extreme fire activity, 

are important to quantify separately from climate-scale drought, which occurs at 

large scales as a result of atmospheric forcing by AMO, PDO, and ENSO. We 

believe the most direct way to quantify high-frequency variations in fire potential 

due to fuel drying, such as those related to SAW events, is the Evaporative 

Demand Drought Index (EDDI) (Hobbins et al. 2016; McEvoy et al. 2019). EDDI 

was selected because of its potential to signal the onset of flash drought before 

other indicators including precipitation, soil moisture, and actual 

evapotranspiration, as well as its superior correlation to observed fire activity 

(McEvoy et al. 2019).  While drought indices like the Palmer Drought Severity 

Index (PDSI) have been used widely throughout fire science research, they do 

not reflect fuel moisture conditions to the degree that EDDI is capable and will 

therefore not be used here. EDDI is computed using a non-parametric plotting 

position-based probability approach, and the primary component used in its 

calculation is Grass Reference Evapotranspiration (ET). EDDI considers only 

evaporative demand (𝐸0) anomalies with respect to the climatological median 

over a range of time windows from 1 week to 12 months. At the shorter end of 

the spectrum, EDDI at 2-week and 1-month time scales closely correspond to 

documented heat waves and extreme fire weather in California (Burt 2007), and 

therefore can serve as a proxy for stronger SAW events that are likely to rapidly 

reduce fuel moistures and increase fire potential. Following these observations, 
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the EDDI time series at several different time windows was used to tally the 

number of days per year where EDDI exceeded threshold values of EDDI =

 1 and EDDI =  2 within the Southern California domain used for the Santa Ana 

Wildfire Threat Index (SAWTI) in Rolinski et al. (2016). These yearly counts were 

then correlated to the AFSI time series, and the EDDI time window exhibiting the 

strongest correlations was determined. 

To quantify the potential influence of warm-season stratus clouds in 

modulating fire potential and activity in the SCGA, cloud base height data was 

collected from a series of airport locations along and near the SCGA coastline for 

the study period 1992-2015. The set of airports were selected to equally 

represent marine layer influence along the SCGA coastline to the best degree 

possible. Hourly cloud base height data was shared by A. Park Williams from 

Williams et al. (2018). Following the methods of this same research, we focused 

on the local warm-season (May-Sept.) daytime hours (8:00 – 17:00 PST), a 

period when coastal low stratus are common but also most important in 

mitigating fuel drying and thus flammability. In total, data for 10 airport locations 

(Figure 3.1) was used to calculate the percentage of valid observations where 

cloud base heights at each airport were ≤ 1000 m above sea level, a threshold 

used to distinguish stratus clouds from other cloud types (Iacobellis and Cayan, 

2013; Schwartz et al. 2014). Years with > 5% of missing data were excluded from 

the record of an individual airport location, thereby excluding 3 years of data from 

KNKX and 5 years from KONT. KAVX observations were not initiated until 2000, 

but the remaining 15 years of data were consistent and therefore included in the 
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overall calculation. All other stations had consistent data for the full 24-year 

period.  

 

Figure 3.1: Each of the ten airport locations where cloud base height data was analyzed, notated 
by red triangles and the airport's four-letter identifier; the SCGA boundary is outlined in black. 

 

c. Statistical Analysis Methods 

In Chapter 2, a qualitative analysis of the AFSI indicated that the index 

values were sensitive to major weather and climate patterns. A primary goal of 

this research was to collectively explain the total AFSI variance in terms of the 5 

selected atmospheric predictors. However, each atmospheric predictor only 

helps to explain a portion of the overall AFSI variance. Therefore, a more holistic 

and intensive statistical analysis method was required to understand the relative 

influences of each predictor on the AFSI, especially because the frequency, 

spatial extent, and magnitude of the predictors can vary substantially. 

To achieve this goal, we employed a time series decomposition method 

known as Singular Spectrum Analysis (SSA) which has been used extensively in 
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the examination of geophysical and climate data (Hudson and Keatley 2009). 

SSA decomposes a time series into its underlying components (e.g. trends, 

oscillatory modes, noise), and is especially useful for decomposition of short, 

noisy time series. As a non-parametric spectral estimation method, SSA makes 

no assumptions about the parametric form of the time series. While similar to a 

Fourier time series decomposition, which uses sine/cosine basis functions, SSA 

uses data-adaptive basis functions (deriving from the data itself) and therefore 

can separate potentially irregular oscillatory behaviors with varying periodicities 

(Yiou et al. 2000). This is important because the atmospheric features that 

control SCGA weather and climate (e.g. ENSO, PDO, etc.) vary irregularly and 

may not be clearly identified by decomposition methods that assume sinusoidal 

behavior. SSA is essentially Principal Component Analysis (PCA) on a time 

series, identifying the primary modes of variability from within the data, except 

the Principal Components (PCs) are in the time domain. The main result of the 

SSA algorithm is the set of orthogonal reconstructed components (RCs) which 

together sum to the original time series. (The “RC” initialism terminology can be 

used interchangeably with “temporal PC”; herein, we chose to use “temporal PC”, 

or “PC” in short.) SSA is also practical and easy to employ because it requires 

only one variable, known as the “window length”.  

There are two primary decisions required in employing SSA: first, the 

selection of window length, 𝐿, and second, the grouping of individual PCs 

together. The window length is the number of consecutive time series 

observations, n, upon which a delay window is applied, and determines the 
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longest periodicity captured by SSA. Given a window length of 𝐿, SSA will 

produce 𝐿 principal components. Two important rules exist to select 𝐿: 

2 <  𝐿 <  𝑛
2⁄  

A value of 𝐿 within this range can be selected, where large values of 𝐿 provide 

more refined decomposition into elementary components and therefore better 

separability. To sufficiently extract the underlying trend of the AFSI while 

separating it from the remaining components, a window length of 𝐿 = 10 was 

chosen. Therefore, the window length consisted of about 42% of the overall 

study period length. After the trend component has been identified and separated 

from the reconstructed time series, the remaining PCs can each be categorized 

as either an oscillatory component or noise, which is an insignificant contribution 

to the time series. A single periodic component of the original time series will 

produce two PCs of similar magnitude and periodicity, and therefore it is useful to 

identify and combine these similar PCs to fully represent the underlying 

oscillation. This grouping is done by examining a “w-correlation matrix”, which 

calculates the respective correlations of each PC with the others. PCs that are 

highly correlated with each other, and not correlated with other PCs, can be 

considered an oscillatory pair and summed. These decisions are performed 

largely at the discretion of the user and remain somewhat subjective.  For a 

detailed description of the SSA algorithm, the reader can refer to Vautard et al. 

(1992), Elsner and Tsonis (1996), Golyandina and Zhigljavsky (2013) and a 

number of other publications. The SSA Python code implemented herein is 

adapted from a Jupyter Notebook tutorial (D’Arcy 2018). 
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 We hypothesize that it is possible to isolate the forcing signals of the 

atmospheric predictors from within the AFSI using the SSA algorithm. By 

examining the periodicities and relative contributions of each SSA component to 

the reconstructed time series and relating these behaviors with that of a 

weather/climate predictor, it may be feasible to identify the resulting SSA 

components as driven by a particular atmospheric feature of the SCGA. For 

example, the literature has established that PDO oscillates on roughly a 20-year 

period and also exhibits a large spatial and temporal influence on the SCGA fire 

regime. If one of the PCs is found to oscillate with a periodicity similar to that of 

PDO and contribute significantly to the overall time series, we can suppose that 

the PDO forcing on annual fire severity in the SCGA has been reasonably 

isolated. Similarly, it can be presumed that marine layer influence is associated 

with q lesser-magnitude SSA component because marine layer impact is 

confined to a small portion of the SCGA, and typically not a year-round 

phenomenon.  

 In presenting the AFSI statistical analysis results, the discussion will begin 

with the SSA decomposition and the apparent behaviors of each PC. Then, each 

PC is identified by its relationship to the set of weather and climate predictors. 

These relationships are first plotted to observe patterns within the data, and then 

quantified in simple terms using the Pearson correlation coefficient. A thorough 

examination of potential lagged fire-climate relationships, contingent relationships 

of weather/climate features with each other, and other complications that may 

have weakened the results will follow. 



43 
 

 

d. Results and discussion 

 

 

Figure 3.2: W-correlation matrix for the SSA decomposition where both the x- and y-axes contain 
the 10 initial PCs, and the color shading represents the observed correlation of one respective 
SSA component with another. Yellow represents a perfect correlation of r = 1.0, while dark blue 
represents a zero correlation. Note that the components are not grouped yet here because the 

matrix is intended to guide users to component grouping decisions. 

 

 

 The SSA decomposition of the 24-year AFSI time series using a window 

length of 𝐿 = 10 produced 10 PCs, referred to herein as Components 0-9 

(Comp0-9). Based on the calculated relative contributions of each PC to the 

reconstructed time series, it was decided that Comp7-9 were insignificant “noise” 

and therefore excluded from the analysis. The w-correlation matrix (Figure 3.2) 

guided our subjective determination to group Comp2 with Comp3, and Comp5 

with Comp6, thus creating Comp2-3 and Comp5-6. The remaining PCs did not 

exhibit periodicities and magnitudes comparable to the others and remained 

separate. Figure 3.3 displays the resulting PCs over the study period, where the 
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varying behaviors of each PC can be clearly distinguished from each other. 

Comp0 is largely linear and represents the time series’ positive trend; this PC 

comprises the largest contribution to the reconstructed series, representing a 

contribution of 18-26 AFSI points, or 92.28% overall. Comp1 and Comp2-3 

display clear periodicities, although with varying magnitudes, and each contribute 

about 2.5% to the time series. Comp4 and Comp5-6 fluctuate irregularly, and 

contribute about 1.0% to the reconstructed time series (Table 3.1).  

 

 

Figure 3.3: Each of the 5 grouped temporal PCs from the SSA decomposition for the 24-year 
AFSI time series. 
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Table 3.1: Statistics of the 5 grouped temporal PCs from the SSA decomposition and their 
respective characteristics (i.e. linearity vs. periodicity), overall time series contribution, and time 
series contribution when excluding the trend component (Comp0) to emphasize the relative 
importance of the remaining SSA components. 

Variable Principal 
components 

Characteristic Contribution 
(%) 

Non-trend 
contribution 
(%) 

Total 
contribution 

AFSI 0 Trend—linear 92.28 ---- 99.39 
1 Periodic (14-

16 years) 
2.48 32.12 

2-3 Periodic (5-6 
years) 

2.69 34.85 

4 Irregular 
periodic (4-6 
years) 

0.91 11.79 

5-6 Irregular 
periodic (2-3 
years) 

1.03 13.34 

 

 

1) COMPONENT 0 

 Given the set of weather/climate predictors (AMO, PDO, ENSO, SAW day 

counts, and marine layer frequency), our aim is to identify which of the PCs was 

largely driven by each individual predictor. This can be accomplished by more 

closely examining the PC behaviors. For example, Comp0’s trend is primarily 

linear, but a slight periodicity is also evident. From 1992-1997, Comp0’s 

magnitude remained mostly constant, but increased steadily from about 1997-

2013 before slightly declining by 2015. Comp0 is therefore identified as a 

periodic component, seemingly oscillating on a temporal scale much longer than 

that of the 24-year study period. Recalling that the AMO is a long-period (~60 

years) climatic oscillation, a similar behavior between it and Comp0 is observed 
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when the two time series are overlaid (Figure 3.4). This relationship is specifically 

quantified with a Pearson correlation coefficient (“correlation”), r = 0.814. In a 

negative (cool) phase from 1992-1997, AMO gradually transitioned to a positive 

(warm) phase by 1997, then leveled off for the final 13 years from 2002-2015 

with minor fluctuations. Most notably, the AMO transition from cool to warm 

phase in 1997 coincided with the initial increase in Comp0. AMO’s warm phase is 

known to favor long-term drought conditions and synchronize fire activity across 

the western United States (Beverly et al. 2011; Kitzberger et al. 2007), a pattern 

seemingly reflected in the AFSI decomposition. As Comp0 increases, its 

contribution to annual fire severity also increases. 

 

 

Figure 3.4: Yearly AMO index (median resample) vs SSA component 0 time series. 

 

Interestingly, the correlation between AMO and Comp0 is greatly increased when 

considering a multi-year lag. At a 7-year lag, where AMO values from 1985-2008 

and Comp0 values from 1992-2015 are related, a very strong correlation is 

evident with r = 0.956 (Figure 3.5). Although multi-year (3+ year) lags between 
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oscillation phase shifts and weather/climate teleconnections are documented in 

the literature (e.g. Hessl et al. 2004), support for lag effects up to 7 years is not 

abundant as best as we can tell.  

 

 

Figure 3.5: Same as Figure 3.4, but AMO and Comp0 are compared at a 7-year lag, where AMO 
precedes Comp0. 

 

 Comp0 is responsible for 92.28% of the contribution to the overall 

reconstructed time series, but it must be stressed that we do not believe AMO, in 

turn, directly contributes to annual fire severity so drastically. It remains plausible 

that AMO greatly influences fire severity because of its continental scale 

influence of drought over the United States and in synchronizing fire activity at 

multidecadal time scales across the western United States (Hidalgo 2004; 

Kitzberger et al. 2007). Both drought and synchronous fire activity in SCGA are 

favored for warm AMO, which prevails for the majority of the 24-year period. 

However, Comp0 may also integrate the warming and drying trend due to climate 

change that has persisted over the southwestern US recently, therefore driving 

greater evaporative demand and fuel drying (McEvoy et al. 2019). These effects 
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would in turn drive greater ERC and fire season length AFSI component values. 

We did not quantify the effect of climate change on the AFSI, but can reasonably 

assume that it is a factor. 

  

  

2) COMPONENT 1 

 

Figure 3.6: Yearly PDO (median resample) vs SSA component 1 time series. 

 

The next PC in the SSA decomposition, Comp1, exhibits clear oscillatory 

behavior of period 14-16 years (Figure 3.6). Although Comp1 represents only 

2.48% of the overall contribution to the reconstructed time series, it represents 

32.12% of the contribution among all components excluding the trend (Table 

3.1). Therefore, the climate signal isolated by Comp1 would be one that imparts 

significant influence on the SCGA fire regime. In combination with its decadal 

periodicity, these characteristics suggest that Comp1 captures the fire-climate 

influence of PDO. When examining the PDO time series against Comp1, the two 
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appear closely in phase (positive correlation) from 1992-2003, then out of phase 

from 2003-2010, and finally in anti-phase (negative correlation) from 2010-2015.  

 

 

Figure 3.7: Same as Figure 3.6, but PDO is lagged at 5 years, preceding Comp1 time series. 

 

However, the observed positive correlation of PDO with Comp1 in the 

initial period does not align with the established PDO—SCGA climate effects. 

Recalling that PDO phases have similar teleconnection patterns to those of 

ENSO in the SCGA, where negative (cool) phases are associated with 

anomalously warm, dry conditions while positive (warm) phases induce a mild, 

wet pattern, we would expect that cool PDO phases coincide with increased 

AFSI values and vice versa. Namely, PDO and AFSI oscillations should be 

lagged at approximately ½ wavelength, roughly in anti-phase. This physical 

intuition, along with the literature on PDO fire-climate relationships, would 

suggest that a lag between PDO phase and AFSI value more accurately 

represents the fire regime characteristics. Accordingly, we found a moderate-

strong negative correlation at a 5-year lag with r = -0.477, particularly for the first 
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13 years of the study period (Figure 3.7). In their examination of PDO’s influence 

on fire occurrence in the Pacific Northwest, Hessl et al. (2004) also noted that 

PDO phase precedes the percentage of fire-scarred trees by 5 years. Such a 

multi-year lag was hypothesized to represent a long-term influence of 

multidecadal winter moisture patterns on fine fuel condition and abundance via 

variations in foliar moisture and plant productivity. Our observations reinforce the 

notion that PDO may primarily modulate the SCGA fire regime through these 

same physical mechanisms via long-term moisture anomalies. 

 However, the relationship between PDO and AFSI appears to change 

drastically for the final 5-year period, whereby they adapt a strong positive 

relationship (Figure 3.7). It is unlikely that the climatic effects of PDO on SCGA 

have reversed. Instead, we believe this is partly due to observed irregular PDO 

behavior, and possibly a change in the lagged relationship between PDO and 

AFSI. Although the dominant mode of PDO is only quasiperiodic, the decadal 

cycles typically exhibited by PDO have broken down since about 1998, replaced 

by shorter, more irregular cycles (NWFSC 2019). Because PDO cycles have 

become shorter and more irregular, the tendency for wet/dry periods associated 

with positive/negative PDO to promote fine fuel growth/drying may be decreased. 

The associated fire-climate relationships would thus be weakened. Alternatively, 

the decreased relationship strength may be related to the altered relative 

influences of the other dominant climate oscillations (AMO, ENSO) with respect 

to PDO.  
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3) COMPONENT 2-3 

 Reconstructed components 2 and 3 (Comp2-3) also exhibit a regular 

periodicity of roughly 5-6 years, although the magnitude of these oscillations 

increases through the study period (Figure 3.8). Comp2-3 represents a collective 

2.69% contribution to the reconstructed time series, or 34.85% when excluding 

the trend component. Comp1 and Comp2-3 both represent a significant time 

series contribution at about 1 3⁄  of the total contribution, respectively (Table 3.1). 

Accordingly, Comp2-3 also seems to isolate the influence of a component 

significant to the SCGA fire regime. It was first hypothesized that Comp2-3 fit well 

with ENSO given its typical oscillation period of 2-7 years, and because it is 

known to impart great control on SCGA climate, but the results here demonstrate 

ENSO exhibits higher frequency variations that do not align well with that of 

Comp2-3. Accordingly, only a weak correlation (r = -0.269) existed between 

them.  

 

 

Figure 3.8: Yearly EDDI threshold exceedance counts vs SSA component 2-3 time series. 
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 However, the highest correlation of Comp2-3 was identified with the yearly 

EDDI threshold exceedance counts (r = 0.470), which here are a proxy for flash-

drying SAWs. Although the periodicities of Comp2-3 are asynchronous with EDDI 

counts from 1992-2005, both the periodicities and magnitudes align well from 

2005-2015 (Figure 3.8). In particular, both EDDI counts and Comp2-3 exhibit 

similarly increasing oscillation magnitudes in the final decade. SAW frequency is 

regulated in part by AMO, PDO, and ENSO, and it has been previously 

established that the influence of each oscillation varies dependent on the relative 

phases of the other oscillations. For example, Li et al. (2016) found that PDO 

more closely matched SAW frequency between 1983 and 1999, coinciding with 

the cool phase of AMO. Beginning in 2000, AMO fluctuations were more closely 

related to SAW frequency than PDO in their study, when AMO transitioned to a 

warm phase. Our analysis found the strongest Comp2-3—EDDI count 

relationship starting in 2005, coinciding with a warm AMO, cool PDO, and mostly 

cool ENSO. This contingency of oscillation phases has been found to favor 

increased SAW frequency (Rolinski et al. 2019), and is also related to a greater 

tendency toward drought conditions in the southern tier of western US states 

(Kitzberger et al. 2007). In 2010, while PDO reached its strongest negative phase 

and ENSO conditions switched toward a moderately strong El Nino event, the 

close correlation between Comp2-3 and EDDI persisted as both parameters 

decreased significantly. It is interesting that a significant ENSO shift was 

observed yet the Comp2-3—EDDI counts relationship was not weakened. This 
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seemingly supports the notion that AMO and PDO exert greater influence on this 

fire-climate relationship than ENSO.  

 

 

Figure 3.9: ML frequency vs SSA component 2-3 time series. 

 

Another PC that correlated moderately well with Comp2-3 was the marine 

layer frequency (ml_freq) predictor, with r = -0.566 (Figure 3.9). This correlation 

is of roughly equal magnitude but opposite sign to the EDDI counts correlation 

value, potentially signaling physical similarities. We would expect that greater 

marine layer presence reduces AFSI values because of decreased 

evapotranspiration, increased vapor deposition/precipitation, and thus enhanced 

fuel moistures along the SCGA coast. Therefore, the ml_freq and Comp2-3 

indices should ideally be in anti-phase (negatively correlated). In examining the 

behavior of the two indices, we observed a similar pattern between ml_freq and 

Comp2-3 as with EDDI count and Comp2-3, whereby the strongest relationship 

existed between 2006-2015, while generally weaker, asynchronous oscillations 

prevail from 1992-2006. Furthermore, EDDI counts and ml_freq are moderately 

negatively correlated with r = -0.646. These observations are intuitive because 



54 
 

the hot, dry offshore winds induced by SAWs can eradicate the coastal marine 

layer (Rolinski et al. 2019) and therefore years of increased SAW frequency 

would coincide with reduced marine layer frequency. In summary, the SSA 

analysis suggests that Comp2-3 is related to both EDDI count frequency and 

marine layer frequency, and that they both may be influenced in similar, but 

opposite manners by respective AMO, PDO, and ENSO phases.  

 

4) COMPONENT 4 

 

Figure 3.10: SSA component 4 time series. 

 

Comp4 exhibits noticeably irregular fluctuations compared to the other 

PCs examined thus far in terms of periodicity and interannual variability, and no 

clear pattern in the overall behavior is evident. Comp4 undergoes 5 full cycles 

through the study period, but these irregular periods range from 3-5 years (Figure 

3.10). Excluding the trend PC, Comp4 is responsible for 11.79% of the total 

contribution to the reconstructed time series (Table 3.1). Comp4 did not exhibit a 

similar periodicity to any other PC, and this was reflected in the low correlation 
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with respect to all other PCs (Figure 3.2). Additionally, Comp4 does not correlate 

well with any of the weather/climate predictors, where the best correlation 

calculated was with ENSO (r = -0.255), and the frequencies of each parameter 

were asynchronous as well.  

 We aimed to further delineate the behavior of Comp4 by examining a 

periodogram of this component in an attempt to understand its dominant modes, 

which may resemble the frequency of another SCGA weather/climate component 

that had not yet been identified. The periodogram identified the dominant mode 

of Comp4 at 1 0.2⁄ = 5 years, with a secondary maximum at roughly 1 0.33⁄ = 3 

years (Figure 3.11). These frequencies are within the possible range of ENSO (2-

7 years), and therefore it remains plausible that Comp4 has isolated the fire-

climate influence of ENSO that is not well-quantified by our ENSO parameter, or 

that another component of SCGA weather/climate is influencing Comp4. Comp4 

could therefore represent the mixed influence of these multiple modes. The 

signal represented by Comp4 has not been confidently identified, but we believe 

that ENSO and other teleconnections may be represented here. 
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Figure 3.11: SSA component 4 periodogram, which estimates the spectral density of a signal, 
essentially displaying the dominant frequencies on which a time series oscillates. 

 

 

 

5) COMPONENT 5-6 

 

Figure 3.12: Dec.-Feb. mean ONI value vs SSA component 5-6 time series. 
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The final reconstructed component considered in this analysis, Comp5-6, 

accounts for 1.03% of the reconstructed time series contribution, or 13.34% of 

the non-trend contribution (Table 3.1). Over most of the study period, Comp5-6 

oscillated on a period of 2-3 years, although this regularity broke down for 

roughly 4 years in the early-mid 2000s. During this same interval, Comp5-6 

interannual variability was greatly reduced as well. Compared to the first decade, 

where the component values ranged from -4 to +3 points, during the next 5 years 

the index values mostly ranged from only -1 to +1 points. The change in Comp5-

6 behavior seemingly indicates a changing climatic influence on SCGA as 

represented by Comp5-6. A very similar overall behavior and characteristic 

transition was noted in ENSO variability clearly indicated in Figure 3.12.  

In fact, the periodicities between the two parameters appear closely 

interlinked, supported by a moderate correlation (r = -0.630) over the 24-year 

period. Excluding the 2001-2005 interval when the ENSO interannual variability 

became irregular, the correlation improves further (r = -0.693). As before, we can 

extend our previous discussion of oscillation transitions as influences on fire-

climate relationships for Comp5-6 and ENSO. The turn of the 21st century 

demarcated significant transitions in AMO, PDO, and ENSO behavior; AMO had 

recently transitioned from an extended cool to warm phase, while PDO switched 

from a dominant warm phase to extended cool phase. ENSO, too, had recently 

transitioned from the strong winter 1997-1998 El Nino event to a multiyear La 

Nina which marked the beginning of the reduced interannual variability period. 

Toward the end of the study period, PDO transitioned back to a warm phase 
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while ENSO shifted to El Nino conditions, coincident with another period of 

weakened Comp5-6—ENSO relationship. Overall, it appears that significant 

phase changes in both the Pacific and Atlantic Basins were important in 

weakening Comp5-6—ENSO relationship, and that these phase changes were 

more influential than the phase contingencies. 

 A further point of discussion is motivated by the relatively low ENSO 

contribution to AFSI, at only 13.34% percent of the non-trend contribution. Past 

research on ENSO’s influence of SCGA fire activity has identified the oscillation 

as a major driver of both anomalous drought and wet patterns (e.g. Mo et al. 

2009), but our research potentially supports ENSO as playing a more secondary 

role during the 24-year study period. It is apparent that the reduced amplitude 

and frequency of interannual ENSO variability in the middle study period 

suppressed regional fire activity, a pattern previously identified by Kitzberger et 

al. (2001). The authors theorized that El Nino conditions enhance fine fuel build-

up through increased plant productivity and reduced fire activity, which are then 

dried (along with other preexisting larger fuels) during La Nina conditions, thus 

becoming more receptive to fire ignitions. The lack of a strong tendency toward 

anomalously wet or dry conditions reduces the cycle of fuel accumulation, drying, 

and subsequent burning.  

 

e. Non-linear relationships between PCs 

Although we have identified periods of weakened PC—predictor 

relationships for each respective set and examined how significant oscillation 
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phase changes or phase contingencies may have weakened these relationships, 

the construction of temporal PCs in the SSA analysis may have weakened the 

potential relationships themselves. This phenomenon is elucidated in Hidalgo 

(2004), which analyzed multidecadal drought variability in the western United 

States. The author used a rotated PCA of PDSI to identify the influences of North 

Atlantic and Pacific Ocean SST variations (i.e. AMO and PDO, respectively) on 

drought and precipitation variability in the western US. Because AMO and PDO 

are intercorrelated, where the upstream/downstream forcings of each oscillation 

can influence the other’s state, it is impossible to completely isolate the relative 

influences of each on drought occurrence. However, the PCs are by definition 

orthogonal, and so the “identification of PCs is achieved at the expense of losing 

some of the characteristics (i.e. intercorrelation) known to exist between the main 

teleconnection signals.” The author identifies each PDSI PC as strongly 

controlled by either AMO/PDO during their study period, but acknowledges that 

the teleconnections of each influence are not unchanging. Over time, the PCs 

may be forced differently by each climatic oscillation, potentially resulting in 

stronger or weaker PC—predictor relationships.  

This complication has similarly impacted the SSA decomposition herein, 

but the large-scale influences of climate on SCGA fire activity is clearly evident.  

Although limited to a short period of fire record, our research has verified that 

atmospheric patterns ranging from low- to high-frequency are important drivers of 

annual fire severity. SSA has effectively enabled us to identify the signal of 

significant weather and climate features within the AFSI. Although the SCGA fire 
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regime is heavily influenced by human activity, notably through ignition sources, 

fire suppression efforts, and manipulation of fuel structure and composition, the 

importance of atmospheric patterns remains evident. We have shown that SSA 

can enhance our understanding of the underlying contributions by atmospheric 

components of the regional fire regime.  
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CHAPTER 4 

 

4. Concluding discussion 

a. Summary 

This research sought to more clearly delineate the influence of weather 

and climate features on annual wildfire activity in the Southern California 

Geographic Area (SCGA; comprised of southern and central California), 

commonly referred to as the “fire-climate relationships”. The regional fire regime 

in question is characterized by unpredictable human-ignited wildfires and 

extensive fire management/suppression efforts that have induced significant 

changes in fuel composition and abundance. Typically, fire-climate research 

seeks to correlate either the number of wildfire ignitions or the extent of fire-

burned area with the atmospheric patterns at both weather and climate 

timescales known to control fire activity in a given region. However, such 

analyses have experienced difficulty in separating the stochastic human-fire 

regime influence from that of natural atmospheric variability. This research 

acknowledges that such complications may be due in part to the way that past 

research quantifies wildfire activity, and offers a new method to reconcile this 

observation. 

The methods employed herein aimed to minimize the unpredictable 

human-fire regime element by developing a new index of annual regional fire 

activity that aggregates four individual metrics: two that capture the observed 

physical impacts of wildfires (annual ignition counts and acres burned), plus two 

that capture the potential for physical wildfire impacts on the landscape (annual 
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Energy Release Component magnitude and fire season length) given a random 

ignition event. We hypothesized that aggregating these four metrics into a time 

series of annual index values, referred to as the “Annual Fire Severity Index” or 

AFSI, would dilute the stochastic nature of ignition and large fire events in this 

region with severity metrics that are more closely related to weather and climate 

patterns, both intra- and interannually. This new aggregated index was calculated 

by comparing the annual value of each four metrics to their respective 

climatological distributions and summing the components. The result of this 

method is a time series of 24 annual values that are designed to succinctly 

represent annual fire severity magnitude.  

To evaluate the influence of weather and climate on the AFSI time series, 

a set of 5 atmospheric predictors known within the literature to exert significant 

control on fire activity in the SCGA, although varying in frequency, magnitude, 

and/or spatial extent, were selected. These predictors included the Atlantic 

Multidecadal Oscillation (AMO), Pacific Decadal Oscillation (PDO), El Nino-

Southern Oscillation (ENSO), Santa Ana wind (SAW) events, and coastal marine 

layer (ML) frequency. Generally, the analysis results demonstrated that the AFSI 

calculation method effectively minimizes the inherently stochastic nature of fire 

activity in the SCGA, resulting in clearer fire-climate relationships. A qualitative 

analysis of the AFSI’s relationship with the 5 predictors indicated that the AFSI 

time series generally reflects the fire activity patterns expected given 

anomalously wet or dry intra- and interannual conditions, thereby linking the 

resulting fuel characteristics (abundance, composition, and moisture) with 
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observed weather and climate patterns. However, the model of fire activity 

explained by the AFSI time series is inherently simplistic, and AFSI values that 

deviate from the expected fire-climate patterns do exist. We did not extensively 

evaluate whether other fire severity metrics yield more qualitatively robust 

relationships between AFSI and the set of atmospheric predictors. The 

methodological decisions made in this research were guided by a subjective 

understanding of the best ways to thoroughly capture the possible modes of 

wildfire severity. Therefore, it would be beneficial to rigorously evaluate two 

methodological changes: first, whether there are better ways to quantify the 4 

AFSI components chosen (e.g. changing the respective threshold values, 

alternatively representing the acres burned AFSI component as something other 

than the annual number of fires ≥ 97th percentile, as in this analysis); and second, 

whether there exists a set of AFSI components that better capture the possible 

modes of fire severity (e.g. excluding fire season length component, including a 

different metric, etc.)  

The next research goal aimed to more explicitly define quantitative 

relationships between the AFSI time series and the 5 atmospheric predictors of 

annual fire activity. It was hypothesized the individual influences of each predictor 

on the AFSI values could be extracted from within the overall time series. By 

explicitly identifying these individual influences, a predictive model that evaluates 

the antecedent weather and climate conditions could be developed to forecast 

future AFSI values. The time series analysis technique known as Singular 

Spectrum Analysis (SSA), which is related to Fourier decomposition and is 
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essentially a variant of Principal Component Analysis (PCA) in the time domain, 

was employed here to decompose the AFSI time series into temporal Principal 

Components (PCs). We postulated that each of these temporal PCs may 

respectively represent the isolated fire-climate relationships of the atmospheric 

predictors. To identify these relationships, we correlated the characteristics of 

each temporal PC (periodicity, magnitude, interannual variability) to that of the 

atmospheric predictors, and the PC--predictor sets with the strongest association 

were presumably physically connected. 

In quantitatively evaluating the fire-climate relationships contained within 

the AFSI, the results demonstrated that Singular Spectrum Analysis is an 

effective technique to isolate the fire-climate relationships of each predictor, 

especially given the short AFSI time series which does not lend itself to other 

statistical analysis techniques including regressive models. The AMO predictor 

exhibited the highest correlation with a temporal PC in our analysis, where the 

warm AMO phase is believed to produce a favorable background state for fire 

activity via long-term drought conditions. The strongest PDO fire-climate signal 

was observed at a 5-year lag, suggesting that longer-term fuel moisture and 

production anomalies are the controlling factor for this atmospheric feature. We 

also hypothesized that significant Pacific and Atlantic Basin SST behavioral 

changes altered the time-lag of PDO’s influence on regional fire activity over the 

final 5+ years of our study period. Furthermore, the analysis results 

demonstrated a close correlation of ENSO interannual variability with that of 

another temporal PC in our analysis, where the strongest ENSO-fire activity 
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relationship was found in-year (i.e. not a lagged relationship). However, the 

magnitude of this temporal PC, and therefore of ENSO’s influence on annual fire 

activity, was weaker than hypothesized in relation to the overall PC set. SAW 

frequency and coastal ML frequency both exhibited moderate PC-predictor 

relationships, but these relationships were greatly increased following the 

significant Pacific and Atlantic Basin SST transitions in the late 1990s and early 

2000s to a warm AMO, cool PDO, and mostly cool ENSO. Overall, appreciable 

PC-predictor relationships were observed, but even periods of weakened 

relationships could presumably be explained by the concurrent transitions of 

ocean-atmosphere oscillation states. In the future, particular attention must be 

paid to quantitively delineating how these oscillation transitions manifest in terms 

of the AFSI time series. 

Finally, the set of atmospheric predictors that influence regional fire 

activity have not been fully identified, as demonstrated by the lack of a matching 

atmospheric predictor for temporal PC 4 in Chapter 3. It is plausible that 

additional ocean-atmosphere oscillation teleconnections such as the Madden-

Julian Oscillation (MJO) influence fire activity in the SCGA, but because this 

influence is not discussed prominently in the literature, it was not investigated 

here. SSA interpretation is therefore limited by the set of atmospheric predictors 

that are used to explain AFSI variance. Additional success may therefore be 

achieved by initially identifying a larger set of atmospheric predictors and 

eliminating them as containing substantial fire-climate influence during the 

statistical evaluation phase. 
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b. Additional points 

One of the key benefits of the AFSI method demonstrated in this research 

is its simplicity. The simple calculation employed in our AFSI and the overall 

effectiveness of this method demonstrates the utility of aggregating multiple 

indices together that each represent different modes of annual fire severity. Each 

of our AFSI inputs (ignitions, acres burned, ERC magnitude, fire season length) 

are established within the fire science and fire management communities, and 

the AFSI output is a simple numerical value that is easy to interpret. A similar 

method was employed by Jolly et al. (2019), which combined two outputs of the 

NFDRS that are well-established within the fire management and firefighting 

communities -- the Energy Release Component (ERC; a function of fuel 

moistures) and Burning Index (BI; related in part to wind speeds) -- into a new 

metric known as the “Severe Fire Danger Index” or SFDI. Both ERC and BI 

capture different modes of fire danger: dry and calm versus damp and windy, and 

their aggregation yields a simple numerical value designed to identify geographic 

locations with the potential for extreme fire behavior. At their core, both the AFSI 

and SFDI are simple metrics that have been demonstrated to effectively 

aggregate different modes of fire activity. 

Other studies have similarly aimed to quantify fire activity in ways that 

better isolate climatic influences from those not related to weather or climate, 

motivated by the knowledge that area-burned statistics are notoriously obscured 

by anthropogenic influence (i.e. ignition sources, suppression efforts, etc.) 
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Beverly et al. (2011) utilized socioeconomic measures of wildfire activity including 

wildfire evacuation activity and fire suppression expenditure data to deduce 

relationships with the AMO. The authors found a significant connection between 

AMO index values and these indicators of fire activity. This method is intriguing 

because it emphasizes the societal impact of wildfires, thereby providing a direct 

link between research and fire management and policy. Our research further 

builds upon the understanding that conventional measures of fire activity must be 

supplemented by other indices that more fully encapsulate the variety of ways 

wildfires can disrupt society, particularly as wildland-urban interfaces continue to 

expand. Such research efforts highlight the importance of rethinking scientific 

conception – of stepping back from conventional methods and approaching the 

data from a new direction. 

This study has shown that the AFSI method reasonably approximates 

wildfire activity in the SCGA, and that clear fire-climate patterns are discernable 

from the AFSI time series. Therefore, we believe that with continued research, 

this method can be further developed into a predictive model of annual fire 

activity for any large-scale fire regime, which in turn can help the fire community 

at large to proactively inform stakeholders, allocate suppression resources, and 

inform the public of upcoming annual fire severity. 
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