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ABSTRACT 

Ecosystem response to disturbance is a function of environmental factors interacting at a 

number of spatio-temporal scales.  This research explored ecosystem response to wildfire 

as a function of local and broad-scale environmental factors using satellite based time-

series remote sensing data.  This topic was explored as a series of three independent but 

related studies. 

 The first study focused on the evaluation of techniques for the analysis of time-

series satellite data for describing post-fire vegetation trends at sites in the US, Spain, and 

Israel.  Time-series data effectively described post-fire trends, and reference sites were 

valuable for differentiating between post-fire effects and other environmental factors.  

The use of phenological indicators derived from the time-series shows promise as a 

monitoring tool, but requires further investigation. 

 The next study evaluated the influence of broad-scale climate factors on rates of 

post-fire vegetation regeneration across the western US.  Rates of post-fire regeneration 

were higher with increased precipitation and higher minimum temperatures.  Changes in 

climate are likely to result in shifts in post-fire vegetation dynamics, leading to important 

feedbacks into the climate system.  The use of time-series data was a valuable tool in 

measuring trends in post-fire vegetation across a large area and over an extended period. 

The final study used time-series vegetation data to measure variations in post-fire 

vegetation response across an extensive 2002 wildfire.  Regression tree analysis related 

post-fire regeneration to local environmental factors such as burn severity, soil properties, 

vegetation, and topography.  Residuals from modeled rates of post-fire regeneration were 
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evaluated in the context of management activities and site characteristics using expert 

knowledge.  Post-fire rates of regeneration were a function of water availability, pre-burn 

vegetation, and burn severity.  Management activities, soil differences, and shifts in 

vegetation community composition resulted in deviations from the modeled post-fire 

regeneration rates. 

The results of these three research studies indicate that remotely sensed time-

series vegetation data provide a useful tool for measuring post-fire vegetation dynamics.  

Both broad-scale and local environmental factors play important roles in defining post-

fire vegetation response, and the use of remote sensing and geospatial data sets can be 

useful in integrating these factors and enhancing management decisions. 
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INTRODUCTION 

Ecosystems are in a continual state of response to disturbance (Pickett and White 1985).  

The nature of that response is dictated by multiple drivers that interact across scales, 

resulting in complex patterns of ecosystem structure and function (Scheffer et al. 2001, 

Chapin et al. 2002, Turner 2005, Groffman et al. 2006, Peters et al. 2006).  These 

complexities make it difficult to make predictions and management recommendations 

regarding the goods and services provided by natural systems.  If ecosystem goods and 

services are to be safeguarded, it is critical that the dynamics of the natural systems that 

provide them be well understood (Turner et al. 2003).  This research addressed this 

need by using geospatial data to elucidate the factors contributing to variations in 

post-wildfire vegetation dynamics across space and time.  A better understanding of 

post-wildfire system response is particularly important given increases in the frequency 

of catastrophic wildfires in recent decades and the likelihood of continued increases given 

current trends in climate change (Easterling and Apps 2005, Westerling et al. 2006, IPCC 

2007).   

 

I. Exploring post-disturbance vegetation dynamics.   

Ever since Clements’ (1916) work on community succession, ecologists have strived to 

develop models that would predict post-disturbance community dynamics.  Clements 

argued that vegetation communities behave in a nearly organismic fashion, with each 

member of the community an important part of the whole; and that plant communities 

move through predictable stages from infancy to maturity, just as an organism does.  The 



 

 

13

specific pathway of this successional march, Clements contended, is defined by the 

environmental constraints of the habitat within which the community functions.  This 

leads inexorably to a specific final, or “climax” vegetation community.  Thus, any 

disturbance to the community sets the system back along the successional continuum, but 

does not alter the course of the system, nor its eventual final state.  This view has come to 

be known as an “equilibrium” model, because of its portrayal of a system as having 

strong internal controls that serve to balance the system with little reference to external 

forces (Holling 1973).  Clements’ contemporary, Henry Gleason (1926), disagreed with 

Clements, contending that each individual responded only to its own requirements, 

resulting in a continuum of species across landscape gradients that did not constitute a 

well-defined community.   

While Gleason was not alone in his criticisms of Clements’ ideas (Elton 1930, 

Tansley 1935), the paradigm of equilibrium dynamics guided the thinking of ecologists 

and land managers (Dyksterhuis 1949, Odum 1969) and became institutionalized in 

monitoring programs developed in the 1950s by the US Forest Service (USFS), the 

Bureau of Land Management, and the Natural Resources Conservation Service (formerly 

the Soil Conservation Service).  Over time, dissatisfaction with the simplicity suggested 

by Clements’s model began to grow.  Observations showed that systems do not always 

follow a single, predictable path (Connell and Slatyer 1977), but rather the successional 

path is often interrupted by external events that fundamentally alter ecosystem processes 

and change developmental trajectories (Holling 1973, Pickett et al. 1987, Westoby et al. 

1989).  This theory of multiple stable states with transitions between states has now been 
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widely accepted, so much so that some have expressed fears that the application of the 

theory extends beyond the current ecological understanding and empirical evidence 

(Scheffer et al. 2001, Briske et al. 2005, Groffman et al. 2006).  Further, others warn 

against the complete rejection of Clementsian ideas, emphasizing that in addition to 

external drivers that result in disequilibrium, facilitative forces exist, which serve to 

promote equilibrium within a system (Callaway 1995, Holling et al. 2002).   

In an effort to provide a synthesis of the competing viewpoints of vegetation 

dynamics, and to extend those ideas to other disciplines, a group of social scientists, 

ecologists, and economists gathered to formulate a single theory that could account for 

the presence of internal stabilizing forces and external forces leading to unpredictable 

alternative states (Gunderson and Holling 2002).  Holling and others (2002) argue that all 

systems go through a cycle, termed the model of “adaptive change” (Figure 1), whereby 

the system moves along a path from low connectivity and low potential for change 

(termed the exploitation, or r stage) to a state of high connectivity and high potential for 

change (the conservation or K stage).  From the standpoint of connectivity, this portion of 

the model is similar to Clements’s model, where connectivity refers to the cohesiveness 

of the system and its ability to self-regulate.  The increase in potential for change, 

however, leaves the system poised for the next step, a movement from K to Ω (release).  

Ω represents the introduction of external forces into the system.  Since the system has 

accumulated a large potential for change in the form of sequestered resources, these 

external forces result in a release of potential and connectivity.  The system then moves 

quickly from Ω to α, where the resources are reorganized, leading again to the 
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opportunity for exploitation (r).  It is at this stage, however, that novelty can enter, and 

new combinations of resources can emerge, defining a path different from the preceding 

one.  The particulars of the new path toward Ω will be determined by the nature, 

intensity, and extent of the disturbance and the resources available. 

Gunderson and Holling’s (2002) model of adaptive cycles provides a good 

synthesis of current environmental theory, however much remains to be studied in 

working out the specifics, particularly in relation to the practical application of the 

theory.  One of the most pressing needs in linking ecological theory with land 

management is an understanding of the spatio-temporal variability of drivers that lead to 

a particular ecosystem behavior (Scheffer et al. 2001, Chapin et al. 2002, Turner 2005, 

Peters et al. 2006).   

 

II. Goals and Objectives. 

The goal of this study was to evaluate the role of ecological drivers in determining 

patterns of post-disturbance vegetation dynamics.  This was accomplished by 

evaluating post-wildfire vegetation using time-series satellite imagery in the context 

of multiple interacting environmental factors at two spatial scales. 

Gunderson and Holling theorize that as systems move from r to K they 

accumulate potential for change and increase in connectivity.  In natural ecosystems, 

accumulated potential for change can be measured in terms of accumulated primary 

production (biomass) (Holling and Gunderson 2002).  Connectivity in natural systems 

can be interpreted as the degree to which productivity at one observation is related to 
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productivity of adjacent observations in space and time.  This research utilized remotely 

sensed measures of vegetation to evaluate trends in ecosystem productivity and 

connectivity.  Further, these measures were coupled with other geospatial data sets 

describing key drivers of ecosystem productivity to evaluate the causes of variation in 

these measures. 

Remotely sensed data have proven valuable in determining the landscape context 

within which ecosystem phenomena occur (Wu and Archer 2005, Peters et al. 2006), as 

well as providing a sampling mechanism for monitoring landscape level ecosystem 

processes over time and across large areas (West 2003, Zhang et al. 2003, van Leeuwen 

et al. 2006).  Satellite-based vegetation indices (VIs) have been shown to be useful for 

indicating relative net primary productivity (NPP) (Goward et al. 1985, Prince et al. 

1995).   

Wildfires provide unique opportunities to study spatio-temporal variability in 

post-disturbance vegetation dynamics.  The relatively short duration and discrete extent 

of most wildfire events permits the study of vegetation dynamics within a known area, 

emerging from a fixed starting time.  The study of post-wildfire dynamics is also 

important due to the number of large, expensive post-fire rehabilitation efforts and the 

disruption of important ecosystem-based goods and services.  A better understanding of 

post-fire dynamics would help inform management actions in the wake of catastrophic 

wildfires.  

In order to gain a better understanding of post-wildfire ecosystem dynamics, I 

pursued the following objectives: 
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1) Develop and assess techniques for using time-series remote sensing data to 

characterize post-wildfire vegetation dynamics. 

 

2) Evaluate variations in post-fire vegetation trends as a function of multiple 

interacting environmental variables at several spatial scales. 

 

III. Dissertation summary. 

I pursued these objectives in a series of three separate but related manuscripts, which are 

ready for submission to peer reviewed journals, and are included in this document as 

appendices.  I made substantial original contributions to each manuscript.  The first of 

these papers (Appendix A) was entitled “Monitoring post-wildfire vegetation recovery 

with remotely sensed time-series data in Spain, USA and Israel”.  This manuscript 

explored a variety of metrics for summarizing post-wildfire vegetation trends using time-

series remote sensing data, and served as a preliminary assessment of methods used in the 

following two manuscripts.  While Dr. Willem van Leeuwen was the first author on the 

paper and I served as the second author, Dr. van Leeuwen and I established the 

theoretical framework for the paper together, and I designed and implemented the 

methods for analyzing the data.  Other co-authors provided insight relative to their 

specific study sites in Spain, Israel, and the US.  The second paper (Appendix B), entitled 

“Broad-scale environmental conditions responsible for post-fire vegetation dynamics”, 

made use of the techniques established in the first manuscript to evaluate the influence of 
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broad-scale factors such as climate on post-wildfire dynamics across the western US.  I 

was the first author on this manuscript, and provided the majority of theoretical and 

analytical contributions to the research.  The third paper (Appendix C) was entitled 

“Evaluating post-wildfire vegetation dynamics as a response to multiple environmental 

determinants”, and explored the local influences of post-fire recovery across a single site.  

I was also the first author on this work, and the design and interpretation of the research 

were primarily my own.  By combining insights from these three research efforts, I 

established important tools for the monitoring and evaluation of post-fire vegetation, and 

further developed the understanding of the influence of environmental forces on post-

disturbance ecosystems at multiple scales. 
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PRESENT STUDY 

I. Summary 

The methods, results, and conclusions of this study are presented in the papers appended 

to this dissertation.  The following is a summary of the most important findings in this 

document. 

 

Appendix A: Monitoring post-wildfire vegetation recovery with remotely sensed time-

series data in Spain, USA and Israel. 

(Note: This manuscript was submitted to the International Journal of Wildland Fire on 

May 19, 2008) 

 

Research has shown that past changes in climate and management have resulted in 

changes in fire regimes (Westerling et al. 2006), and will continue to be important factors 

in future fire disturbances (Flannigan et al. 2000).  This necessitates the development of 

methods for monitoring post-fire vegetation rehabilitation efforts that are broadly 

applicable and yet can be tailored to individual ecosystems or rehabilitation efforts.   

To address this need we evaluated a series of techniques using remotely sensed 

vegetation data to monitor post-fire response at sites in Spain, Israel, and the US.  We 

measured vegetation using a time-series of Normalized Difference Vegetation Index 

(NDVI) data at 250m resolution collected by the Moderate Resolution Imaging 

Spectroradiometer (MODIS).  We evaluated three techniques for monitoring trends in 

post-fire vegetation for three sites, one in each country. At each of the three sites we 
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selected a reference area to match each burned area.  First, we evaluated changes in 

NDVI over time, as an indicator of the amount of vegetation at each site. Second, we 

measured changes in the coefficient of variation across the area to represent changes in 

spatial heterogeneity over time.  Third, we developed phenological markers (pheno-

metrics) for each post-fire year and evaluated the time-series of pheno-metrics to identify 

potential changes in post-fire vegetation behavior.  The pheno-metrics we measured 

included start and end of season, base and peak NDVI values, and integrated seasonal 

NDVI.  We evaluated each of these three methods for both the burned and unburned 

reference sites.  Comparison between the burned and reference sites allowed us to 

account for dynamics at the reference site in the absence of influences that were not a 

consequence of the fire. 

We found that all three methods have merit for monitoring post-fire vegetation 

dynamics.  Sites in Israel and the US showed increases in NDVI relative to their 

respective reference sites over the post-fire period, while the site in Spain did not.  All 

three sites indicated a general decline in heterogeneity over time.  Evaluation of the 

pheno-metrics was less clear, with increases in peak, base and seasonally integrated 

NDVI seen for one out of the three sites.  Visual interpretation of post-fire trends in 

phenology indicated that a longer time series may result in stronger relationships for 

these three measures. 

We conclude that time-series satellite based vegetation data provide a valuable 

tool for the monitoring of post-fire ecosystems.  The synoptic nature of the satellite data 

provides a cost-effective method for evaluating vegetation across a wide variety of 
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ecosystems.  Our results indicate that reference sites allow for a measure of local 

variability that is important for differentiating between changes due to fire effects and 

those due to local environmental phenomena.  We recommend further research in order to 

integrate these tools into the monitoring of post-fire rehabilitation efforts. 

 

 

Appendix B: Broad-scale environmental conditions responsible for post-fire vegetation 

dynamics. 

(Note:  This manuscript will be submitted to Global Change Biology) 

 

The response of vegetation communities to disturbance is a function of multiple 

environmental factors operating at a number of scales (Pickett and White 1985, O'Neill et 

al. 1986).  An understanding of the way these factors interact to define post-disturbance 

ecosystem dynamics is important to the management of natural systems.  Research 

indicates that wildfire regimes have changed due to past changes in climate (Overpeck et 

al. 1990, Westerling et al. 2006), and will likely continue to change into the future 

(Easterling and Apps 2005, IPCC 2007).  It is likely that changes in broad-scale 

environmental factors such as climate could result in changes in post-fire vegetation 

dynamics.  While much research has been done describing the influence of local 

environmental factors on post-wildfire vegetation (e.g. DeBano et al. 1998, Neary et al. 

1999, Turner et al. 1999), little has been pursued to describe the climatic factors which 

might influence post-fire ecosystems at broad scales.  We addressed this need by using a 
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satellite-based vegetation index to examine post-fire vegetation trends for 115 fires across 

the western US over a period of 18 years.  We then related post-fire trends to 

temperature, precipitation, and elevation in order to discover the influence of broad-scale 

environmental factors on post-fire vegetation dynamics. 

We used a database of federal fires (Brown et al. 2002) to locate large fires across 

the western US.  From this database we selected fires with clear evidence of a burn using 

differences in the Normalized Difference Vegetation Index (NDVI) as measured by the 

Advanced Very High Resolution Radiometer (AVHRR).  For each of the fires selected, 

we measured the slope of the annual change in post-fire NDVI in order to establish the 

rate at which vegetation changed over time for each fire. 

We then evaluated differences in post-fire vegetation regeneration rates for 

various ecoregions across the western US, and used simple and multiple linear regression 

models to describe the relationship between precipitation, temperature, and elevation and 

rates of post-fire vegetation regeneration.  We posed three hypotheses related to post-fire 

vegetation trends: 

H1: The slope of the post-fire NDVI time-series will be positive, indicating an 

increase in productivity over time. 

H2:  There will be differences in the slope of the post-fire NDVI time-series between 

ecoregions, with these differences being more prevalent at some levels in the 

hierarchy than at others. 

H3:  Temperature and precipitation regimes serve as broad-scale factors that are 

responsible for a portion of the variability in post-fire vegetation dynamics. 
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 Our results supported H1, showing that 98% of the slopes examined were positive. 

We also found evidence in support of H2, showing significant differences between 

ecoregions.  Analysis of regression models showed that rates of post-fire vegetation 

regeneration were influenced by broad-scale environmental factors.  In particular, rates of 

post-fire regeneration were higher with higher minimum temperatures, and increased 

levels of precipitation. 

 The measurement of post-fire slopes of vegetation change using AVHRR NDVI 

data was challenging due to factors that result in variability in the NDVI time series.  

This variability resulted from a variety of sources, including cloud and snow 

contamination of the satellite signal, differences in sensors and calibration methods over 

the course of the time series, or actual variability in the post-fire vegetation.  In spite of 

these difficulties we were able to establish statistically significant relationships between 

broad-scale climate variables and post-fire regeneration for 115 fires across the study 

area. 

The sensitivity of post-fire vegetation to differences in broad-scale environmental 

controls such as precipitation and temperature has important ramifications for the 

management of post-disturbance ecosystems.  These results may also indicate important 

feedbacks into the climate system as changes in climate lead to changes in disturbance 

regime worldwide as well as changes in post-disturbance ecosystem dynamics. 
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Appendix C: Evaluating post-wildfire vegetation dynamics as a response to multiple 

environmental determinants. 

(Note: This manuscript will be submitted to Landscape Ecology) 

 

Wildfire often disrupts the ability of ecosystems to provide goods and services to society.  

Because of this, it is important to understand the dynamics of post-fire ecosystems in 

order to prescribe and monitor management actions aimed at restoring those services.  

The specifics of post-fire vegetation regeneration are a function of multiple interacting 

environmental factors (DeBano et al. 1998).  While much research has been done on the 

many individual factors responsible for variations in post-fire vegetation dynamics (e.g. 

DeBano et al. 1998, Turner et al. 1999), little has been done to evaluate the synergy of 

multiple factors.  We addressed this need by using a time-series of satellite based 

vegetation data (Enhanced Vegetation Index (EVI)) to estimate rates of post-fire 

regeneration across a large burn in central Arizona.  We then used regression trees to 

evaluate the influence of combinations of environmental factors on post-fire rates of 

regeneration.  We included topographic factors in our analysis, derived from a digital 

elevation model.  We also included soil properties and potential vegetation data from a 

Terrestrial Ecosystems Survey (TES) performed by the US Forest Service (USFS).  Last, 

we included pre- and post-fire vegetation condition, including a measure of burn severity 

across the site.  Our results indicated that elevation, pre-burn vegetation, and burn 

severity were all important determinants for variation in rates of post-fire vegetation 

regeneration. 
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 We then created a map of residuals of the difference between actual post-fire 

slopes of change in integrated EVI (as estimated using the EVI time-series) and those that 

would be expected given the regression tree model.  We evaluated these residuals with 

help from the silviculturalist at the Black Mesa Ranger District (Personal communication, 

Richardson 2008), the district most impacted by the fire.  We identified three primary 

reasons for departures from modeled slopes.  First, management efforts in several areas 

resulted in either higher or lower rates of post-fire regeneration than would have been 

expected from the regression tree model.  Second, several areas seemed to be 

experiencing a transition in vegetation type, and differed substantially from their pre-burn 

vegetation composition.  Last, soil patterns not accounted for by the TES data influenced 

post-fire regeneration. 

 We concluded that satellite based time-series vegetation data have value for 

monitoring post-fire rates of regeneration across a burned area. Further, regression 

models provide a valuable tool for post-fire monitoring, providing the ability to integrate 

the influence of multiple interacting environmental factors.  We identified a need for 

more detailed and spatially explicit data regarding soil properties and pre-burn 

vegetation.  The approach outlined in our research could be especially helpful in 

monitoring management actions when used in conjunction with expert knowledge. 

 

II. Conclusions 

A synthesis of these three research studies allow us to make some conclusions regarding 

the nature of post-fire vegetation dynamics, and the use of remote sensing time-series 
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data for monitoring post-fire response.  First, this research reinforced the value of time-

series remotely sensed vegetation data as a valuable tool for monitoring post-fire 

vegetation.  Second, both broad-scale and local environmental factors play important 

roles in defining the response of post-fire ecosystems.  Last, the monitoring of post-fire 

response using time-series remote sensing data, combined with the modeling of potential 

environmental influences can be a valuable management tool in post-disturbance 

environments.  In a context of changing environmental conditions at local, regional, and 

global scales, it is important to have an understanding of how these changes might 

influence post-disturbance vegetation dynamics. This research provides valuable tools for 

the evaluation of ecosystem response to disturbance and the environmental factors 

responsible for that response. 

 

III. Future Research 

Four primary areas for further research emerge from the work presented in this 

dissertation. 

1) Further understanding the role of ecosystem connectivity in describing post-

disturbance ecosystems. 

 The results from this work establish trends in post-fire dynamics primarily as a 

function of accumulated potential as defined by Holling and Gunderson (2002).  While 

Appendix A documents declines in post-fire heterogeneity over time, the ecological 

significance of these declines is unclear, given the coarse (250m) resolution of the data 
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used to measure heterogeneity.  More research is needed to link changes in ecosystem 

function in the post-fire environment to remotely sensed measures. 

2) Integration of broad-scale and local environmental influences on post-fire 

vegetation dynamics. 

 This research demonstrated the value of integrating the influence of multiple 

interacting environmental factors at either broad or local scales, however it did not go so 

far as combining the influence of factors across scales.  This presents a challenge, 

because the measurement of a variety of locally variable influences across a landscape 

exists within the context of broad-scale factors that may appear relatively static from the 

local perspective.  It will be necessary to examine local factors across a gradient of broad-

scale environments in order to begin to develop an understanding of the interactions 

between factors at multiple scales. 

3) Exploring phenology with a longer time-series and finer temporal resolution 

 Appendix A explored the use of pheno-metrics in describing changes in the 

timing of post-fire vegetation phenology.  Our results using this method were not strongly 

conclusive; shifts in phenology may have been too small to be detected at the temporal 

resolution (16 days) of the data, and trends may become apparent over a longer time 

period than we monitored.  Further research is necessary using a longer time-series at a 

finer temporal resolution in order to evaluate the value of this approach.  It may be 

valuable to investigate the phenology of post-fire systems that have changed in vegetation 

composition and compare it with that of systems that seem to be returning to a pre-burn 

condition. 
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4) Integration of remote sensing-based tools into management strategies 

 Appendix C demonstrated the potential value of using remote sensing and 

geospatial data to evaluate and inform management decisions.  In order for these 

techniques to be used in the monitoring of post-disturbance management actions, the 

techniques developed here must be integrated into decision support systems that can be 

used by a variety of land managers.  Further research should focus on the needs of the 

user community and the best ways to integrate the technology into existing management 

tools and systems. 
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FIGURE LEGEND 
 
Figure 1.  The adaptive cycle, From Gunderson and Holling (2002). 
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FIGURE. 
 
Figure 1. 
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Abstract 

Due to the challenges faced by resource managers in maintaining post-disturbance 

ecosystem health, there is a need for methods to assess the ecological consequences of 

disturbances. This research examined an approach for assessing changes in post-fire 

vegetation dynamics for sites in Spain, USA and Israel. We used Moderate Resolution 

Imaging Spectroradiometer (MODIS) satellite Normalized Difference Vegetation Index 

(NDVI) time-series data to describe the post-fire vegetation dynamics of the sites. The 

data documented changes in average vegetation cover and heterogeneity across each site 

through the use of a series of phenological metrics (pheno-metrics), including the start 

and end of the season, the base and peak NDVI, and the integrated seasonal NDVI. Post-

fire trends for burned areas were compared to unburned sites to account for the influence 

of local environmental conditions. Time-series data interpretation provided insights into 

climatic influences on the post-fire vegetation recovery. Evaluation of post-fire metrics 

was enhanced by the use of reference sites. While only two sites showed increases in 

post-fire vegetation, all burned sites showed declines in heterogeneity. Evaluation of 

pheno-metrics showed promising results for the analysis of trends in post-fire phenology. 

Results indicated that satellite-based time-series vegetation data provide a valuable tool 

for assessing post-fire vegetation. 

 

Keywords: Remote sensing; MODIS NDVI Time-series; Wildfire; Vegetation recovery; 

Phenology; Drylands; Israel, Spain, USA 
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1. Introduction 

 Recent studies have shown that past climate variation and management practices 

play a significant role in the frequency and severity of wildfires (Westerling et al., 2006), 

and that variation in these factors is likely to continue into the future (Flannigan et al., 

2000). In particular, wildfire disturbance is becoming more prevalent in many shrub and 

woodland dryland ecosystems in the Southwest USA and Mediterranean basin landscape 

(Swetnam and Betancourt, 1998; Allen et al., 2002; Pausas, 2004)) and likely worldwide 

(IPCC, 2007). Because of the potential for increasing wildfire frequency and severity in 

drylands, robust post-fire monitoring tools are needed in order to facilitate an 

understanding of post-fire recovery rates and ecosystem health.  

The growing demand for monitoring and evaluating dryland conditions, the impacts 

of disturbances such as droughts and wildfire, as well as the results of restoration and 

rehabilitation efforts are motivating the development of new approaches and technologies 

(Tongway and Hindley, 2000; Diaz-Delgado et al., 2002; Herrick et al., 2005; 

Kuemmerle et al., 2006; Roder et al., 2008; van Leeuwen, 2008) to assess natural 

resource growth and recovery trajectories that can direct management decisions (Aronson 

and Vallejo, 2006). The long-term evaluation of conservation and restoration success has 

been recognized as one of the major chasms in land conservation and restoration efforts 

(Holl and Cairns, 2002). 

Vegetation cover and pattern are considered as some of the most important 

parameters for assessing ecosystem and landscape functioning (Gobin et al., 2004; Kéfi et 

al., 2007). However, large-scale monitoring of dryland condition by measuring actual 
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plant cover and spatial pattern requires a relatively high input of financial and human 

resources. Because of the large spatial and temporal variability of dryland systems, it is 

critical to develop cost-effective methods for landscape-scale assessment of long-term 

ecosystem changes, including potential thresholds in ecosystem behavior.  Such measures 

must also be able to evaluate the success and sustainability of the management actions 

applied.  

 This research addresses the need to examine several approaches for the evaluation of 

post-fire vegetation recovery trajectories at the landscape scale. These approaches have 

the potential for application to any particular vegetation recovery monitoring or 

restoration effort, while also allowing comparative analyses between different sites and 

management actions. To monitor post-wildfire vegetation recovery and restoration 

projects, structural, functional and landscape quality indicators can be derived from 

remotely sensed data. In the present study special effort was made to ensure the 

generality of this research, and its applicability world-wide.  

To accomplish this, post-fire vegetation trends in three countries (Spain, USA and 

Israel), were evaluated. Each country has acknowledged the need to develop and use new 

spatio-temporal tools for evaluating and monitoring post-wildfire vegetation recovery, as 

well as the importance of examining time-series data to better understand ecosystem 

response to wildfires (Government, 2003; Rollins, 2003; Mayor et al., 2007; Wittenberg 

et al., 2007).Three forest sites were selected based on targets of opportunity and 

representative management activities for each country, covering a variety of ecosystems 

and landscapes, and a wide range of dryland environments. 
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We investigated the following remotely sensed seasonal and spatial metrics to 

evaluate their potential for monitoring and evaluating post-wildfire vegetation recovery:  

a) Seasonal greenness signatures, showing the amount of vegetation cover, can be used 

for monitoring and comparisons of the landscape for all seasons on a biweekly basis 

(Goetz et al., 2006). This can provide information on the timing, rate and patterns of 

vegetation recovery dynamics. 

b) Trends in spatial heterogeneity at the landscape scale can be assessed using the 

Coefficient of Variation (COV), (Barbosa et al., 2006) on the greenness imagery. 

COV represents a measure of site heterogeneity that can be derived based on the 

presence and absence of vegetation cover and can serve as a means to assess 

fragmentation and connectivity. 

c) Phenological metrics derived from time-series satellite data can show the timing of 

vegetation activity in a spatial/landscape context, including: beginning, peak and end 

of the growing season, as well as the amount of vegetation greenness for these times 

(Reed et al., 1994). The integration of these seasonal curves can then provide the 

relative amount of productivity for each growing season (Goward 1985). Both the 

timing and magnitude of the vegetation greenness will provide insight into how 

strong, when and where vegetation responded to environmental conditions and 

possibly treatments as well.  

Most of these metrics are even more useful when they are combined with ground-based 

observations. Although ground-based observations are limited in their spatial extent, the 
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remotely sensed data allow for extrapolation once the metrics are verified in the field by 

local experts.  

 

1.1. Monitoring post-wildfire vegetation recovery using time-series NDVI data 

 Time-series data of remotely sensed spectral vegetation indices have been used 

extensively to evaluate trends in vegetation dynamics, however, their use in evaluating 

post-wildfire dynamics has been explored much less. These time-series have been based 

on the Advanced Very High Resolution Radiometer (AVHRR) data (e.g. Prince and 

Tucker, 1986; Herrmann et al., 2005) and Moderate Resolution Imaging 

Spectroradiometer (MODIS) data (van Leeuwen and Orr, 2006; van Leeuwen, 2008)  The 

Normalized Difference Vegetation Index (NDVI= (ρNIR-ρred)/(ρNIR+ρred)) is a commonly 

used vegetation index, where ρred is the surface reflectance value for the red wavelength 

and ρNIR is the reflectance value for the near-infrared wavelength (Tucker, 1979). 

Biweekly coarse spatial resolution (8 km) NDVI time-series data from NOAA’s AVHRR 

Pathfinder have been used to derive temporal anomalies for burned and unburned areas 

and rates of recovery for forests in Canada (Goetz et al., 2006), Borneo and northeastern 

China (Idris et al., 2005).  

 Landsat-like imagery (often acquired a few times a year at 30m resolution) have been 

shown to be useful for identifying and mapping areas affected by wildfire, because fire 

causes NDVI values to decrease (Kasischke et al., 1993; Kasischke and French, 1995; 

Fernandez et al., 1997; Salvador et al., 2000). Kasischke et al. (1993) used a LANDSAT 

based NDVI threshold by visual analysis of pre and post-fire NDVI values. Fernandez et 
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al. (1997) proposed a threshold based on the average and standard deviation of the 

difference between pre and post-fire NDVI values. Other studies have used NDVI data to 

examine post-wildfire vegetation recovery processes (Malingreau et al., 1985; Viedma et 

al., 1997; Diaz-Delgado and Pons, 2001; Malak and Pausas, 2006). Viedma et al. (1997) 

calculated LANDSAT based recovery rates based on the relationship between the NDVI 

and time. Diaz-Delgado et al. (2002) showed that the ratio between the mean NDVI of 

burned and unburned areas can be used to evaluate post-fire recovery in Catalonia, Spain, 

based on several Landsat scenes. Díaz-Delgado et al. (1998) used unburned reference 

sites to evaluate how the NDVI ratio approach performs as a tool to monitor post-wildfire 

recovery in different climate conditions. Their selection criteria for the reference sites 

included similar environmental conditions and vegetation type in close proximity of the 

burned sites. They used what they termed a Regeneration Index (RI) to correct for 

external influences: RINDVI =NDVIfire / NDVIreference. Diaz-Delgado et al. (2002) used this 

method to show that green vegetation cover is reduced significantly when wildfires occur 

within short time intervals, and concluded that increased fire frequency may reduce an 

ecosystems’ ability to recover to a pre-disturbance state. Vegetation recovery is also 

affected by fire severity, vegetation community characteristics and environmental 

controls (DeBano et al., 1998; Turner et al., 1999).  

 

1.2. Post-wildfire spatial heterogeneity change trajectories 

 Post-wildfire landscapes are typically characterized by a high degree of spatial 

variability in the early stages of post-fire vegetation dynamics due to variations in burn 
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severity and the distribution of biotic and abiotic factors and legacies (Turner et al., 

1999). Over time, however, dominant vegetation types may exert an increasing degree of 

control over the function of the ecosystem (Holling and Gunderson, 2002), resulting in an 

overall decline in spatial heterogeneity within the burn perimeter. The coefficient of 

variation (COV - standard deviation divided by the mean) has been used with satellite 

based time-series NDVI data to indicate changes in spatial heterogeneity over time 

(Barbosa et al., 2006). We used the COV trajectories to provide a structural measure of 

the change in relative heterogeneity of each of the selected sites.  

 

1.3. Post-wildfire vegetation phenology 

 Monitoring land surface phenology (the timing of biological events) is important for 

understanding both sudden and gradual land cover change that may result from local or 

global changes due to human activities or natural disturbances. Phenology is increasingly 

regarded as a key to understanding many phenomena that are related to land cover and 

land use change (Reed et al., 1994; Schwartz, 2003). Remotely sensed land cover 

phenology is typically measured using biweekly composite temporal satellite based 

vegetation index (VI) imagery, which are derived using a combination of red and near 

infrared reflectance, and provide an indicator of vegetation greenness. The NDVI is the 

most widely used index for regional and large area studies (Goward et al., 1985; Justice 

et al., 1985; Loveland et al., 1995). 

 Remote sensing based phenology estimates have recently provided a mechanism for 

extracting the timing of vegetation growth cycles by utilizing high temporal frequency 
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satellite data such as MODIS (Justice et al., 1998; Zhang et al., 2003). The main approach 

that has been used to derive satellite phenology is based on curve derivatives (Reed et al., 

1994; Jönsson and Eklundh, 2002), whereby critical points are identified in the annual VI 

curve that correspond to seasonal phenomena. The phenological variables that are often 

estimated from satellite data are the time of the start of the growing season, end of 

growing season, and the duration of growing season. The NDVI values (amplitudes) 

associated with these times are also strong indicators for the amount of greenness for 

these specific times and can be used to determine vegetation growth and senescence rates 

for specific vegetation types. The availability of high temporal resolution satellite data, 

coupled with the techniques for the analysis of seasonal and interannual vegetation 

dynamics, facilitate the evaluation of variability and trends of vegetation phenology as 

they relate to landscape and climate changes and variability.  

 Species composition often changes after recurring and severe wildfire events. For 

example, the regeneration patterns of three Mediterranean pine forests changed 

significantly after a large wildfire in northeastern Spain, resulting in a transition to oak 

dominated communities and shrublands (Retana et al., 2002). In mixed ponderosa pine 

(Pinus ponderosa) and oak (Q. gambelii; Q. emoryi) forests, a major crown fire results in 

many charred snags (Passovoy and Fule, 2006) after which native organisms and plants 

often vigorously invade or resprout at the site and initiate recovery. On the other hand, in 

many of these charred areas, invasive species are able to establish themselves (Crawford 

et al., 2001), often crowding out native species. Since the phenology of a vegetation 

community will reflect the species that are most dominant, we expect that the changes in 
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species distribution and communities caused by wildfire disturbances (Bataineh et al., 

2006) will be observable with a time-series of vegetation greenness.  

 

1.4. Objectives 

 The primary goal of this research was to evaluate the effectiveness of satellite-based 

spatially explicit time-series data and derived vegetation phenology metrics for assessing 

post-fire ecosystem dynamics with respect to vegetation types, environmental controls 

and standard or reference conditions. To that end, the following objectives were 

identified: 

1. Characterize unburned reference and post-fire vegetation seasonality in response 

to environmental controls like temperature and precipitation events with NDVI 

time-series data.  

2. Evaluate how time-series NDVI data can be used to monitor post-fire vegetation 

cover trajectories. 

3. Assess the post-fire changes in spatial heterogeneity using NDVI time-series data. 

4. Evaluate if vegetation phenology can be used to assess post-wildfire vegetation 

dynamics and recovery. 

In order to address these objectives, a research approach was designed that tested three 

hypotheses (H) across three dryland environments. Namely, that post-fire vegetation 

recovery: 

H1: is correlated with a positive trend or slope of the NDVI time-series data  
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H2: results in a decrease in the standard deviation of the NDVI signal over time, 

indicating declining spatial heterogeneity with time. 

H3: can be described by using trends in vegetation phenological metrics. 

 This research should result in a better understanding of the biophysical phenomena 

that are most adequately represented by spatial and temporal patterns in greenness and 

phenology metrics across ecosystems. By evaluating this approach in multiple 

ecosystems, the most useful post-fire monitoring techniques and information can be 

evaluated.  

 

2. Study Areas 

 This study examines the response of vegetation after wildfire in three arid/semi-arid 

environments in Spain, USA, and Israel. Two study sites were chosen in each of three 

study areas in order to investigate temporal and spatial vegetation dynamics as well as the 

performance of phenological metrics for detecting differences and similarities in burned 

and unburned (baseline or reference) sites between and within each area (Figure 1). The 

areas from which study sites were chosen were selected in order to represent a variety of 

precipitation and temperature combinations, including the amount and timing of those 

combinations.  

Each of the chosen study areas consisted of one burned site and one unburned 

(reference) site (Figures 2-4). In each case the burned area was defined by the perimeter 

of the burn, and the reference site was selected based on a nearby site of similar size, 

composed of similar pre-burn vegetation, and with a similar topographic context. These 
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areas include sites near the Indian fire in Arizona, USA, the Guadalest fire in eastern 

Spain, and fires on Mt. Carmel, near Haifa, Israel. A description of each area is 

summarized in Table 1, and further details are given below. The criteria used to select the 

specific burned sites to be examined included the selection of sites of sufficient size to 

encompass at least ten 250m MODIS pixels, a burn date within two years of the 

beginning of the MODIS record in February 2000, to allow for sufficient coverage of the 

post-fire land cover change trajectories and phenology, and the availability of ground-

based vegetation data, to allow for comparative analysis between ground-based 

vegetative cover and MODIS NDVI data. All three fires included intense forest crown 

fires. 

 

2.1. Guadalest Fire, Alicante, Spain 

The Guadalest area is located on the south-facing slopes of the Xortà mountain range, 

which drain to the Guadalest reservoir, in the Alicante province of eastern Spain. The 

dominant soil type is Calcaric Cambisol (FAO, 1988), developed over white marls and 

limestone. Steep slopes and narrow crop terraces characterize the area, located at 400-

600m elevation. The climate is dry-subhumid Mediterranean, with a mean annual 

precipitation of 658 mm (Guadalest-reservoir weather station, 1972-2004 period) that 

falls mainly in autumn and winter, and a mean annual temperature of 16ºC. The site 

represents a common mosaic landscape in Mediterranean drylands. Most of the terraces 

are currently abandoned and covered by pine forest or shrubland, depending on the age of 

abandonment. Old terraces are covered by Pinus halepensis (Aleppo pine) forest that 
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naturally colonized the abandoned fields. These forest patches include a dense understory 

dominated by Rosmarinus officinalis, Erica multiflora, and Ulex parviflorus, and an 

herbaceous layer dominated by Brachypodium retusum. The vegetation of recently 

abandoned terraces is dominated by tree crops, including Ceratonia siliqua (carob tree) 

and Olea europaea (olive tree), together with Aleppo pine saplings, and a dense 

herbaceous layer of B. retusum and a variety of legumes. The study area was partially 

affected by a severe wildfire in August 1998. Total burned area was about 200 ha with 

two main land uses: pine forest (covering ancient field crops) and shrubland (covering 

recently abandoned crops). During regular field visits after the fire, it was observed that 

the vegetation in the shrubland patches recovered rapidly, while vegetation in the pine 

forest areas recovered more slowly, showing very poor regeneration of pines and moving 

to a gorse (U. parviflorus) shrubland. 

 

2.2. Indian Fire, Prescott National Forest, Arizona, USA 

The area of the Indian fire is inside the Prescott National Forest, which lies in a 

mountainous section of central Arizona between forested plateaus of the Mogollon Rim 

to the North and East and arid Sonoran desert to the South. The average annual 

precipitation ranges from 270 mm at lower elevations to over 700 mm at higher ones. The 

annual precipitation is bimodal, with winter snowfalls and spring melts, and summer 

rainfalls associated with high intensity thunderstorm activity. The mean annual 

temperature is about 13°C. Soils are derived from Paleozoic sandstones and limestones 

interspersed with quaternary and upper Tertiary igneous intrusions. The area is dominated 
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by a canopy of ponderosa pine (Pinus ponderosa) and emory oak (Quercus emoryi), with 

an understory of interior chaparral species (Quercus turbinella, Arctostaphylos pungens). 

Elevation of the two sites ranges from 1690 to 1920 m, representing a range of aspects, 

with slopes of up to 35 degrees. Wildfires in conjunction with high intensity Monsoon 

rain storms cause extensive erosion in the landscapes of the Prescott National Forest 

(DeBano et al., 1998; Neary et al., 2005).  

On May 15, 2002, the Indian Fire started near Indian Creek Road in the Prescott 

National Forest and burned into the Prescott city limits. Field visits in 2005 and 2006 

showed that post-fire vegetation was dominated by resprouting shrub species, including 

shrub live oak (Quercus turbinella) and alligator juniper (Juniperus deppeana), with a 

herbaceous component of grasses and forbs. Figure 3 shows representative photo’s of the 

unburned reference site and the burned site southwest of Prescott, Arizona, USA. 

 

2.3. Carmel Fire, Israel 

Mount Carmel National Park includes a distinctive mountain ridge in NW Israel and 

covers 250 km2 with its highest peak at 546 m. Several study areas have been affected by 

wildfire events which burned relatively small areas (~ 4 km2). The lithology is mainly 

composed of chalk limestone and dolomite. The slopes are steep and the streams have 

slopes in places exceeding 50%. Vegetation in the Mediterranean forest is composed 

mainly of a complex of pine (Pinus halepensis), oak (Quercus calliprinos), Pistacia 

lentiscus and associations. The climate is Mediterranean, with dry summers and rainy 

winters. The average annual rainfall ranges between 550 mm at the coastal plain to 720 
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mm at the highest elevation. Rainstorms occur mainly between November and March. 

During the fall (September-November), the storms are often convective in nature, i.e. 

produce short term, yet intense rainfall, over a distinct area. During the winter 

(December-February), precipitation is determined by frontal systems. In this case the 

rainfall intensity is lower, yet the duration of the storm is prolonged. The mean annual 

temperature at Mt. Carmel is approximately 19oC. Figure 4 shows representative photo’s 

of the unburned reference site and the burned site on Mt. Carmel, Israel. 

Neveh (1973) defined the area as a Mediterranean fire bio-climate. Vegetation on the 

terrarosa soils is characterized by a complex of Pinus halepensis–Pistacia palestina–

Cistus spp. associations on south facing slopes and Quercus calliprinos–Pistacia 

palestina association on north facing slopes, forming Mediterranean evergreen 

sclerophyll woodland. Most of the pines are not natural and were planted in the region, 

dating from about 80 years ago. At that time, Pinus Halepensis constituted more than 

50% of the planted forests of Israel. Currently the forest which covers the area is a 

patchwork of natural Mediterranean vegetation and planted non-native trees of various 

ages.  

The main fire monitored within the framework of this research occurred during 1999. 

In some areas, the fire overlapped with fires that occurred during 1989. Another fire 

covering a portion of the same area occurred in April 8, 2005 and consumed 

approximately 130 ha. The vegetation burned by the 2005 fire consisted primarily of four 

vegetation communities: mature P. halepensis forest stands, the Q. calliprinos – P. 

lentiscus association, the Cistus salviifolius association, and young P. halepensis stands 
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in areas burned in the previous fires. Vegetation cover in the region ranges between 50-

70% on south facing slopes, and between 60-100% on north facing slopes. 

 

3. Data and methods 

Our approach included the collection of all available MODIS time-series vegetation 

data, precipitation and temperature data, and ground-based vegetation cover estimates for 

each of the three study areas. Vegetation cover estimates for the Mt. Camel sites were not 

accessible. Comparisons were then done between the NDVI data, the weather data, and 

the ground data in order to evaluate the contribution of the three data sources to an 

understanding of the post-fire vegetation dynamics. This evaluation was done in order to 

provide context for the more quantitative analyses of the time-series satellite data. 

 The time-series data were then used to address the objectives outlined above. The pre- 

and post-fire vegetation data were examined to evaluate both the temporal (H1) and 

spatial (H2) vegetation dynamics with time-series data of the burned and unburned sites, 

using unburned sites as a reference. Phenological metrics (pheno-metrics) were generated 

for all sites using the time-series data, after which the post-fire pheno-metrics were 

evaluated to determine their utility for describing post-fire vegetation dynamics not 

captured by the time-series alone (H3). Each of these steps is discussed in further detail 

below. 
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3.1. Data acquisition and preprocessing 

 

3.1.1. Precipitation and temperature data. 

Monthly precipitation and minimum and maximum temperature data were obtained 

for each of the three sites from weather stations near the study sites. Data for the Indian 

fire were obtained from a station in Prescott, Arizona, USA, approximately 7 km from 

the burned site. Precipitation data for Guadalest site were obtained from the Guadalest 

reservoir weather station, located in the study area. Temperature data were obtained from 

a station in Callosa, Alicante, Spain, approximately 15km from the burned site. Mt. 

Carmel data are from a weather station at Haifa University, located on the edge of the 

burned site. Temperature data at the Mt. Carmel site were only available since 2003. 

 

3.1.2. MODIS time-series NDVI data  

MODIS NDVI time-series data from March 2000 through February 2007 were 

obtained for northern Arizona, southeastern Spain, and the Mt. Carmel region of Israel. 

The primary MODIS product obtained for this study was the 16-day NDVI data at 250m 

resolution, resulting in twenty three16-day composite images (periods) per year. NDVI is 

successful as a vegetation measure in that it is sufficiently stable to permit meaningful 

comparisons of seasonal and inter-annual changes in vegetation growth and activity (van 

Leeuwen et al., 2006). Data for all three countries were downloaded from the Land 

Processes Distributed Active Archive Center in Sioux Falls, SD, USA, and were 

mosaicked and reprojected into projections that matched mapping standards appropriate 
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for each of the three countries. This resulted in a time-series of 138 NDVI images for 

each of the three study areas. 

 Following this pre-processing of the data, the time-series was summarized for a 

burned site and a reference site selected in each country – six sites total (Figure 1). The 

mean and standard deviation of all pixels within the boundaries of each site were 

calculated for each time step in the NDVI time-series and recorded in an ASCII text file. 

These text files provided the basis for the evaluation of spatial and temporal trends in 

NDVI and the associated phenology data. 

 

3.1.3. Ground-based Vegetation Assessment 

Vegetation cover data were collected to evaluate the ability of radiometric data like 

the NDVI to represent ground based biophysical data like percent vegetation cover for 

the three ecosystems under investigation.  

Spain - Post-fire vegetation cover dynamics at the Guadalest site was measured by the 

point intercept method (Greig-Smith, 1983) in ten 50 m2 plots, using a 0.5 x 0.5 m 

grid covering the entire plot. Total plant cover was measured 10, 20, 28, 34, 46, 57 

and 70 months after the fire. These data were used to perform comparative analysis 

between ground-based vegetative cover and MODIS NDVI data (Fig. 6a) 

USA - Vegetation cover data were collected every spring and fall following the Indian 

Fire (eight collections total). A series of three transects were measured within the 

burned area, one located mid-slope on each side of the main drainage and one in the 

center of the drainage. Each transect was 50 m long and consisted of ten subplots, 



 

 

53

separated by 5 m along the length of a tape, for a total of 30 subplots per watershed. 

The data were collected as an ocular estimate of the percent abundance of live 

vegetation. In addition to the cover measurements, dominant species were recorded 

for the burned and reference sites in order to document post-fire shifts in species 

composition at the burned site. (Byers, J.L., Personal Communication) 

Israel – Unfortunately, vegetation cover data had not been collected for the period after 

the 1999 fire and therefore our analysis could not include quantitative comparisons to 

cover at this site. 

 

3.2. Data analysis 

 

3.2.1. Comparison of field-based vegetation cover to MODIS NDVI 

Field data collected at the Spain and US field sites were compared with MODIS 

NDVI values for dates corresponding to the field collection dates. The degree of 

correlation between field and satellite data was assessed by calculating the coefficient of 

determination (R2) between the two data sets. 

 

3.2.2. Visual interpretation of time-series data 

As a first step in understanding the value of MODIS time-series data for monitoring 

post-fire recovery, the data for the three sites were evaluated by visual interpretation in 

conjunction with precipitation and temperature data for each of the study areas (Figures 

7, 8 and 9). Such visual interpretation can reveal nuanced responses in temporal 
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vegetation patterns to climatic events such as drought or unusual periods of precipitation. 

These observations can further an understanding of changes in wildfire risk or post-

wildfire vegetation recovery. The causes of some differences in seasonal patterns 

between regions can also be seen by interpreting the time-series data, as differences in the 

timing of precipitation and temperature between regions result in unique seasonal 

vegetation patterns. 

 

3.2.3. Evaluating post-fire NDVI trends 

In order to test the hypothesis that post-fire vegetation recovery is associated with a 

positive trend of the NDVI time-series data (H1), trends in time-series NDVI data were 

evaluated for each of the three countries. The post-fire time-series data for the burned 

areas were evaluated by testing for a significant post-fire recovery slope. To do this the 

post-burn NDVI data were fit using the simple linear regression model: NDVI = β0 + β1 

period, where period indicates the number of MODIS periods since burn. The 

relationship was tested for significance at α = 0.05. This same test was repeated for the 

reference sites and after subtracting the time-series of the burned sites from that of the 

reference sites. Coefficients (β1) for each relationship were tested for significance in 

order to evaluate the use of a reference site to account for variations in vegetation 

communities to local environmental conditions.  
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3.2.4. Spatial heterogeneity analysis 

To compare and evaluate the trends in spatial heterogeneity for the three countries 

(H2), the COVs for both the burned and unburned sites for each MODIS composite 

period between 2000 and 2007 were calculated. The COV was computed by taking the 

ratio of the standard deviation to the mean (Gotelli and Ellison, 2004) of the NDVI values 

of all pixels within each site’s perimeter. The corresponding differences between the 

COVburned and COVreference sites were then computed for each period.  As with the mean 

NDVI data, we used the post-fire simple linear regression model  

COV = β0 + β1 period, where period indicates the number of MODIS periods since burn, 

to quantify the rate of change in spatial heterogeneity.  

 

3.2.5. Evaluation of phenological metrics 

MODIS NDVI based pheno-metrics were extracted yearly to evaluate post-wildfire 

vegetation recovery for all three countries. Vegetation pheno-metrics of the burned sites 

and unburned reference sites were derived using a Savitsky-Golay filter to fit a curve to 

each time-series of NDVI data using Timesat software (Jönsson and Eklundh, 2002; 

Jönsson and Eklundh, 2004).  The pheno-metrics were compared to examine if they could 

be used to assess post-wildfire recovery (H3). The pheno-metrics that were compared are 

depicted in Figure 5, and include:  

• Start of the growing season: The time where NDVI values start to increase. The 

associated NDVI value is related to the amount of greenness or vegetation cover. 
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• End of the growing season: The time where NDVI values start to level off. The 

associated NDVI value is related to the amount of greenness or vegetation cover 

and senescent vegetation. 

• Base NDVI value:  The average of the start and end NDVI values, indicative of 

soil background and evergreen vegetation. 

• Amplitude:  A measure of the total increase in signal from the base to the peak 

NDVI. 

• Time of peak-growing season: The time where NDVI values are at a maximum. 

The associated NDVI value is related to the seasonal highest amount of greenness 

or vegetation cover. 

• Duration of the growing season: The duration is often indicative of the difference 

between the beginning and end of favorable growing conditions (e.g. precipitation 

and temperature limited systems in arid and semi arid landscapes). 

• Small integral: This metric integrates NDVI values above the NDVI base values 

and is an indication of new seasonal vegetation growth or productivity during the 

length of the growing season. 

• Large integral: This metric integrates NDVI values during the length of the 

growing season and is an indication of vegetation production.  

• Left (l) derivative and right (r) derivative: These metrics are related to the rate of 

green-up and plant growth and rate of senescence respectively. 
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Drought and wildfire disturbance events can cause abrupt changes in the vegetation 

growth cycle or phenology. 

MODIS time-series data were summarized for each of the burned and reference sites 

using Timesat to generate 11 pheno-metrics for each year, although Timesat did not 

generate metrics for the last year of the record due to insufficient data to complete the 

seasonal determinations (Figure 5). This resulted in a total of six years of metrics for each 

of the sites. The evaluation of pheno-metrics for use in post-fire vegetation assessment 

involved the analysis of three primary relationships, defined by the metrics derived for 

each study site. First, pheno-metrics were compared between the reference sites in the 

three regions. This was done in order to evaluate the ability of the derived pheno-metrics 

to discern differences between the three regions, unrelated to wildfire disturbance events. 

Second, the metrics derived for each area for the burned and unburned sites were 

compared in order to identify those metrics which best described trends in post-wildfire 

vegetation dynamics. Third, the pheno-metrics for the burned sites across the three 

regions were evaluated by pooling the post burn metrics of all three, after taking into 

account the behavior of the reference sites for each region. This was done in order to 

determine the value of using a reference site, as well as the degree to which post-fire 

recovery across regions is similar or different. 

 To compare reference sites between the three regions, each metric was averaged 

across the seven years to create a representative description of the phenology for each of 

the three study areas. For each metric, differences in the means of the metric across 
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regions were tested using a pairwise comparison of the means (α = 0.05), after accounting 

for multiple comparisons using a Tukey-Kramer adjustment (Ramsey and Schafer, 1997). 

 Changes in post-fire pheno-metrics were evaluated by testing the rate of change in 

each metric as a function of year since burn. This was done first for each study area 

separately, and then by pooling the data from the three areas. In each case the 

relationships were evaluated using the burned area alone, as well as using the reference 

area to account for differences in local dynamics and variable climatic conditions. In the 

case of the timing based metrics (start, end, and peak timing, as well as length of the 

growing season), and the left and right derivatives, the burned area metrics were 

subtracted from those of the reference area, since interpreting differences for these 

metrics is more intuitive by considering a simple difference. For the magnitude and area 

metrics (base, peak, amplitude, and the small and large integrals), burned metrics were 

divided by reference metrics. This was done in order to account for the potential for non-

linearity in the increases in differences between burned and reference metrics given 

increases in overall productivity of both burned and reference sites. These metrics are 

also easily interpreted in terms of a percentage of the reference values. All results from 

the Israel fire were presented for the period of record prior to the occurrence of the 2005 

fire. The second recurrent fire in 2005 partially overlapped with the 1999 fire and was 

therefore treated separately in the analysis. 
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4. Results and discussion 

4.1. Comparison of field-based vegetation cover to MODIS NDVI 

Figure 6 shows an example of how the NDVI values increase with higher fractional 

vegetation cover at the Guadalest and Prescott fire sites. Although the relationships of 

NDVI and a biophysical parameter like the fractional vegetation cover are often site 

specific and vary with the optical properties of soil and vegetation, and with phenological 

stages, NDVI usually increases with increases in cover. Variability in the position of the 

sensor and sun can also diminish the strength of the relationship between the NDVI and 

fractional vegetation cover (van Leeuwen et al., 1994). Figure 6b shows a fairly strong 

linear relationship for the Prescott site and indicates that the maximum fractional cover 

(peaking in September-October) and corresponding NDVI were higher each consecutive 

year after the fire. The relationship between the NDVI and fractional cover for the 

Guadalest site is less strong because the MODIS monitoring period started two years 

after the fire, with vegetation covering already more than 50% of the surface, changing 

slowly during the following years, and with seasonal and interannual variation masking 

the slight recovery trend of NDVI values. Starting in 2002, plant cover stabilized around 

80%, while NDVI values continued to vary until the end of the monitoring period, 

probably reflecting the response of the vegetation to climatic variation (Figures 6 and 7). 

In addition, total vegetation cover, including both senescent and live vegetation cover, 

was measured. Senescent vegetation has a low NDVI response and can obscure green 

vegetation which by itself results in high NDVI values (van Leeuwen and Huete, 1996). 
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These results suggest that MODIS NDVI values are highly sensitive to changes in 

vegetation cover for low to moderate cover values.  

 

4.2. Visual interpretation of weather and MODIS time-series data 

Time-series NDVI, precipitation and temperature data are presented in Figure 7 and 

show the post-wildfire vegetation dynamics and their response to climate variables at the 

Guadalest study area. The Guadalest fire occurred in 1998. Figure 7 (top) shows the 

NDVI time-series for the region for the period between two years and eight years after 

the wildfire. The time-series NDVI data for the reference site with similar original 

vegetation are shown as well in Figure 7. The amounts and seasonality of vegetation, as 

indicated by the NDVI values, are similar for both areas and are still fairly close in NDVI 

levels, with the area that burned having slightly but consistently lower levels of NDVI 

than the reference area over the course of the study period. This consistent difference can 

be associated with the shift in the vegetation community that occurred after the wildfire, 

with pre-fire pine forest patches moving to gorse (Ulex europaeus) shrubland 

communities after the fire. The timing of the lowest NDVI values are observed to occur 

in the summer months, while the highest NDVI values are observed during the fall and 

spring, which are the periods combining wet soils and warm temperatures. The dynamic 

range of the NDVI is lower for the Guadalest region than for either the Prescott (Figure 

8) or Mt. Carmel (Figure 9) regions. 

Time-series NDVI, precipitation and temperature data are shown for the Prescott 

region in Figure 8 to demonstrate the pre- and post-wildfire vegetation dynamics. The 
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Indian Fire started on May 15th, 2002. Figure 8 (top) shows the NDVI time-series for the 

region of the fire just prior to the burn, shortly after the burn, and for some time after the 

event. The NDVI trajectories are similar for the two sites before the time of the fire. 

Figure 8 also illustrates the consistent decline in actively photosynthesizing vegetation 

over the nearly 5 month period immediately prior to the fire. The drought trend at the 

Indian Fire area (Figure 8) most likely indicates that the large amount of vegetation 

present in January had dried up just prior to the fire. 

The drought in the spring of 2002 is clearly visible in the precipitation data shown in 

Figure 8 (bottom). For most years more spring rainfall is measured compared to 2002. 

Prior to the fire the areas have similar NDVI levels, with the area eventually consumed in 

the wildfire having slightly higher NDVI values than the reference area just before the 

fire.  It is important to note that the Indian Fire started on May 15th. Since the 16 day 

NDVI composites choose one of the highest NDVI values to represent the composite 

period, the fire cannot be detected until the next composite image. One year after the 

peak in the previous year’s growth the difference between the peaks in vegetation of the 

burned and unburned areas can be clearly seen. Four years following the fire the 

difference is still clear, although the NDVI time-series curves indicate that the gap 

between the two areas has diminished. After the 2002 drought, the unburned reference 

site continued to have lower NDVI values than before the 2002 drought (Figure 8). 

Investigation on the ground has shown, however, that while the burned region is being 

restored by planting ponderosa pine seedlings (in 2006), it is not returning quickly to its 

prior state of pine forest, but is rather moving to an interior chaparral vegetation type 
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(Neary, D.G. – personal communication, 2008). It may take a long time before the 

vegetation curves of the two sites resemble one another. The timing of the lowest 

minimum and maximum temperatures coincide with the lowest NDVI values. During 

these times, the overstory oak and pine growth stops and herbaceous vegetation senesces 

or is covered by snow. NDVI values for pixels covered with snow or senescent 

vegetation tend to be about 0.15 or lower.  

Time-series NDVI, precipitation and temperature data are shown for the Mt. Carmel 

region in Figure 9 along with the pre and post-wildfire vegetation dynamics and their 

response to weather variables. The Mt. Carmel fire started in 1999. Figure 9 (top) shows 

the NDVI time-series for the region of the fire from one to seven years after the event. 

The time-series NDVI data for the reference site with similar original vegetation which 

was not burned is shown as well. The amounts and seasonality of vegetation, as indicated 

by the NDVI values, have similar patterns for both areas. The differences between the 

yearly minimum and maximum NDVI values are larger for the burned site than the 

reference site. Nine years following the fire, the difference is still clear, although the 

NDVI time-series curves indicate that the gap between the two areas is diminishing, 

especially in 2003. The timing of the lowest precipitation and maximum temperatures 

coincide with the lowest NDVI values. The timing of the minimum NDVI values is 

usually occurring later in the year at the burned site then at the unburned reference site 

(Figure 9).  
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4.3. Evaluating post-fire NDVI trends 

Regression of the post-fire NDVI for burned sites, reference sites, and the difference 

between the two (Table 2) showed that analysis of the burned site alone can lead to 

confusing and misleading results. When looking at the burned sites alone, results show 

significantly positive slopes for all three burned sites. However, the slope for the post-fire 

period at the reference site for Guadalest is very similar to that of the burned site. This 

can be seen visually in the time-series data (Figure 10) and quantitatively in the values of 

the model coefficients (Table 2). The summary of these two is indicated by the difference 

between the burned and reference sites, which does not indicate a significant post-fire 

slope for the Guadalest Fire (Table 2). This may indicate that there is a trend in the 

vegetation which is independent of the effects of the fire, and that the NDVI index is 

unable to detect a difference between that trend and any post-fire effects that may exist. 

This trend can be associated with climate variation. During the first 3 years after the fire 

(until 2001), an extremely dry period occurred in the area, resulting in stressful 

conditions for vegetation performance, followed by a relatively wet period and the 

associated recovery of vegetation in both burned and unburned sites. The Carmel Fire 

does not show a significant trend when the burned site alone is observed. This is most 

likely due to the large seasonal amplitude at that site, which adds to the variability of the 

site and makes significance more difficult to establish (Figure 10). By subtracting the 

reference site, these seasonal differences are largely eliminated, and a highly significant 

trend is seen for the difference between the burned and reference sites. Results from the 
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regression models for the difference between burned and reference sites in all three 

countries are illustrated in Figure 10. 

According to the trajectories for the difference between reference and burned sites 

(Figure 10, Table 2), the Guadalest site and, to a lesser extent, the Indian site were still 

very far from closing the gap between their pre- and post-fire NDVI time-series curves. 

In both cases, a change in the type of vegetation community was observed after the fire.  

Mediterranean plant communities generally include many species that have the ability 

to resprout from stumps or have capacity to successfully regenerate from seed after fires. 

The most common post-fire pattern is the auto-succession of the plant community, so that 

burned sites reach a state similar to the pre-existing (unburned) one (Trabaud and Lepart, 

1980). However, it has been also reported that vegetation structure and biomass may 

become dominated by a few shrub species, particularly when fire disturbance returns 

within short time intervals (Diaz-Delgado et al., 2002). This type of shift in plant 

communities has also been observed after large wildfires in some pine forests in 

southwestern United States (Riechers et al., 2002) where previously shade-suppressed 

oak shrubs vigorously resprout after the fire while pine regeneration is prevented because 

of the distance to seed sources. 

 

4.4. Spatial heterogeneity analysis 

Analysis of the post-fire COV showed significant post-fire trends in declining spatial 

heterogeneity using the burned area alone, without comparison to a reference site (Table 

3). Results for the reference sites show some very small, yet significant, trends in 



 

 

65

heterogeneity for the Guadalest site, but not for the Carmel or Indian sites (Table 3). The 

results for the difference between COV of the burned and reference sites all show a 

decrease in heterogeneity over time (Table 3). These results suggest that the post-fire 

COV for the reference site are not showing any significant trends (only Guadalest shows 

a very small downward trend) and thus can be considered stable with respect to spatial 

heterogeneity in response to environmental conditions over time. Plots of the COV over 

time for the three burned sites are shown in Figure 11. 

Our results showed a consistent decreasing trend in the landscape-scale vegetation 

heterogeneity with time after fire. This may indicate that the differences in NDVI 

between patch, inter-patch and intra-patch areas are highest after the fire and slowly 

diminish with time after the fire. At the landscape level, fire alters the patch structure of 

the burned area. Variations in burn severity and the redistribution of resources across the 

burned area result in a heterogeneous post-fire landscape (Turner et al., 1999).  Rates of 

regeneration of the pre-existing spatial relationships among vegetation patches vary 

across the post-fire ecosystem.   This process of recovering the spatial distribution of 

vegetation patches can be quite rapid, especially for ecosystems with resilient vegetation 

such as those found in Mediterranean ecosystems (Ricotta et al., 1998).  

At the Guadalest site it was found that the wildfire favored the spread of gorse 

shrubland, particularly in those land-use patches most severely affected by the fire due to 

the rapid colonization of Ulex parviflorus on disturbed soils (Baeza et al., 2003). Thus, 

the wildfire facilitated a shift from pine-forest patches into gorse shrubland communities, 
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and rejuvenating already existing gorse shrublands, and therefore resulting in a more 

homogeneous landscape. 

 

4.5. Evaluation of phenological metrics 

The evaluation of phenological metrics across the three regions showed both 

similarities and differences between the three reference sites representing the regions 

(Figure 12). In particular, the timing of phenological events, including the start and end 

time for the growing seasons, are significantly different (α = 0.05) between the two 

Mediterranean regions (Guadalest and Carmel) and the US site (Indian fire), while these 

metrics are very similar for the two Mediterranean sites. It is interesting to note, however, 

that the duration of the growing season does not differ significantly between the three 

regions. These differences in phenology between the three regions are most likely due to 

differences in the amount and timing of precipitation and temperature patterns at each of 

these sites. Rainfall in the Mediterranean regions comes primarily in the winter while 

temperatures remain high enough for year-round growth, thus resulting in starting periods 

in the late fall. In contrast, precipitation in central Arizona, USA occurs in both the 

summer and winter months, with a dry period in the early spring, accounting for the 

differences in start of growing season from the Mediterranean sites. Site specific 

differences in the rates of green-up (left derivative) and rates of senescence (right 

derivative) are largely inconclusive. 

Phenological metrics related to NDVI magnitude, in particular the amplitude, base, 

peak, large and small integral NDVI values, also showed significant differences between 
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the three areas. Guadalest generally showed the lowest NDVI values, although it receives 

higher average annual precipitation than the Indian fire site (Table 1). Based on the large 

and small seasonally integrated NDVI data, the productivity at the Guadalest site is lower 

than the productivity at the Carmel site, while the productivity of the Indian site falls 

mostly in between these two. It may be that higher temperatures at the predominately 

south facing slopes at the Guadalest site result in much more annual evapotranspiration 

and thus less productivity compared to the Indian fire site. Differences in soil properties 

could also play a role in site specific productivity. 

Figure 13 gives an overview of the trends and variability in the pheno-metrics as they 

change with increasing years after the fire event. The pheno-metrics that were associated 

with the burned sites were normalized with the pheno-metrics of the reference site for the 

Guadalest, Indian and Carmel study areas. Visual interpretations suggest some trends and 

site specific variability. However, statistically significant post-wildfire trends were not 

observed for the majority of the site-specific pheno-metrics. Exceptions to this include an 

annual increase of the peak NDVI at the Indian Fire site when compared to the reference 

site (p = .0022), and increases in large integral (p = .0376) and base values (p = .0289) for 

the Carmel Fire.  

Similarly, no significant trends were evident for most of the pheno-metrics after 

pooling the three areas. The one exception to this was the base NDVI, which increased 

with time since burn when pooled. Visual observation of the data that contribute to this 

relationship between small integral and number of years after burn (Figure 13) reveals 

that the Indian and Carmel Fire data contribute to a linear relationship throughout the 
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post-burn period, but the Guadalest Fire does not show the same linearly increasing 

relationship. 

Overall, while the pheno-metrics seem to differentiate well between vegetation 

communities in diverse sites (Figure 12), the data used here do not demonstrate that there 

is agreement in the trends for all the sites or that the pheno-metrics reveal the more subtle 

shifts that might indicate changes in post-wildfire community phenology. 

 

5. Conclusions 

 The rapid rate at which ecosystems are being degraded by both natural disturbances 

and human activities is the impetus for ecological restoration and conservation efforts 

worldwide. This is especially true in drylands, where the synergy of anthropogenic and 

climatic drivers lead to desertification processes and present a serious threat to natural 

resource management for ecological and societal sustainability. Monitoring the effect of 

disturbances such as wildfires is especially important in drylands, as these sensitive 

ecosystems are being degraded and desertified at a fast rate throughout the globe. 

However, large-scale monitoring of post-fire vegetation recovery is very costly and time 

consuming. There is a need for a common methodology for baseline evaluation of post-

wildfire effects at the stand and landscape scales. Such methods must fit the specific 

characteristics of any particular management effort, but also allow comparative analyses 

between different actions or inactions. 

 This research project demonstrated how satellite-based spatially explicit time-series 

data and derived vegetation phenology metrics can be used for assessing post-wildfire 
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ecosystem dynamics with respect to forest vegetation types. The importance of including 

a standard or reference site to normalize for environmental controls that affect both 

burned and unburned sites was shown to be critical for quantifying trajectories in spatial 

and temporal vegetation response metrics of all three sites recovering after recent 

wildfires. MODIS NDVI time-series data were successfully used to characterize 

unburned reference and post-fire vegetation seasonality in response to environmental 

controls like temperature and precipitation. Time-series NDVI data were shown to be an 

effective tool for monitoring both unburned and post-fire vegetation cover trajectories. 

The first hypothesis was true for the Carmel and Indian sites since it was demonstrated 

that post-fire vegetation recovery trends had a positive trend or slope of the NDVI time-

series data. The Guadalest site showed a consistent difference between the burned and 

unburned reference site, but without any trend or slope in the NDVI time-series data after 

the fire. 

 Analysis of the post-fire changes in spatio-temporal heterogeneity using NDVI time-

series data confirmed the second hypothesis, showing a decrease in the standard deviation 

of the NDVI signal over time for all three sites, indicating declining spatial heterogeneity 

with time. The evaluation of remotely sensed vegetation phenology for assessing post-

wildfire vegetation dynamics and recovery showed some promising results. Trends in 

vegetation phenological metrics that described post-fire vegetation recovery trajectories 

were visibly observed for the Indian and Carmel sites but were less clear for the 

Guadalest site. The variables related to the timing of the growing season showed few 
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trends among all three sites with respect to changes in the timing of vegetation response 

after wildfires.  

 These results show that the analysis of both the original time-series data, as well as 

summaries of such data in the form of pheno-metrics can provide useful insights into 

differences between vegetation communities. For both the time-series and the pheno-

metrics, more mesic sites seem to lend themselves more readily to post-disturbance 

analysis compared to xeric sites, possibly due to an increased signal amplitude relative to 

the noise inherent in MODIS NDVI time-series data. 

 In making inferences regarding the general applicability of phenology in evaluating 

post-disturbance vegetation dynamics, we noticed two potential challenges associated 

with these case studies. First, the MODIS NDVI product used here is available only as a 

16 day composite. It is quite possible that subtle shifts in the timing of phenological 

events due to disturbances are not detectable at this temporal resolution. Further work 

should be done with data sets of finer time scales before concluding that changes in the 

timing of biological events associated with the disturbance of plant communities are not 

discernable using pheno-metrics. 

 Second, this analysis involved a narrow time window of at most eight years since 

burn, which was limited by the period of record for the MODIS sensor. Thus sample 

sizes were small relative to the amount of interannual variability one might anticipate for 

natural systems. This resulted in challenges in establishing significance for post-fire 

phenological trends. Further attention to these and other burned sites may reveal trends 
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over a longer term than is seen here. This then constitutes a general limitation to the use 

of annual phenology metrics in the determination of trends in areas of recent disturbance. 

These research results suggest that the presented monitoring tools for post-wildfire 

vegetation recovery assessment based on MODIS NDVI time-series data could contribute 

and be an integrated part of post-wildfire monitoring protocols. These tools can also be 

explored to evaluate the effectiveness of pre- and post-wildfire forest restoration 

treatments and assess the effect of recurrent fires and environmental conditions on 

ecosystem dynamics.   
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Tables. 
 
Table 1. Summary descriptions of the three study areas, including date and area of the burned site, minimum and maximum 

monthly temperatures, annual precipitation and dominant season, and the dominant species found at the study sites. 

Site Name Burn Date 

Burned 
area 
(ha) 

Min / Max 
ave. monthly 
Temp. (°C) 

Annual 
Precip. 
(cm) 

Precip. 
Season Dominant Species 

Guadalesta Aug. 1998 275 11.5 / 25.9 d 65.8 Winter 
Pinus halepensis  
Rosmarinus 
officinalis 

Indianb May 2002 550 2.8 / 23.0 d 48.7 Summer/ 
Winter 

Pinus ponderosa 
interior chaparral 
species 

Carmelc Dec. 1999 
April 2005 

430 
135 13.9 / 28.4 d 72.0 Winter 

Pinus halepensis 
Quercus calliprinos 
Pistacia lentiscus  

a. Source for Guadalest fire site data, University of Alicante b. Source for Indian fire site data, USDA Forest 
Service c. Source for Carmel fire site data, University of Haifa, (Inbar et al., 1997) d. Source for climate data, 
National Climate Data Center (NCDC). 
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Table 2. Coefficients and associated p-values for the least squares model NDVI = β0 + 

β1period where period indicates the number of MODIS periods since burn. Regression 

results are shown for burned sites, reference sites, and the difference (reference - burn) 

between the two for burned areas in Spain, USA, and Israel. 

 Burned Reference Difference 
Site β1 p-value β1 p-value β1 p-value 
Guadalest 0.000202 0.00253 0.000261 0.00052 5.857E-5 0.0962 
Indian 0.000791 1.275E-7 -4.218E-5 0.803 -0.000834 9.415E-14 
Carmel 0.00114 2.924E-5 -0.000297 0.1496 -0.00144 6.883E-15 
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Table 3. Coefficients and associated p-values for the least squares model COV = β0 + 

β1period where period indicates the number of MODIS periods since burn. Regression 

results are shown for burned sites, reference sites, and the difference (reference - burn) 

between the two for burned areas in Spain, USA, and Israel. 

 Burned Reference Difference 
Site β1 p-value β1 p-value β1 p-value 
Guadalest -0.000408 5.028E-05 -0.000188 0.0010 0.000586 2.88E-11 
Indian -0.001221 1.163E-10 0.000177 0.0954 0.001307 1.61E-14 
Carmel -0.000903 2.727E-11 -0.000167 0.0690 0.000735 4.821E-8 
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Figure Legends: 

Figure 1. Study areas for the post-wildfire vegetation recovery analysis in Spain (upper 

two images), USA (middle two images) and Israel (lower two images). The base maps 

are NDVI data derived from MODIS imagery. Burned sites are outlined in yellow, and 

reference sites are in blue. 

 

Figure 2. Unburned mosaic of pine forest shrubland patches (left) and post-wildfire 

vegetation growth (December, 2004; 6 years after the Guadalest wildfire). 

 

Figure 3. Unburned mixed oak pine forest (left) and post-wildfire vegetation growth (9-

13-2006) 2 years after the Indian Fire. 

 

Figure 4. Unburned mixed oak pine forest (left) and post-wildfire situation at the Mt. 

Carmel site (October, 2006). 

 

Figure 5. Graphical example of the phenological metrics that can be derived from NDVI 

time-series (deriv–derivative; Int-Integral). 

 

Figure 6. Site representative vegetation fractional cover data plotted against the mean 

NDVI values for Guadalest (a) and Prescott (b) sites. Sample dates are indicated above 

each point.   
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Figure 7. MODIS 250m NDVI time-series data for the Guadalest burned and reference 

sites (top) and precipitation and minimum and maximum temperature data (bottom) from 

nearby Guadalest, Spain.  

 

Figure 8. MODIS 250m NDVI time-series data for the Indian Fire site and the unburned 

reference site on the Prescott National Forest near Prescott, Arizona, USA (top) and 

weather data (bottom) from nearby Prescott, AZ, USA. The 2002 drought and fire events 

are indicated with arrows. 

 

Figure 9. MODIS 250m NDVI time-series data for burned and reference sites on Mt. 

Carmel, Israel (top). Note that a second fire occurred on part of the site that was burned 

in 1999. Precipitation data are shown from years 2000-2006, while minimum and 

maximum temperatures were plotted from the second half of  2003 through 2006 

(bottom). Weather data were collected from nearby Mt. Carmel, Israel. 

 

Figure 10. Time-series NDVI difference, showing the trends of post-fire burned sites 

subtracted from reference sites. Post-fire linear trends are significant (α = 0.05) for the 

Indian and Carmel sites, but not for the Guadalest site.  Note that the Carmel data from 

the time after the second fire occurred were excluded from the trend analysis. 

 

Figure 11. Time-series COV, showing the trends of post-fire burned sites. Post-fire linear 

trends are significant (α = 0.05) for the Guadalest, Indian, and Carmel sites, indicating a 
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decrease in spatial heterogeneity since the burn at all three sites. Note that the Carmel 

data from the time after the second fire occurred were excluded from the trend analysis. 

 

Figure 12. Boxplots showing the median and standard deviations (lower and upper 

quartiles) for each of the eleven metrics tested between reference sites (Guadalest, Indian, 

and Carmel). Any data observation which lies more than 1.5*IQR (inter quartile range) 

lower than the first quartile or 1.5*IQR higher than the third quartile is considered an 

outlier, indicated with a “+” sign. The smallest value and largest value that are not 

outliers are marked by a horizontal line connecting by a vertical line to the box. Boxplots 

labeled with the same letters (a, b, c, or a combination thereof) for each metric indicate 

that the median for that metric does not differ significantly between sites.  

 

Figure 13. Pooled differences between burned and reference area pheno-metrics, where 

timing based metrics (start, peak, and end periods, length of season) and derivatives are 

calculated as differences of the burned minus the reference metrics and the base NDVI, 

peak NDVI, amplitude and integrals are calculated by dividing the burned by the 

reference metrics. From these metrics, only the base NDVI shows a significant (p-value = 

0.026) post-fire trend. The X-axis represents the number of years after the fire event. x – 

Guadalest, □ – Indian, ∆ - Mt. Carmel. 
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Figures. 
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Figure 1. Study areas for the post-wildfire vegetation recovery analysis in Spain (upper 

two images), USA (middle two images) and Israel (lower two images). The base maps 

are NDVI data derived from MODIS imagery. Burned sites are outlined in yellow, and 

reference sites are in blue. 
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Figure 2. Unburned mosaic of pine forest shrubland patches (left) and post-wildfire 

vegetation growth (December, 2004; 6 years after the Guadalest wildfire). 
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Figure 3. Unburned mixed oak pine forest (left) and post-wildfire vegetation growth (9-

13-2006) 2 years after the Indian Fire. 
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Figure 4. Unburned mixed oak pine forest (left) and post-wildfire situation at the Mt. 

Carmel site (October, 2006). 
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Figure 5. Graphical example of the phenological metrics that can be derived from NDVI 

time-series (deriv–derivative; Int-Integral). 
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Figure 6. Site representative vegetation fractional cover data plotted against the mean 

NDVI values for Guadalest (a) and Prescott (b) sites. Sample dates are indicated above 

each point.   
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Figure 7. MODIS 250m NDVI time-series data for the Guadalest burned and reference 

sites (top) and total monthly precipitation and minimum and maximum temperature data 

(bottom) from nearby Guadalest, Spain.  
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Figure 8. MODIS 250m NDVI time-series data for the Indian Fire site and the unburned 

reference site on the Prescott National Forest near Prescott, Arizona, USA (top) and 

weather data (bottom) from nearby Prescott, AZ, USA. The 2002 drought and fire events 

are indicated with arrows. 
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Figure 9. MODIS 250m NDVI time-series data for burned and reference sites on Mt. 

Carmel, Israel (top). Note that a second fire occurred on part of the site that was burned 

in 1999. Precipitation data are shown from years 2000-2006, while minimum and 

maximum temperatures were plotted from the second half of  2003 through 2006 

(bottom). Weather data were collected from nearby Mt. Carmel, Israel. 
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Figure 10. Time-series NDVI difference, showing the trends of post-fire burned sites 

subtracted from reference sites. Post-fire linear trends are significant (α = 0.05) for the 

Indian and Carmel sites, but not for the Guadalest site.  Note that the Carmel data from 

the time after the second fire occurred were excluded from the trend analysis. 
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Figure 11. Time-series COV, showing the trends of post-fire burned sites. Post-fire linear 

trends are significant (α = 0.05) for the Guadalest, Indian, and Carmel sites, indicating a 

decrease in spatial heterogeneity since the burn at all three sites. Note that the Carmel 

data from the time after the second fire occurred were excluded from the trend analysis. 
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Figure 12. Boxplots showing the median and standard deviations (lower and upper 

quartiles) for each of the eleven metrics tested between reference sites (Guadalest, Indian, 

and Carmel). Any data observation which lies more than 1.5*IQR (inter quartile range) 

lower than the first quartile or 1.5*IQR higher than the third quartile is considered an 

outlier, indicated with a “+” sign. The smallest value and largest value that are not 

outliers are marked by a horizontal line connecting by a vertical line to the box. Boxplots 
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labeled with the same letters (a, b, c, or a combination thereof) for each metric indicate 

that the median for that metric does not differ significantly between sites.  
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Figure 13. Pooled differences between burned and reference area pheno-metrics, where 

timing based metrics (start, peak, and end periods, length of season) and derivatives are 

calculated as differences of the burned minus the reference metrics and the base NDVI, 

peak NDVI, amplitude and integrals are calculated by dividing the burned by the 

reference metrics. From these metrics, only the base NDVI shows a significant (p-value = 

0.026) post-fire trend. The X-axis represents the number of years after the fire event. x – 

Guadalest, □ – Indian, ∆ - Mt. Carmel.  
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Abstract 

Ecosystem response to disturbance is influenced by environmental conditions at a 

number of scales.  Changes in climate have altered fire regimes across the western United 

States, and it is reasonable to assume that these changes have also altered spatio-temporal 

patterns of post-fire vegetation regeneration.  A record of fire occurrences and a 

vegetation index (NDVI) derived from the NOAA Advanced Very High Resolution 

Radiometer (AVHRR) was used to monitor post-fire vegetation from 1989 to 2007.  We 

first investigated differences in post-fire rates of vegetation regeneration between 

ecoregions.  We then related precipitation, temperature, and elevation records at four 

different temporal scales to rates of post-fire vegetation regeneration to ascertain the 

influence of climate on post-fire vegetation dynamics.  Results indicate that time-series 

satellite data provide a valuable tool for quantifying the influence of broad-scale factors 

on post-disturbance vegetation.  We found that broad-scale climate factors are an 

important influence on post-fire vegetation regeneration.  Most notably, higher rates of 

post-fire regeneration occurred with warmer minimum temperatures.  Increases in 

precipitation also resulted in higher rates of post-fire vegetation growth. The sensitivity 

of post-disturbance vegetation dynamics to broad-scale drivers such as climate has 

important ramifications for the management of ecosystems under changing climatic 

conditions.  Shifts in temperature and precipitation regimes are likely to result in changes 

in post-disturbance dynamics, which could represent important feedbacks into the global 

climate system. 
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Introduction 

Ecosystem response to disturbance is a function of multiple environmental factors 

interacting both within and across a variety of scales (Pickett & White 1985; O'Neill et 

al. 1986).  An ecosystem’s response is constrained by processes that occur at higher 

levels of organization, and its general trend is the outcome of processes operating at 

lower levels of organization.  For terrestrial ecosystems, changes in climate represent a 

shift in the high level constraints to post-disturbance ecosystem behavior.  Natural 

resource management decisions are often predicated on a perception that future 

ecosystem behavior can be anticipated based on the way local environmental factors have 

interacted in the past. It is therefore essential to develop a clear understanding of the 

influence of changing broad-scale environmental constraints on post-disturbance 

ecosystem dynamics.   

Recent research has shown that changes in high level climate constraints have resulted 

in shifts in historic fire regimes (Overpeck et al. 1990; Westerling et al. 2006).  These 

changes are likely to cause the frequency and severity of fire disturbance worldwide to 

increase (Flannigan et al. 2000; Dale et al. 2001; Easterling & Apps 2005; IPCC 2007).  

It is reasonable to assume that the same forces that influence the fire regime in these areas 

will also result in changes to the post-fire vegetation dynamics at disturbed sites.  While 

much research has been done to describe the many local factors that influence post-fire 

response (DeBano et al. 1998; Neary et al. 1999; Turner et al. 1999, many others), little 

has been done to assess the influence of broad-scale factors such as climate on post-fire 

dynamics.  We addressed this need by using an 18 year time-series of satellite vegetation 
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data to monitor post-fire vegetation across the western US.  We then related post-fire 

vegetation trends to climate-related variables including precipitation and temperature in 

order to determine the influence of these factors on post-fire vegetation dynamics. 

The response of vegetation communities to disturbance is one of the most studied 

phenomena in ecology (Clements 1916; Wu & Loucks 1995).  While the specifics of 

post-disturbance ecosystem trajectories are unique to each case, most (if not all) post-

disturbance vegetation communities accumulate the potential for future production over 

time (Holling & Gunderson 2002).  Vegetation communities accumulate potential for 

production as plants grow and develop the structures necessary for primary production, 

such as leaves for photosynthesis and roots for the collection of water and nutrients.  

While post-disturbance vegetation communities follow this general trend of increasing 

productivity, a variety of forces define the specifics of the post-disturbance response 

(Pickett & White 1985).  In order to obtain a measure of variations in post-fire response, 

we used satellite based vegetation data to measure primary production in the years 

following fire events across the western US.  Satellite-based vegetation indices (VIs) are 

useful for indicating relative rates of primary production (Goward et al. 1985; Prince et 

al. 1995), and can be useful for monitoring temporal changes in vegetation over time and 

across large areas (Reed et al. 1994; Eidenshink 2006).  Further, several studies have 

established the value of using time-series VI data to measure post-fire response for fires 

occurring over large areas (Amiro et al. 2000; Hicke et al. 2003; Goetz et al. 2006), 

however these studies have not evaluated the specific drivers responsible for differences 

in post-fire response. 
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Factors that influence post-disturbance vegetation interact across numerous scales 

(O'Neill et al. 1986).  At the local scale, for example, patterns and rates of post-fire 

vegetation regrowth vary according to fine-scale variations in topography, soil properties, 

hydrology, propagule availability, etc. (DeBano et al. 1998).  These locally variable 

factors, and the processes dependent on them, occur against a backdrop of higher level 

constraints such as temperature and precipitation.  An understanding of the relative 

importance of these factors in determining post-disturbance vegetation dynamics is a 

prerequisite to making informed management decisions under changing biophysical 

conditions at multiple scales.  We addressed this need by evaluating the influence of 

climate related factors on post-fire vegetation across the western US. 

 

Goals and Hypotheses 

One goal of this research was to evaluate the ability of a time-series satellite based 

vegetation index to monitor post-fire vegetation dynamics across the western US.  

In addressing this goal, we took advantage of an extensive fire database and a time-series 

of satellite-based vegetation measures provided by the NOAA Advanced Very High 

Resolution Radiometer (AVHRR) to quantify these metrics of post-fire vegetation 

dynamics.  As a proxy for production, a time-series of Normalized Difference Vegetation 

Index (NDVI) data was used to monitor the post-fire vegetation of 443 large fires 

occurring from 1989 to 2003.  Vegetation was monitored from the time of each fire 

through June of 2007.  Using these data, we evaluated three hypotheses: 
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H1: The slope of the post-fire NDVI time-series will be positive, indicating an 

increase in productivity over time. 

 

A second goal was to evaluate the extent to which broad-scale environmental factors 

influence trends in post-fire vegetation.  Trends were evaluated in terms of their 

relationship to a series of environmental factors at a number of scales.  First, we 

evaluated post-fire slopes for ecoregions across the western US.  In delineating 

ecoregions, we used a scheme developed by Bailey (1996) which divided ecosystems at a 

variety of scales according to differences in climate, landform, and vegetation (ECOMAP 

1993).  We used these demarcations to compare post-fire vegetation trends, and posed 

our second hypothesis: 

 

H2:  There will be differences in the slope of the post-fire NDVI time-series between 

ecoregions, with these differences being more prevalent at some levels in the 

hierarchy than at others. 

 

Next we evaluated post-fire vegetation trends in terms of regional scale climate 

averages to investigate the drivers responsible for differences in post-fire vegetation.  We 

hypothesized that: 

 

H3:  Temperature and precipitation regimes serve as broad-scale factors that are 

responsible for a portion of the variability in post-fire vegetation dynamics. 
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Materials and Methods 

The determination of post-fire trends in vegetation dynamics required the acquisition of 

accurate historical fire locations and frequent, systematic measurements of post-fire 

vegetation.  Fire locations were derived from a historical fire database developed from 

federal land management agency records and maintained by the Desert Research Institute 

(DRI) (Brown et al. 2002).  Post-fire vegetation measurements were obtained using 1km 

resolution AVHRR Maximum Value Composite (MVC) NDVI data, which were 

available every 14 days from 1989 through 2007 (Eidenshink 2006).  AVHRR data were 

obtained from the USGS Land Processes Distributed Active Archive Center (LP DAAC). 

 

Data acquisition and pre-processing 

 

Selecting fires from the DRI database.  In 2002 DRI reported on the development and 

analysis of an inter-agency fire database with records dating back to 1970 (Brown et al. 

2002).  These databases were gathered from the primary land-holding federal agencies in 

the United States and evaluated for accuracy; potentially inaccurate data records were 

flagged (inaccurate or missing fire location, size, or date, etc).  Brown et al. (2002) 

caution that the coarse nature of their analysis may leave many errors uncorrected.  As 

most of the US federal lands are located in the western US, we restricted our analysis to 

areas west of 100° longitude west. 

Description of post-fire vegetation required confidence regarding the extent and 

location of burned pixels in the AVHRR data.  While the omission of any particular fire 
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or portion thereof was acceptable, our study depended on the knowledge that the majority 

of pixels at each burned site included in the analysis had in fact burned.  To ensure this, 

we filtered the DRI database using a three step process.  First, we limited the dataset 

based on the characteristics of the AVHRR data used in measuring post-fire vegetation.  

To match the extent of the AVHRR MVC data, we imposed a geographic extent of the 

continental US, excluding Alaska.  Similarly, only fires with a large reported area were 

included in the analysis, in order to allow for a footprint that included multiple AVHRR 

pixels.  A threshold of 10km2 was set, reducing the original number of fires occurring 

within the period of AVHRR MVC record (1989-2005) from 359,814 to 3,198.   

Second, only fires for which there was clear evidence of burned pixels were included.  

The AVHRR data were used to investigate the vicinity of each of the remaining 3,198 

reported fire locations for evidence of burn scars.  Since the fire locations were not 

expressed as a burn perimeter, but rather a point location, a search area was defined for 

each fire by buffering the fire location point with a circle of twice the diameter of a circle 

with an area equal to the reported burned area (Figure 1).  Within each search area, the 

AVHRR composite period subsequent to each recorded fire event was subtracted from 

the period immediately prior to the period containing the event, making the assumption 

that fire events result in a dramatic reduction in the NDVI.  The composite period in 

which the actual fire occurred was not investigated, since the MVC process selects the 

highest NDVI value over the 14 day compositing period (Eidenshink 2006), thus most 

often eliminating decreases due to fire in the NDVI signal for that particular period.  A 

threshold was then set using the z-score of the difference between period i+1 and period 
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i-1, following a modified version of a technique proposed by Yool (2001).  The z-score 

was calculated for each pixel as: 
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where  

)( 11 +− − ii ppx  is the difference between NDVI values for pixels (p) at periods i-1 and  

i+1, where i is the period during which the fire occurred 

)( 11 +− − jj ppx  is the average of all such differences for all time periods j 

and )( 11 +− − jj pps  is the standard deviation of the differences over all time periods j. 

 

The result was an image of the search area for each fire location with the z-score for each 

pixel indicating the standardized degree to which the post-fire to pre-fire difference 

deviated from the average difference that one would expect in the absence of fire.  A 

threshold of z = 1.65 was established through visual examination of fires with known fire 

extents.  Pixels with z-scores >1.65 were included in the analysis.  These results were 

further refined by selecting only the largest group of contiguous pixels within the search 

area that included > 6 pixels.  Fires with no groups of 6 or more contiguous pixels were 

eliminated from the analysis.  The burned perimeter for the purposes of this study was 
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then described as the outline of the selected AVHRR pixels.  This step refined the dataset 

to a total of 670 fires. 

It is often the case that large fires burn portions of land across several federal 

jurisdictions, in which case they are often recorded by each agency, resulting in multiple 

records for a single fire in the DRI database.  We examined each fire and removed fires 

that had overlapping perimeters.  In the case where the perimeters described different 

areas, due to differences in recorded location or size, the larger of the two perimeters was 

selected.  Finally, only fires with at least four years of post-fire NDVI were included in 

the analysis.  After accounting for these final criteria, the number of sites used in the 

analysis was 443. 

 

Calculating trends in post-fire NDVI.  After selecting records from the DRI database that 

we were confident represented unique and spatially accurate large fire locations in the 

western US, we calculated a time-series of mean NDVI values for each site.  The mean 

for each period in the time-series was calculated by averaging the values of all pixels 

identified as burned for a given site.  This was done for each period in the AVHRR MVC 

time series from January 1989 to June 2007.  The AVHRR MVC composite period of 14 

days results in 26 periods per year, for a total of 484 periods in our time-series, excluding 

data that were missing due to a data gap between the failure of NOAA-11 AVHRR and 

the beginning of NOAA-14 AVHRR (September of 1994 through January of 1995).  The 

mean NDVI values were then summed across each 26 period (one year) time step starting 

from the period immediately after the burn.  This resulted in a series of annually 
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integrated NDVI measures starting from the year after the burn and continuing to June 

2007.  Hence, fires which occurred in 1989 have 18 years of annually integrated NDVI 

measures, whereas fires occurring in 2003 have only four years of post-fire NDVI data 

(Figure 2).  Previous research (Amiro et al. 2000) and observation of our own data give 

us confidence that rates of post-fire increases in production are linear over the length of 

our time-series, giving us the ability to compare these rates in spite of differences in the 

time since burn between sites. 

Post-fire trends were evaluated by regressing the integrated NDVI on time since burn 

using the simple linear regression (SLR) model 

 

∫NDVI = β0 + β1year  (2) 

 

where ∫NDVI is the annually integrated post-fire NDVI for each fire, and year refers to 

the number of years since burn.  A least squares estimate of β1 and associated p-value for 

the test that the slope of the relationship (β1) was significant was established for each of 

the 443 sites.  115 records had significant post-fire NDVI slopes (α < 0.05).  Since the 

study relied on the ability to relate the slope of the integrated NDVI time-series to climate 

variables, we used only these 115 sites for which we could be confident of the estimate of 

β1. 
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Evaluation of hypotheses 

 

H1: Evaluating post-fire slopes.  Post-fire NDVI trends with significant slopes were 

tested using one sided p-values based on the t-distribution, by testing that the average 

slope of the post-fire NDVI time-series was greater than zero (α < 0.05). 

 

H2: Evaluating Bailey’s Ecoregions. In Bailey’s ecoregion classification (Bailey 1996), 

each level in the hierarchy is fully nested in the next higher level.  Bailey’s highest level 

of classification, the ecoregion, was divided into three such nested levels, with the 

Domain being the highest level, followed by the Division, and the Province (Table 1).  

The delineation for the Domains was based on broad-scale differences in precipitation 

and temperature.  Within these, Divisions were separated by finer scale climate 

considerations, and further divided into Provinces based on differences in vegetation and 

land cover.   

Analysis of variance (ANOVA) was used to determine whether or not there were 

differences in post-fire slopes of NDVI between ecoregions at three scales.  Tukey-

Kramer’s multiple comparison procedure (Ramsey & Schafer 1997) was used to 

determine which ecoregions showed differences at the Domain, Division, and Province 

levels.  While such differences in ecoregion may be useful in visualizing geographic 

patterns in post-fire response, they do little to suggest specific mechanisms that might be 

responsible for those patterns.  Analysis of specific potential environmental drivers was 
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therefore performed in order to more clearly evaluate patterns in post-fire vegetation 

trends. 

 

H3: Evaluating environmental factors.  Environmental factors that might influence post-

fire vegetation dynamics were separated into two groups, referred to hereafter as regional 

and local factors.  These were analyzed separately in order to (1) avoid multicolinearity 

between factors in regression analyses and (2) assist in ascertaining the relative 

importance of the influence of environmental factors on post-fire vegetation dynamics at 

different scales.  Both regional and local factors as defined here are broad-scale 

influences on post-fire vegetation dynamics given that they are averaged across the 

burned site, and summarized over multiple seasons.  Regional factors consisted of 

relatively long-term (30 year) average climate data, which tend to vary gradually across 

large areas and over long periods of time.  Local data included monthly weather data, 

which often deviate substantially from climatic norms, and can therefore be more 

variable in both space and time than longer term averages.  Elevation was also included 

as a local factor.  Elevation served as a potential proxy for localized differences in 

temperature and precipitation, and was included to help emphasize differences due to 

local scale climatic factors.  Table 2 lists all regional and local variables used in the 

analysis. 

 

Evaluating regional factors.  Plant respiration, and therefore primary productivity in an 

ecosystem, is highly dependent on environmental conditions, in particular temperature 
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and water availability (Chapin et al. 2002).  We therefore evaluated four regional 

environmental factors individually and in combination in order to determine the degree to 

which post-fire vegetation trends are influenced by regional environmental conditions.  

Temperature and precipitation data were derived from the Precipitation-elevation 

Regressions on Independent Slopes Model (PRISM) dataset (Daly et al. 1994).   The 

PRISM dataset includes 30 year average (1971 – 2000) data for the average daily high 

and low temperatures for each month, modeled across the United States at a resolution of 

30 arc-seconds (~ 800m).  For the purposes of this analysis, we resampled the data to 

1000m to match the AVHRR resolution, and calculated the maximum of the average 

daily high data (MaxT) and minimum of the average daily low data (MinT) values for 

each pixel.  We then calculated the mean for all pixels within the burn perimeter of each 

fire.  This established the typical temperature extremes experienced by vegetation across 

the study area.  Similarly, the PRISM dataset includes modeled 30 year average 

precipitation totals for each month.  These were summed to obtain an average annual 

total precipitation per pixel (PPTtotal).  The monthly precipitation totals were also used to 

develop an estimate of the average percentage of the total precipitation that falls in the 

growing season months from April through September (PPTsummer). 

Relationships between the regional environmental factors and the post-fire NDVI 

trends were evaluated using linear regression and regression trees.  As a first step in the 

linear regression analysis, the relationships between each of the four regional predictors 

(Table 2) and the response were evaluated individually using SLR.  Next, a full model 

was fit for NDVI using all four predictors:  
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slope = β0 + β1MaxT  + β2MinT + β3PPTtotal + β4PPTsummer  (3) 

 

and evaluated using multiple linear regression (MLR).  A stepwise evaluation procedure 

was used beginning with an empty model, where terms were added to the model if they 

were significant at α = 0.05, and dropped from the model if their contribution to the 

model was not significant at α = 0.1. 

As a non-parametric alternative to MLR, regression trees were used to evaluate the 

relationship between post-fire NDVI and the environmental factors.  Classification and 

regression tree analysis (CART) is a non-parametric technique for exploring the 

relationship between a response variable and a set of explanatory factors (Breiman et al. 

1993).  The value of CART in our case is that the problem of multicolinearity commonly 

experienced when using MLR is avoided, such that the relationship between explanatory 

and response variables is clearly delineated through a series of binary decisions.   

We used CART to evaluate two models using the slope of the post-fire NDVI as a 

response.  The first model used the same explanatory variables that were used in the 

MLR analysis to model NDVI slopes. The second model used Bailey’s ecoregions at the 

Division level in addition to the environmental variables used in the first model. We 

pruned the resulting trees using a cross-validation procedure which divided the data into 

10 subsets, and used each of the subsets in turn to calculate the error (cost) of the tree 

developed from the remaining nine subsets (Breiman et al. 1993).  This was done for a set 

of trees, each with progressively larger numbers of terminal nodes.  The smallest tree 
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within one standard error of the tree with the lowest cost of those tested was selected as 

the appropriate level of pruning. 

 

Evaluating local factors.  Whereas the 30 year average climate factors were considered 

regional factors, actual seasonal and annual precipitation may differ markedly from their 

long-term averages.  We therefore considered monthly precipitation and temperature 

records as local factors, along with elevation, which is a geographically localized 

phenomenon.  Monthly PRISM precipitation and temperature data were calculated for 

each fire from 1989 to 2007 as a modeled indication of the actual precipitation and 

temperature for each site by calculating the average of all pixels within the burned 

perimeter.  The monthly PRISM data used for this study had a resolution of 4000m, 

instead of the 800m used for the 30 year average data, however the effective resolution of 

all data used for this research was based on the fire size (minimum 6km2), since all pixels 

within each fire perimeter were averaged and used to represent the entire burned area.  

The monthly precipitation data were summed for the post-fire period for each fire, as the 

sum of the first year’s precipitation (PPT1yr), the first five years’ (PPT5yr) and the first 10 

years’ (PPT10yr).  Summations were done over three durations in order to determine over 

which time period precipitation was most important.  It may be, for example, that the first 

year’s precipitation establishes the conditions for future vegetation dynamics, or, it may 

be more important to post-fire dynamics that there is consistent precipitation over the 

entire period of regrowth.  In similar fashion temperature data were evaluated over one, 

five, and ten year periods post-fire.  Monthly maximum temperatures were summarized 
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by determining the highest monthly maximum temperature over the first year (MaxT1yr), 

five years (MaxT5yr), and ten years (MaxT10yr) after the fire event.  Monthly minimum 

data (MinT1yr, MinT5yr, MinT10yr) were similarly summarized by determining the lowest 

monthly minimum.  As the data were summarized over successive time periods, the 

sample size of the variables declined, since fewer sites had a sufficient time-series to 

complete the summary.  For example, a fire which occurred in 2000 would have a 

sufficient time-series to summarize the data for one and five years, but not for ten.  Thus 

the number of sites examined for one, five, and ten years were 115, 109, and 47 

respectively.  Elevation data (Elev) were obtained for each of the fires by averaging 10m 

resolution pixels of the National Elevation Dataset (Gesch et al. 2002) contained within 

the fire perimeter for each of the fires.  The elevation data were added to the accumulated 

precipitation and temperature data as one of the local environmental factors. 

Local factors were evaluated in a similar fashion to the regional factors, through the 

use of regression and CART analyses.  As with the regional factors, SLR was used to 

relate NDVI to each of the factors individually.  With MLR, however, only one of each 

of the summed precipitation and temperature values at a time was tested in concert with 

elevation, resulting in the full model 

 

slope = β0 + β1PPTyr  + β2MaxTyr + β3MinTyr + β4 Elev (4) 
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where PPTyr, MaxTyr, and MinTyr are the summaries of precipitation and temperature 

which had the most significant simple linear relationship to NDVI, either over one, five, 

or ten years post-fire. 

 

Results 

H1: Evaluating post-fire slopes 

Visual interpretation of histograms for the post-fire slope of the NDVI time-series show 

evidence that, on average, NDVI slopes tend to be positive (Figure 2).  A one sided t-test 

gave strong statistical support for this hypotheses (p < 0.0001). 

 

H2: Evaluating Bailey’s Ecoregions 

The ANOVA of post-fire NDVI slope data showed no differences at the Domain scale (α 

= 0.05), however differences were detected at the Division and Province levels (Figure 

3).  Upon closer examination, Provinces did not differ significantly within their 

respective Divisions, but only with Provinces in other Divisions.  For this reason the 

Division level was deemed the appropriate level at which to evaluate differences in post-

fire vegetation dynamics.  Multiple comparison analysis showed that Division 16 (Table 

1) was significantly different from all other Divisions. 
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H4:Evaluation of environmental factors.   

 

Regression Trees.  Regression trees showed similar results to MLR analysis, hence the 

results are not repeated in detail.  The one exception was the use of regression trees to test 

the inclusion of Bailey’s ecoregion Divisions with regional factors to model post-fire 

NDVI slope.  This resulted in a tree that predicted lower post-fire NDVI slopes for 

Divisions 13, 14, 16, and 28 (Table 1; 0.214) than for the other Divisions (0.453).  After 

accounting for ecoregion Division (the first branch), no other regional factors predicted 

NDVI slope. Visual examination of Division boxplots (Figure 3b) suggests similar 

delineations between Divisions as the CART analysis, however these results do not 

coincide exactly with the differences between Provinces shown by the multiple 

comparisons analysis. 

CART separations based on Bailey’s ecoregion Divisions were mapped and combined 

with the post-fire NDVI slope data for each fire location (Figure 4). The two regions were 

significantly different (α < 0.05) for all of the environmental variables tested, which 

generally indicated that the region encompassing Divisions 13, 14, 16, and 28 had smaller 

post-fire NDVI slopes, lower temperatures, and higher precipitation. 

 

Regional factor regression.  SLR relating post-fire NDVI slopes to the regional factors 

individually showed significant relationships between post-fire NDVI slope and MaxT (p 

= 0.0002), MinT (p = 0.0107) and PPTsummer (p = 0.0131) (Figure 6).  The stepwise MLR 
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procedure selected only MaxT (p = 0.0002, adjusted R2 = 0.11).  Reduced models 

resulting from all stepwise regression procedures are reported in Table 3. 

 

Local factor regression.  SLR for each of the local variables separately showed varying 

results depending on the period of summary for the precipitation and temperature data 

(Fig. 7).  Precipitation was significantly related to post-fire NDVI slope only when 

rainfall was summed over 10 years.  Minimum temperature was a significant predictor of 

NDVI slope only in the first year post-fire, while maximum temperature was significant 

over one and five years post-fire. 

Since precipitation was significantly related to NDVI slope when summed over ten 

years, but temperature data were significant predictors in the first year, two full models 

were tested using the stepwise procedure, one using summaries for the first year, and one 

using summaries over the first ten years.  For the first year, only MinT1yr emerged as a 

significant predictor, with higher post-fire NDVI slopes occurring with increases in 

MinT1yr (adjusted R2 = 0.075, p = 0.0018).  For the model with ten years’ summarized 

data Elev and PPT10yr contributed significantly to the relationship (adjusted R2 = 0.368, p 

< 0.0001).  Using this reduced model, post-fire NDVI slope decreased with increases in 

elevation, and increased with increases in 10 years’ accumulated precipitation. 
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Discussion 

Selection of burned areas 

While the methods we used provided a sufficient number of fires for our analysis, it 

should be noted that the majority of fire records available were not used due to 

insufficient evidence of a burned area or post-fire trend.  Of the 3,198 large fires selected 

from the DRI database, only 443 showed evidence of a burn scar.  For those, even fewer 

had post-fire slopes that were significantly different from zero.  115 records were used to 

examine post-fire NDVI.  This small number of sampled fires relative to the number of 

recorded fires is due to the rigorous selection criteria we used in selecting fires, as well as 

uncertainties in the datasets used to assess fires that were appropriate for analysis.  First, 

the DRI database is acknowledged by its creators to have errors in fire location, date, and 

extent due to discrepancies in the recording of fire events by the various federal agencies 

(Brown et al. 2002).   

Second, the use of a high z-score for the detection of burned area is particularly 

rigorous, selecting only those pixels that have changed substantially.  We set the z-score 

threshold particularly high in order to avoid including unburned pixels in our analysis.  

The challenge of selecting an appropriate z-score is highlighted in Figure 8, where some 

pixels within the burn perimeter have lower values than some unburned pixels.  Using a 

z-score of 1.65 eliminated these pixels from the analysis, however they were likely 

burned, although the burn severity was lower.  In many cases, where there was an 

insufficient number of pixels that were burned at what we assume to be higher severity, 

the record was eliminated entirely.  This approach was therefore sufficient for our needs, 
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in ensuring a sample of only burned pixels, however it would not be a valuable tool for 

the detection of burned areas in general. 

The third factor leading to a small sample of analyzed fires relative to the number of 

large fires recorded was the challenge of establishing statistically significant post-fire 

slopes.  This difficulty could be due to four potential causes, most likely a combination of 

all four.  First, NDVI data are highly susceptible to contamination by cloud and snow 

cover.  Changes from year to year in the duration of snow or cloud cover can cause 

dramatic shifts in annually integrated NDVI, leading to departures from a trend of 

increasing post-fire NDVI. 

The second potential challenge to detecting significant post-fire NDVI slopes is 

variation in the AVHRR MVC NDVI data from year to year.  The AVHRR MVC data 

record is comprised of data acquired by four different satellite borne sensors over a 

period of 19 years (Eidenshink 2006).  Across these four sensors, a total of seven 

different radiometric calibration methods were used (Eidenshink 2006).  Changes in 

sensors and calibration methods over the course of the record result in differences in 

derived red and near-infrared reflectances and therefore NDVI values over time (van 

Leeuwen et al. 2006), which add variability to the annually integrated NDVI used to 

indicate post-fire productivity.  This increased variability makes it difficult to establish 

significant post-fire slopes in NDVI, resulting in a type 2 statistical error.   

Third, significant post-fire NDVI slopes may be difficult to establish due to natural 

variations in the post-fire vegetation growth.  While a system may be generally increasing 

in productivity over a number of years, changes in seasonal environmental conditions can 
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dramatically influence annual production.  This may be particularly important for later 

fires in our analysis, which had a limited number of post-fire years from which to 

evaluate trends.  A single year of drought in a five year time-series may add sufficient 

variability to the time-series that the slope is not statistically differentiable from zero. 

Finally, it may be that the true slope of the post-fire NDVI time-series is zero.  Some 

environments may recover rapidly from fire in a single year.  For instance, annual 

grasslands can generate a substantial amount of fine fuel, burn, and re-establish in the 

course of a single year (Dantonio & Vitousek 1992).  Because the statistical test used to 

establish significance was a test for a difference from a zero slope, zero slope trends were 

eliminated from the analysis.  Due to the rapid nature of the post-fire dynamics on such 

systems, these systems are not amenable to this analysis, and must be evaluated on a finer 

time scale in order to determine if similar dynamics apply as have been investigated here. 

 

Evaluating trends in post-fire vegetation 

In spite of these difficulties in detecting burned areas and establishing significant post-

fire trends, the AVHRR time-series data used in these analyses provided ample evidence 

for increases in post-fire productivity (NDVI) over time (H1).  Our results support the 

results of others (Amiro et al. 2000; Hicke et al. 2003, others), showing strong evidence 

for positive trends in post-fire NDVI, with only two records out of 115 showing a 

negative post-fire slope.  Of these, one had a small post-fire slope of -0.108 and appeared 

to be influenced by cloud contamination and changes in sensor or calibration sensitivity.  

The other record was burned in 1995, and again in 2002, though the 2002 burn did not 
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have a significant post-fire slope and was not included in the analysis.  This later fire led 

to a decrease in vegetation late in the time-series, resulting in a negative slope across the 

record since the 1995 burn.  Thus, with these two exceptions the records with significant 

non-zero slopes had positive post-fire trends in NDVI, indicating increasing productivity 

with time since disturbance. 

 

Post-fire trends across ecoregions 

The spatial contiguity of ecoregion Provinces selected by the CART analysis (Figure 4) 

to typify differences in post-fire NDVI slope lends credence to the idea that there are real 

differences in rates of post-fire change in productivity across regions.  Amiro et al. (2000) 

showed that there were differences in post-fire changes in NPP between ecoregions, 

however they did not test for significance among these differences.  Hicke et al. (2003) 

made only qualitative assessment of differences in post-fire recovery times between 

ecoregions, as small sample sizes precluded statistical evaluation.  Similarly, we found it 

challenging to use a pairwise multiple comparisons procedure to evaluate differences in 

post-fire NDVI, showing only one ecoregion to differ significantly from all others, 

probably also due to insufficient sample sizes.  We therefore found the CART procedure 

to be helpful, since it creates binary divisions evaluating all ecoregions and grouping 

ecoregions with similar post-fire trends together, rather than evaluating the differences 

between ecoregions one at a time. 

Descriptive statistics of some environmental differences between the two regions 

identified using the CART analysis provided insights regarding which environmental 
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factors may be responsible for the geographic distribution of differences in post-fire 

vegetation trends, although they by no means provide a causal link. 

 

Environmental drivers of post-fire productivity 

Analyses of both scales of drivers investigated here indicated that temperature is the most 

consistent factor responsible for variation in post-fire NDVI trends across the western 

US.  Comparisons between the regions delineated by the CART analysis (Figure 5), 

regression between post-fire NDVI and 30 yr average temperature data (Figure 6), and 

regression using shorter term weather data (Figure 7) all indicated that rates of change in 

post-fire NDVI increased with increases in temperature.  Minimum temperature data 

showed the most consistent relationship to post-fire NDVI, showing significant 

contributions to all SLR and MLR models for which it was tested, with the exception of 

the model tested for ten year summarized fine-scale factors (Table 2).  For this model: 

 

NDVIslope = β0 + β1PPTyr10 + β2Elev  (5) 

 

elevation played an important role, indicating that NDVI slope is lower at higher 

elevations.  Elevation is not an environmental determinant to plant growth per se, but 

rather co-varies with factors that do play a role in plant growth, most notably 

precipitation and temperature.  Precipitation typically increases with elevation, and our 

results generally showed increases in NDVI slope with higher levels of precipitation.  

Thus decreases in slope with increasing elevation are not likely due to a change in 
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precipitation with elevation, but rather to changes in temperature, which tends to decrease 

at higher elevations.  Further evidence that elevation may be serving as a proxy for 

temperature in this model can be seen in the fact that the SLR relating NDVI slope with 

ten year minimum temperature shows a moderately significant relationship (Figure 8), 

which would likely be stronger with a larger sample size, as in the one year minimum 

temperature.  From this evidence, it is likely that minimum temperatures limit vegetation 

growth in the post-fire environment. 

The relationship between precipitation and post-fire NDVI slope is not as consistent as 

that between temperature and NDVI slope.  The comparison between regions delineated 

using CART shows moderate evidence (p = .035) that regions with higher precipitation 

have lower post-fire NDVI slopes.  SLR and MLR using 30 year average annual 

precipitation, and one and five year post-fire accumulated precipitation, show no 

significant relationships between precipitation and post-fire NDVI.  Ten year 

accumulated precipitation, on the other hand, shows strong evidence of higher post-fire 

NDVI slopes with larger accumulations of precipitation, both using SLR, and in 

combination with elevation, as discussed above (Equation 5).  This indicates that post-fire 

production is higher with higher precipitation, especially when coupled with higher 

temperatures.  The ten year accumulation of precipitation is important in that it indicates 

that post-fire vegetation dynamics are sensitive to changes in precipitation over the entire 

course of the post-fire response. 

It is intuitive that vegetation growth after a fire event is limited by low (freezing) 

temperatures and limited precipitation.  This study establishes, however, that these forces 
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are important determinants across large areas and are to some degree independent of the 

fine-scale environmental conditions most often associated with post-disturbance 

vegetation dynamics.  While the portion of variability explained by broad-scale factors is 

small, exhibiting relatively small coefficients of determination (R2), the contribution of 

these factors to predictions of post-fire vegetation trends was statistically significant (α < 

0.05).  This indicates that while much of the post-disturbance vegetation dynamics at a 

site are explained by local factors, broad-scale factors also play an important role.  Fine-

scale factors contribute to vegetation dynamics only within the confines set by the higher 

level controls of temperature and precipitation, thus changes in these parameters 

represent changes to the framework within which post-disturbance vegetation dynamics 

occur.  The hierarchy of responses dictates an asymmetry in the relationship between 

higher and lower level processes, such that while changes in the lower level dynamics do 

not result in substantial influence on broad-scale dynamics, small changes in the broad-

scale factors may result in large changes at the local level (O'Neill et al. 1986).  Further, 

the response of lower level functions to changes in higher level constraints is often non-

linear, thus small changes in precipitation or temperature could lead to large or 

unexpected responses at the local scale (Holling 1992). 

It should be noted that changes in productivity at this scale do not imply ecosystem 

“recovery”.  This is because (1) recovery is a value laden term, requiring that the 

resources perceived to be in need of recovery are well defined, and (2) the dynamics of 

vegetation at a site cannot be inferred to be similar to pre-disturbance dynamics based 

entirely on the amount of productivity, as modeled here using NDVI.  Post-disturbance 
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vegetation communities may be substantially different from pre-disturbance 

communities, and the system may return to a similar level of vegetative production long 

before the structure and function of the system are similar to pre-disturbance conditions, 

if they ever do return to such a condition.  This research nonetheless establishes the 

importance of the contribution of high level influences to the post-disturbance process.  

Changes in these influences may determine both the rate of increase in production and the 

nature of post-disturbance ecosystem function. 

A local environmental factor that could have reasonably been added to our analysis, 

but which we omitted, is land cover type, since pre-disturbance land cover heavily 

influences post-disturbance ecosystem trajectories.  We did not include land cover in this 

study due to the difficulty of getting a consistent land cover product that could be utilized 

across the entire region for all fires.  Since land cover is dynamic, it would have been 

important to have a land cover map within a few years prior to each of the fires evaluated.  

Since the fires spanned a period of 15 years, this was not possible.  In spite of this 

omission, both local and regional factors influence post-fire productivity, indicating that 

the results shown here are not restricted to particular land cover types. 

 

Conclusions 

We show in this study that rates of post-fire vegetation regrowth were influenced across a 

variety of ecosystems in the western US by differences in temperature and precipitation.  

Most notably, sites with higher minimum annual temperatures had faster rates of 

regeneration.  In addition, higher rates of sustained post-fire regeneration occurred with 
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increases in precipitation for at least ten years post-fire, and likely for the duration of the 

recovery period.  These findings have important ramifications for post-fire management 

in a scenario of shifting high-level drivers of ecosystem function, where changes in 

temperature and precipitation regimes will result in shifts in post-fire vegetation 

dynamics.  Further, these dynamics may be linked to important feedbacks in the climate 

system, with changes in climate leading to changes in disturbance regimes (Dale et al. 

2001), as well as changes in post-disturbance dynamics.  These altered ecosystem 

dynamics influence the global energy budget through changes in carbon exchange and 

surface albedo (Goetz et al. 2006). 

Our study re-emphasized the value of using post-fire time-series vegetation data by 

monitoring post-fire vegetation using AVHRR NDVI data.  We concur with Kasischke 

and French (1997) that although the AVHRR time-series presents challenges to the long-

term monitoring of vegetation, the provision of a long time-series of vegetation data is 

invaluable to the monitoring of global vegetation dynamics.  Further research of this type 

should be pursued with newer sensors that provide better spectral continuity, such as the 

Moderate Resolution Imaging Spectroradiometer (MODIS), as these sensors accumulate 

a longer time-series.  The importance of this extended time-series highlights the value of 

a continued commitment to long-term space-based earth observation (van Leeuwen et al. 

2006). 

Further research should be pursued in order to elucidate the relationships between 

lower and higher levels of ecosystem controls of post-fire vegetation dynamics.  Much 

work has been done to evaluate the importance of local scale drivers of post-fire 
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vegetation dynamics such as fire severity, topo-edaphic properties, and pre-burn 

vegetation composition (DeBano et al. 1998; Turner et al. 1999).  We have established 

here the importance of higher level controls such as climate.  A remaining area of 

research is to develop a framework whereby local scale processes are nested within 

higher level controls, such that post-disturbance ecosystem behavior can be evaluated 

based on an understanding of the relationships between levels. 
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Tables. 
Table 1.  Bailey’s ecotypes for the western United States, including the Domain, 

Division, and Province levels. 

1. Dry Domain 
 11. Temperate Desert Division
  1101. Intermountain Semi-Desert and Desert Province
  1102. Intermountain Semi-Desert Province
 12. Temperate Desert Regime Mountains Division
  1203. NV-UT Mountains-Semi-Desert-Coniferous Forest-Alpine Meadow 
 13. Temperate Steppe Division
  1304. Great Plains Steppe Province
  1305. Great Plains-Palouse Dry Steppe Province
 14. Temperate Steppe Regime Mountains Division
  1406. Black Hills Coniferous Forest Province
  1407. Middle Rocky Mountain Steppe-Coniferous Forest-Alpine Meadow 
  1408. N. Rocky Mountain Forest-Steppe-Coniferous Forest-Alpine Meadow 
  1409. S. Rocky Mountain Steppe-Open Woodland-Coniferous Forest-Alpine 
 15. Tropical/Subtropical Desert Division
  1510. American Semi-Desert and Desert Province
  1511. Chihuahuan Semi-Desert Province
 16. Tropical/Subtropical Regime Mountains Division
  1612. AZ-NM Mountains Semi-Desert-Open Woodland-Coniferous Forest-Alpine
 17. Tropical/Subtropical Steppe Division
  1713. Colorado Plateau Semi-Desert Province
  1714. Great Plains Steppe and Shrub Province
  1715. SW Plateau and Plains Dry Steppe and Shrub Province
2. Wet Domain 
 28. Marine Division 
  2816. Pacific Lowland Mixed Forest Province
  2817. Cascade Mixed Forest-Coniferous Forest-Alpine Meadow Province 
 29. Mediterranean Division
  2918. CA Coastal Chapparral Forest and Shrub Province
  2919. CA Dry Steppe Province
 30. Mediterranean Regime Mountains Division
  3020. CA Coastal Range Open Woodland-Shrub-Coniferous Forest-Meadow 
  3021. Sierran Steppe-Mixed Forest-Coniferous Forest-Alpine Meadow Province
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Table 2.  Factors tested for their relationship with post-fire changes in NDVI and SD for fires across the western United States.  

Local scale precipitation and temperature data were summarized over one, five, and ten years, and thus three levels of each of 

these variables were tested. 

 

Factor Scale Description 

MaxT Regional Maximum of the 30 yr average (1970 - 2000) monthly average highs  
MinT Regional Minimum of the 30 yr average (1970 - 2000) monthly average lows 

PPTtotal Regional Average total annual precipitation from 1970 – 2000 

PPTsummer Regional Average percent precipitation from April – September 1970 – 2000  

PPTyr Local Cumulative precipitation 1, 5, and 10 years post fire 

MaxTyr Local Maximum monthly high temperature 1, 5, and 10 years post-fire 

MinTyr Local Minimum monthly low temperature 1,5, and 10 year post-fire 

Elev Local Average elevation across the burned site 
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Table 3.  Reduced models (forward stepwise regression) relating post-fire NDVI slope to 

regional and local climate and elevation data.   

 

Model Adj. R2 p-value 

NDVIslope = β0 + β1MaxT 0.110 0.0002 
NDVIslope = β0 + β1MinTyr1   0.075 0.0018 

NDVIslope = β0 + β1PPTyr10 + β2Elev   0.368 < 0.0001 



 

 

135

Figures. 
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Figure 1.  Work flow for the selection of fires meeting the minimum burned area criteria 

of 10 km2.  Fire locations in the DRI database (n=3,198) were buffered with a circular 

area twice that of the reported burned area.  This example shows the Fountain Fire 

(August 1992 east of Redding, California).  The fire was reported in period i (b).  A z-

score was calculated for the difference between periods i-1 and i+1 (a, c) relative to the 

average differences between two periods j-1 and j+1 across the time-series.  If the z-score 

of a pixel exceeded the threshold of 1.65, and a contiguous group of six such pixels 

existed, the fire was included in the analyses, and a polygon establishing the perimeter of 
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the fire was created (d).  The polygon was then used to define an area within which to 

calculate the average for each period of AVHRR NDVI data from January 1989 to June 

2007 (e).  These data were summarized by summing the NDVI values for each post-fire 

year (26 AVHRR periods) in the record (e).  These summaries were then used in 

regression equations to establish relationships between post-fire trends and broad-scale 

environmental drivers.
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Figure 2.  Histogram of post-fire NDVI slopes within the burned perimeter for all fires 

evaluated.  98% of the slopes were positive. 
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Figure 3.  Boxplots illustrating the differences in post-fire NDVI slope across ecoregions 

at the Domain (a), Division (b), and Province (c) levels.  The ecoregions indicated here 

are identified in Table 1.  Boxes show the upper and lower quartiles, with the median 

marked with a line.  Whiskers extend to 1.5 times the interquartile range, and outliers are 

indicated by a +.  ANOVA analysis showed differences at the Division and Province 

levels, and CART analysis showed differences in slopes between Division classes 13, 14, 

16, and 28 and all other classes. 
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Figure 4.  Map of study region, showing fire locations. Size of circles indicates 

magnitude of the post-fire NDVI slope (higher slopes indicated by larger circles).  

Bailey’s ecoregion Divisions are outlined in white.  CART analysis estimated that 

Divisions 13, 14, 16, and 28 have a lower post-fire NDVI slope (0.214) than the 

remaining Divisions (0.453). 
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Figure 5.  Boxplots showing the differences in regional scale factors and elevation 

between the two regions delineated using CART analysis.  Plots for region one indicate 

values for Divisions 13, 14, 16, and 28, and plots for region two indicate values for all 

other Divisions.  Significance of the difference between each factor was tested using a t-

test with unequal sample sizes, p-values are shown in the lower right corner of each plot. 
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Figure 6.  Scatterplots and least squared regression lines for the relationship between 

regional-scale factors and post-fire NDVI (Δ NDVI ). 
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Figure 7.  Scatterplots and least squared regression lines for the relationship between 

local-scale factors and post-fire NDVI slopes. 
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Pixels selected for analysis
USFS Burn Perimeter  

 
Figure 8.  Rodeo-Chediski fire burned perimeter (gray) as defined by the US Forest 

Service, compared to the area identified for analysis (black), overlaid on the search area 

of 1km2 z-score pixels, as calculated using formula 1.  This highlights the challenge of 

using the z-score threshold to identify a burned area precisely for areas burned at lower 

severity.  Some pixels within the burned perimeter are similar in z-score value to those 

outside the perimeter, such that using a more lenient threshold would result in the 

inclusion of unburned pixels.  For our analysis here we wanted to ensure a sample of only 

burned pixels.  Also, the burned area to the left of the regions selected for analysis was 

excluded, since it resulted in a smaller region of contiguous pixels above the z-score 

threshold than the area selected.  It was eliminated in order to avoid over-representing 

dynamics for any single fire, since its inclusion would have resulted in two samples for 

the same fire. 

 
 



 

 

144

APPENDIX C 
 
 

EVALUATING POST-WILDFIRE VEGETATION DYNAMICS AS A RESPONSE 

TO MULTIPLE ENVIRONMENTAL DETERMINANTS 

 

To be submitted to Landscape Ecology 

 

Grant M. Casady 

Willem J.D. van Leeuwen 

Stuart E. Marsh 

 

G. Casady (Corresponding author), W. van Leeuwen, S. Marsh 
Office of Arid Lands Studies 
1955 E. 6th St. 
University of Arizona 
Tucson, AZ, 85721 
USA  

 

 

Date of the manuscript draft: April 28, 2008 

Manuscript word count: 8,762 



 

 

145

Abstract 

Rates of vegetation regeneration in post-fire environments vary substantially across the 

landscape of a burned area.  These variations are due to a number of environmental 

variables, including soil properties, vegetation characteristics, hydrology, land 

management history, and burn severity.  While many of these factors have been explored 

previously, few studies have investigated the synergy provided by multiple factors across 

a landscape.  This research used a time-series of the remotely sensed Enhanced 

Vegetation Index (EVI) measured by the Moderate Resolution Imaging 

Spectroradiometer (MODIS) to estimate rates of post-fire regeneration across a large 

burn in central Arizona.  We then used regression trees to evaluate variation in post-fire 

vegetation response as a function of multiple factors across the burn.  We found that post-

fire regeneration was a function of elevation (likely a proxy for moisture availability), 

burn severity, pre-burn vegetation, and post-burn management activities.  Time-series 

vegetation data provided an important tool for monitoring rates of post-fire regeneration, 

while regression trees were shown to be a valuable tool for determining dominant 

interacting factors responsible for variations in post-fire regeneration.  Evaluation of the 

time-series data and modeled post-fire vegetation dynamics allowed for the interpretation 

of management actions across the burned area. 

 

Keywords: EVI, MODIS, regression trees, time-series, wildfire 
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Introduction 

Forest ecosystems provide important goods and services to society (Easterling and 

Apps 2005, Carpenter and Folke 2006), many of which may be temporarily or 

permanently altered in the wake of catastrophic wildfires.  It is therefore important to 

understand the forces driving changes in post-fire ecosystem dynamics, especially given 

future climate scenarios indicating a likely increase in the numbers of large wildfires 

worldwide (Grissino-Mayer and Swetnam 2000, Scholze et al. 2006, IPCC 2007).  Much 

research has been done to describe the variety of local factors responsible for variations 

in post-fire vegetation response across a landscape.  Such factors include soil properties, 

vegetation characteristics, land management history, burn severity, and weather 

conditions (e.g. DeBano et al. 1998, Amiro et al. 2000, Pollet and Omi 2002, Goetz et al. 

2006).  In spite of this, few studies have assessed the synergistic influence of these 

factors, making post-fire dynamics difficult to evaluate in the face of uncertainties in the 

behavior of multiple interacting environmental conditions.  The goal of this research was 

to explore variations in post-fire vegetation response for a large wildfire in central 

Arizona in view of the variety of environmental factors that influence that response.  To 

that end, our objectives were: 

 

1) To monitor post-fire vegetation response using a remotely sensed time-series 

vegetation index. 
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2) To evaluate the relationship between the post-fire vegetation response and a 

suite of environmental factors that may influence differences in post-fire 

regeneration. 

3) To assess the ability of the selected environmental factors to adequately 

describe post-fire vegetation. 

 

In order to address these objectives, we used a time-series of vegetation data from 

the Moderate Resolution Imaging Spectroradiometer (MODIS) (launched in 2000) to 

monitor the post-fire vegetation response.  Remotely sensed vegetation index data have 

been used extensively to measure changes in vegetation production over time (e.g. 

Goward et al. 1985, Prince et al. 1995, van Leeuwen et al. 2006), including several 

studies examining post-fire vegetation (Amiro et al. 2000, Hicke et al. 2003, Goetz et al. 

2006).  We examined post-fire changes in vegetation production as an indicator of 

variability in vegetation response to wildfire.  We evaluated this response in vegetation as 

a function of environmental factors commonly identified as having the potential to 

influence post-fire vegetation regrowth, including pre-fire vegetation, burn severity, soil 

properties, and topography (e.g. DeBano et al. 1998, Turner et al. 1999). 

Pre-fire conditions are the culmination of long term or historical land use 

practices (Covington and Moore 1994), changing climatic factors (Flannigan et al. 2000, 

Grissino-Mayer and Swetnam 2000, Westerling et al. 2006), and more recent disturbance 

or management history (Turner et al. 1999, Choromanska and DeLuca 2002, Pollet and 

Omi 2002).  These pre-fire influences contribute to the severity of the fire, and to the 
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resources available for post-fire regeneration.  The reproductive strategy of a 

community’s vegetation may play an important role in its post fire recovery, with the 

primary division being between plants that reproduce vegetatively and those that 

reproduce primarily by seed (Moreno and Oechel 1994, Lloret et al. 2005).  Pre-burn 

vegetation condition is also an important determinant to post-fire regeneration (Gurvich 

et al. 2005).   

Burn severity is the integrated impact of the fire on organic material and the 

degree of soil heating (Rowe 1983), and has been identified as one of the most important 

factors in determining the dynamics of post-fire vegetation communities (Moreno and 

Oechel 1994, Schimmel and Granstrom 1996).  It can be influenced by  factors such as 

fuel load, climate, topography, weather conditions, and soil properties (Neary et al. 1999, 

Hargrove et al. 2000).  Burn severity dictates the variable rates of mortality in biotic soil 

components, including plant roots, bacteria, fungi, arbuscular mycorrhizae, and other 

microbial communities (Dunn et al. 1985, Bradstock and Auld 1995, DeBano et al. 1998, 

Choromanska and DeLuca 2002, Hart et al. 2005, Smithwick et al. 2005).  Similarly, 

physical aspects of the soil can also be altered at various degrees of burn severity, 

including soil nutrients (St. John and Rundel 1976, DeBano 1981, Covington and Sackett 

1992), structure (Neary et al. 1999), and hydrophobicity (DeBano et al. 1998, Doerr et al. 

2006). 

Post-fire vegetation regrowth is also influenced by soil properties and water 

availability.  Soil properties such as texture, structure, organic matter, and depth influence 

the availability of water and nutrients for plant growth (Chapin et al. 2002).  In addition 
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to the influence of soil properties, variations in water availability at the landscape scale 

are also due in part to topographic features, including elevation and aspect.  Locations 

with higher elevation are commonly characterized by lower temperatures and therefore 

lower rates of evaporation, and increased precipitation (Daly et al. 1994), typically 

resulting in more available water at higher elevations.  Water availability is also 

influenced by the amount of evaporation due to solar insolation at the surface, which is a 

function of aspect (Geiger 1965). 

We build off of this previous research by seeking to evaluate the synergistic 

influence of factors related to pre-fire vegetation, burn severity, soil properties, and 

topography on post-fire vegetation regeneration. 

  

Methods 

Study Site 

Our study was conducted on the site of the Rodeo-Chediski fire, the largest fire on 

record in the southwestern US (Strom and Fule 2007).  The Rodeo-Chediski fire complex 

burned over 1800 km2 between June 18 and July 7, 2002.  Our study focused on the 

portion of the Rodeo-Chediski fire that occurred on the Apache-Sitgreaves National 

Forest (ASNF), approximately 750 km2 at the north end of the burn (Figure 1).  The study 

area was located at the extreme South edge of the Colorado Plateau along the Mogollon 

Rim in central Arizona.  Average (1951 to 2007) annual temperature extremes recorded 

at the Black Mesa Ranger Station adjacent to the study area ranged from -22 to 34 °C and 

the region received an average annual total of 458 mm of precipitation (NCDC 2008).  
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Elevation across the study area ranged from 1846 to 2352 m.  Pre-fire vegetation across 

the majority of the study area was dominated by ponderosa pine (Pinus ponderosa) forest 

with a small representation of mixed conifer forest at higher elevations and Gambel oak 

(Quercus gambelii) and pinyon-juniper (Juniperus spp. and Pinus edulis) communities at 

lower elevations.   

Soils across the study area were derived from weathered sandstone, limestone, 

and shale, and were formed under both thermic and mesic climate conditions and 

relatively erratic soil moisture regimes, and are dominated by Typic and Lythic 

Haplustalfs with textures varying between loam and sandy loam, commonly with some 

percentage of gravel and cobbles on the surface.  Soil depths vary from less than 20 cm to 

more than 200 cm to bedrock. They are generally well drained, have a moderate to high 

base saturation, and are characterized by argillic horizons of varying thickness. 

(Hendricks 1985, Laing et al. 1987). 

 

 

Post-fire vegetation dynamics 

Productivity 

Remotely sensed data have proven valuable in determining the landscape context 

within which ecosystem phenomena occur (Wu and Archer 2005, Peters et al. 2006), as 

well as providing a sampling mechanism for monitoring landscape level ecosystem 

processes over time and across large areas (West 2003, Zhang et al. 2003, van Leeuwen 



 

 

151

et al. 2006).  Satellite-based vegetation indices (VIs) have been shown to be useful for 

indicating relative rates of primary production (Goward et al. 1985, Prince et al. 1995).   

 We monitored post-fire vegetation (objective 1) using the Enhanced Vegetation 

Index (EVI) as measured by MODIS for a period of five years starting immediately after 

the fire (July 2002) (Figure 2).  This resulted in a time-series of 115 EVI periods (23 

periods per year) for each of the 250 m pixels within the burn perimeter, a total of 13,760 

pixels.  The time-series for each pixel was smoothed using a Savitzgy-Golay least squares 

curve fitting routine to remove noise due to changes in atmospheric conditions, as 

suggested by Jonsson and Eklundh (2004) for use in smoothing time-series vegetation 

index data.  After smoothing, each post-fire observation was divided by the average of 

the pre-fire EVI (February 2000 to June 2002).  This normalization allowed for the 

monitoring of post-fire dynamics relative to pre-fire conditions, such that post-fire 

vegetation was expressed as a fraction of pre-fire EVI values.  EVI periods were then 

summed for each post-fire year, resulting in an integrated annual measure of post-fire 

productivity which was recorded for each of the five years following the burn.  A least 

squares relationship was then established, using the model: 

 

∫fEVI = β0 + β1year 

 

where ∫fEVI is the annual integration of the fraction of each post-fire period to the pre-fire 

average, and year is the number of years since burn, one through five.  β1 was then 

recorded, representing the slope of the post-fire trend in productivity for each pixel. 
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Exploring drivers of post-fire dynamics 

 Post-fire vegetation dynamics can be influenced by a number of environmental 

factors, including burn severity, soils, topography, and pre-fire vegetation.  We gathered 

information on each of these factors from the sources summarized in Table 1 and 

described in detail below.  In order to address objective two, these factors were used as 

predictors in a model evaluating variable rates of post-fire regeneration across the study 

site. 

 

Burn Severity.  Burn severity is commonly assessed for forested areas using the delta 

Normalized Burn Ratio (dNBR) (Key and Benson 2006).  The Normalized Burn Ratio 

(NBR) has been used to identify burned areas.  NBR assesses vegetation condition in a 

similar fashion to the commonly employed Normalized Difference Vegetation Index 

(NDVI), except that the red band used in NDVI is replaced with reflectance data from the 

short-wave infrared (Landsat band 7), which provides an indication of the water content 

of soils and vegetation (Miller and Yool 2002, Key and Benson 2006).  The NBR is 

calculated as: 

 

NBR = [(ρ4 – ρ7) / (ρ4 + ρ7)] * 1000 

 

where ρ4 and ρ7 represent reflectance values from bands four (0.76 – 0.9μm) and seven 

(2.08 – 2.35μm) on the Landsat TM sensor.  The dNBR then provides a measure of 

absolute change in the pre- and post-burn NBR indices, and is used by the USFS to 
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provide a general measure of burn severity across burned sites for forested ecosystems,  

(Key and Benson 2006).  

 Burn severity data were derived for our study area from 30m resolution Landsat 

based NBR images made available by the US Geological Service (USGS) Monitoring 

Trends in Burn Severity (MTBS) project.  The USGS calculated NBR for a pre-burn 

Landsat TM image acquired on May 12, 2002, and a post-burn Landsat TM image 

acquired on April 29, 2003 (Figure 1).  Each image was processed using the Multi-

Resolution Land Characteristics (MRLC) image processing procedure, whereby images 

were radiometrically corrected to at-satellite reflectance and geometrically corrected for 

terrain distortions (MRLC 2001).  The NBR was calculated for both images, and the 

dNBR was then calculated as a simple difference by subtracting the post-burn image 

from the pre-burn image.  dNBR and pre-burn NBR data were resampled from 30m to 

250m by calculating the average of all 30m pixels within each MODIS pixel. 

 Because the dNBR is calculated by a simple difference between pre- and post-

burn NBR, it is indicative of the overall loss of vegetation due to fire.  This can be a 

valuable measure when one is interested in quantifying the loss of biomass, however it 

may be misleading when evaluating burn severities across a gradient of pre-burn 

conditions because areas with higher levels of pre-fire vegetation may have higher dNBR 

values for similar levels of burn severity (see discussion on this by Miller and Thode 

2007).  This is illustrated in Figure 3 where it is seen that the dNBR of a pixel is 

correlated with its pre-burn NBR (R2 = 0.53). 
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We therefore created an additional metric to measure burn severity relative to the 

pre-burn NBR referred to hereafter as the adjusted dNBR (adNBR).  To do this we first 

calculated a linear least squares relationship predicting dNBR as a function of pre-burn 

NBR.  We then used the residuals from the relationship to determine the extent to which 

a particular pixel’s dNBR deviated from that expected given its pre-burn NBR.  Positive 

residuals were evidence that a pixel had higher burn severity than would have been 

expected given its pre-burn condition and negative residuals indicated lower burn 

severity.  This step was important for this study because of our goal to isolate the factors 

influencing post-fire recovery.  The dNBR integrates the effects of pre-burn conditions 

and burn severity, both of which can influence post-burn vegetation dynamics.  By 

accounting for pre-burn conditions we were able to better isolate the burn severity for 

each pixel. 

 

Terrestrial Ecosystems Survey.  A Terrestrial Ecosystems Survey (TES) was performed 

on the ASNF by the US Forest Service (USFS) in 1987 (Laing et al. 1987).  The TES 

describes soils and potential vegetation throughout the study area.  The survey divided 

the area into map units by evaluating differences in vegetation, topography, and geology 

using 1:24,000 scale aerial photographs.  Ground surveys were then performed by the 

USFS for each of the map units to determine the range of soil and vegetation attributes 

that were characteristic of each unit.  Components were identified within each mapping 

unit to describe the variety of soil and vegetation characteristics within a single unit.  

Mapping units have since been digitized, and are available as ESRI shapefiles from the 
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USFS.  We combined these mapping units with information available in the TES report 

in order to establish soil and vegetation properties across the study area.  Many mapping 

units were made up of more than a single component.  The TES report includes 

descriptions of soil and potential vegetation properties for each component, and while the 

components are not geographically delineated within each mapping unit, the percentage 

of each component within the units is given.  We therefore estimated the properties for 

each unit by weighting component properties by the contribution of each component to 

the unit.  Properties estimated from the TES are given in Table 1.  Each of the variables 

derived from the TES were included as a continuous variable.  In addition, the identifier 

for each map unit was also included as a categorical variable. 

Map units derived from the TES were assigned to each 250 m pixel in the study 

area by determining which map unit made up the largest proportion of each pixel.  Using 

this method, 33% of the pixels were made up of a single class that covered at least 95% 

of the pixel area, 59% represented classes that made up at least 75% of the pixel area, and 

92% represented classes constituting a majority of the pixel area.  The remaining 8% of 

pixels were made up of multiple classes where no single class constituted a majority of 

the pixel area, rather the class contributing the largest proportion was selected to 

represent the pixel.  Once each pixel had an assigned TES map unit, the properties 

summarized from the TES report were associated with each pixel. 

 

Digital elevation model. A 1/3 arc second (~ 10m) digital elevation model (DEM) was 

obtained from the USGS National Elevation Dataset (NED) (http://ned.usgs.gov/) for the 
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description of the site’s topography.  The DEM was pre-processed by filling “sinks” to 

remove unnatural depressions which were artifacts of the dataset.  The aspect of each 

pixel was calculated, and the cosine and sine of the aspect were derived.  The cosine of 

the aspect indicates the degree to which a pixel faces North or South, with a value of 1 

indicating full North, and a value of -1 indicating full South.  Similarly, the sine of the 

aspect indicates the degree to which a pixel faces East (1) or West (-1).  Flow 

accumulation was also calculated, giving an indication of the position of each pixels on 

the hillslope by measuring the number of uphill pixels that would provide runoff to the 

pixel in question.  The elevation, cosine, sine, and flow accumulation data were all 

resampled to 250m by calculating the average of the values for all 1/3 arc second pixels 

within each MODIS pixel. 

 

Modeling post-fire vegetation 

 In order to evaluate the contribution of each of the environmental factors under 

investigation to post-fire regeneration (objective 2), we used the estimated post-fire 

vegetation slopes to create a model of post-fire slopes using the factors of interest.  

Throughout the remainder of the paper we will use the term estimated post-fire slope to 

refer to the annual post-fire change in ∫fEVI as established using the time-series EVI and 

least-squares regression.  The term modeled post-fire slope will be reserved for the same 

metric arrived at as a function of the models created using the estimated post-fire slope as 

a response.  We used regression trees to model post-fire EVI slopes as a function of the 

factors related to burn severity, topography, soil, and vegetation.  Regression trees 
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provide a non-parametric tool for fitting a series of explanatory variables to a specific 

response variable (Breiman et al. 1993).  The response is fit through a series of binary 

splits using the explanatory data such that at each split the explanatory variable is 

selected which results in minimum variation within each of the two resulting groups.  

Each group is then similarly evaluated until variation within the groups can no longer be 

reduced using the available explanatory variables.  This technique is often used to fit a 

subset of a larger sample (often called a training sample) in the hopes of using the 

resulting regression tree to predict the response of the larger sample given appropriate 

explanatory variables.  In our case, we fit the tree to the entire dataset (the response of 

which is already known) in order to investigate the relationship between the explanatory 

variables and the response. 

 One pitfall that can be encountered when using regression trees is that the tree 

quickly over fits the data from the training sample and is therefore of little use in 

prediction.  Similarly, as we explored the variables that may have been responsible for 

variability in post-fire slope, we were not interested in the detailed artifacts of the data set 

under investigation, but rather only in those relationships that provide insight into the 

behavior of post-wildfire vegetation across the site.  The best remedy for this problem is 

to “prune” the tree to a level at which the criteria in the tree provide a robust description 

of the underlying dynamics of the dataset.  A stopping rule was employed to establish the 

level of pruning through a process of cross-validation by fitting the entire tree, then 

evaluating the tree based on subsets of the original dataset (Breiman et al. 1993).  The 

data were divided into 10 subsets of roughly equal size, and trees were generated for each 
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combination of nine subsets, using the tenth to evaluate the cost of the tree, where cost 

was calculated as the sum of the average squared errors for each terminal node in a given 

tree.  The smallest tree within one standard error of the tree with the lowest cost was 

selected as the level of pruning to be used in fitting the data (Fig. 4). 

 We developed a series of three regression trees to evaluate the role of the 

environmental factors in influencing post-fire EVI slope.  The first tree (model 1) 

included all environmental factors listed in Table 1 except for adNBR, while the second 

(model 2) included all except for dNBR.  This facilitated the comparison between the 

traditionally used dNBR metric and our metric after accounting for pre-burn NBR 

(adNBR).  The third tree (model 3) excluded the dNBR and the categorical factor 

identifying the TES map unit (Map Unit).  This allowed us to determine the degree to 

which individual factors from within each map unit were valuable in determining post-

fire EVI slope, as opposed to the integrated influence of those factors as a single map 

unit.  

 Each regression tree was used to generate a map of modeled post-fire slopes, as 

well as residuals for each pixel generated by subtracting the modeled EVI slope from the 

measured EVI slope.  These maps were interpreted in consultation with the 

silviculturalist from the Black Mesa Ranger District (Personal communication, 

Richardson 2008), to determine where the model was in error (Objective 3), and which 

site conditions might be responsible for deviations from the modeled post-fire slopes. 
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Results 

Post-fire ∫fEVI slope estimates.   

Estimated post-fire ∫fEVI slopes for the study area are shown in Figure 5a.  Annual 

positive changes in post-fire ∫fEVI ranged from 0.002 to 3.24, with a mean of 1.89 and 

standard deviation of 0.41, representing an 8.2% annual increase in the mean annual EVI.  

There were 32 pixels with negative slopes, representing 0.2 % of the pixels.  In order to 

limit the regression tree to only those factors which resulted in post-fire vegetation 

regrowth, these negative slopes were eliminated from the regression tree analysis.   

 Since it was our goal to model the entire burned perimeter within the ASNF, all 

pixels with positive slopes were included in the analysis regardless of the goodness of fit 

achieved in estimating post-fire ∫fEVI slopes.  The average R2 of the estimated post-fire 

slope was 0.7904, with a standard deviation of 0.186, and a range from nearly zero to 

one. 

 

Modeled post-fire ∫fEVI slopes.   

All three regression trees provided similar results in terms of the accuracy of the modeled 

post-fire response versus that estimated from the EVI time-series.  The R2 value for the 

model using the traditional dNBR was 0.179, using adNBR was 0.181, and using no Map 

Unit was 0.148.  These low R2 values indicate that the stopping rule for the regression 

tree analysis did not allow for the inclusion of enough branches to adequately model post-

fire slopes.  Figure 4 illustrates that the inclusion of additional nodes would improve the 

fit of the model, however we chose to use a smaller tree in order to interpret only those 
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relationships that might be generalized to post-fire dynamics across the burn.  Further, 

interpretation of the relationships between post-fire response and the environmental 

factors under investigation becomes increasingly difficult beyond the first several layers 

in the regression tree. 

 We first evaluated the regression tree using traditional dNBR in conjunction with 

all other environmental variables summarized in Table 1 (Figure 6a).  The first split in 

this tree indicated that post-fire increases in ∫fEVI occur at a faster rate at higher levels of 

dNBR.  The next two levels of division indicated that increases in rates of post-fire 

regeneration occur at higher elevation, and in specific map units.  The fact the dNBR 

constitutes the first criterion used for division of the data indicates that dNBR accounts 

for more variability in the data than any other single factor.  As we have noted earlier, the 

magnitude of dNBR is a function of both pre-burn vegetation and burn severity.   

Since it was our goal to differentiate between the influence of burn severity and 

pre-burn vegetation on post-fire regeneration, we generated a second tree after adjusting 

the dNBR for pre-burn NBR (Figure 7).  For this second model, the data were split first 

based on the categorical variable Map Unit, followed by elevation, adNBR, and pre-burn 

NBR.  Figure 8a indicates the specific map units along which the division was made, and 

illustrates that units with lower post-fire regeneration slopes were found at the North edge 

of the burn at lower elevations.  These map units were made up of more xeric 

communities dominated by pinyon and juniper trees as described by the TES (Laing et al. 

1987). 



 

 

161

The third model that we generated used adNBR to account for burn severity and 

eliminated Map Unit from the model (Figure 6b).  We eliminated Map Unit from the 

model since this factor does not give us insight into any specific environmental condition 

leading to differences in post-fire regeneration, but rather represents an integration of all 

factors that make up an individual map unit.  For the first division in this tree, the model 

replaced Map Unit with elevation.  It is interesting to note that the factors for the next two 

levels in the tree are nearly identical to the second model (Figure 7), splitting along 

criteria based on elevation, adNBR, and pre-burn NBR.  Environmental factors related to 

the TES map units entered the model further down the tree, including percent shrub, 

percent rock fragment, and percent clay, indicating that for these data, after accounting 

for earlier branches in the tree, post-fire regeneration is faster with higher percentages of 

shrubs, higher rock fragment fractions, and a lower clay content. 

Since the estimates of post-fire regeneration slopes from the three models were 

very similar, we selected the model with the highest R2 value (using adNBR and Map 

Unit; R2 = 0.18) for use in evaluating the residuals of the selected model.  The four 

primary factors included in this model are shown in Figure 8, and modeled post-fire rates 

of change in ∫fEVI are shown in Figure 5b.  Residuals for the model ranged from -1.25 to 

1.96, and exhibited a clear pattern across the landscape (Figure 9).  This suggests that 

there are additional factors that should be included in the model in order to further 

explain variation in post-fire regeneration across the burned area. 
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Interpretation of model slope and residuals.   

The silviculturalist for the BMRD assisted in the interpretation of the residual maps, 

particularly for those areas where residuals were greater than 1.5 standard deviations 

from the mean of all residuals (Figure 9).  Inspection of Figure 9 reveals that while there 

were some areas with large residuals that were not readily interpreted by the 

silviculturalist, several reasons were identified which accounted for nine of the areas with 

departures from modeled post-fire response, including management activities, site 

conversions, and soil attributes not well accounted for by the TES.   

Specific management activities accounted for several of the discrepancies.  One 

area with lower than expected post-fire recovery had been logged in conjunction with 

Wildland-Urban Interface (WUI) management activities near the community of Forest 

Lakes.  In another area, steep slopes prevented the removal of post-burn trees.  This area 

has had heavy regrowth from resprouting Gambel oak, and the steep slopes and downed 

trees may have limited access to the area by elk and cattle, resulting in higher than 

expected post-fire EVI slopes.  Another area was treated with a roller chopper and seeded 

with grasses, which responded quickly, possibly leading to greater than anticipated post-

fire vegetation response.   

Some areas impacted by the burn do not show evidence of returning to the pre-

burn community.  Several of these areas were indicated as anomalous on the residuals 

map.  At some sites, pre-burn communities were dominated by ponderosa pine, but were 

mixed with Gambel oak and juniper.  For some of these areas the post-burn community 

was dominated by oak and juniper, without regrowth of ponderosa.  These areas seem to 
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be represented by lower than modeled post-fire vegetation trends.  At higher elevations, 

sites dominated by ponderosa pine prior to the burn included a shrub component, 

dominated by New Mexico locust (Robinia neomexicana) and Fendler ceanothus 

(Ceanothus fendleri).  The rapid growth of these shrub species in the absence of the 

ponderosa seems to be indicated by higher than modeled post-fire regeneration rates.  

Finally, in some places ponderosa pine has had a strong, rapid reestablishment on the site, 

leading to higher than modeled post-fire regeneration.  While these may not lead to site 

conversion in terms of species, unchecked these stands of ponderosa seedlings will result 

in a thick stand of small pine trees (a so-called “dog-hair thicket”), to the exclusion of 

most other species.  The USFS anticipates a need for thinning at these sites in order to 

maintain a healthy ponderosa pine community (Personal communication, Richardson 

2008). 

The final factor associated with anomalous slopes of post-fire regrowth was soil 

characteristics.  While the TES data included general soil descriptions, variation exists 

within each of the TES map units, and in some places these may be different enough 

from surrounding soils to result in departures from modeled post-fire slopes.  This was 

noticed in three areas, all of which had lower than modeled post-fire EVI slopes.  One of 

these had been previously burned prior to the Rodeo-Chediski fire, and downed trees and 

residue from the previous burns contributed to extremely high severity burns at these 

sites, potentially damaging the soils. Very little regrowth has been seen at these sites.  

Two other areas had particularly clayey soils with a high percentage of rock fragments, 

and regrowth at this site has been stunted. 
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Discussion 

Measuring post-fire vegetation dynamics.   

Good fits for most of the estimated post-fire slopes of ∫fEVI indicate that this method 

performs relatively well for evaluating post-fire vegetation behavior, and suggests that 

this will provide valuable insight into post-fire ecosystem dynamics.  General agreement 

between rates of post-fire regeneration estimates and the field-based knowledge of 

experts from the ASNF provided further evidence that the time-series data provided an 

indication of post-fire regeneration across the study area.  More rigorous evaluations, 

including ground-based and remotely sensed methods, would be valuable for determining 

the uncertainties in this technique, and describing the factors responsible for unusually 

high or low correlations between post-fire production and time since burn.  While similar 

techniques have been used to describe post-fire vegetation response integrated across 

entire burns (Amiro et al. 2000, Hicke et al. 2003, Goetz et al. 2006), uncertainties in the 

measures of post-fire regeneration have not been comprehensively described.  Roder et 

al. (2008) measured per-pixel post-fire regeneration rates at a site in Spain, and identified 

additional disturbances in the form of a second fire over the course of a  post-fire time-

series of Landsat data as the primary contributor to high deviations from post-fire 

vegetation trends. 

 

Factors responsible for variation in post-fire regeneration.   

Our analysis indicates that water availability was a primary driver of variability in post-

fire regeneration across the study area.  For model 1, dNBR was selected as the most 
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important factor, however after adjusting for pre-burn vegetation, Map Unit became the 

primary factor, pushing adNBR to the third layer in the tree below elevation.  Further, 

when Map Unit was removed from the analysis, the first two layers were split based on 

elevation.  Elevation is not an environmental factor per se, but rather with increases in 

elevation temperatures tend to decrease, leading to reduced rates of evapotranspiration.  

Further, precipitation amounts tend to increase with elevation.  Because of these 

interactions, water availability tends to be higher at higher elevations.  At lower levels in 

the tree, the inclusion of the sine of the aspect indicates that East facing slopes have faster 

rates of post-fire regeneration.  This may also be an indication of increased response due 

to higher water availability, as East facing slopes receive the majority of their insolation 

earlier in the day with cooler temperatures, than West facing slopes, resulting in lower 

rates of evapotranspiration.  It is curious that the cosine of the aspect was not included in 

any of the selected models, as South and North facing slopes typically constitute a larger 

contrast in rates of evaporative potential than do East and West facing slopes.  This result 

may be because, at the scale of our analysis, the entire study site was generally North 

facing (Figure 8b), making variations in radiation budgets due to aspect more important 

between East and West facing slopes.  Our findings agree with those found by Roder et 

al. (2008), who found water availability to be a major factor influencing post-fire 

regeneration at a site in eastern Spain with similar amounts of precipitation.  Even in 

boreal ecosystems, with much higher levels of precipitation, variations in water 

availability due to variable degrees of soil drainage were found to lead to differences in 

post-fire recovery (Mack et al. 2008). 
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 Burn severity also played an important role in influencing post-fire vegetation 

response across the study area, even after accounting for variations in pre-fire condition.  

Post-fire regeneration tended to be faster with higher burn severities.  Fire severity may 

enhance vegetation regrowth by mineralizing and redistributing soil nutrients, especially 

nitrogen (Covington and Sackett 1992, Neary et al. 1999, Smithwick et al. 2005).  Areas 

with higher fire severity may also represent enhanced conditions for the establishment of 

species that regenerate from seed by eliminating the organic layer and providing seeds 

access to a mineral soil surface (Johnstone and Chapin 2006).  High temperatures may 

also prepare some seed for germination (Johnson and Gutsell 1993, Bradstock and Auld 

1995).  On the other hand, Moreno and Oechel (1994) found that resprouters may 

increase more slowly at higher burn severities, as heat from high severity burns may 

damage roots and rhizomes necessary for post-fire regeneration.  While generalized rates 

of regeneration as measured here may typically increase with higher burn severity, each 

species of plant responds differently to wildfire events.  As noted by Turner et al. (1999) 

in the wake of the 1989 Yellowstone fires, forbs tended to come back quickly in areas 

with high severity burns, whereas grasses, shrubs and the dominant lodgepole pine (Pinus 

contorta) responded more slowly in severely burned areas than in areas with lighter 

surface burns.  As noted by our interpretation of modeled residuals, fire severity may 

have been high enough to damage soils in some locations, resulting in very slow rates of 

regeneration.  Extremely high temperatures during wildfire have the capacity to kill 

biological soil components such as microbes and fungi (Dunn et al. 1985, Choromanska 
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and DeLuca 2002), volatilize soil nutrients, and even destroy soil structure (DeBano et al. 

1998, Neary et al. 1999). 

 While pre-burn vegetation condition (pre-burn NBR) was not an important factor 

for model 1, it was important after adjusting dNBR for pre-burn condition, indicating that 

both fire severity and pre-burn condition are important to post-fire recovery.  We 

consider two options that may be responsible for this, most likely a combination of the 

two.  First, the ability of sprouting species to regenerate after a fire is determined in part 

by the pre-fire condition (Gurvich et al. 2005, Konstantinidis et al. 2006).  Second, pre-

fire condition is likely an indication of the overall productivity of the site, and sites that 

were productive prior to the burn are likely also to be more productive after the burn, 

precluding extremely high burn severity or post-fire disturbances such as soil erosion.  It 

is the influence of both burn severity and pre-fire condition on post-fire regeneration that 

makes it important to avoid the use of the traditional dNBR index in evaluating the 

potential for post-fire regeneration.  Sites with high severity and low pre-burn vegetation 

will have similar dNBR values to sites with low severity and high pre-burn vegetation, 

but our model indicates that they would have lower rates of post-fire regeneration.  Miller 

and Thode (2007) also noted this problem, and proposed a solution whereby the dNBR 

was divided by the pre-burn NBR in order to normalize dNBR.  For our site, we found 

this to result in an unbounded solution, even after taking the square root of the absolute 

value of the denominator, as suggested by Miller and Thode (2007).  This made the use 

of this index challenging as a continuous predictor in the regression tree models, and we 

therefore selected the method used here.  We do not suggest that our approach is 
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necessarily better, as it remains untested, and Miller and Thode found theirs to provide 

good agreement with ground data across multiple sites.  

 Attributes derived from the TES provided mixed results as predictors of post-fire 

regeneration.  While Map Unit was the initial splitting criteria for model 2, this split was 

replicated using elevation when Map Unit was removed from the model, indicating that 

map units divided primarily along an elevational threshold for this first split.  Figure 

8(a,b) also illustrates the close relationship between the selected map units and the 

elevational gradient of the site.   

A few specific attributes derived from the TES data are included in lower 

branches of the selected models.  Interpretation of these attributes is largely speculative, 

making us hesitant to attach too much importance to these factors.  For example, areas 

with a greater percentage of shrub cover had higher post-fire regeneration rates, which 

may be due to a large percentage of resprouting shrubs in this system.  Similarly, lower 

percentages of clay led to higher regeneration rates, possibly due to higher infiltration 

rates associated with coarse soils.  Areas with higher percentages of rock fraction may 

have resulted in higher rates of regeneration due to a reduction in post-fire erosion, or 

increased rates of infiltration.  The combustion of soil organic matter can result in soil 

hydrophobicity, thus lower levels of soil organic matter could also result in less soil 

erosion, leading to higher rates of post-fire regeneration.  On the other hand, results such 

as these may simply be due to artifacts in the model which fit this particular site, but may 

not represent general influences across our site, nor have any relationship to post-fire 

dynamics in other systems.  We used the TES data in this study as the best available 
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comprehensive, digital database of soil and potential vegetation for our study area, 

however caution is encouraged with its use, as specific components within a map unit 

may or may not be present at a specific location (Laing et al. 1987).  Further research is 

therefore warranted to determine if higher resolution, more spatially discrete information 

on soils and pre-fire vegetation may lead to additional insights in post-fire vegetation 

dynamics. 

 

Management implications.   

Modeling post-fire regeneration through the use of satellite based time-series vegetation 

indices and the inclusion of multiple factors in a predictive regression tree has value for 

guiding and evaluating management actions in post-fire ecosystems.  The value of this 

approach is in the ability to model the synergy between various components that often 

influence post-fire vegetation dynamics.  The ability to predict variable post-fire response 

across a disturbed landscape enables managers to envision the rate of return of valuable 

goods and services.  This, in turn, can be used to guide management activities, allowing 

managers to prioritize efforts in areas that are likely to benefit from such actions.  The 

departure of modeled post-fire regeneration from that estimated using vegetation index 

data can also be used to evaluate the impact of post-fire management actions on 

vegetation dynamics.  In the case of this study, the influence of timber harvest and post-

fire salvage, seeding, and pre-seeding treatment were noted as being associated with 

departures from the modeled post-fire regeneration rates (Personal communication, 

Richardson 2008). 
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Conclusions 

We used a time-series of satellite derived vegetation data (EVI) to establish rates of post-

fire regeneration across a large wildfire in central Arizona.  A series of three regression 

trees allowed us to explore the importance of environmental variables related to 

topography, burn severity, soils, and vegetation to post-fire vegetation dynamics.  Our 

analysis indicated that variations in post-fire vegetation response across the burned area 

were primarily due to differences in water availability, burn severity, and pre-fire 

vegetation conditions.  Post-fire management actions also play an important role in 

defining post-fire regeneration, and may be guided by modeling anticipated post-fire 

response, and evaluated by observing deviations from the modeled response. 

 The use of regression trees in this analysis provided a powerful tool for the 

integration of multiple sources of variability in post-fire recovery across a landscape.  

While previous work has established the importance of one to several factors 

individually, our approach allows for the integration of factors, and therefore leads to a 

greater understanding of ecosystem dynamics across a post-fire landscape. 
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Tables. 

Table 1.  Environmental factors included in regression tree analysis as potential 

predictors of variations in post-fire vegetation regeneration. 

 
Factor Original Source 
Pre-burn NBR (May 12, 2002) USGS MTBS 
dNBR USGS MTBS 
adNBR USGS MTBS 
Elevation USGS NED 
Cosine of the Aspect (-1 to 1, S to N) USGS NED 
Sine of the Aspect (-1 to 1, W to E) USGS NED 
Flow Accumulation USGS NED 
Map Unit (Categorical) USFS TES 
% Tree cover USFS TES 
% Shrub cover USFS TES 
% Sprouter cover USFS TES 
% Herbaceous USFS TES 
% Clay USFS TES 
% Rock Fragment USFS TES 
% Soil Organic Matter USFS TES 
Depth of the O Horizon USFS TES 
Depth of the A Horizon USFS TES 
Total Soil Depth USFS TES 
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Figures. 
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Figure 1.  Pre-burn (a) and post-burn (b) Landsat TM images showing a false-color 

composite of the study region, using TM band 2 (0.52 – 0.60 μm) shown in blue, band 4 

(0.76 – 0.90 μm) shown in green, and band 7 (2.08 – 2.35 μm) shown in red.  Healthy 

vegetation appears green in the image, and fire damaged areas appear red.  Our study area 

was limited to the portion of the burned area that occurred within the boundaries of the 

Apache-Sitgreaves National Forest (indicated by a solid black line). 
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Figure 2.  Illustration of the process of deriving the slope of the post-fire response.  The 

solid line shows the time-series of EVI data for a single pixel on the left axis as a fraction 

of the pre-burn average after being smoothed using a Savitzgy-golay filter to remove 

noise from the time-series.  Triangles indicate the annually integrated fractional EVI on 

the right axis for each post-fire year.  The dashed line indicates a least square fit to the 

data.  The slope of this line was used as an indication of the rate of post-fire vegetation 

regeneration. 
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Figure 3.  Scatter plot of pre-burn NBR plotted against the traditional dNBR index.  This 

plot illustrates the strong relationship between pre-fire vegetation condition and the 

dNBR (R2 = 0.53). 
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Figure 4.  R2 (thick line) and cost (thin line) as a function of the number of pruning levels.  

The pruning level for the selected model is indicated by the vertical dashed line to the far 

left of the figure at a pruning level of 18.  Regression trees can be used to fit a series of 

explanatory variables to a specific response, however over-fitting results in a model with 

little predictive value that is difficult to interpret. 
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Figure 5.  Maps of post-fire regeneration estimated using the slope of the ∫fEVI (a) and 

modeled using a regression tree (b). 
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Figure 6.  Partial regression trees for two models of post-fire regeneration rates, the first 

(a) shows the model using traditional dNBR and all other inputs, and the second (b) 

shows a model using adNBR and excluding Map Unit.  Circles indicate the modeled rates 
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of post-fire change in ∫fEVI.  Dashed lines indicate that the tree continues from that point, 

but is not shown here.  For both trees, if a statement is true, the model takes the branch 

moving down, and if it is false the model takes the branch going up. 
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Figure 7.  The full regression model chosen to model post-fire regeneration rates in this 

study (model 2).  Circles indicate the modeled rates of post-fire change in ∫fEVI.  If a 

statement is true, the model takes the branch moving down, and if it is false the model 

takes the branch going up.
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Figure 8.  Dominant inputs to the selected regression tree model (Model 2).  Map units 

(a) were divided into classes represented by pink and blue colors at the first split (see 

Figure 7).  Shades of pink and blue indicate splits that occurred further down in the tree, 
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where lighter shades indicate slower recovery than darker shades.  Elevation, adNBR and 

pre-fire NBR also played an important role in accounting for variation in post-fire 

regeneration rates across the burned area. 
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Figure 9.  Residuals derived by subtracting modeled rates of post-fire regeneration from 

those estimated using time-series EVI data.  Annotations represent potential causes for 

large departures from the modeled post-fire regeneration rates as determined by the 

silviculturalist at the Black Mesa Ranger District, including soil quality, management 

actions, and site conversions. 

 
 

 
 
 


