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The spread of nonnative species across the globe has contributed to 

biodiversity loss and changes in ecosystem structure and function. Monitoring the 

introduction, naturalization, and spread of introduced species is critical in abating 

negative impacts wrought by species invasions. However, providing basic 

information concerning the presence or spread of many introduced species is often 

only considered once the invasion is already at an advanced stage, resulting in 

economic or ecological impacts. To better assess the present and future effects of 

and risk from introduced species, a clear understanding of invasive species 

populations' spatial and temporal patterns is needed. In some cases, remote sensing 

can serve as a useful information source that may be leveraged to characterize and 

monitor the invasion of nonnative species.  

This dissertation utilizes remote sensing and other geospatial data sources to 

better understand a nonnative annual grass (Ventenata dubia) invasion in the 

northwestern United States. Each research chapter builds a different facet of our 

understanding of this invasion by connecting land-surface processes, environmental 

conditions, and landscape disturbances. These three different topics help to describe 

the current state of the invasion, how it progressed to this state, and what this may 

mean for the future.    



 
 

 

The first research-chapter adapts image fusion methods to a cloud-

computing environment in an effort to improve the spatial and temporal resolution 

of estimates of land surface phenology. The research focused on whether these 

methods would enable the estimation of phenology in heterogeneous landscapes 

that have historically been difficult to characterize. This chapter showed that high-

quality image fusion results are possible with less processing time when image 

fusion is conducted in a cloud-computing environment. Further, this chapter showed 

that phenology estimated from these data can capture patterns occurring in 

grassland, shrubland, and open forest land cover types.  

The second research-chapter leverages the improved land surface phenology 

estimates from the first research-chapter to model the present distribution of the 

invasive annual grass species Ventenata dubia in the Blue Mountains Ecoregion of 

the interior Pacific Northwest. The results from this chapter suggest that both 

phenological and environmental information are needed to best detect populations 

of ventenata. The model based on phenological and environmental information 

predicted that ventenata was present in 7.8% of the Blue Mountains Ecoregion in 

2017.  

The third research-chapter uses the information gained from the proceeding 

chapters to examine the change occurring over a decade of invasion by applying the 

model developed in the second research-chapter to the image archive and 

examining the invasion progression. Spatial and temporal patterns of the invasion 

were characterized by their association with the biophysical environment and the 

effect of wildfire on ventenata occurence was investigated. This analysis revealed 

that ventenata may have been introduced to lower shrubland ecosystems but has 

since transitioned to higher elevation dry conifer forests and areas with abundant 

ecotone. Furthermore, this chapter shows that wildfire occurrence and severity was 

associated with an increased probability of invasion in some parts of the interior 

Pacific Northwest. 



 
 

 

Although this research is focused on a specific annual grass species 

(Ventenata dubia), insights gained from this investigation are applicable to other 

invasive annual grasses. This research contributes to the scientific advancement in 

the study of exotic plant invasion and provides useful baseline ecological 

information that can be employed to inform both policy and management. 

Additionally, the methods developed for cloud-computing-based image fusion offer 

a useful tool to the remote sensing community that has the flexibility to be utilized 

for many applications.   
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1 INTRODUCTION 

1.1 Background 

Before the development of transportation technology, organisms were 

limited in their range by geographic and environmental constraints. In recent 

decades, as globalization has expanded trade, species’ movement outside of their 

native range has resulted in an increase in biological invasions (Levine and 

D’Antonio, 2003). The global consequences of species invasion have become 

increasingly apparent as the abundance of invasive species has increased. Species 

invasion results in biodiversity decline (Tilman et al., 2017), loss of ecosystem 

services (Boyd et al., 2013), economic costs (Pimentel et al., 2005), and substantial 

impacts to human livelihood (Pejchar and Mooney, 2009; Shackleton et al., 2019). 

The numerous potential outcomes of species invasion in concert with climate 

change are also major concerns and sources of uncertainty (Hellmann et al., 2008).  

Forest and rangeland resources in the United States have suffered, 

sometimes severely, from the introduction of nonnative species. One classic 

example of the impact of biological invasions on the forestry sector is the 

introduction of the chestnut blight fungus (Cryphonectria parasitica) and the 

subsequent decline of the American chestnut (Castanea dentata), which historically 

served as an important source of high-value timber and mast for wildlife (Hepting, 

1974). Biological invasion of plant species is also problematic to forest management 

and can hinder natural and artificial regeneration processes. Accordingly, forest 

stands are routinely treated mechanically or chemically in the early stages of forest 

regeneration to reduce the competitive effects of herbaceous vegetation, including 

invasive plants (Wagner et al., 2006). Concerning rangelands, loss in range 

productivity and ecosystem integrity has been a widely documented result of annual 

grass invasion (Brooks et al., 2016; Knapp, 1996). Semi-arid and arid shrublands of 

the western United States have experienced some of the greatest ecosystem 

transformations from annual grasses, such as Bromus tectorum, which have altered 
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the natural disturbance regime by increasing fire frequency (Brooks et al., 2004; 

D’Antonio and Vitousek, 1992). Although grass invasion has historically been more 

common in arid landscapes, the topic of grass invasion in and around forests has 

also recently drawn attention as the abundance of species like Microstegium 

vimineum and Ventenata dubia has increased in these ecosystems (Flory et al., 2015; 

Kerns et al., 2020).  

Preventing and mitigating the impacts of species invasion is a complex topic 

that requires a multifaceted approach. When approached from the preventative 

perspective, the vectors that contribute to species transport and the species likely to 

become problematic are important factors to address. The movement pathways by 

which species may be transported are diverse but include intentional introductions 

or unintentional transport as contaminants or stowaways in commodities like 

agricultural products (Hulme, 2011). Accordingly, governments worldwide have 

worked to develop strategies to prevent species movement with approaches ranging 

from international treaties to inspections at ports of entry (Elferink and van der 

Weijden, 2011). Determining which species are likely to become invasive in a new 

range is a challenging task. While there is limited information known to be important 

in determining invasion potential, substantial progress is being made in developing 

preventative risk assessments (Pyšek and Richardson, 2010). Once species have 

arrived within a new range, early detection and rapid response efforts are the best 

methods to prevent the adverse effects that species may bring. However, there are 

obvious challenges with early detection as incipient invaders are typically rare, 

making detection more challenging. Regardless of the preventative efforts made to 

restrict species introduction, new species are likely to be introduced.  

Risk assessments of established nonnative species are critical sources of 

information that can improve policy and management decisions. One approach to 

assessing the risk of invasion across broad spatial scales is species distribution 

modeling (Peterson, 2003). Species distribution models (SDMs) aim to map the areas 
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likely to be suitable to a species by quantifying the ecological niche of a species using 

correlative or mechanistic modeling approaches (Guisan and Thuiller, 2005). While 

SDMs can provide important information regarding the invasion risk across an 

uninvaded region, there are numerous challenges associated with invasive species 

SDMs related to the process of invasion and the characteristics of the invading 

species. Regardless of the challenges associated using SDMs to characterize 

potential species distributions, the value of these and other methods of mapping 

species distributions are widely recognized (Latombe et al., 2017).  

In recent years, advances in technology and modeling methods have 

improved our ability to capture and characterize both the potential (SDM-based) 

and actual species distribution (Jetz et al., 2019). Remote sensing data has been 

incorporated into SDMs as a way to, directly and indirectly, quantify environmental 

conditions that influence species (He et al., 2015). While remote sensing has been 

shown to improve some SDMs in mapping species distributions, there are questions 

about whether the mapped distribution represents the potential or actual species 

distribution. Some argue that by including remote sensing data, models are more 

representative of the present species distribution because the target species' unique 

spectral or temporal characteristics are captured by remote sensing (Bradley et al., 

2012). This is particularly true for sessile species like plants. The use of remote 

sensing in studying species distributions is appealing both from the standpoint of the 

improvements that it can provide in mapping present species distributions and 

because the data archive can span decades (Wulder et al., 2016), allowing for 

monitoring of the progression of invasion. 

After nonnative species naturalize, there can be a lag before widespread 

dispersal and negative ecological and economic impacts occur (Aikio et al., 2010). 

This lag time can mean that resources are not devoted to monitoring and assessing 

species until after they have gained a strong foothold and eradication is no longer a 

feasible solution. In these situations, remote sensing can link the past and present 
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state and distribution of invasive species populations. Connecting the stages of the 

invasion through these means can provide valuable information that may reveal 

local or regional patterns and trends in spread (Santos et al., 2016). Quantifying 

basic information about the progression of an invasion can allow for better-informed 

decision-making and more targeted field-based studies, while land managers and 

policy makers grapple with how to respond to the presence of a novel species.  

 A prime candidate for this type of spatio-temporal invasion analysis is 

ventenata (Ventenata dubia), also known as North Africa grass, or wiregrass. 

Ventenata was first documented in eastern Washington state in the early 1950’s 

(Barkworth et al., 1993) and has since spread through much of the western United 

States (Scheinost et al., 2008). Ventenata originated in Mediterranean Eurasia and, 

like many other invasive annual grass species present in the western United States, 

exhibits annual growth patterns that differ from the native vegetation in the region. 

Ventenata typically begins its growth cycle in the late fall or early winter and 

completes senescence and fruit ripening by early to mid-summer (Wallace et al., 

2015). Initially problematic in hay production systems (Wallace et al., 2015), 

ventenata has since spread to undeveloped areas and has become abundant in 

some grasslands (Endress et al., 2020), shrublands (Jones et al., 2018), and dry forest 

ecosystems (Tortorelli et al., 2020). Due to the shared characteristics between 

ventenata and other invasive annual grass species, like cheatgrass (Bromus 

tectorum), interest has arisen about the potential of this species to negatively 

impact plant communities and alter fire regimes (Kerns et al., 2020). 

1.2 Remote Sensing Methods for Invasive Species Mapping 

A wide range of methods have used with remotely sensed data to identify 

the unique properties that differentiate plant species from their surrounding biotic 

and abiotic setting. Each approach used to identify species relies on characteristics 

of the target species, the biotic and abiotic factors related to the ecosystem of 

interest, and the availability of data that adequately captures the necessary 
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information. Successful species detection is heavily reliant on an invasive species' 

biological and structural traits (Underwood et al., 2007). In some cases, the traits 

that make invasive species successful can differentiate them from native vegetation. 

For instance, the winter annual grass cheatgrass (Bromus tectorum) has a 

competitive advantage over native species in the Great Basin because of its earlier 

phenological cycle, which can be detected using satellite-image time series (Bradley 

et al., 2017).  

Species detection has relied on spectral, structural, textural, and 

phenological properties (Bradley, 2014; Gavier-Pizarro et al., 2012; Huang and Asner, 

2009; Underwood et al., 2007). Pigmentation, leaf chemistry, and leaf water content 

have helped distinguish some exotic plant species with spectral information (Andrew 

and Ustin, 2008; Asner et al., 2008; Galvão et al., 2005; Große-Stoltenberg et al., 

2016; Ustin et al., 2002). Differences in pigmentation can be sensed from either leaf 

or flowering pigments and are typically related to chlorophyll, carotenoid, 

anthocyanin, and lignin-cellulose content (Bradley, 2014; Galvão et al., 2005). 

Spectrally based detection generally requires detailed information in the spectral 

domain, and therefore, hyperspectral sensors are typically the most useful when 

trying to characterize the properties of invasive species. However, spectrally-based 

detection can become challenging when applied across vast heterogeneous 

landscapes because species diversity increases with scale. With greater species 

diversity there is an increased possibility that a native species will contain the same 

spectral properties as an invasive species (Andrew and Ustin, 2008).  

Texture or object-based techniques have also served to successfully detect 

invasive species. These techniques require that patches of the target species be 

larger than the grain size of the data. With this approach, species are typically 

detected based on unique shapes or patterns identified by visual interpretation or 

by applying automated techniques using the variation within a multi-pixel moving 

window (Blaschke, 2010; Bradley, 2014). Some of the more successful 
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implementations of this kind of technique are related to tracking tree invasions into 

shrublands or grasslands (Weisberg et al., 2007). However, texture or object-based 

methods have not been widely applied as they can require high spatial resolution, 

heavy human intervention in image interpretation, or produce substantial errors 

when using automated classification methods (Pearlstine et al., 2005). 

Phenological patterns have been useful for detecting a variety of invasive 

species. Phenology has been used to distinguish lantana (Lantana camara L.) within 

a deciduous forest in India (Kimothi and Dasari, 2010), identify glossy privet 

(Ligustrum lucidum) from surrounding forest in Argentina (Hoyos et al., 2010), 

differentiate gamba grass (Andropogon gayanus) from senesced native grasses in 

Australia (Petty et al., 2012), and quantify the distribution and cover percentage of 

cheatgrass in the Great Basin (Boyte and Wylie, 2016; Bradley et al., 2017; Pastick et 

al., 2020; Peterson, 2005). Phenological characteristics have been assessed with 

several methods and data sources. These measurements may include timing and 

rate of green-up, start of season, maturity, peak greenness, timing and rate of 

senescence, end of season, dormancy, and season duration (Elmore et al., 2005; 

Fisher et al., 2006; Jönsson and Eklundh, 2002; Richardson et al., 2018a; Zhang et al., 

2003). In some cases, specific metrics related to phenological cycles may not even be 

necessary if the imagery is acquired at the right time (Kimothi and Dasari 2010). 

Both lantana and gamba grass were identified in this way because imagery was 

acquired at a time when native species were dormant but the invasive species were 

still actively growing. However, in most cases where phenological characteristics are 

used to differentiate invasive species, one or more of the phenological metrics are 

estimated.  

Capitalizing on multiple remote sensing sources can also provide a means of 

detection for some species. Structural and spectral properties in combination have 

helped to key in on coniferous and broad leaf tree species (Cho et al., 2012; 

Dalponte et al., 2012; Hill and Thomson, 2005; Mäyrä et al., 2021; Wang et al., 
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2018). In one study, invasive trees on the Hawaiian Islands were distinguished from 

native tree species with hyperspectral and LiDAR data. The invasive trees were 

detectable because of both spectral characteristics related to leaf nitrogen content 

and structural features related to crown shape and size (Asner et al., 2008). Other 

sensor combinations may provide complementary spectral and spatial data useful 

when distinguishing invasive plants based on phenology (Walker et al., 2014). While 

much progress has been made in detecting and mapping invasive plants using 

remote sensing, there remains room for improvement in processing and modeling 

techniques. Furthermore, there are many cases where species-level detection based 

on remote sensing alone may not be feasible. 

1.3 Research Overview 

In the following chapters, this dissertation explores the use of satellite 

remote sensing for detecting, mapping, and examining spatial patterns and 

relationships of the ventenata invasion over an 11-year period. This research is 

centered around the landscapes of the interior Pacific Northwest, with Chapters 3 

and 4 focus exclusively on the Blue Mountains Ecoregion (BME) found in eastern 

Oregon, southeastern Washington, and west central Idaho. This region contains a 

variety of developed and undeveloped land cover types, all of which have a long 

history of human influence in the form of agriculture, grazing, fire, and/or forest 

management. Given the wide range of environmental conditions suitable to 

ventenata, I examine natural ecosystems ranging from remnant patches of Palouse 

Prairie to sagebrush steppe shrublands to dry coniferous forests of pine and fir 

species.  

In Chapter 2, I examine the potential of satellite image time series for 

capturing phenological patterns of vegetation development across a heterogeneous 

landscape in the interior Pacific Northwest. The estimation of phenology with 

satellite imagery relies on the temporal coverage of satellite observations across the 

growing season (Beck et al., 2006). This requirement can limit the use of some 
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moderate- and high-resolution data because they may either lack the temporal 

coverage required to characterize annual phenology or they may lack observations 

at critical times of the growing season. While previous mapping endeavors have 

been successful at using 250 to 500 m MODIS imagery (Moderate Resolution 

Imaging Spectroradiometer) to map cheatgrass (Boyte and Wylie, 2016; Bradley et 

al., 2017), use of these data poses multiple issues specifically related to the 

characteristics of ventenata invasion and spatial configuration of the vegetation 

communities in my study region. The first critical issue with lower spatial resolution 

data is that the area associated with an individual pixel is relatively large. This may 

limit the ability of these sensors to detect smaller populations of ventenata. 

Additionally, the forest and non-forest mosaic composition and spatial configuration 

is highly fragmented and may prevent the detection of ventenata in smaller forest 

openings as conifer cover could dominate the signal received by the sensor. To 

address these spatial and temporal issues, I implement a spatio-temporal image 

fusion algorithm in a cloud computing environment to capitalize on the strengths of 

Landsat (30 m spatial resolution) and MODIS data. I use the resulting 30 m time 

series to estimate land surface phenology and evaluate the quality of the land 

surface phenology estimates using near-surface sensors and field observations.  

In Chapter 3, I explore the utility of the land surface phenology estimates I 

develop in Chapter 2 in detecting and mapping the present (2017) distribution of 

ventenata throughout the BME. While similar in some respects to other invasive 

annual grass species (e.g., cheatgrass), previous research on ventenata has identified 

that ventenata occupies unique environmental niche space (Tortorelli et al., 2020). 

Therefore, I examine whether the inclusion of environmental predictors improves 

the phenological models’ ability to detect populations of ventenata. I develop three 

models to test and evaluate the differences between using phenology, 

environmental predictors, and a combination of phenology and environmental 

predictors.  
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In Chapter 4, I examine the progression of ventenata’s invasion in the BME 

over an 11-year period. The main objective of this research is to determine the 

spatio-temporal attributes of the invasion in recent past. Such assessment can 

provide land managers with critical information for decision-making and resource 

prioritization and provide guidance for future research endeavors. To accomplish 

these goals, I apply a model I develop in Chapter 3 to predict the distribution of 

ventenata in 2006 and 2017. From these predictions, I evaluate how spatial patterns 

and biophysical associations changed over 11 years, focusing on the changes 

associated with elevation, potential natural vegetation, and spread patterns. I also 

investigate the impacts of wildfire on the ventenata invasion by comparing areas 

with and without wildfire and examining the relationship between burn severity and 

ventenata. 
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2.1 Abstract 

Currently, quantifying phenology at landscape to regional scales is not 

feasible with field data or near-surface sensors. Consequently, the spatial and 

temporal complexity of phenology has been assessed using satellite-based estimates 

(land surface phenology, LSP). While estimates from Moderate Resolution Imaging 

Spectroradiometer (MODIS) capture intraannual patterns of phenology, they have 

relatively low spatial resolution. Estimates from sensors like Landsat capture finer 

spatial detail but are often limited by Landsat’s temporal resolution. We 

implemented a spatio-temporal image fusion method on the Google Earth Engine 

(GEE) platform and used the resulting dense time series of images to estimate 

intraannual LSP at 30 m resolution. We utilized Landsat 8 surface reflectance and 

MODIS NBAR (Nadir BRDF-Adjusted Reflectance; MCD43A4) images from 2016 and 

2017 in the interior Pacific Northwest of the United States. Images predicted from 

the GEE image fusion algorithm were evaluated with true Landsat observations and 

compared with the accuracy achieved by executing the original ESTARFM algorithm. 

Excluding snow and cloud obscured observations, the algorithm produced 

approximately 215 observations per 30 m pixel in 2017. Root mean squared 

prediction error (RMSPE) of Normalized Difference Vegetation Index (NDVI) for the 

GEE predicted images ranged from 0.032 to 0.066. The RMSPE for the original 

ESTARFM predicted images ranged from 0.027 to 0.064. Phenometric estimates 

were evaluated with near-surface sensors (PhenoCams) in shrubland, conifer, and 

agricultural sites and field observations of phenology in grassland, open-pine, and 

mixed-conifer sites. Although phenometric estimates were dissimilar at all 

PhenoCam sites, the general temporal pattern of the GEE image fusion and 

PhenoCam time series was often similar. The start of season derived from the GEE 

image fusion time series had closer correspondence to the PhenoCam-derived start 

of season at the shrubland site (13 days) than the agriculture and conifer sites. The 

end of season was closest at one of the conifer sites and the agriculture site (22 and 

31 days, respectively). Trends of some of the field-based phenology observations 
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aligned with phenometrics estimated from the image fusion time series. At the 

grassland and open-pine field sites, the phenometrics from GEE image fusion were 

associated with phenophase trends of dominant plant functional types. Though 

characterizing LSP within the interior Pacific Northwest remains a challenge, this 

study demonstrates that image fusion implemented in GEE can produce a densified 

time series capable of capturing seasonal trends in NDVI related to vegetation 

phenology, which can be used to estimate intraannual phenometrics.   
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2.2 Introduction 

The study of vegetation phenology provides important information about 

past, current, and potential future ecosystem states. Variation in the timing of 

phenology results from temperature, precipitation, plant community composition 

and condition, genetic traits, and soil characteristics (Wolkovich et al., 2014), giving 

it the capacity to serve as an indicator of climate change (Richardson et al., 2013). 

Phenology also influences many processes, including carbon flux (Forkel et al., 2016; 

Richardson et al., 2012), wildfire activity (Westerling et al., 2006), crop production 

(Anwar et al., 2015), and wildlife populations (Morellato et al., 2016). Moreover, 

certain species’ phenology can drive plant community composition, with invasive 

species being of great concern (Colautti et al., 2017). However, monitoring 

phenology with traditional field-based methods is expensive and limited to small 

spatial extents (Richardson et al., 2009).   

The availability of satellite-imagery time series has allowed for phenological 

observation across previously unattainable extents, expanding our understanding of 

the relationship between phenology and the environment. Characterization of the 

temporal patterns of electromagnetic reflectance with satellite imagery is referred 

to as land surface phenology (LSP; de Beurs and Henebry, 2004). However, the 

spatial resolution of LSP does not always match the scale at which vegetation 

communities vary. Moreover, the phenological metrics (e.g., start of season) 

extracted by these means do not necessarily represent the same stages that might 

be recorded at a field site (e.g., leaf emergence) and can be influenced by abiotic 

processes like snow melt and soil-moisture fluctuation. Consequently, LSP does not 

entirely fit with the ecological definition of phenology, which is “the study of the 

timing of recurring biological events, the causes of their timing with regard to biotic 

and abiotic forces, and the interrelation among phases of the same or different 

species” (Lieth, 1974). This inconsistency makes the validation of LSP challenging 

(Nijland et al., 2016; Richardson et al., 2018b). Quantifying LSP at more meaningful 
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spatial and temporal scales may be one potential solution to some discrepancies 

between LSP estimates and ground-based observations of phenology.  

A major challenge in choosing satellite data for LSP is the tradeoff between 

revisit frequency and spatial detail. Satellites like MODIS (Moderate Resolution 

Imaging Spectroradiometer), AVHRR (Advanced Very High Resolution Radiometer), 

and VIIRS (Visible Infrared Imaging Radiometer Suite) identify fine-grained temporal 

signals of plant development owing to their daily revisit frequency (White et al., 

1997; Zhang et al., 2018, 2003). These revisit frequencies allow for intraannual 

estimates of phenology. However, the relatively low spatial resolution (e.g., 250 m – 

1 km for MODIS) of these satellites results in a highly mixed composition of 

vegetation, reducing the utility of LSP estimates for studying phenomena occurring 

at a fine scale. This is particularly problematic in landscapes where resources are 

variably dispersed leading to heterogeneous vegetation patterns. 

Other satellites, like the Landsat missions, have finer spatial resolutions (30 

m) but typically lack the temporal resolution to capture fine-scale intraannual 

patterns of LSP (Fisher et al., 2006; Jönsson and Eklundh, 2002). To address this 

deficiency, some have assessed long-term phenology estimates by aggregating 

multiple years of data (Melaas et al., 2013), ensuring adequate observations across 

the growing season. Melaas et al. (2016) used such methods to correct the 

phenological estimate for individual years by adjusting the long-term mean curve 

based on individual years’ anomalies. More recently, others have developed 

methods to estimate LSP at 30 m using Landsat and Sentinel-2 imagery (Bolton et al., 

2020; Gao et al., 2020; Zhang et al., 2020). Although the utilization of Landsat and 

Sentinel-2 shows promise moving forward, methods focused on leveraging older 

platforms enable the investigation of phenological changes that have occurred over 

the last 20 or more years.  

Methods that blend data from these sensors (i.e., spatio-temporal image 

fusion) have been developed to capture the complementary strengths of Landsat 
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and MODIS. These algorithms leverage the temporal frequency of MODIS (daily) and 

the spatial resolution of Landsat (30 m) to predict imagery at 30 m resolution for 

times when observations are unavailable from Landsat. There have been many new 

fusion methods developed in the last decade (see Belgiu and Stein, 2019). One of 

the first methods developed for this purpose was the Spatio-temporal Adaptive 

Reflectance Fusion Model (STARFM; Gao et al., 2006). STARFM uses pairs of Landsat 

and MODIS images to predict the Landsat reflectance at a time where only MODIS is 

available. This method performs well when change in the spatial dimension is 

gradual but is less effective when change is abrupt (Emelyanova et al., 2013; Gao et 

al., 2006; Hilker et al., 2009b). Other variations of spatio-temporal image fusion 

were developed to address issues with STARFM, including STAARCH (Spatial 

Temporal Adaptive Algorithm for mapping Reflectance Change) which improved the 

method for detecting disturbances (Hilker et al., 2009a) and ESTARFM (Enhanced 

STARFM; Zhu et al., 2010) which improved predictions in heterogenous regions 

(Emelyanova et al., 2013).  

The STARFM algorithm has been employed to estimate LSP in a limited 

number of instances (Coops et al., 2012; Gao et al., 2017; Liang et al., 2014; Walker 

et al., 2014). Walker et al. (2014) reported that the inclusion of STARFM-fused 

images helped improve LSP estimates in semi-arid ecosystems. Cropland LSP was 

also recently assessed with STARFM and Timesat (Jönsson and Eklundh, 2004) by 

Gao et al. (2017). They extracted various phenometrics (i.e., phenological transition 

dates) from the time series and evaluated these estimates with crop progress 

reports. There remains a need to execute and evaluate high-spatial and high-

temporal LSP across expansive, heterogenous natural landscapes. 

While image fusion methods are promising as a means of filling in missing or 

noisy Landsat observations, these methods are computationally expensive (Gao et 

al., 2017; Rao et al., 2015). The development of cloud computing platforms like 

Google Earth Engine (GEE; Gorelick et al., 2017) may allow for the development and 
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deployment of image fusion techniques, increasing their availability and reducing 

the onsite processing infrastructure and processing time. One such method was 

recently developed and tested using GEE (Moreno-Martínez et al., 2020), 

demonstrating the potential for this type of application of the GEE platform. 

In this study, we developed and evaluated methods for estimating LSP in a 

heterogenous region of the interior Pacific Northwest of the United States. This 

research had three primary objectives: 1) develop an ESTARFM-like approach to 

spatio-temporal image fusion that is capable of running on a cloud-computing 

platform (GEE); 2) process and assemble a time series of daily 30 m imagery and 

evaluate the quality of fused images across the growing season; and 3) estimate LSP 

and assess the similarity of LSP estimates to estimates from near-surface cameras 

(PhenoCams) and ground-based observations from field data. Phenometrics were 

evaluated at varying spatial scales and with multiple datasets to account for 

potential discrepancies in scale and the method of phenological observation. 

2.3 Methods 

The estimation of LSP with high-spatial and high-temporal resolution was 

accomplished with a two-phase process. First, a high-resolution time series was 

assembled from Landsat observations and MODIS-derived predictions with an 

ESTARFM-like algorithm implemented on GEE (hereafter, GEE image fusion). The 

time series created with the GEE image fusion was then used to estimate 

phenometrics with a double-logistic smoothing method where transition dates were 

extracted based on rates of change and curve inflection points. 

2.3.1 Study Area 

The interior Pacific Northwest region is composed of a variety of natural and 

human-derived land cover types that are well suited to testing the methods of this 

research (Figure 2.1). The region includes parts of the Columbia Plateau, Blue 

Mountains, and Northern Basin and Range Ecoregions, including the eastern edge of 
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the Eastern Cascades Slopes and Foothills (Omernik, 1987). The region has an arid to 

semi-arid climate resulting from the Cascade Range’s rain-shadow, which interacts 

with numerous mountain ranges, canyons, and valleys to produce a mosaic of forest, 

grassland, and shrubland plant communities. The marine-influenced continental 

climate is characterized by warm, dry summers and cold winters, during which most 

of the annual precipitation occurs. On average, total annual precipitation for this 

region ranged from 16 to 277 cm (mean of 43 cm) and mean annual temperature 

ranged from -1 to 13 °C (mean of 8 °C) between 1981 and 2010 (PRISM Climate 

Group, 2012). 

 
Figure 2.1. The study area including one of the Landsat scenes (Figure 2.5, 2.6) used 
to evaluate image fusion. Land cover types within the region vary at fine spatial 
scales, as shown by the National Land Cover Database (NLCD) 2016 land cover 
classes (Yang et al., 2018). The PhenoCam sites (purple) and the Starkey 
Experimental Forest and Range site (blue) used to evaluate LSP estimates are also 
indicated. 
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2.3.2 Spatio-temporal Image Fusion  

2.3.2.1 Satellite Data and Image Pre-processing  

The satellite data used in this study are Landsat 8 OLI (Operational Land 

Imager) Surface Reflectance and MODIS NBAR (Nadir BRDF-Adjusted Reflectance) 

imagery provided to GEE by the United States Geological Survey. Landsat data were 

corrected to surface reflectance with the LaSRC method (Landsat Surface 

Reflectance Code; Vermote et al., 2016) and included a cloud mask calculated with 

the CFMask method (C code based on the Function of Mask; Foga et al., 2017). 

MODIS NBAR data (i.e., MCD43A4) are generated using both Terra and Aqua 

satellites to correct MOD09 surface reflectance to a nadir viewing angle using the 

bidirectional reflectance distribution function generated from images in a 16-day 

moving window (Schaaf et al., 2002; Vermote et al., 1997). These data were found to 

yield the best results in spatio-temporal image fusion based on comparisons among 

MOD09GA, MCD43A4, and MOD09A1 (Walker et al., 2012).  

In preparation of the image-fusion process, additional filtering and 

preprocessing methods were applied to the Landsat and MODIS data. First, Landsat 

and MODIS images were acquired for dates between July 29th, 2016 and June 1st, 

2018. Landsat images used in the image fusion were restricted to those with less 

than 5-percent cloud cover to ensure that fused images were as close to cloud-free 

as possible. Landsat images with greater than 50-percent snow-flagged pixels were 

also excluded from use in the image-fusion process. All Landsat pixels flagged as 

cloud, cloud shadow, or snow in the quality band of each image were masked. The 

MCD43A4 product does not include a mask for snow, so the Snow Water Index (Dixit 

et al., 2019) was used to identify and mask all snow-covered pixels from the MODIS 

imagery. For each image, the NDVI (Normalized Difference Vegetation Index; Rouse 

et al., 1973) was calculated from red and near-infrared bands. The filtered and 

masked Landsat images were then paired with masked MODIS images from the 

corresponding date. For each scene, this resulted in between 6 and 11 pairs of 



19 
 

 

Landsat and MODIS images. The earliest Landsat image from 2016 was the first 

image paired with a MODIS image prior to September (further details provided in 

section 2.3.3.2). All MODIS images from dates between the first and last pairs were 

used for prediction. The geolocation accuracy of MODIS and Landsat differ, partially 

as a result of pixel resolution, and it has been reported that an additional pre-fusion 

step of co-registration can improve image-fusion results (Gao et al., 2015). 

Therefore, MODIS images used in the GEE image fusion were registered to the 

earliest Landsat image of each set of pairs. The co-registration of MODIS images to 

Landsat images was performed using a rubber-sheet technique based on image 

correlation (Wang et al., 2014). 

2.3.2.2 Image Fusion Algorithm and Theory  

Preprocessed Landsat and MODIS imagery were used to perform an image 

fusion-process similar to the methods developed by Gao et al. (2006) and Zhu et al. 

(2010). Although systematic differences exist between these two sensors for the 

same location and date, Landsat OLI and MODIS surface reflectance products were 

recently determined to be highly comparable (Vermote et al., 2016). The 

implementation of image fusion in GEE was guided by the following theory and 

assumptions. 

For a MODIS pixel with homogenous land cover (i.e., a homogenous MODIS 

pixel), the relationship with Landsat surface reflectance can be represented as 

 𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏 =  𝑀𝑠𝑖,𝑡𝑘,𝑏 +  𝜀𝑡𝑘
 (2.1) 

where 𝐿 and 𝑀 represent Landsat and MODIS images, respectively; 𝑠𝑖 is the location 

of a MODIS pixel; 𝑠𝑖𝑗 is the location of a Landsat pixel within the MODIS pixel at 𝑠𝑖; 

𝑡𝑘 is the date; 𝑏 is the band; and 𝜀𝑡𝑘
 is the reflectance difference at date 𝑡𝑘. 

Reflectance difference can be induced by various factors, including geolocation error 

and solar geometry at the time of acquisition. Assuming that the error is the same 

between time periods (i.e., 𝜀𝑡0
= 𝜀𝑡1

; Gao et al., 2006), equation (2.1) can be 
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rewritten to approximate the Landsat reflectance at a time where only MODIS 

reflectance is available as  

 𝐿𝑠𝑖𝑗,𝑡1,𝑏 = 𝐿𝑠𝑖𝑗,𝑡0,𝑏 + (𝑀𝑠𝑖,𝑡1,𝑏 − 𝑀𝑠𝑖,𝑡0,𝑏) (2.2) 

where time-1 (𝑡1) represents a date without a true Landsat observation and time-0 

(𝑡0) is a date with both Landsat and MODIS observations.  

Land cover is often heterogenous at the scale of a MODIS pixel. The 

reflectance of a MODIS pixel (𝑀𝑠𝑖,𝑡𝑘,𝑏) can be represented as a mixture of the 

reflectance of each cover class within that pixel. In this context, the reflectance of a 

MODIS pixel could be thought of as the area weighted average reflectance of each 

land-cover class at the Landsat scale, 

 𝑀𝑠𝑖,𝑡𝑘,𝑏 = ∑ (
𝑛𝑐

𝑁
 ×  

∑ 𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏,𝑐
𝑛𝑐
 𝑗=1

𝑛𝑐
) +  𝜀𝑡𝑘

𝐶

𝑐=1

 (2.3) 

where 𝐶 is the total number of land cover classes; 𝑁 is the total number of 𝑠𝑖𝑗 

Landsat-resolution pixels within a MODIS pixel at 𝑠𝑖; 𝑛𝑐  is the number of Landsat 

pixels in a land-cover class; and here 𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏,𝑐 notates the 𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏 (Landsat pixel 

reflectance) in the 𝑐𝑡ℎ land-cover class. 

In practice, a pixel’s surface reflectance can be better estimated by 

considering a moving window that includes multiple MODIS pixels at times when 

Landsat observations are not available. Within this window, ‘similar’ pixels (i.e., 

pixels assumed to be the same land-cover class) are used to estimate the central 

pixel’s value. For this study, similar pixels were selected based on the following 

criteria defined by Gao et al. (2006) 

 |𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏 −  𝐿𝑠𝑖,𝑡𝑘,𝑏|  ≤  𝜎𝑡𝑘,𝑏  ×  
2

𝐶𝐿
 (2.4) 

For simplicity, 𝐿𝑠𝑖,𝑡𝑘,𝑏 is hereafter redefined to represent the central pixel in 

the moving window and 𝐿𝑠𝑖𝑗,𝑡𝑘,𝑏 to represent any other pixel within the moving 
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window; 𝜎𝑡𝑘,𝑏 is the standard deviation of a band (𝑏) of the Landsat image (𝐿) at 

time 𝑡𝑘; and 𝐶𝐿 is the number of land-cover classes in image 𝐿. Similar pixels were 

constrained to those that were similar in the image pairs immediately before and 

after the prediction date. Note that 𝑀 has been resampled to the same resolution as 

𝐿 (i.e., 30 m). At this resolution for 𝑀, 𝑀𝑠𝑖𝑗,𝑡𝑘,𝑏 refers to a pixel within the moving 

window, as defined above.  

To improve the prediction accuracy, similar pixels within a land-cover type 

were weighted based on spatial and spectral proximity (Zhu et al., 2010). It is 

assumed that similar pixels within a land-cover type are more likely to change 

similarly to the central pixel. Therefore, this weighting step ensures that pixels of the 

same land-cover class within close proximity are given greater weight. Different 

cover classes may not change at the same rate over time, so linear regression can be 

used to approximate a scaling coefficient (i.e., 𝛽 in equation 2.5) for the rate of 

change of an individual cover class within the window.  

After adding the moving window and scaling coefficient, equation (2.2) 

becomes  

 𝐿𝑠𝑖,𝑡1,𝑏 = 𝐿𝑠𝑖,𝑡0,𝑏 +  ∑ 𝑤𝑝  × 𝛽 × (𝑀𝑠𝑖𝑗𝑝 ,𝑡1,𝑏 − 𝑀𝑠𝑖𝑗𝑝 ,𝑡0,𝑏)

𝑃

𝑝 ∈ 𝑗

 (2.5) 

where 𝑃 is the number of similar pixels within the window; 𝑤𝑝 is the weight of the 

𝑝𝑡ℎ similar pixel in the window; 𝛽 is a scaling coefficient for the MODIS pixel 

difference, which is based on the rate of change between image dates for all similar 

pixels in the window; and 𝑠𝑖𝑗𝑝
 notates the 𝑝𝑡ℎ similar pixel, which is located at 𝑠𝑖𝑗. 

The final refinement to the prediction is achieved by averaging predictions obtained 

from Landsat and MODIS image pairs before and after the prediction date.  

The approach outlined here follows much of the same theory and 

assumptions as image fusion with the ESTARFM algorithm, however, some details 
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differ. The design of GEE prevents the direct iteration over pixels performed in the 

original STARFM and ESTARFM algorithms. However, similar approaches can be 

applied in GEE where the neighborhood around each pixel is used. As mentioned 

above, the calculation for the scaling coefficient (𝛽) in the GEE image fusion 

approach is based on all similar pixels within a window. In contrast, the calculation in 

ESTARFM solely uses values within an individual MODIS pixel. As opposed to having 

a scaling coefficient applied to a broad region (e.g., an entire image), calculating the 

scaling coefficient in the whole window keeps this calculation local to the window 

but still increases the region over which the scaling coefficient is applied in 

comparison to the calculation implemented in ESTARFM. Producing a dense time 

series of a vegetation index can be performed with “blend-then-index” or “index-

then-blend” approaches, but it was found that the latter method produces higher 

accuracy results because there is less error propagation in the process (Jarihani et 

al., 2014). Although the algorithm used in the GEE image fusion is flexible in terms of 

its application to an index or reflectance, an “index-then-blend” approach was used. 

This raises an issue for calculating spectral similarity using the ESTARFM 

methodology. In assigning the weight to similar pixels Zhu et al. (2010) determined 

spectral similarity based on the correlation between Landsat and MODIS spectral 

vectors. However, spectral similarity calculated from the correlation of a single band 

could only take the value of -1 or 1. Therefore, spectral similarity in the GEE image 

fusion was calculated as the absolute difference between Landsat and MODIS pixels 

allowing for any number of bands to be used in the fusion process.   

2.3.2.3 Evaluation 

Landsat 8 images with low amounts of cloud cover that were not used in the 

GEE image fusion process (i.e., cloud cover between 5 and 25%) were used to 

evaluate the quality of the images produced through the image fusion. These images 

were not suited for use in the image fusion, as the amount of cloud cover was too 

high, but contained cloud and snow-free observations that could be compared with 
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the image fusion predictions. Clouds, cloud shadows, and snow were masked from 

these images.  

Two Landsat WRS-2 scenes were used for evaluation (path 43/ row 29 and 

path 43/ row 30). These scenes contained all land-cover types present within the 

broader study area and areas of high spatial heterogeneity. All six images meeting 

cloud cover requirements were used to evaluate the image fusion predictions 

(Figure 2.1, Appendix A). The six evaluation images were captured during April, June, 

July, August, and September, allowing performance to be quantified across the 

growing season.  

The overall quality of the prediction was evaluated using root mean squared 

prediction error (RMSPE), bias, signed relative bias (SRB), and Pearson’s correlation 

(r), calculated as: 

 𝑅𝑀𝑆𝑃𝐸 = √
1

𝑛
 ∑  (𝑁𝐷𝑉𝐼𝑖 − 𝑁𝐷𝑉𝐼𝑖

̂ )
2𝑛

𝑖=1
 (2.6) 

 𝑏𝑖𝑎𝑠 =
1

𝑛
∑ (𝑁𝐷𝑉𝐼𝑖 − 𝑁𝐷𝑉𝐼𝑖

̂ )
𝑛

𝑖=1
 (2.7) 

 𝑆𝑅𝐵 = 𝑠𝑖𝑔𝑛(𝑏𝑖𝑎𝑠)√
𝑏𝑖𝑎𝑠2

𝑅𝑀𝑆𝑃𝐸2 − 𝑏𝑖𝑎𝑠2
 (2.8) 

 
𝑟 =

∑ (𝑁𝐷𝑉𝐼𝑖 − 𝑁𝐷𝑉𝐼̅̅ ̅̅ ̅̅ ̅̅ )(𝑁𝐷𝑉𝐼𝑖
̂ −  𝑁𝐷𝑉�̂�̅̅ ̅̅ ̅̅ ̅̅ )𝑛

𝑖=1

√∑ (𝑁𝐷𝑉𝐼𝑖 −  𝑁𝐷𝑉𝐼̅̅ ̅̅ ̅̅ ̅̅ )2𝑛
𝑖=1  √∑ (𝑁𝐷𝑉𝐼𝑖

̂ −  𝑁𝐷𝑉�̂�̅̅ ̅̅ ̅̅ ̅̅ )2𝑛
𝑖=1

 
(2.9) 

where 𝑛 is the number of sampled pixels, 𝑁𝐷𝑉𝐼𝑖  is the NDVI value for the 𝑖𝑡ℎ pixel 

from the true Landsat image, 𝑁𝐷𝑉𝐼𝑖
̂  is the NDVI value for the 𝑖𝑡ℎ pixel from the 

predicted image, 𝑁𝐷𝑉𝐼̅̅ ̅̅ ̅̅ ̅̅  is the mean NDVI of the true image, 𝑁𝐷𝑉�̂�̅̅ ̅̅ ̅̅ ̅̅  is the mean NDVI 

of the predicted image, and 𝑠𝑖𝑔𝑛(𝑏𝑖𝑎𝑠) is the sign associated with the value of 𝑏𝑖𝑎𝑠. 
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These measures were calculated from a random sample of 5,000 pixels 

across each image to get an overall measure of accuracy at an image level. Accuracy 

was also evaluated by land-cover class in each image by sampling 5,000 pixels within 

forest, shrub, grassland, and agriculture land-cover types. The NLCD 2016 land-cover 

map (Yang et al., 2018) was utilized to determine the location of each of these land-

cover types. In addition to evaluating prediction metrics, the NDVI from both true 

Landsat and predicted images was visually inspected to identify unusual patterns in 

the images.  

To determine cloud-computing improvements to computation time and 

confirm that predictive performance of the GEE implementation of image fusion was 

comparable to the original ESTARFM algorithm, a Python version of ESTARFM 

(https://xiaolinzhu.weebly.com/open-source-code.html) was also executed and 

evaluated using the same pre-processed image pairs, including the same sampling 

process for evaluation metrics at the scene level and within each of the land-cover 

classes. The ESTARFM algorithm was run on a 16-core processor (AMD Ryzen 9 

3950x) at an average clock rate of 4.2 GHz. 

2.3.3 Land Surface Phenology 

2.3.3.1 Image Post-processing 

As a post-processing step for estimating LSP, predictions of Landsat-

resolution images produced using the GEE image fusion were combined with all true 

Landsat observations from late 2016 through the end of 2017. Landsat images that 

contained cloud- and snow-free observations not used in the GEE image fusion were 

combined with the time series of fused images. True Landsat observations were 

retained at times when there were both true pixels and predicted pixels. The final 

time series contained a near-daily record over late 2016 through the end of 2017. 

Detailed information about the Landsat and MODIS images used in the GEE image 

fusion can be found in Appendix A. All image processing, from pre-processing 
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through post-processing, was completed using the Python and JavaScript API’s for 

GEE.  

 
Figure 2.2. The dates of all Landsat images used in the GEE image fusion and LSP 
estimation for each WRS-2 scene. For LSP estimation, images occurring in January 
and February 2017 were dropped due to persistent cloud and snow cover during this 
period. An orange point indicates that the Landsat image was paired with a MODIS 
image for GEE image fusion. A black point indicates that the image was not used in 
the GEE image fusion because it had greater than 5-percent cloud cover, but valid 
pixels from the image were retained in the final time series. Percent cloud cover is 
indicated by the transparency of each point where high transparency correspond 
with high cloud cover. Specific images used to evaluate the accuracy of image-fusion 
predictions are denoted with an “X” mark.   

2.3.3.2 Time Series Smoothing and Phenometric Extraction 

Periods of cloud and snow cover are common in the interior Pacific 

Northwest, resulting in missing data in the early season (Appendix A). To 

approximate the NDVI at these times, the median NDVI value from September 2016 

was imputed to January and February of 2017 as this time of year represents the 

NDVI expected for dormant vegetation in the region. This method of determining 

the ‘winter’ NDVI is similar to methods that have been employed to estimate long-

term phenological cycles in northern latitudes, which typically do not have many 

snow- or cloud-free early- or late-season observations (Beck et al., 2006). Later in 

the growth cycle, other occasional missing values were linearly interpolated from 

values occurring before and after the missing observation. 
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Moving from a time series of observations to an estimate of phenometrics 

can be accomplished through several approaches (Cai et al., 2017; Zeng et al., 2020; 

Zhou et al., 2016). Some methods only provide an estimate of the start of season 

(SOS) while others offer a suite of phenology characteristics. A recent comparison of 

methods found that using double-logistic functions produced predictions that 

showed coherent spatial patterns, corresponded well with gross primary 

productivity, and agreed with the expected effects of elevation on phenometrics (Cai 

et al., 2017). Furthermore, double-logistic smoothing can capture asymmetrical 

annual patterns and is more robust to the effects of noise than local smoothing 

methods like Savitsky-Golay filtering and LOESS smoothing (Cai et al., 2017). Double-

logistic smoothing also allows for the extraction of several phenometrics 

automatically and robustly across an image. 

Double-logistic smoothing and automated phenometric-extraction 

techniques were applied to calculate phenometrics. The following double-logistic 

function was used to model the annual growth pattern:   

𝑣𝑡 = 𝑚1 + (𝑚2 −  𝑚1)  × (
1

1 + 𝑒(−𝑚3× (𝑡−𝑚4))
+

1

1 + 𝑒(𝑚5 × (𝑡−𝑚6))
− 1) (2.10) 

where 𝑣𝑡 is the vegetation index at time 𝑡; 𝑚1 is the minimum index value or the 

‘winter’ NDVI; 𝑚2 is the maximum index value; 𝑚3 and 𝑚5 are the rate of change 

associated with the SOS and end of season (EOS), respectively; and 𝑚4 and 𝑚6 are 

the day of year (DOY) associated with the SOS and EOS, respectively.  

This double logistic model (equation 10) also allows for the automated 

extraction of phenometrics that characterize six seasonal transition dates: start of 

green-up, SOS, maturity, EOS, dormancy, and length of season (Figure 2.3). The SOS 

and EOS are represented by 𝑚4 and 𝑚6, respectively, and are found at the point 

along the spring growth and fall senescence trajectory where the model’s slope is 

steepest (i.e., maximum (SOS) and minimum (EOS) of the first derivative of equation 

10). Start of green-up, maturity, and dormancy correspond to the model’s inflection 
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points (i.e., local maxima of the second derivative of equation 10). Length of season 

is the number of days between SOS and EOS. Other characteristics that could be 

used to describe the phenology for an individual time series include the seasonal 

amplitude (i.e., 𝑚2 −  𝑚1) and the slope at the SOS and EOS (𝑚3 and 𝑚5, 

respectively).  

Equation 10 was solved using the Levenberg-Marquardt least-squares 

algorithm (Levenberg, 1944). Non-linear least-squares optimization and 

phenometric extraction were performed with Python 3 using the LMFIT and SciPy 

packages (Newville et al., 2014; Virtanen et al., 2020).  

 

Figure 2.3. Example of the fitted double-logistic model (black line) for a single pixel’s 
time series after post-processing (orange points). Blue dotted lines show the start of 
green-up (1), maturity (3), and dormancy (5). Blue dashed lines show the start of 
season (2) and end of season (4). Black arrows show the length of season (6), 
seasonal amplitude (7), and ‘winter’ NDVI (8). The bottom two panels show the first 
and second derivative of the fitted double-logistic model and the local maxima and 
minima corresponding to the various phenometrics. 
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2.3.3.3 Evaluation 

Fusion-derived LSP and phenometrics were compared with estimates from 

near-surface cameras and ground-based observations. Near-surface estimates came 

from the PhenoCam Dataset v2.0 (Seyednasrollah et al., 2019) and ground-based 

observations came from field data provided by the Oregon Department of Fish and 

Wildlife (ODFW; ODFW, unpublished data). To compare the fusion-derived estimates 

with PhenoCam and ODFW data, the pixel nearest the location of each PhenoCam or 

ODFW site were extracted. Scenes overlapping PhenoCam and ODFW sites include 

Landsat WRS-2 path 45/ row 29, path 44/ row 30, path 43/ row 30, path 43/ row 28, 

and path 42/ row 28. 

The PhenoCam project is a digital camera network that observes near-

surface conditions across North America (http://phenocam.unh.edu). While several 

PhenoCams are located within the region, only four cameras had an adequate 

number of observations for 2017. The four cameras are burnssagebrush, oregonMP, 

oregonYP, and cafcookeastltar01, referred to hereafter as PhenoCam-1 through 4, 

respectively. The four cameras are located within land-cover types including 

sagebrush steppe (PhenoCam-1), ponderosa pine forest (PhenoCam-2, PhenoCam-

3), and agriculture (PhenoCam-4). The camera located at the agriculture site did not 

have observations recorded before the crop was planted in 2017, so values from the 

dormant period after the harvest were used to estimate conditions in early 2017. 
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Figure 2.4. The image taken at approximately noon on July 5th, 2017 for each of the 
four PhenoCams. Each image recorded by the PhenoCams was masked using the 
shaded polygons (region of interest). The masked images were then used to 
calculate the mean digital number for each band. 

Several preprocessing procedures were performed for the PhenoCam data 

(downloaded from https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1674) before 

their utilization in this analysis; further details can be found in Seyednasrollah et al. 

(2019). Green Chromatic Coordinate (Gcc), a canopy greenness metric, is the most 

similar metric to NDVI produced with the PhenoCam data and has been frequently 

used to compare LSP from satellites and PhenoCams (Gao et al., 2020; Richardson et 

al., 2018b). Green Chromatic Coordinate is defined as 

 𝐺𝑐𝑐 =
𝐺𝐷𝑁

𝑅𝐷𝑁 + 𝐺𝐷𝑁 + 𝐵𝐷𝑁
 (2.11) 

where the subscript 𝐷𝑁 indicates the digital number and 𝑅𝐷𝑁, 𝐺𝐷𝑁, and 𝐵𝐷𝑁 are the 

red, green, and blue bands, respectively. The double-logistic smoothing and 
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phenometric extraction techniques were applied to the prepared 𝐺𝑐𝑐 time series 

with the method described in section 2.3.3.2. 

Field phenology data contributed by ODFW were collected at the Starkey 

Experimental Forest and Range (SEFR), located in the area overlapping Landsat WRS-

2 scenes at path 44/ row 29 and path 43/ row 29 (Figure 2.1). A total of 11 sites in 

three plant-community types were monitored at two-week intervals starting April 

6th, 2017 and continuing through November 11th, 2017. The plant-community types 

included grassland, open pine, and mixed conifer (4, 4, and 3 sites, respectively). At 

each site, a 25 m transect was established containing four one-meter square 

subplots. Within each subplot, the understory aerial cover was recorded in 20-

percent intervals for four plant functional groups (forbs, grasses, deciduous woody, 

and evergreen woody). Additionally, the percent of plants in each of three 

phenophase categories (green-up, vegetative, and cured) was recorded in 20-

percent intervals for each functional group. Therefore, the proportion of a given 

functional group in each phenophase is weighted by that functional group’s total 

aerial cover at that time. The green-up phase included plants with any new growth 

(e.g., the onset of leaf greening, young leaves, increasing leaf size); the cured phase 

included plants with senescent leaves or other vegetative parts (e.g., loss of 

pigment, leaf drop, cured plant parts); and the vegetative phase included plants that 

fell between green-up and cured (e.g., fully green leaves, elongated stems, no longer 

putting on new growth).  

The ODFW data of aerial cover and phenophase were summarized at the 

transect level to represent a scale closer to a Landsat pixel. To accomplish this for a 

given functional group and phenophase (e.g., forb in green-up), the subplot-level 

values for aerial cover class and phenophase class were first converted to the 

midpoint of their respective ranges (i.e., 10% represents the 0-20% class). Next, 

midpoint values for aerial cover and phenophase were multiplied together at the 

subplot level. Finally, these values were averaged across the 4 subplots within a 
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transect. The resulting values represent a summary of the proportion of each 

functional group in each phenophase relative to the cover of the functional group. 

2.4 Results 

2.4.1 Spatio-temporal Image Fusion 

Combining all available cloud- and snow-free Landsat images with the GEE 

image fusion predictions resulted in a substantial increase in the number of 30 m 

observations. Within the two scenes for which GEE image fusion was evaluated, the 

final time series had a median of 215 observations in each pixel between DOY 1 and 

300, with the middle 90% of pixels containing between 53 (5th quantile) and 248 

observations (95th quantile) for this period. This temporal range (i.e., DOY 1 – 300) 

captures the region's growing season, with a buffer on either side. Pixels associated 

with the lower range of these values corresponded to high elevation areas with 

persistent snow and cloud cover.   

Visual comparison of the GEE image fusion predictions with true Landsat 

images from the same date showed relatively strong correspondence (Figure 2.5). 

Areas where differences were most apparent corresponded to conditions of 

especially high-spatial or high-temporal variability, such as areas with forest and 

grassland in close-proximity and areas where surface water was ephemerally 

present. This was not unexpected as an accurate prediction of abrupt or rapid 

changes is a known challenge for image fusion techniques (Gao et al., 2006; Zhu et 

al., 2010). 
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Figure 2.5. Three panels showing the 2016 NCLD land-cover classes, NDVI from the 
true Landsat image, and NDVI from the GEE image fusion prediction. This example is 
from path 43/ row 29 on June 7th, 2017. Image pairs used for this prediction 
occurred on May 22nd, 2017 and June 23rd, 2017. The location of this scene is shown 
in the context of the study region in Figure 2.1. NDVI values below 0 shown in blue 
to help focus on the variation in the 0 to 1 range. Masked pixels are shown in white. 

Overall, the images predicted with the GEE image fusion strongly 

corresponded with the true Landsat observations from the same date (Table 2.1, 

Figure 2.6, Appendix B). Predicted images had the lowest correlation to true Landsat 

images in the early growing season (e.g., the image from DOY 94 at path 43/ row 

30). The evaluation metrics calculated on a scene-wide basis also showed that the 

GEE image fusion performed better during peak growing season than during earlier 

or later periods of the year. The predictions had negative bias and SRB, 

overpredicting NDVI in five out of the six images. Overall, SRB ranged from 0.07 to -

0.54 and was best during the peak of the season. As expected, variability in the 

predictions was similar but slightly lower than variability in the true Landsat images 
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(an artifact of downscaling course-resolution data). Differences in variability in the 

evaluation images follows seasonal trends also present in RMSPE, bias, and SRB.  

 

Figure 2.6. Hex grid of the NDVI derived from true Landsat vs. the GEE image fusion 
for path 43/ row 29 on June 7th

, 2017 (DOY 158, Figure 2.5).  

Compared to the locally run ESTARFM algorithm, the total processing time 

between the two methods differed substantially. On average, the GEE fusion 

completed in 105.83 minutes, and the ESTARFM processing completed in 298.41 

minutes. However, evaluation metrics demonstrated similar performance between 

the GEE fusion and locally run ESTARFM methods (Table 2.1). 

Table 2.1. Image evaluation results for each DOY and scene combination. A total of 
5,000 pixels were sampled from each image to calculate bias, correlation, RMSPE, 
and SRB. All pixels were used to calculate the variance of each image. Italicized 
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values inside parentheses correspond to the ESTARFM results while the GEE image 
fusion results are in a regular typeface. 

path 43/ row 29 

DOY Landsat σ2 
Image Fusion 

σ2 
Bias Pearson's r RMSPE SRB 

158 0.033 
0.028  

(0.032) 
-0.026  

(-0.027) 
0.955  

(0.955) 
0.060  

(0.060) 
-0.483  
(-0.51) 

206 0.040 
0.042  

(0.042) 
-0.002  

(-0.002) 
0.980  

(0.978) 
0.041  

(0.043) 
-0.059  

(-0.042) 

252 0.047 
0.040  

(0.049) 
-0.016  

(-0.015) 
0.971  

(0.972) 
0.054  

(0.053) 
-0.318  

(-0.291) 

path 43/ row 30 

DOY Landsat σ2 
Image Fusion 

σ2 
Bias Pearson's r RMSPE SRB 

94 0.011 
0.008  

(0.012) 
-0.032  

(-0.031) 
0.847  

(0.870) 
0.066  

(0.064) 
-0.546  

(-0.562) 

206 0.022 
0.022  

(0.019) 
0.002  

(0.002) 
0.977  

(0.981) 
0.032  

(0.030) 
0.070  

(0.063) 

222 0.018 
0.017  

(0.018) 
-0.002  

(-0.001) 
0.971  
(0.98) 

0.033  
(0.027) 

-0.049  
(-0.039) 

When predicted images were evaluated by the four land-cover classes, a 

seasonal trend was also present in the RMSPE, bias, and SRB (Figure 2.7). Predictive 

accuracy varied by land-cover type, with shrubland and grassland generally 

performing better across the year in terms of RMSPE and bias. However, when the 

class variability is considered (i.e., SRB), the difference in performance between land 

cover classes was less noticeable. While forest and agriculture classes tended to 

have higher variation in bias across the year, the SRB is more similar across classes 

because the variability of NDVI is lower in grassland and shrubland. This is not 

unexpected as forest and agricultural areas are more spatially heterogenous than 

grassland and shrubland areas in this region. GEE fused images tended to 

overpredict rather than underpredict, regardless of the cover type. As found in the 

scene-wide evaluation, ESTARFM produced similar results across the four different 

land-cover types (Figure 2.7).  
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Figure 2.7. Performance of the GEE image fusion and locally run ESTARFM within the 
four NLCD land-cover types and within the scenes located at A) path 43/ row 29, and 
B) path 43/ row 30. The x-axis shows the DOY in which the model performance was 
evaluated for each scene (3 DOY’s/scene). Performance metrics evaluated for each 
scene-date combination include RMSPE, bias, and SRB. 

2.4.2 Land Surface Phenology 

2.4.2.1 PhenoCam 

General temporal trends in the double-logistic curve fit were consistent 

between the GEE image fusion and PhenoCam datasets (e.g., Figure 2.8). However, 

not all NDVI-derived phenometrics estimated from the GEE image fusion dataset 
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reliably aligned with the Gcc-derived phenometrics estimated from the PhenoCam 

datasets. Both datasets resulted in similar SOS but different EOS for the PhenoCam 

located in sagebrush steppe near Burns, Oregon (PhenoCam-1; Figure 2.8).  

The PhenoCam in agricultural lands near Moscow, Idaho (PhenoCam-4) 

showed little similarity in the predicted SOS and EOS metrics (Appendix C). However, 

the image fusion dataset did show a similar trend in declining NDVI at the EOS. Some 

of the differences in predicted metrics at this site are likely attributable to greening 

in the early season not recorded by this PhenoCam (this site had early-season values 

imputed). As other authors have noted, conifer forests typically do not have distinct 

transitions between the dormant and active states. The double-logistic model is not 

suited to reliably capture such seasonal trends (Nijland et al., 2016). Accordingly, the 

phenometrics from the two PhenoCam sites located in conifer forest near Bend, 

Oregon (PhenoCam-2, PhenoCam-3) did not align well with the NDVI-derived 

phenometrics (Appendix C).  

Table 2.2. Phenometrics (DOY) estimated at each of the PhenoCam sites. 

Dataset Site SOG SOS Mat EOS Dorm 

NDVI- image fusion PhenoCam-1 63 71 110 172 194 

 PhenoCam-2 -- 62 -- 142 -- 

 PhenoCam-3 -- -823 -- 292 -- 

 PhenoCam-4 56 74 92 223 279 

GCC- PhenoCam PhenoCam-1 50 84 117 252 331 

 PhenoCam-2 50 104 165 306 362 

 PhenoCam-3 28 91 190 314 362 

 PhenoCam-4 138 149 169 193 201 
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Figure 2.8. Comparison of the time series and model fit for the sagebrush PhenoCam 
site near Burns, Oregon (PhenoCam-1). The top panel (a) shows the GEE image 
fusion’s NDVI-derived time series, model, and phenometrics. The bottom panel (b) 
shows the PhenoCam’s Gcc-derived time series, model, and phenometrics. For each 
main panel (i.e., a and b), the three subpanels follow the labeling and symbology 
conventions of Figure 2.3. 

2.4.2.2 Starkey Experimental Forest and Range 

The fusion-derived SOS corresponded with SEFR understory observations at a 

few of the open pine sites (Figure 2.9, transects 4, 6, and 9). At these sites, the 

estimated SOS occurred when the dominant functional groups (grass, forb) were 
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primarily in the green-up phenophase. Because phenology monitoring at SEFR did 

not start until April 6th, 2017, the true beginning of the season and growth initiation 

was not captured for the SEFR grassland sites (Figure 2.10). The fusion-derived EOS 

and dormancy closely aligned with field-observed patterns of senescence and 

temporal trends in dominant functional groups. EOS most frequently occurred when 

the proportion of plants putting on new growth rapidly decreased and right before 

or during the time when the proportion of cured plants increased. Dormancy 

coincided with the time of year when the proportion of cured plants was at or near 

its maximum. As expected, correspondence between the fusion-derived 

phenometrics and the SEFR understory field observations was lowest for the SEFR 

mixed-conifer sites (Appendix D). Correspondence is likely to decrease with 

increased mature conifer canopy cover as conifer dominance will obscure the signal 

exhibited by understory plants. 
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Figure 2.9. The SEFR transects sampled in open-pine sites for the 2017 growing 
season. The top panel shows percent cover by functional group at the four sites 
(transects). The bottom panel shows the proportion of vegetation in each phase by 
functional group. In both panels, vertical lines show the phenometrics estimated 
from the GEE image fusion’s NDVI time-series, including start of green-up (SOG), 
start of season (SOS), end of season (EOS), and dormancy (Dorm). In both panels, 
lines may overlap for functional groups with little aerial cover (i.e., those with cover 
recorded in the 0-10 % class or low proportion in a given phase; e.g., shrub in 
transect 5 or, at day of year 100 in transect 5, grass in the cured phase). 
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Figure 2.10. The SEFR transects sampled in grassland sites for the 2017 growing 
season. The top panel shows percent cover by functional group at the four sites 
(transects). The bottom panel shows the proportion of vegetation in each phase by 
functional group. In both panels, vertical lines show the phenometrics estimated 
from the GEE image fusion’s NDVI time-series, including start of green-up (SOG), 
start of season (SOS), end of season (EOS), and dormancy (Dorm). In both panels, 
lines may overlap for functional groups with little aerial cover (i.e., those with cover 
recorded in the 0-10 % class or low proportion in a given phase; e.g., shrub in 
transect 5 or, at day of year 100 in transect 5, grass in the cured phase). 

2.5 Discussion 

This study explored the utility of GEE in implementing an ESTARFM-like 

image fusion technique that was applied to estimate LSP at a 30 m resolution. When 

estimates of LSP are derived exclusively from MODIS or Landsat, they are limited by 
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the spatial or temporal characteristics of these data. As a result, intraannual LSP 

from MODIS is limited to 250 to 500 m resolutions (Zhang et al., 2018, 2003), while 

higher spatial-resolution estimates from Landsat are often limited to multiyear 

averages (Melaas et al., 2016, 2013). Both approaches characterize different aspects 

of phenology but may be constrained in their application to processes that fit within 

their respective spatial or temporal domains. Recently launched satellites like 

Sentinel-2 and the creation of the Harmonized Landsat Sentinel dataset (Claverie et 

al., 2018) have created new opportunities for estimating LSP with high-spatial and 

high-temporal resolution (Bolton et al., 2020; Gao et al., 2020; Zhang et al., 2020). 

However, these data lack the long archive available with sensors like Landsat or 

MODIS, which allow for LSP estimates from the past two decades or more. 

2.5.1 Spatio-temporal Image Fusion 

This study demonstrated that spatio-temporal image fusion implemented on 

a cloud-computing platform can produce accurate image predictions throughout the 

growing season. Implementing image fusion in cloud-computing environments can 

increase the accessibility of image fusion datasets for enhanced prediction of 

intraannual phenology. The evaluation showed that our implementation of image 

fusion on GEE had similar accuracy to ESTARFM for a heterogenous landscape, both 

when considered as a whole and within particular vegetation classes. The accuracy 

reported in this study was also within the range of accuracy reported by other 

studies evaluating image-fusion algorithms (Chen et al., 2015; Liao et al., 2016). Early 

season predictions from GEE image fusion were the least correlated with true 

Landsat images, which is likely attributed to the rate of vegetation change in early 

season or the length of time between image pairs and predicted images (Figure 2.2, 

Appendix A). The linear-change assumption of the model is less reliable when the 

time between predictions is greater. Implementation on GEE also substantially 

decreases the processing time required for large-scale image-fusion tasks, 

processing evaluation images 2.8 times faster than the locally run ESTARFM 
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algorithm. In testing the GEE image fusion algorithm, a year and a half of image 

predictions completed in approximately the same time as reported for a year of 

image predictions produced with the STARFM algorithm (Gao et al., 2017); this is a 

significant reduction, considering that other comparisons show that ESTARFM 

processing takes longer than STARFM (Rao et al., 2015).     

Unlike the ESTARFM algorithm, the GEE image fusion method uses all MODIS 

pixels with the moving window to determine the conversion coefficient. Predictive 

performance in heterogenous landscapes for ESTARFM draws from this conversion 

coefficient and its relation to principles of spectral unmixing (Zhu et al., 2010). 

Specifically, the conversion coefficient accounts for the land-cover rate of change by 

estimating change within a land-cover class relative to the change in an individual 

MODIS pixel. Instead of considering change relative to an individual MODIS pixel, our 

implementation determines this coefficient for the entire window. This allows the 

relative rate of change to remain local to the window while providing a more 

generalized approximation based on the relationship between all MODIS and 

Landsat pixels in a cover class. 

2.5.2 Land Surface Phenology 

The comparison between image-fusion and PhenoCam phenometrics showed 

mixed results.  While general trends in phenology held for shrublands, phenometrics 

such as SOS and EOS were not similar between the datasets. In a worldwide study, 

Richardson et. al. (2018b) found that NDVI-derived estimates of the SOS from 

MODIS in agriculture and grassland differed by 25 and 11 days with standard 

deviations of 27 and 15 days, respectively. Differences in the spectra used for NDVI 

(image fusion) and GCC (PhenoCam), sun-sensor angles, cloud- or snow-cover effects, 

and field-of-view could contribute to phenometric differences between the datasets.  

This study's use of the MCD43A4 product could have also impacted the 

similarity of image-fusion-derived phenometrics and PhenoCam phenometrics or 
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field data. MODIS NBAR data are corrected to account for the pixel level anisotropy 

using a BRDF model calculated from a 16-day window (Schaaf et al., 2002). 

Accordingly, any surface changes (e.g., vegetation growth/senescence, disturbance) 

that may have occurred over this time frame could impact the BRDF model and the 

adjusted reflectance. Depending on the surface conditions over the 16-day window, 

the BRDF adjusted reflectance could result in earlier or later NBAR-based 

phenometrics compared to either PhenoCams or field observations. However, the 

benefits of correcting view angle effects outweighed the potential phenology related 

drawbacks.  

A unique characteristic of the SEFR field data was that vegetation was 

assessed for functional groups instead of individual species. Temporal trends in 

functional groups coincided with LSP estimated from GEE image fusion at the 

grassland site and most of the open-pine sites. Additionally, EOS estimates derived 

from the GEE image fusion dataset closely corresponded with the dates when the 

dominant functional groups transitioned to a senescent state. Some LSP studies 

have found good SOS correspondence with field data but poorer correspondence 

with EOS estimates (Friedl et al., 2010; Ganguly et al., 2010). Field-based estimates 

of SOS and EOS typically do not account for herbaceous understory vegetation when 

making comparisons to satellite-based estimates (Nijland et al., 2016). In the SEFR 

open pine and grassland sites it appeared that this herbaceous component was 

indicative of the EOS and dormancy metrics estimated from the satellite data (Figure 

2.9, Figure 2.10). However, this herbaceous understory signal was obscured when 

overtopped by high tree canopy cover (e.g., mixed-conifer sites; Appendix D).   

Our validation with ground-based observations and near-surface camera 

data highlights some of the challenges and opportunities with applying these 

datasets for LSP studies. Comparisons between satellite LSP and PhenoCam 

estimates may also benefit from using sensors in PhenoCams that capture 

wavelengths more similar to those used in multispectral satellites. For example, 
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sensors with a near-infrared band are more capable of observing vegetation 

structural changes (Filippa et al., 2018, Luo et al., 2018, Petach et al., 2014), and 

these types of sensors have been demonstrated to provide reasonable 

correspondence with LSP from multispectral satellite observations (Eklundh et al., 

2011).  

The comparability of field-based observations to LSP has historically been 

limited due to mismatches in scale and observation method (Hufkens et al., 2012); 

for example, budburst of a species vs. aggregate vegetation within a pixel. 

Mismatches in scale and observation method may be partially resolved by 

downscaling LSP to resolutions more attainable by field studies. Correspondence 

between satellite LSP and functional group phenology warrant further investigation 

to assess if field data collection of functional groups is preferable to species-level 

assessments.  

2.5.3 Future Directions and Potential Applications 

Implementation of an ESTARFM-like image fusion algorithm in GEE was not 

without its challenges. Moving windows are not ideal for a platform designed to 

divide datasets into smaller units for parallel computation. Recently, Moreno-

Martínez et al. (2020) implemented a bias-aware Kalman filter method in GEE for 

the fusion of Landsat and MODIS, which produces a monthly gap-filled 30 m product 

across the United States. The integration of deep learning libraries like TensorFlow 

(Abadi et al., 2015) with GEE also offers new possibilities for further innovation in 

image fusion methods, potentially building upon current deep learning methods for 

image fusion (Song et al., 2018), while taking advantage of the cloud computing 

infrastructure of GEE. 

The phenometrics extracted from the GEE-image-fusion time series 

represented some grassland, shrubland, and open-pine patterns in this study. 

However, not all landcover types were adequately captured, such as dense conifer 
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forest and agriculture. Sensitivity of NDVI to fluctuations in vegetation biomass or 

the double logistic function's ability to adequately model the development patterns 

of vegetation may account for challenges in these landcover types. As opposed to 

using a single index like NDVI, a multivariate perspective of phenology could be 

considered, which would allow for temporal patterns of different spectral bands or 

indices to be captured simultaneously (Pasquarella et al., 2016). Many other 

methods for phenometric extraction exist (Zeng et al., 2020) and could be used for 

vegetation with temporal patterns that are difficult to characterize with a double-

logistic function. For example, in agricultural areas, it may be necessary to employ a 

method capable of characterizing multiple crop cycles within a single year.  

Capturing intraannual LSP may also help ecologists studying rapidly changing 

ecosystems, like those where species invasions lead to shifts in plant community 

composition (D’Antonio and Vitousek, 1992; Gunderson, 2000; Kerns et al., 2020). 

Phenometrics from GEE image fusion could be used to identify the distribution of 

exotic annual grasses. The distinct phenological traits (Wallace et al., 2015) and rapid 

colonization from Ventenata dubia in the interior Pacific Northwest (Kerns et al., 

2020) may present this methodology's ideal application. Phenological patterns have 

been employed to identify and map populations of other invasive annual grasses in 

the western United States, however data used in these studies was limited in spatial 

resolution (Boyte and Wylie, 2016; Bradley et al., 2017). Limited spatial resolution 

presents a challenge in identifying small grass populations across spatially 

heterogenous landscapes. Additionally, annual grass species strongly respond to 

year-to-year climatic variation (Pilliod et al., 2017) and represent a substantial 

proportion of surface canopy cover in some shrubland, grassland, and open pine 

communities (D’Antonio and Vitousek 1992). Thus, in temporally dynamic situations, 

intraannual LSP estimates may be useful. The availability of high-spatial and high-

temporal resolution estimates of LSP over the last two decades may also provide an 

opportunity to track the unique characteristics of this rapid plant invasion over time.     
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2.6 Conclusions 

This study addressed two challenges in estimating vegetation phenology at 

ecologically meaningful spatial and temporal scales. Employing spatio-temporal 

image fusion on a cloud-computing platform like GEE is feasible and can produce 

high-quality predictions in reasonable timeframes. We found that GEE image fusion 

predictions were accurate and similar to those produced by a locally run version of 

ESTARFM. Furthermore, using a time series enhanced with the additional data from 

the image-fusion process can lead to LSP estimates that coincide with plant 

development patterns in shrubland, grassland, and open-pine land-cover types. We 

showed that satellite-LSP estimates aligned with the phenology of dominant 

functional groups at some field sites. However, we found that NDVI-derived 

phenometrics from satellite data and GCC-derived phenometrics from PhenoCam 

data did not closely align, which could be attributed to spectral, sun-sensor angle, 

and cloud-cover differences between the two datasets. 

Characterizing LSP in semi-arid regions like the interior Pacific Northwest 

continues to be challenging, especially within conifer-dominated areas and when 

cloud cover prevents surface observation in the early growing season. Incorporating 

data from satellites like Sentinel-2 and continued efforts to improve image fusion on 

cloud-computing platforms can help overcome some current data limitations. 

Capturing intraannual vegetation development patterns can continue to provide 

insight into meaningful and useful processes as they play out across landscapes now 

and in the future.  
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3 MAPPING THE INVASIVE ANNUAL GRASS VENTENATA (VENTENATA 
DUBIA) IN THE NORTHWESTERN UNITED STATES 

3.1 Abstract 

Since first being observed in the northwestern United States in the 1950s, 

Ventenata dubia (ventenata) has spread throughout much of the west, becoming 

particularly problematic in the Blue Mountains Ecoregion (BME). The rapid spread of 

this winter annual grass and its abundance in previously invasion-resistant areas 

warrants the development of information detailing this species' range and 

distribution. To complicate matters, ventenata is invading a region with a history of 

annual grass invasion by species such as cheatgrass (Bromus tectorum) and 

medusahead (Taeniatherum caput-medusae). We developed three models using 

climatic, topo-edaphic, and image fusion derived (30m) estimates of land surface 

phenology (LSP) to 1) provide the best possible estimate of ventenata’s distribution 

for management and policy decisions, and 2) examine the separability of this species 

from other known annual invaders based on the niche and remotely-sensed 

predictors. These models differed in their inclusion of predictor sets and are referred 

to as the 1) hybrid (LSP, climate, topo-edaphic), 2) bioclimatic (climate, topo-

edaphic), and 3) phenology (LSP). The best performing hybrid model had a mean 

cross-validated AUC of 0.89. Ventenata (>20% cover) was commonly predicted in 

ecotones between forested and non-forested areas of the region and in shrub-grass 

openings of the forest matrix. Comparison of the hybrid and bioclimatic models 

showed that parts of the region with high environmental suitability have not yet 

been invaded. Comparison of the hybrid and phenology models showed that parts of 

the region with high probability from the phenology model align with previous 

predictions of cheatgrass presence and present populations of ventenata. We 

contend that, in some cases, incorporating LSP with climatic predictors can assist 

with model differentiation of invasive annual grasses where phenological patterns 

may be similar, but environmental niche requirements differ. Our models indicate 

that 7.7% (5,454 km2) of the BME may have contained robust populations of 
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ventenata in 2017. Our map estimates provide the first regional spatially explicit 

information about the ventenata invasion in the ecoregion. Given the distribution of 

this species, it will be important to consider the potential impacts of ventenata when 

making regional management and policy decisions. 
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3.2 Introduction 

Numerous non-native annual grass species have been introduced to the 

North American west. Some of these introductions have led to extensive changes in 

ecosystem structure and function (Keeley et al., 2005; Levine et al., 2003; Simberloff 

et al., 2013). Of particular concern is these species’ ability to alter regional fire 

regimes (Brooks et al., 2004; D’Antonio and Vitousek, 1992; Mack and D’Antonio, 

1998). Winter annual grasses like cheatgrass (Bromus tectorum), medusahead 

(Taeniatherum caput-medusae), and buffelgrass (Cenchrus ciliaris L.) have long been 

recognized for their ecological effects (Knapp, 1996; Mack, 1981; Miller et al., 2010; 

Young, 1992; Young and Evans, 1970), but have recently been joined by other exotic 

annual grass species. Addressing the present and future implications of these 

species’ invasions requires an understanding of their spatial and temporal 

distribution (Forsyth et al., 2012). When collected at a local and regional level, this 

information can help estimate spread rate, locate problematic populations, and 

determine site characteristics that influence spread or persistence (Funk et al., 

2020). This study aims to understand the contemporary spatial distribution of a 

newly problematic annual grass species (Ventenata dubia) found in the 

northwestern US by developing and evaluating presence models based on remote 

sensing, climatic, and topo-edaphic predictors. 

Ventenata dubia (wiregrass; henceforth ventenata) is a winter annual grass 

species from Mediterranean Eurasia and northern Africa (Wallace et al., 2015) and 

was first observed in eastern Washington state in the 1950’s. The rapid expansion of 

this species over a short timespan has meant that the ecological and economic 

impacts are yet to be realized. Ventenata has been observed invading grasslands and 

shrublands (Averett et al., 2020; Endress et al., 2020; Jones et al., 2018) and has 

become abundant in non-forested openings within forested mosaics (Tortorelli et 

al., 2020). Cheatgrass has also been problematic in shrublands but less so at higher 

elevations because lower soil temperatures are known to restrict its growth and 
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reproduction (Chambers et al., 2014b, 2007). The presence of robust ventenata 

populations in forest openings appears to be unique compared to other annual grass 

species and is likely related to ventenata’s occupancy of distinctly different niche 

space (Tortorelli et al., 2020). Non-forest openings in this region provide unique 

habitats and have also served as fuel breaks in wildfire control efforts. The 

accumulation of fine fuel biomass in these openings may lead to fire behavior 

alterations in areas that have not already suffered impacts from cheatgrass invasion.  

Concern over ventenata’ s landscape-scale impacts and its potential to alter 

fire behavior necessitates the acquisition of cartographic information identifying 

invasion risk and the current invasion status and extent (Kerns et al., 2020). The 

development of management strategies and policies for invasive species is 

commonly hampered by a lack of necessary information about the range and 

abundance of newly introduced species (Funk et al., 2020). This information is 

critical for planning and allocating limited resources available to managers. As such, 

this data's precision and accuracy can substantially impact the long-term outcomes 

from management decisions (Cheney et al., 2018). Additionally, evaluating policy 

decisions and management actions also requires information quantifying the current 

status and trends of species invasion (Jetz et al., 2019). For developing this necessary 

information, traditional field sampling has been combined with remote sensing and 

climate data to inform invasion extent and potential risk, respectively (Jetz et al., 

2019). 

Advances in the detection and classification of plant species utilizing remote 

sensing have opened the door for rapid and accurate mapping (Bradley, 2014; 

Huang and Asner, 2009; Royimani et al., 2019). Winter annual grass species, like 

cheatgrass, have been mapped with land surface phenology (LSP) estimated from 

satellites like the Moderate Resolution Imaging Spectroradiometer (MODIS; Bradley 

and Mustard 2008; Boyte and Wylie 2016; Bradley et al., 2017; West et al., 2017). 

However, the introduction of new species that exhibit similar phenological attributes 
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may reduce confidence in models based solely on phenology. In regions with 

multiple winter annual grass species, models using LSP alone likely capture a 

combination of these grass species (Pastick et al., 2020).  

An inherent challenge with using earth observation (EO) data to classify 

species presence is the discrepancy between the spatial grain of datasets like MODIS 

and the abundance of invasive populations. This difference may obfuscate the LSP 

signal exhibited by these species’ presence, reducing the reliability of models based 

on this data. EO data with increased spatial or spectral resolution can more readily 

capture these populations (Irisarri et al., 2009; Noujdina and Ustin, 2008; Olsson et 

al., 2011; Rupasinghe and Chow-Fraser, 2021; Ustin et al., 2002), but cost and spatial 

and temporal coverage across large extents can become a more limiting factor. 

Another, more cost-effective, option to mitigate the spatial limitations of a sensor 

like MODIS is using spatio-temporal image fusion to blend the spatial characteristics 

of Landsat with the temporal characteristics of MODIS.  

Improved annual grass species discrimination may also be possible by 

combining climatic and remote sensing predictors (Zimmermann et al., 2007). 

Environmental information is needed to draw relationships between the species and 

relatively stable features of the physical environment (Franklin, 2010). Habitat 

suitability models have routinely been employed to determine the potential 

distribution of invasive species by capitalizing on correlative relationships (Austin, 

2007; Elith, 2016; Franklin, 2010). Remote sensing has also recently been used in 

habitat suitability models (He et al., 2015). Still, by using remote sensing data, these 

models may inadvertently be mapping something closer to the present distribution 

of the species (Bradley et al., 2012).  

In this study, we developed and assessed three models to predict the 

presence of ventenata across the Blue Mountains Ecoregion (BME) of the interior 

Pacific Northwest, 1) a hybrid model that incorporates phenology, climatic, and 

topo-edaphic predictors, 2) a bioclimatic model using only climatic and topo-edaphic 
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predictors, and 3) a phenology model using only phenology predictors derived from 

a time series of Landsat images enhanced with images produced with image fusion. 

Henceforth, we refer to each of these as the hybrid, bioclimatic, and phenology 

models, respectively. Our objectives were to 1) produce a model with the best 

possible discrimination power to predict and map ventenata within the BME, 2) 

evaluate the discriminatory capacity of the three models, 3) determine which 

predictors of ventenata presence were most influential and how these relate to the 

probability of ventenata presence, and 4) compare and contrast the predictions 

between the three models. 

3.3 Methods 

3.3.1 Study Area 

The BME is a complex of mountains, valleys, and plateaus covering 

approximately 71,000 km² of the interior Pacific Northwest (Figure 3.1; Omernik, 

1987). The Cascade Mountains border this region to the west and the Rocky 

Mountains to the east. Consequently, the BME flora represents a transition between 

these major mountain ranges where the BME’s unique geology drives local 

community composition. Grasslands, including remnants of Palouse Prairie, are 

mostly present in the northern portion of the ecoregion, while shrublands, 

dominated by sagebrush (Artemisia spp.) and Western juniper (Juniperus 

occidentalis) woodlands, are more common in the south. A large portion of the 

region is forested, of which the majority is dominated by ponderosa pine (Pinus 

ponderosa), but parts of the region also support dry and moist mixed conifer and 

subalpine forests. Elevation ranges from 235 m at the Snake River along the 

Washington-Idaho border to 2,997 meter at Sacajawea Peak in the Wallowa 

Mountains. The BME’s climate varies widely in terms of annual temperature and 

precipitation but can generally be characterized by dry summers and cold winters. 

Precipitation is primarily received as snow and rain during the winter and spring 

seasons, with annual totals from 20 to 195 centimeters (PRISM Climate Group, 
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2012). Mean annual temperatures range from -1 to 13° C (PRISM Climate Group, 

2012). Soil moisture regimes are xeric or aridic in the lower elevations and transition 

to udic in higher elevations. A low to high soil productivity gradient generally exists 

along the elevational gradient partially because of the change in erosion rate and 

partially from the higher abundance of volcanic ash residing in the region's higher 

elevations (Clarke and Bryce, 1997). 

 
Figure 3.1. Location of ventenata presence and absence observations throughout 
the Blue Mountains Ecoregion. 

3.3.2 Data  

3.3.2.1 Field Observations 

While the availability of spatially referenced species data has increased in 

recent past, acquiring an adequate number of observations for modeling across 

large spatial extents is still a challenge (Bradley et al., 2018). Since a sufficient 

sample size from a single sampling design was not available for the BME, we 

compiled records of ventenata presence, absence, and abundance from multiple 

sources. These data were evaluated for spatial accuracy and temporal proximity to 

the modeling time frame. Observations were retained if they were recorded within 

one year of 2017 and if the plot size was close to 900 m2. When multiple 

observations occurred within 30 m, the observation with the best combination of 
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temporal proximity to the focal year, spatial accuracy, and plot size was retained. 

The resulting dataset had 944 observations split between nine sources: the United 

States Forest Service (USFS; Forest Inventory and Analysis Program data), Bureau of 

Land Management (Greater Sage-Grouse monitoring data; A.E. Dean, unpublished), 

and Oregon State University (K. Hogrefe, unpublished; J.D. Johnston, unpublished; 

Lawrence, 2015; T.C. Nietupski, unpublished; Downing et al., 2019; Tortorelli et al., 

2020). 

To date, models of grass abundance or cover have achieved relatively minor 

success using moderate resolution LSP (Bradley et al., 2017). Previous studies have 

noted that phenological patterns are only discernable once populations reached a 

certain cover threshold. Similar to studies of cheatgrass, we classified ventenata 

observations with greater than 20 percent cover as presence (Bradley et al., 2017; 

West et al., 2017). Throughout the remainder of the manuscript, it is important to 

consider that this threshold was used to classify presence because presence in this 

case signifies a substantial level of invasion. This level of invasion can influence the 

local plant community composition, structure, and fire behavior (Bradley et al., 

2017; Endress et al., 2020). The final dataset had 94 presences and 850 absences, 

156 of which had ventenata cover between 0.1 and 20% (Figure 3.1). 

3.3.2.2 Remote Sensing 

Image fusion can be used to fill missing data in higher resolution EO datasets 

like Landsat (Belgiu and Stein, 2019), thus allowing for finer spatial resolution 

estimates of annual LSP (Gao et al., 2017). A time series of normalized difference 

vegetation index (NDVI) from Landsat 8 and images synthesized through image 

fusion were used to estimate LSP for 2017 (Nietupski et al., 2021). The combination 

of the Landsat 8 and fused images resulted in a near-daily observation interval at 30 

m resolution. The time series was smoothed and annual phenometrics were 

extracted using a double logistic function. Phenometrics represent different aspects 

of the annual cycle, including the day of year (DOY) associated with transitions to 
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and from a dormant state, the NDVI related to different transition dates, and the 

rate of change at various transition points. These phenometrics vary from year to 

year as a result of the vegetation composition and yearly weather patterns. The 

smoothing and extraction process resulted in 11 phenometrics characterizing the 

seasonal pattern in reflectance. Further details on the methods used for image 

fusion and phenometric extraction can be found in Nietupski et al. (2021). 

The cumulative growing degree days (GDD) from the beginning of the year 

were also determined at five transition dates (start of green-up, start of season, 

maturity, end of season, dormancy). These metrics account for temperature-driven 

plant development and may have lower interannual variability than DOY metrics 

(Russelle et al., 1984). Daily minimum and maximum temperatures were used to 

calculate GDD following 

𝐺𝐷𝐷 = {

(7 −  𝑇𝑏𝑎𝑠𝑒),
(30 −  𝑇𝑏𝑎𝑠𝑒),
(𝑇𝑚𝑎𝑥 +   𝑇𝑚𝑖𝑛)/2 −  𝑇𝑏𝑎𝑠𝑒 ,    

  
𝑖𝑓 (𝑇𝑚𝑎𝑥 +  𝑇𝑚𝑖𝑛)/2 < 7

𝑖𝑓 (𝑇𝑚𝑎𝑥 +  𝑇𝑚𝑖𝑛)/2 > 30
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (2.1) 

where 𝑇𝑚𝑎𝑥 is the maximum daily temperature in Celsius, 𝑇𝑚𝑖𝑛 is the minimum daily 

temperature in Celsius, and 𝑇𝑏𝑎𝑠𝑒 is the base temperature for ventenata in Celsius. 

The 𝑇𝑏𝑎𝑠𝑒 (i.e, minimum temperature threshold) for ventenata is 7°C (Wallace et al., 

2015). Mean daily temperatures outside a ventenata-specific range were censored 

because plant development is unlikely under these conditions (McMaster and 

Wilhelm, 1997). The maximum temperature threshold was set at 30°C. This 

threshold was determined for cheatgrass (Thill et al., 1984) and has been used as an 

approximation for ventenata (Wallace et al., 2015). The climate data used to 

calculate GDD metrics were acquired from the PRISM (Parameter-elevation 

Relationships on Independent Slopes Model) Climate Group, which provides daily 

gridded estimates of historic temperature and precipitation at 4 km resolution 

(PRISM Climate Group, 2012).  
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3.3.2.3 Climatic and Topo-edaphic 

Climate, soils, and terrain data were used to define the relatively stable 

aspects of the physical environment. Climatic conditions were determined from 

long-term annual and monthly PRISM climate data (800 m; PRISM Climate Group, 

2012). Seasonal climate was calculated from monthly data, where seasonal means 

were weighted by the days per month. The seasons were defined as spring (April-

June), summer (July-September), fall (October-December), and winter (January-

March). Within the BME, these seasons represent distinct periods of climatic 

condition from year to year. Climate metrics were resampled to a 30 m grid for 

prediction. Soil texture in the top 20 cm of the soil profile was derived from gridded 

Soil Survey Geographic Database (Soil Survey Staff 2015). The missing data was filled 

with Soil Resource Inventory data from the USFS. Only the top layer of the soil 

profile was considered due to its importance for shallow-rooted species. Terrain 

attributes, including slope percent, eastness, and northness were calculated from 

the National Elevation Dataset (NED; Gesch et al., 2018). Appendix E provides a 

summary of all predictors used in this study. 

3.3.3 Modeling 

3.3.3.1 Development 

Supervised classification of ventenata presence for the three models was 

performed using the random forest (RF) algorithm. These models differed by their 

inclusion of different covariate groups and were split as follows: 1) hybrid (48 

predictors), 2) bioclimatic (32 predictors), and 3) phenology (16 predictors). The RF 

classifier uses an ensemble of decision trees (CART) combined to form a prediction 

through a majority voting process (Breiman, 2001). The trees are created by 

employing bagging to randomly select training samples, with replacement, to create 

each tree. This method uses approximately two-thirds of the original observations in 

each sample and retains approximately one-third as ‘out-of-bag’ observations. 

Within each node of each tree, RF searches across a random subset of the features 
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and determines a binary partition to maximize the dissimilarity between classes 

(Cutler et al., 2007). The probability of each class is estimated by the proportion of 

out-of-bag predictions in each class.  

The RF algorithm applied in this analysis was implemented through the 

Python package XGBoost (Chen and Guestrin, 2016). Tuning parameters were 

determined through cross-validated grid search to maximize discriminatory capacity 

and reduce overfitting. A few parameters must be set to fixed values to fit a RF-style 

model in XGBoost. Other parameters may be adjusted to control for overfitting or 

improve model performance for low prevalence data. Parameters were adjusted and 

determined in sequence and included the total number of trees (number 

estimators), the maximum depth of the trees (maximum depth), the minimum 

number of observations per node (minimum child weight), the minimum loss 

reduction required to make another partition (gamma), and the weight given to 

classes (scale positive weight). Applying this process ensured that the model would 

perform well with an unbalanced dataset. 

Table 3.1. RF model parameters determined through grid search. 

Parameter Model 

Hybrid Bioclimatic Phenology 

Number Estimators 100 500 900 
Max Depth 7 3 6 
Min Child Weight 3 1 4 
Gamma 0.1 0.4 0.1 
Scale Positive Weight 9 11 13 

3.3.3.2 Evaluation 

Overall model performance was evaluated using k-fold cross validation 

(k=10). Multiple evaluation metrics were selected to characterize the model's 

discriminatory power with threshold independent and dependent approaches 

(Fielding, 2002). The area under the receiver operator characteristic curve (AUC) was 
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used to determine discriminatory power. Threshold dependent measures included 

accuracy, sensitivity, and specificity  (Cohen, 1960; Fielding and Bell, 1997).  

Determination of an appropriate probability threshold to distinguish 

presence and absence observations was required to assess the overall model 

performance using threshold-dependent metrics. To calculate the threshold for each 

of the three models, we simulated model performance 1,000 times with the 

parameters determined by the grid search process. Data were randomly partitioned 

into training and testing sets while preserving the prevalence of the original data. 

For each of these partitions, a model was fit on the training data (80 percent) using 

the three covariate combinations (hybrid, bioclimatic, phenology) and evaluated 

with the testing data (20 percent). The kappa statistic was calculated for each 

iteration at 0.01 increments across the probability range, and the median threshold 

that maximized kappa was retained to distinguish presence and absence (Freeman 

and Moisen, 2008). This process resulted in the thresholds of 0.58, 0.73, and 0.7 for 

the hybrid, bioclimatic, and phenology models. These values were used for all 

threshold dependent evaluations of the three models. 

Elevation and vegetation classes were used to investigate patterns in the 

predictive performance that might not be captured by overall performance. The 

regional elevation range was evenly split into eight classes between 610 and 1,830 

m, with two additional classes representing elevations below 610 or above 1,830 m. 

Vegetation classes were determined from the potential natural vegetation (PNV) 

type map developed by the USFS, Pacific Northwest Research Station (Simpson et 

al., 2019). Classes were associated with each record, and evaluation metrics were 

calculated from cross-validation datasets (1,000 random 80-20 partitions). Some 

vegetation classes contained few records. Therefore, model performance was 

evaluated in each class by aggregating evaluation metrics from 1,000 cross-

validation datasets (80/20 train/test partitions). 
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3.4 Results 

3.4.1 Model Performance 

Model evaluation indicates that the hybrid model performed best in terms of 

threshold independent and threshold dependent metrics (Table 3.2). All three 

models resulted in a similar performance in accuracy and specificity but differed 

most substantially in sensitivity. The AUC resulting from the k-fold validation of 

these models indicates that all models achieved a relatively high-performance level 

in distinguishing the presence and absence of ventenata (Figure 3.2). However, 

when considering the variation in AUC, as indicated by the interquartile range (IQR) 

from the cross-validation, the hybrid model consistently performed slightly better 

than the other models. 

 

Figure 3.2. ROC curves for each of the (a) hybrid, (b) bioclimatic, and (c) phenology 
models. The bold blue line shows the mean ROC curve from the k-fold (k=10) cross 
validation. The light blue lines show the ROC curve for each fold and the grey band 
shows the variation in the ROC curves. The dashed line-of-equality represents an 
AUC of 0.5 and is interpreted as performance of a model with random predictions. 
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Table 3.2. Mean and IQR of evaluation metrics showing the overall model 
performance for each of the three models. Threshold-dependent metrics were 
calculated based on thresholds of 0.58 (hybrid), 0.73 (bioclimatic), and 0.7 
(phenology). 

Model AUC Accuracy Sensitivity Specificity 

Hybrid 0.89 (0.044) 0.9 (0.021) 0.54 (0.275) 0.94 (0.032) 
Bioclimatic 0.85 (0.041) 0.89 (0.038) 0.39 (0.347) 0.95 (0.041) 
Phenology 0.83 (0.089) 0.88 (0.047) 0.41 (0.167) 0.94 (0.05) 

 

Evaluation metrics within each elevation and vegetation class showed 

generally similar results to the overall model performance. However, evaluating 

performance by elevation revealed model differences that are not represented in 

the overall model performance. Notably, while the phenology model's performance 

is similar to the hybrid and bioclimatic models in the 915 to 1680 elevation range, its 

performance decreases below 915 m (Table 3.3). When evaluated by vegetation 

class, the hybrid model had higher accuracy than either of the other two models in 

scabland shrub and upland shrub types but lower accuracy in moist white fir – grand 

fir. The hybrid model also had higher sensitivity across all vegetation types, with the 

most noteworthy differences occurring in scabland shrub, upland shrub, xeric pine, 

and moist Douglas-fir. Measures of specificity were similar between the three 

models for most vegetation types but marginally higher for the hybrid model in 

scabland shrub and lower for moist white fir – grand fir. For further information 

about model performance by PNV type, see Table G.1 in Appendix G. 
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3.4.2 Model Interpretation 

Predictors shared between each of the three models had similar rank and 

importance in each model (Figure 3.3). The top ten predictors from the hybrid model 

were split between phenology and climate. The top few climate predictors were 

similar between the hybrid and bioclimatic models but without the phenology to 

help differentiate ventenata from the absence class, the soil predictors became 

more critical in the model (Appendix F). None of the terrain related metrics were 

ranked highly in either of the models in which they were included. 

The phenology predictors with the greatest importance in the hybrid and 

phenology models were NDVI_min, SOG, GDD_at_EOS, and EOS (Figure 3.3). The 

climate predictors ranked as most important in the hybrid and bioclimatic models 

included Wint_Tmax, Fall_Tmax, Wint_Ppt, and Wint_MaxVPD. Appendix F provides 

importance plots for the bioclimatic and phenology models. 
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Figure 3.3. Importance and rank of the 48 predictors included in the hybrid model. 
Descriptions of the individual covariate codes can be found in Appendix E. 

The hybrid model's partial dependence plots reveal the strength and 

direction of the relationship between the predictors and the probability of 

ventenata presence. Ventenata presence was associated with lower baseline NDVI 

values, earlier start of green-up, and lower cumulative growing degree days at the 

end of the season (Figure 3.4). Ventenata was also associated with higher fall and 

winter maximum temperatures and relatively moderate winter precipitation. There 

appears to be a strong threshold for winter and fall temperatures below about 5.5 

and 6.5 degrees, respectively. 
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Figure 3.4. Partial dependence plots from the hybrid model indicating the average 
relationship between the probability of ventenata presence and the predictors. Tick 
marks in the rug plot along the x axis indicate deciles from the training dataset. 
Appendix E provides a description of each predictor. Units of the x-axes include a) 
NDVI, b) day of year, c) degrees Celsius, d) degrees Celsius, e) degrees Celsius, and f) 
millimeters. 

3.4.3 Predicted Distribution 

Based on the hybrid model, approximately 5,454 km² of the BME may have  

contained populations of ventenata in 2017 (Figure 3.5, top panel), equating to 

about 7.7 percent of the region. Both the bioclimatic and phenology models 

predicted greater area invaded with nearly 5,986 km² (8.4 percent) and 7,441 km² 

(10.5 percent), respectively.  

There are a few notable differences in the predictions between the three 

models when focusing on the areas above the presence threshold (highlighted in 

yellow to red). A comparison between the hybrid and bioclimatic models shows that 

the hybrid model predicts presence (at greater than 20% cover) in a subset of the 
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area predicted by in the bioclimatic model. However, the inclusion of phenology in 

the hybrid model resulted in presence within the northwestern part of the BME and 

absence in the far eastern part of the region, along Hells Canyon. Comparison 

between the hybrid and phenology models also shows the hybrid model presence in 

a subset of the area predicted with the phenology model. In this case, the phenology 

model shows presence broadly, including lower elevations and substantial parts of 

the southern and western parts of the region. Figure 3.5 shows the prediction from 

each of the three models where areas considered presence, based on the threshold 

the maximizes kappa, are indicated by the yellow to red portion of the color ramp. 



67 
 

 

 

Figure 3.5. Predictions (probability) from the hybrid model (top panel), the 
bioclimatic model (middle panel), and the phenology model (bottom panel). The 
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color ramp is split at the presence threshold (i.e., the threshold that maximizes 
kappa; hybrid=0.58, bioclimatic=0.73, phenology=0.7), where areas above the 
threshold (presence) are colored in yellow to red and areas below the threshold 
(absence) are colored in grey to black. Masked areas are outside the BME or are 
presumed to be currently uninvadable due to high elevation, high forest canopy 
cover, or perennial water. 

Calculating the probability difference between the hybrid model and the 

other two models also illustrates the effect of including both predictor sets (top 

panel, Figure 3.6). The bioclimatic model generally predicted a higher probability 

across much of the BME. Within the higher elevation areas across the region, 

locations with high conifer canopy cover had much higher probability in the 

bioclimatic model (see Figure 3.1 for the location of forested areas). In contrast, 

some forest openings had higher probability in the hybrid model. In general, the 

hybrid model predicted higher probability across the higher elevations and lower 

probability across lower elevations when compared to the phenology model. The 

greatest differences in probability between the hybrid and phenology models were 

located along the southern and northwestern portions of the BME. The spatial 

patterns of negative difference (phenology greater than hybrid) between these 

models closely align with the area predicted as cheatgrass by another recent 

phenology modeling effort (bottom panel, Figure 3.6). 
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Figure 3.6. The difference between probability where the bioclimatic and phenology 
models are subtracted from the hybrid model (Top panel). Blue colors indicate that 
the hybrid model predicts higher probability while red colors indicate that the 
bioclimatic or phenology model predict higher probability. Predicted cheatgrass 
presence within a subset of the BME showing the similarity of spatial patterns to the 
difference between the hybrid and phenology model (Bottom panel). 

3.4.4 Elevation and Vegetation Associations 

Presence from the hybrid model was primarily located within the elevation 

range of 946 and 1,451 m (90 percent quantile interval, Table 3.4). The elevational 

range for the bioclimatic model was also similar but the lower bound of the 
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elevations associated with ventenata presence were shifted down in the phenology 

model (753 to 1,495). Based on the hybrid model, approximately 73 percent of 

ventenata presence is found within upland shrub, juniper woodland, xeric pine, and 

dry ponderosa pine PNV types. Although upland shrub and juniper woodlands have 

the greatest area of ventenata invasion, the proportion of these classes invaded by 

ventenata is lower than dry ponderosa pine and xeric pine (Figure 3.7). 

Table 3.4. Summary of total area and percentiles of elevation for six probability 
classes for the hybrid model. The probability range above and below the threshold 
that maximizes kappa was split into three equal classes. 

Threshold 
Probability 

Class 
Area (km2) 

Percent of 
BME Area 

5th 
Percentile 

of Elevation 
(m) 

95th 
Percentile 

of Elevation 
(m) 

Absence 0.12 – 0.27 34,191 48.2 700 1,725 
 0.27 – 0.42 12,895 18.2 686 1,559 
 0.42 – 0.58 6,212 8.8 823 1,504 

Presence 0.58 – 0.67 2,016 2.8 888 1,476 
 0.67 – 0.76 1,637 2.3 969 1,450 
 0.76 – 0.86 1,801 2.5 1,061 1,419 
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Figure 3.7. PNV types with greater than 0.1 percent area of ventenata and greater 
than 0.5 percent area of the BME. The invaded area (orange) and uninvaded area 
(grey), according to the hybrid model (greater than 0.58 probability), is shown for 
each PNV type. The percent of each PNV type invaded by ventenata is reported as 
an inset. PNV types are presented in descending order by proportion of total 
invaded area. 

3.5 Discussion 

3.5.1 Regional Assessment 

The best performing model (hybrid) of ventenata in the Blue Mountains 

Ecoregion illustrates that there may be a significant portion of the region (7.7 %) 

already invaded. Unlike previously published maps of cheatgrass for this same 

region, the hybrid model predicts that many of the invaded areas are found in 

openings within forested areas and along the forest and shrublands' ecotones 

(Figures 3.1, 3.5, and 3.6). This pattern expands the potential impact of annual grass 

invasion in the region and may have broad implications across the western US where 

ventenata is currently invading.  
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Our bioclimatic model also shows that a substantial portion of the region is 

vulnerable to future invasion, and output from this model conceptually represents 

potential suitable habitat for ventenata. Albeit, by constraining the ground truth 

data (e.g., greater than 20 % ventenata cover, scale, etc.), the model is likely 

restricted to a narrower representation of ventenata’ s realized environmental 

niche. Areas with low probability in the hybrid model and higher probability in the 

bioclimatic model are found throughout the Malheur National Forest's southern 

extent, indicating that this part of the region may be especially susceptible to future 

invasion. The inclusion of phenological predictors in the hybrid model constrains the 

output to actual ground conditions and species occurrence. Therefore, the hybrid 

model represents our best estimate of actual ventenata occurrence and invasive 

impact in the region. There are also known populations of ventenata that the 

bioclimatic model did not capture when the probability threshold was applied (i.e., 

higher omission error). The model that included phenology and climatic predictors 

(hybrid model) helped identify these areas as having higher probability because the 

observed phenological patterns were not unlike other locations in the region with 

ventenata presence. 

One potential issue with using phenology alone to predict ventenata is the 

coexistence of other annual grasses with similar life cycles. This has not typically 

been addressed in other studies (Peterson 2005; Clinton et al., 2010; Boyte and 

Wylie 2016; Bradley et al., 2017), although recent work has recognized the 

separability issues between multiple collocated invasive annual grasses (Pastick et 

al., 2020). As a result, relying on phenological predictors alone would likely 

overestimate the current range and abundance of ventenata.  

Our comparison with an independently derived model of cheatgrass (Bradley 

et al., 2017) indicated that reliance on phenology alone might not adequately 

differentiate ventenata and cheatgrass. Areas with the greatest difference between 

the hybrid and phenology models overlapped with much of the area predicted as 
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cheatgrass (Figure 3.6). The inclusion of climatic predictors may have helped the 

hybrid model differentiate between ventenata and cheatgrass in areas where 

differentiation was not possible based on phenology alone. Conversely, Bradley et 

al. (2017) predicted cheatgrass in parts of the region known to be dominated by 

ventenata, such as the eastern Ochoco National Forest and western Malheur 

National Forest. Although cheatgrass and ventenata exist side-by-side in some 

locations, it is pertinent to consider that the cheatgrass and ventenata models were 

based off of relatively high cover thresholds (i.e., 15 percent cover of cheatgrass and 

20 percent cover of ventenata) and it is unclear how frequently these species coexist 

at high cover. 

3.5.2 Model Performance 

The overall model performance between all three models was similar, but 

closer examination shows that the hybrid model has some advantages. Similar 

accuracy between the models was not surprising because low prevalence in training 

data often leads to models with high accuracy (Fielding and Bell 1997). When 

training datasets have low prevalence, the overall accuracy can still be high even if 

the model’s ability to identify presence correctly is low because the disproportionate 

number of absences will increase specificity. In other words, if the dataset had 10 

percent prevalence and the model predicted absence in all cases, the overall 

accuracy would still be 90 percent. It is also worth considering that the probability 

threshold for presence was not the same for each model. The bioclimatic and 

phenology models required a much higher probability threshold to discriminate 

presence and absence. Therefore, the dissimilarity in performance would be greater 

if all three models were evaluated at the same threshold.  

The most notable dissimilarity between the three models was found in the 

omission error (i.e., false negative rate). Both the bioclimatic and phenology models 

have overall omission errors 15 and 13 percent higher than the hybrid model, 

respectively, indicating that these models are less effective at correctly identifying 
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ventenata presence and more likely to classify an observed presence as an absence. 

When predicting the extent of an invasive species exclusively with a bioclimatic 

predictors (i.e., traditional species distribution models), omission errors are 

considered the most problematic because it is assumed that commission errors will 

occur simply because the species has yet to spread across the entire landscape 

(Guisan and Thuiller 2005). Two factors may explain the lower omission error in the 

hybrid model. First, the hybrid model is likely to predict presence in locations 

deemed somewhat suitable, that exhibit similar phenological characteristics to 

ventenata. Especially at the early stages of invasion, it is improbable that samples 

will be collected across the full range of conditions environmentally suitable to a 

new invader, so the environmental niche characterized by the these models is 

probably more narrow than the actual suitable range of conditions. Second, the 

hybrid model will likely predict presence in locations where the phenology is 

moderately similar to ventenata, but the environmental suitability is high. This 

scenario could occur when the abundance of ventenata at a particular location is 

low and thus, the suite of accompanying vegetation has a substantial impact on the 

phenological pattern, leading to a weaker phenological signal.  

At the region level, all three models had similar commission error rates (i.e., 

false positive rate). However, when assessed by elevation and land cover, there 

were cases where the bioclimatic commission error rate exceeded that of the 

phenology and hybrid methods. The bioclimatic model commission error rate was 

lower for elevations above 1,370 m but higher in elevations between 915 and 1,370 

m (Table 3.3). Similarly, the bioclimatic model had lower commission error in dry 

and moist Douglas-fir (Pseudotsuga menziesii) and higher omission error in scabland 

shrub, upland shrub, and wet meadow vegetation classes (Appendix G). This may 

reflect the general habitat suitability of these areas leading the bioclimatic model to 

predict presence, whether or not ventenata had reached these particular locations 

in 2017. 
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Conversely, one might expect that excluding bioclimatic and topo-edaphic 

data altogether would lead to a model with the lowest commission. This did not turn 

out to be true for the phenology model. The higher commission error produced by 

the phenology model aligns with our assertion that including environmental data 

would improve the predictions because it would enhance differentiation of the 

other winter annual grass species present in the region. Model performance in the 

lower elevations of the region for the phenology model supports the expectation 

that environmental information would improve predictive performance. These 

elevation classes contain much more sagebrush steppe, which has abundant 

populations of cheatgrass. However, estimating model performance within these 

parts of the region is comparatively less reliable than other locations as they were 

sampled less intensively. 

3.5.3 Phenological and Climatic Relationships 

Concerning the most influential phenology predictors, the partial 

dependence of SOG further confirms the importance of early plant growth in 

distinguishing ventenata from native species because the probability of presence 

increased as the SOG decreased (highest probabiltiy below approximately DOY 60). 

Partial dependence of growing degree days at the end of season also indicated that 

lower accumulated heat units were associated with the senescence process for 

ventenata. This relatively early end of season was theorized as a potentially 

separable feature of ventenata in previous research (Noone, 2013). However, 

minimum NDVI had the greatest impact on classifying this species. This metric is 

influenced by the combination of soil, photosynthetically active vegetation, and 

surface moisture (Nicholson and Farrar 1994). Low minimum NDVI is associated with 

low vegetation biomass, distinguishing ventenata from the forest, shrub dominated, 

and riparian areas. In addition to the other phenometrics, these phenological 

attributes help clarify the annual cycle associated with ventenata in satellite 

observed LSP.  
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The climatic predictors that corresponded with ventenata populations help 

define its limiting environmental conditions. The predictors most strongly associated 

with robust populations of ventenata (i.e., greater than 20 percent cover) included 

average winter maximum temperature, average fall maximum temperature, total 

winter precipitation, and average winter maximum vapor pressure deficit. As 

indicated by the partial dependence plots, the probability of ventenata sharply 

increased above 5.5°C for average winter maximum temperature and above 6.5°C 

for average fall max temperature. Probability of ventenata also increases between 

about 100 and 220 mm of total winter precipitation. Fall and winter temperature 

and precipitation are vital for winter annual grasses. The fall-winter period is when 

germination and initial leaf elongation occur, corresponding to the time that plants 

are most vulnerable (Meyer et al., 1997). While winter maximum temperature was 

also found to be an important predictor of cheatgrass in this region, it was found 

that winter precipitation was one of the worst predictors of cheatgrass (Bradley 

2009). This, in addition to other observations indicating that ventenata is more 

commonly found in relatively wet locations of sagebrush ecosystems (Jones et al., 

2018), may suggest that ventenata has higher moisture requirements than 

cheatgrass during the germination and initial growth period. Wallace et al. (2015) 

also found that ventenata seedling emergence was enhanced by litter cover, which 

locally increased soil moisture.  

3.5.4 Interpretation and Challenges 

Based on this study's results, using phenology and bioclimatic predictors 

together led to the best discrimination of ventenata within the BME, a region 

occupied by a variety of winter annual grasses. However, we note a couple of 

caveats. First, some spatial patterns are likely related to the mismatch in resolution 

between the phenology (30 m) and the climate (800 m) datasets. While some spatial 

patterns may not represent fine scale patterns on the ground, much of the broad-

scale patterns portray the distribution ventenata populations. Second, the effect of 
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mixed vegetation on ventenata detection is not entirely clear. The influence of 

ventenata presence on observed phenology in a mixed pixel at the start of the 

season could be disproportionate because many other species are dormant. 

Conversely, the senescence of ventenata may not contribute to the end of season 

signal because other vegetation within a pixel would still be at an earlier 

development stage and thus dominate the observed phenology. 

3.6 Conclusion 

The methods employed in this research advance the capability of predicting 

higher resolution estimates of the distribution of invasive grasses at a regional scale. 

This kind of information is critical for effective planning and management of species 

invasions in an ever-changing socio-ecological landscape (Cheney et al., 2018; Jetz et 

al., 2019; Funk et al., 2020). The invasion of ventenata in relatively small forest 

openings is now more directly observable because of the high spatial and temporal 

estimates of land surface phenology. Based on our estimates, ventenata may already 

have populations in as much as 7.7 percent (5,454 km²) of the Blue Mountains 

Ecoregion. However, substantial portions of the region contain habitable conditions 

for this species, so continued monitoring will be necessary. Knowledge of the 

present distribution and suitable habitat of ventenata may help create a more 

realistic prediction of future risk within this and neighboring regions. 

Moreover, by applying this modeling method to the historic satellite record 

we may be able to discern invasion trends over time. The presence of this species 

within the forest matrix and along ecotones could lead to fire behavior changes in 

these areas. In serving as a fire vector between forested areas, the long-term 

impacts of ventenata invasion could also lead to region-wide fire behavior changes. 

When combined with the potential effects of climate change, a grass-fire cycle could 

develop, leading to alterations to ecosystem state and long-term stability (Kerns et 

al., 2020). The severity of the potential outcomes of this grass invasion warrants 
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further investigation to quantify the rate and pattern of spread in addition to testing 

the fire effects and relationships. 
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4 SPATIAL DYNAMICS AND PATTERNS OF RECENT VENTENATA DUBIA 
INVASION IN THE BLUE MOUNTAINS ECOREGION OF THE PACIFIC 
NORTHWEST 

4.1 Abstract 

The spatial dynamics of a species invasion can provide essential information 

about the processes driving the invasion and its potential outcomes or impacts . 

Invasion patterns may be expressed differently throughout the invaded area 

depending on environmental conditions and disturbances. Wildfire distrubances, in 

particular, are noteworthy for their promotion of annual grass invasion in 

ecosystems across the planet. We used remote sensing to map, characterize, and 

examine the spatial and temporal trends related to the invasion of ventenata 

(Ventenata dubia) in the Blue Mountains Ecoregion of the Pacific Northwest United 

States. After controlling for the impact of annual weather conditions on vegetation 

development, we used remote-sensing-derived land surface phenology to estimate 

the probable distribution of ventenata in 2006 and 2017. Our objectives were to 1) 

characterize the change in ventenata’s distribution both regionally and at a finer 

scale within two subregions, 2) investigate the landscape characteristics (elevation 

and vegetation) associated with the expansion, persistence, or contraction of 

ventenata populations, and 3) explore the potential impact of large-wildfire 

occurrence and severity on ventenata’s expansion. Between 2006 and 2017, the 

total area occupied by ventenata increased by more than 40% (378,000 ha to 

545,000 ha). During these 11 years, the total number of patches decreased and 

mean patch size increased, indicating that radial spread was more common than 

discontinuous expansion. The majority of expansion occurred at higher elevations (> 

1,300 m) and within forested and ecotonal environments. Large wildfires within dry-

forest and highly mixed forest/non-forest experienced a greater increase in the 

probability of ventenata than similar areas that did not experience large wildfires. 

High burn severity (RdNBR) was also associated with an increase in the probability of 

ventenata in some parts of the region. These findings provide insight into the spatio-
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temporal patterns of the ventenata invasion in this region over recent past and 

suggest that there may be an association between wildfire and this invasion, likely 

related to the opening of canopy cover in burned areas. However, ventenata also 

expanded in much of the region in the absence of wildfire. The unique information 

garnered from our analytical approach demonstrates the utility of this type of 

analysis in providing a backward glance at a relatively recent invasion. 
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4.2 Introduction 

As non-native plant species pass through the stages of invasion, they must 

establish persistent, self-sustaining populations before spreading to and colonizing 

new areas (Richardson et al., 2000).  Characterizing the spatial dynamics of these 

species’ persistence and spread can provide essential information about processes 

driving an invasion (Ellner and Schreiber 2012; Mcgeoch and Latombe 2016; Santos 

et al., 2016) and give insight into potential future outcomes (Giometto et al., 2014). 

Given the socio-economic impacts of non-native plant invasion (Pimentel et al., 

2005; Xu et al., 2006; Scalera 2010), expedient acquisition and synthesis of such 

information is vital. The study of invasive species distribution change has been and 

will continue to be improved by the development of technologies and techniques to 

observe and map species distributions through time (Jetz et al., 2012, 2019; Hardisty 

et al., 2019).  

The impacts that invasive annual grasses have on ecosystem function, 

composition, and associated fire regimes have been well documented around the 

world (D’Antonio and Vitousek 1992; Brooks et al., 2004; Kerns et al., 2020). 

However, studies of invasive plants’ impacts rarely last more than a few years and 

are commonly limited in spatial extent (Stricker et al., 2015). Recently, Balch et al. 

(2013), Bradley et al. (2017) and Fusco et al. (2019) turned to remote sensing to 

examine relationships between invasive grass species and fire over larger spatial 

extents. Although these three authors leveraged long-term records of fire, they were 

limited to a single snapshot of the invasive grass’ distribution and focused on the 

impact of invasive grass presence on fire occurrence or behavior.  

Assessing the change in an invasive species’ distribution over time may 

provide insight into the processes influencing invasion and help to determine 

whether newly introduced species will influence regional fire behavior. Additionally, 

examining the relationship between fire occurrence or severity and the change in 
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invasion patterns or extent may help determine whether fire promotes the invasion 

of a particular species.  

In the western United States, historical fire suppression and land-use 

practices have already altered forest structure and fire regimes, resulting in larger 

(Littell et al., 2009; Dennison et al., 2014) and sometimes more severe (Stephens et 

al., 2014) wildfires. When high-severity wildfire occurs in forested areas, the opening 

of the forest canopy can in turn expose areas to a greater risk of invasion (Keeley 

and Brennan 2012; Peeler and Smithwick 2018). If non-native grasses invade these 

areas, disturbances may occur at an interval frequent enough to suppress forest 

regeneration, particularly in drier forest stands along ecotones. Ecotones between 

landscape patches can serve to connect processes occurring in neighboring 

ecosystems. Therefore, the additional fine fuels in these areas may lead to increased 

fire spread.  

The invasion of ventenata (Ventenata dubia) in the Blue Mountains 

Ecoregion (BME) of the Pacific Northwest presents an opportunity to examine the 

dynamics of spread and persistence of an invasive species. The presence and 

abundance of this species in forest (Kerns et al., 2020; Tortorelli et al., 2020), 

shrubland (Jones et al., 2018), and grassland (Averett et al., 2020; Endress et al., 

2020) communities of the BME makes ventenata a potential threat to these 

ecosystems and a new source of fine fuels in some of these systems that were 

historically pyroresistant (Kerns et al., 2020). Until recently, many of the grass 

invasions documented for their fire-altering effects have occurred within the 

relatively warmer shrubland ecosystems (Chambers et al., 2007, 2014a) and 

populations are somewhat limited in the higher elevation forest ecosystems. Within 

the BME, variation in topo-edaphic and climate conditions has resulted in a 

heterogeneous arrangement of vegetation patches with abundant ecotonal-edges. 

The presence of a new source of fine fuels in such areas may increase the risk of 

future fire-behavior changes (Kerns et al., 2020). 
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The value of developing an early assessment of the spatial and temporal 

patterns of ventenata invasion is essential for future planning and research 

endeavors. Therefore, we examined changes in ventenata’s distribution within the 

BME to identify trends and patterns occurring within environmental associations 

and to assess whether ventenata responds to wildfire occurrence or severity. The 

overall objectives of our study were to 1) quantify the spread and persistence of 

ventenata between 2006 and 2017, 2) characterize the differences between these 

time points in terms of biophysical associations (elevation and potential natural 

vegetation), and 3) investigate the relationship between change in the ventenata’s 

distribution and the occurrence and satellite observed severity (RdNBR) of large 

wildfires within the BME. 

4.3 Methods 

4.3.1 Study Area 

The BME (Figure 4.1; Omernik 1987) is located in the intermountain Pacific 

Northwest between the Cascade and Rocky Mountains. This region covers 

approximately 7 million ha of forest, range, and developed land managed by public 

and private stakeholders. The variation of soil, weather, and terrain within this 

region are expressed through a complex and heterogeneous composition of forested 

and non-forested areas with elevations ranging from 235 to 2,997 m. The BME’s 

climate is characterized by dry summers and cold winters, although parts of the 

region are maritime influenced and receive moisture channeled through the 

Columbia River Gorge. Precipitation is received during the winter and spring seasons 

as snow and rain, with annual total precipitation ranging from 20 to 195 cm (PRISM 

Climate Group, 2012). Mean annual temperatures range from -1 to 13° C (PRISM 

Climate Group, 2012). A low-to-high soil-productivity gradient exists along the 

elevational gradient, influencing the plant community composition in concert with 

climatic conditions (Clarke and Bryce 1997). 
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Western juniper (Juniperus occidentalis) woodlands, shrublands dominated 

by sagebrush species (Artemisia spp.), and grasslands occupy most of the lower 

elevations of the region. Mid-elevations are split between dry and moist conifer 

forests and mainly dominated by ponderosa pine (Pinus ponderosa), Douglas-fir 

(Pseudotsuga menziesii), and grand fir (Abies grandis). The higher elevations are 

dominated by forests of subalpine fir (Abies lasiocarpa), Engelmann spruce (Picea 

engelmanii), and whitebark pine (Pinus albicaulis). Less abundant tree species in the 

region include western larch (Larix occidentalis) and lodgepole pine (Pinus contorta). 

 

Figure 4.1. The Blue Mountains Ecoregion with case-study areas and wildfires that 
occurred in Oregon and Washington between 2006 and 2017. Wildfire perimeters 
were provided by the Monitoring Trends in Burn Severity database (Eidenshink et 
al., 2007). 

4.3.2 Predicting Ventenata 

4.3.2.1 Ventenata Model 

We used a random forests (RF) model developed in Chapter 3 to predict the 

2017 distribution of ventenata within the BME. The model used phenology and 
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environmental covariates (the hybrid model) to predict the probability of ventenata 

at greater than 20% cover within a given pixel (30 m x 30 m). The model was 

developed with 944 observations of ventenata where presence was classified for all 

observations with greater than 20% cover. Phenology variables were estimated 

using a time series of 30 m imagery that spanned the growing season in 2017. 

Climate variables were determined from annual and monthly PRISM data (PRISM 

Climate Group, 2012). Seasonal climate variables were calculated from monthly 

data, where seasons were defined as spring (April-June), summer (July-September), 

fall (October-December), and winter (January-March); seasonal means (e.g., mean 

summer maximum temperature) were calculated as weighted averages based on the 

number of days in each month. Climate variables were then resampled to a 30 m 

grid for prediction. Soil variables of texture in the top 20 cm of the soil profile were 

derived from gridded Soil Survey Geographic Database (gSSURGO; Soil Survey Staff 

2015). Any missing soils data was filled in with Soil Resource Inventory data from the 

USFS. Terrain attributes, including slope percent, eastness, and northness were 

calculated from the National Elevation Dataset (NED; Gesch et al., 2018). A detailed 

explanation of the data and methods used to train, test, and evaluate this model can 

be found in Chapter 3. All variables used in the RF model and their descriptions can 

be found in Appendix E. 

An assessment of the RF model’s ability to discriminate ventenata indicated 

an overall accuracy of 90%, AUC of 0.89, sensitivity of 0.54, and specificity of 0.94. To 

classify predictions as presence or absence, we used a threshold of 0.58 

(probability). This threshold was found to maximize discrimination between 

presence and absence (i.e., kappa; Freeman and Moisen 2008) in a simulation during 

which the model was iteratively re-fit based on a random bootstrap of the modeling 

dataset. 
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4.3.2.2 Historical Prediction 

To predict the distribution of ventenata within the BME for a time prior to 

2017, we needed to estimate phenometrics for a year to be used in place of the 

2017 phenometrics. We considered years between 2000 and 2016 as MODIS 

(Moderate Resolution Imaging Spectroradiometer) imagery (used in estimating 

phenology) is only available after 2000. Through the analysis described below, we 

determined 2006 to be the most appropriate year.  We assumed that all other 

predictors (i.e., climate normals, topography, and soils) remained constant.  

Annual weather patterns are an important driver of plant phenology 

(Stenseth and Mysterud 2002; Badeck et al., 2004; Penuelas et al., 2010) and have 

an established relationship with NDVI (Paruelo and Lauenroth 1998; Potter and 

Brooks 1998; Peters et al., 2002). Therefore, we needed to control for this potential 

source of variation in our phenological metrics when predicting the distribution of 

ventenata at multiple time points. To control for annual weather patterns, we 

selected the year from 2000 to 2016 with the closest observed weather similarity to 

the model development year (2017). To determine similarity, we used monthly time-

series data from five RAWS (Remote Automated Weather Stations) stations 

(https://wrcc.dri.edu/wraws/orF.html) and monthly Palmer Drought Severity Index 

(PDSI) data derived from the nClimDiv dataset (Vose et al., 2014). Within the BME, 

we selected one RAWS station at every 305 m interval across the elevation gradient 

for a total of five stations (Board Creek, Flagstaff Hill, Hehe 1, La Grande 1, and 

Pittsburg Landing). These stations had minimal missing precipitation, relative 

humidity, and air temperature data. Weather variables were summarized annually 

and by season and the multivariate Euclidean distance between 2017 and each 

previous year was calculated for all five RAWS stations’ weather data. The monthly 

time series of PDSI was calculated for climate divisions 

(https://www.ncdc.noaa.gov/monitoring-references/maps/us-climate-divisions.php) 

from gridded temperature and precipitation data that were interpolated from a 
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network of weather monitoring stations (excluding RAWS). The climate divisions 

overlapping the BME were examined and the nearest neighbor (multivariate 

Euclidean distance) of the monthly PDSI time-series was also calculated. 

The year 2006 was determined to be the most similar year to 2017 (Figure 

4.2). Although 2013 was slightly more similar to 2017 according to the RAWS data, 

the preceding year’s weather of 2006 (i.e., 2005) was closer to 2017 (i.e., 2016). The 

preceding years’ weather is important for annual grasses like ventenata because 

germination typically starts in the fall and continues through the winter and spring 

(Wallace et al., 2015). Furthermore, the weather in a given year will influence the 

seed crop produced by annual species and, therefore, the amount available for 

germination in following years (Pilliod et al., 2017). In addition to similar RAWS data, 

2006 was the most similar to 2017 based on PDSI. 

 

Figure 4.2. Weather similarity between the model development period (2017) and 
the year selected for historic ventenata prediction (2006); the years 2017 and 2006 
are shaded by grey bands in each panel. The top two panels show the monthly 
Palmer Drought Severity Index (PDSI) from 2000 through 2017 within the two 
climate divisions covering approximately 80 percent of the BME (3507, 3508). 
Climate division 3507 covers the western BME, and climate division 3508 covers the 
central to northeastern BME. Positive PDSI values (blue) indicate that the region is in 
a wet period, while negative values (red) indicate that the region is experiencing 
drought. The bottom panel depicts the multivariate Euclidean distance (MVD) from 
2017 to each year between 2000 and 2016 based on weather data from the five 
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RAWS stations. Smaller MVD values indicate greater similarity with weather 
conditions in 2017. 

To estimate historic phenology, Landsat 5 surface reflectance and MODIS 

NBAR (MCD43A4) imagery were acquired for all scenes overlapping the BME and 

processed using the image fusion and phenometric extraction techniques of 

Nietupski et al. (2021). These methods produce a daily, 30 m resolution time-series 

of normalized difference vegetation index (NDVI) by performing an ESTARFM-like 

image fusion process. This time series was then smoothed with a double-logistic 

function, from which 11 phenometrics were calculated based on rates-of-change 

and inflection points. These phenometrics characterized intraannual patterns of 

vegetation development, including dates of phenophase transition (e.g., start-of-

season) and characteristics of the annual curve (e.g., the amplitude of NDVI). To 

control for minor differences between the Landsat 8 data used for 2017 

phenometrics and the Landsat 5 data used for 2006 phenometrics, we applied the 

linear transformation of Roy et al. (2016) to all Landsat 5 images before image fusion 

and phenometric extraction. Five additional phenometrics were calculated as the 

cumulative growing-degree-days at phenophase-transition dates (i.e., SOG, SOS, 

Mat, EOS, Dorm; Appendix E) based on daily temperature data from PRISM 

(Parameter-elevation Relationships of Independent Slopes Model; PRISM Climate 

Group, 2012). 

4.3.3 Regional Change 

We assessed regional-level change between 2006 and 2017 in terms of 

changes in probability, spread, and persistence. We evaluate the change in 

probability by examining the change in probability between 2017 and 2006 (i.e., 

𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 2017 − 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 2006) and the percent-change in probability (i.e., 

(
𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 2006
) × 100). To assess spread and persistence, we thresholded 

2006 and 2017 predictions (i.e., values > 0.58 = present) and classified the difference 

between these predictions as either locations of absence (where ventenata was 
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absent in both years), expansion (absent in 2006 and present in 2017), persistence 

(present in both years), and contraction (present in 2006 and absent in 2017). We 

then summarized the 2006 distribution, 2017 distribution, expansion, persistence, 

and contraction by total area, number of patches, and patch size. A patch was 

defined as a contiguous cluster of pixels of the same class (e.g., present in 2006, 

expansion, persistence, contraction) that included all pixels with one edge or vertex 

adjacent to another pixel in the same class. 

4.3.3.1 Phenology and Biophysical Setting 

We assessed changes in ventenata’s distribution with respect to phenology, 

elevation, and potential natural vegetation (PNV; Simpson et al. 2019). Evaluating 

the phenology shift allowed us to quantify some of the phenology changes leading 

to predictions for the expansion, persistence, or contraction of ventenata 

populations. We controlled for the effect of weather in the model so large changes 

in the phenology are likely to be assocatiated with changes in the vegetation 

composition. We chose phenology predictors highly ranked by variable importance 

to limit the number of phenology variables examined. We used these phenology 

predictors to explore the type of phenological change associated with expansion, 

contraction, and perssitence. These variables included start-of-greenup, minimum-

NDVI, and end-of-season. This assessment can serve as either a form of model check 

(e.g., was the expansion associated with earlier greening, as we would expect?) or 

explanation of factors that led to expansion or contraction (e.g., was contraction 

associated with increasing minimum NDVI and ingrowth of other vegetation?).  

We used elevation and PNV data to assess the changes that occurred in the 

biophysical setting of ventenata invasion between 2006 and 2017. We summarized 

the elevation associated with expansion, persistence, and contraction using the 

National Elevation Dataset (NED; Gesch et al., 2018). We used the (PNV) subzones 

developed by Simpson et al. (2019). The gridded (30 m) PNV dataset covers Oregon 

and Washington and was developed by the USFS. These data represent the expected 
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vegetation-community that would develop in a given environment without human 

intervention or disturbance. Although this dataset does not directly relate to present 

vegetation communities, we use PNVs to help indicate the long-term habitat 

associated with the ventenata invasion.To assess the change by PNV, we calculated 

the total area of ventenata in 2006 and 2017 in each PNV and the entire area of 

expansion, persistence, and contraction in each PNV. We also calculated the average 

change in probability by PNV.  

4.3.3.2 Wildfire 

To investigate the relationship between large wildfires (i.e., wildfires > 405 

ha) and ventenata populations, we examined how ventenata predictions differed 

with respect to wildfire occurrence and how predictions changed with increasing 

burn severity (RdNBR). Although there is concern that ventenata invasion could lead 

to the development of a grass-fire-cycle (Kerns et al., 2020), we chose to examine 

only one side of this relationship (i.e., the potential influence of fire on ventenata 

invasion).  

The occurrence of large wildfires was determined from the burned-area 

boundaries provided by Monitoring Trends in Burn Severity (MTBS) program 

(downloaded from https://www.mtbs.gov/direct-download; Eidenshink et al., 2007). 

This dataset includes fire perimeters detected using dNBR (delta normalized burn 

ratio) and RdNBR (relativized delta normalized burn ratio) for fires with a size 

greater than 405 ha (1,000 ac). From this dataset, we selected wildfires that burned 

between 2006 and 2017 and had a boundary that overlapped that of the BME. 

Because ventenata populations are unlikely to be sustained above 1,829 m 

(Scheinost et al., 2008), we dropped any wildfires with greater than 75 percent of its 

area above this elevation. This selection process resulted in a total of 119 wildfires 

(Figure 4.1). For the resulting 119 wildfires, burn severity (RdNBR) was calculated in 

Google Earth Engine for each wildfire using the methods described in Parks et al. 

(2018). In short, these methods use a mean-composite calculation of RdNBR and an 
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offset to improve the reliability of comparing burn severity among fires by 

accounting for phenological differences between pre- and post-fire imagery. 

To examine the relationship between wildfire occurrence and ventenata, we 

first compared wildfire and non-wildfire areas. To identify non-wildfire areas for 

comparison, we randomly sampled with replacement from the area within the 

Oregon and Washington portion of the BME that was not included in the MTBS 

dataset between 2006 and 2017. Although there are small fires within this non-

wildfire portion of the BME that burned during this time frame, we chose to focus on 

large wildfires in our study. We randomly sampled from this non-wildfire area, 

where each sample was a square in shape and 7,060 ha in size (the median fire size 

of the 119 wildfires). We also dropped any non-wildfire sample from the analysis if 

more than 75 percent of its area was above 1,829 m. This resulted in a random 

sample that covered at total of 83% of the non-burned area of the BME. 

The effect of fire occurrence or severity on ventenata may change depending 

on the biotic and abiotic conditions present at the location of the fire. Therefore, to 

control for the influence of vegetation on the interaction between wildfire and 

ventenata, wildfires and non-wildfire samples were grouped into one of eight fire-

vegetation groups (hereafter, fire-veg groups). Each wildfire or non-wildfire sample 

was assigned to a fire-veg group by first reclassifying PNV subzones as either ‘forest’ 

or ‘nonforest’, where nonforest included shrub, grass, and woodland PNV subzones. 

Next, to quantify the abundance of ecotones, each wildfire or non-wildfire sample 

was assigned into one of three categories based on the proportion of its area 

classified as forest or nonforest: nonforested (more than 75% nonforest), mixed (75-

25% nonforest), and forested (less than 25% nonforest). These three groups (i.e., 

non-forested, mixed, and forested) were then subdivided into 2-3 groups based on 

the dominant PNV subzone (i.e., the greatest number of pixels) within that wildfire 

or non-wildfire sample. The resulting eight fire-veg groups were shrubland, 

woodland, mixed/shrubland, mixed/woodland, mixed/dry-forest, dry-forest, mixed-
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conifer, and subalpine. For each wildfire or non-wildfire sample, we then calculated 

the mean percent-change in the probability of ventenata and compared the 

distribution of these statistics within a given fire-veg group.  

To investigate how increasing burn severity (RdNBR) related to changes in 

ventenata predictions, we first classified predictions of the percent-change in 

probability of ventenata into six change classes: less than -50%, three evenly spaced 

classes between -50% and 100%, 100% to 200%, and greater than 200% increase in 

the probability of ventenata. Then, to assess how burn severity broadly related to 

change-class in a fire-veg group, we calculated the median and interquartile range 

(IQR) of RdNBR by change-class for each wildfire and summarized the distribution of 

these medians and IQRs for each change-class by the fire-veg group. This calculation 

aimed to see if, regardless of a particular fire, an increase in RdNBR was broadly 

associated with increasing ventenata predictions in each of the fire-veg groups.  

However, we also wanted a more direct comparison within fire-veg groups of 

how burn severity compared between change-classes. For example, in the dry-forest 

group, how does the median burn severity compare between areas with a 50% vs. 

200% increase in the probability of ventenata? We again examined the median and 

IQR of RdNBR by change-class for each wildfire to answer this question. To control 

for the effect an individual wildfire may have on the difference between change-

classes, for each wildfire, we then calculated the pairwise difference in the median 

and IQR between all change-classes (e.g., the median of the greater than 200% 

change-class minus that of the less than -50% change-class). For each fire-veg group 

we then reported the average (mean) difference in the median and IQR between all 

pairs of change-classes as heatmaps. If ventenata predictions increased with 

increasing burn severity, we expect to see a larger increase in the mean difference of 

the median RdNBR for change-classes that are further apart. This allowed us to 

assess whether, at the fire level, there was an increase in burn severity associated 

with higher probability areas of ventenata vs lower probability areas. 



93 
 

 

4.3.4 Case Studies 

Given the large extent of the study area, we were interested in examining 

the spatial patterns of change at a finer scale to explore the change in 1) a typical 

patchy forest setting and 2) within a recent large wildfire. The first of these case 

studies is the Starkey Experimental Forest and Range (SEFR). The SEFR represents a 

typical example of the spatial complexity of forested areas in the BME and can be 

characterized by stands of conifer trees interspersed with generally long, narrow 

openings dominated by bunch grasses. Additionally, the SEFR is a long-term study 

area and ventenata has been present in this area since at least the early 2000’s 

(personal communication with Bridgett Naylor, USFS). The SEFR covers 

approximately 10,125 ha of the north-central part of the BME within the Wallowa-

Whitman National Forest (Figure 4.1). Elevation within SEFR ranges from 1,200 to 

1,500 m, mean annual precipitation ranges from 52 to 70 cm, and mean annual 

temperature ranges from 6.5 to 7.5°C.  

The second case study is the Canyon Creek Complex that burned 

approximately 44,400 ha of the Malheur National Forest in the south-central part of 

the BME (Figure 4.1). The Canyon Creek Complex represents one scenario of the 

effect of fire occurrence on ventenata invasion in a part of the region covering a 

wide range of vegetation communities from shrubland to subalpine forest. This fire 

also encompasses ecotonal areas between shrubland and forested areas. The 

Canyon Creek Complex primarily burned over three weeks starting on August 12th, 

2015. Within the burned area, elevation ranges from 1,000 to 2,500 m, mean annual 

precipitation ranges from 39 to 112 cm, and mean annual temperature ranges from 

2 to 8.7°C.  

For each case study, we examined the invasion between 2006 and 2017 by 

summarizing the change using the same methods as the region level and by 

examining landscape pattern indices. To describe change patterns observed within a 

landscape, it has been recommended that a range of landscape pattern metrics be 
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chosen (Gillanders et al., 2008). We decided to include the number of patches, mean 

patch area, mean minimum distance between patches, and a patch-shape index 

calculated as the ratio between the width and height of the minimum oriented 

bounding box (RMOBB). The RMOBB provides a basic assessment of the elongation 

of patches where values close to 0 represented narrow, long patches and values 

close to 1 represent square patches. In addition to these measures, we also 

calculated the mean minimum-distance between expansion and contraction patches 

and persistence patches. These metrics, in combination, characterize the pattern in 

the invasion between 2006 and 2017. 

4.4 Results 

4.4.1 Regional Change 

In 2006, an estimated total of 378,000 ha (5.33%) of the BME contained 

populations of ventenata (i.e., greater than 20% areal cover of ventenata within a 

given 900 m2 area). By 2017, this increased to a total of 545,000 ha (7.69%) with 

persistent populations accounting for 320,000 ha (4.55 %). Between 2006 and 2017, 

ventenata expanded into more than 220,000 ha (3.13 %), while only contracting by 

55,000 ha (0.78 %). For nearly 14,000 ha of the BME, the probability of ventenata 

populations more than doubled during this period, with some areas having a 570% 

increase in probability.  

Across the BME, there were 15,640 fewer ventenata patches in 2017 

(140,000 total) than in 2006 (155,000 total). Mean patch size increased from 5.5 ha 

in 2006 to nearly 7.6 ha in 2017. At both time points, the observed distribution of 

patch sizes across the region was heavily skewed towards a smaller patch size. When 

patches of less than 0.09 ha (i.e., single pixel patches) were excluded, the median 

patch-size was 0.27 ha in 2006 and 0.36 ha in 2017. When populations were grouped 

into patches based on their categorical classification (i.e., expansion, persistence, 

contraction), persistent populations accounted for the largest (6.9 ha) and fewest 
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patches (102,000) when compared to areas that expanded (1.8 ha, 238,000) and 

contracted (0.6 ha, 184,000). 

4.4.1.1 Phenology and Biophysical Setting 

The phenological change associated with expansion and contraction was 

highlighted by differences in some of the most influential phenology predictors 

(Figure 4.3). On average, expansion populations were associated with an earlier 

start-of-greenup in 2017 (Figure 4.3B), similar minimum-NDVI (Figure 4.3C), and 

similar end-of-season (Figure 4.3D). In contrast, contraction populations were 

associated with a higher minimum-NDVI in 2017, similar or later start-of-greenup, 

and similar end-of-season. Persistence populations were not associated with 

substantial phenological change, except for an earlier end-of-season in 2017 that 

was also observed in expansion and contraction populations. 

 

Figure 4.3. Contraction, expansion, and persistence of ventenata populations from 
2006 to 2017 throughout the BME. In A, the categorical change in ventenata’s 
distribution is mapped across the region. In B-D, the distribution of change in 
phenometrics between 2006 and 2017 is shown for the start-of-greenup (B), 
minimum-NDVI (C), and end-of-season (D), where change is calculated as 2017 value 
– 2006 value. The density plots in B-D are scaled to show equal area for visibility. 
Positive values indicate that: vegetation greening was later in 2017 (B), minimum-
NDVI was higher in 2017 (C), end-of-season was later in 2017 (D). 
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Despite overlap in the elevational range associated with expansion, 

persistence, and contraction populations, there are notable differences among the 

elevation ranges in which these populations are most common (Figure 4.4). The area 

of expansion, persistence, and contraction occupies a relatively small portion of the 

entire elevation gradient of the BME (Figure 4.4A). Ventenata expansion was more 

heavily concentrated at the higher end of the invaded elevation-range (>1,300 m; 

Figure 4.4B-C). The middle fifty percent of persistent populations were concentrated 

between 1,091 and 1,285 m (25th and 75th quantiles, respectively). Contraction 

populations were concentrated in a similar range as persistent populations and 

occurred almost proportionally to persistence across the invaded elevation range 

(Figure 4.4B).  

Between 2006 and 2017, expansion accounted for a considerable proportion 

of the change in ventenata’s distribution, ranging from around 0.22 to 0.95 of the 

invaded area across the elevation gradient (Figure 4.4C). The expansion was greatest 

at approximately 1,325 m and accounted for most of the change above this 

elevation (Figure 4.4C). Below 500 m, the proportion of expansion and contraction 

becomes nearly equal. However, the total area of ventenata at these lower 

elevations is relatively small compared to the rest of the invaded elevation range. 



97 
 

 

 

Figure 4.4. Elevation summaries by expansion, persistence, and contraction. The top 
left panel (A) shows the total invaded area within the context of the elevation of the 
Blue Mountains Ecoregion, while the bottom left panel (B) shows the area 
associated with each of the invasion classes across the elevation gradient. The right 
panel (C) shows the proportion of the invaded area for each of the invasion classes. 

Between 2006 and 2017, ventenata expansion was associated more strongly 

with some PNV subzones than others (Table 4.1). In most PNV subzones, ventenata 

was either present both years or absent both years. The only exception was moist 

meadow, which had no ventenata populations in 2006 but contained ventenata 

populations by 2017. Notable PNV subzones associated with ventenata invasion 

during this period include Xeric Pine, Upland Shrub, Juniper Woodlands, Scabland 

Grass, and Dry Ponderosa Pine. Across PNV subzones, Xeric Pine had both the 

greatest proportion of its area (i.e., percent-of-subzone) classified as containing 

persistent (14.6% of the subzone) and expansion (9.3%) populations. In both 2016 

and 2017, Upland Shrub and Juniper Woodlands were the two subzones with the 

greatest total area invaded. These two subzones occupy the greatest area in the 

BME and, also had the greatest total area invaded across time. However, they 

ranked lower than other PNV subzones in terms of the percent-of-subzone invaded. 

Although Scabland Grass did not represent a large portion of the region’s area, the 

invaded area in this class nearly doubled over the 11 years, it had one of the highest 

percent-of-subzone invaded in 2017, and it exhibited the greatest median change in 
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relative probability between 2006 and 2017 (Figure 4.5). Dry Ponderosa Pine 

experienced the greatest expansion in terms of total area and a substantial increase 

relative to both the area invaded in 2006 and the area of persistent populations. 
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Figure 4.5. Summary of the difference in probability between 2017 and 2006 for the 
potential natural vegetation (PNV) subzones presented in Table 4.1. Boxplot 
summaries of the probability differences include the median (middle line segment), 
the 25th and 75th percentile (the upper and lower hinges), and the 5th and 95th 
percentile (the whiskers). The heatmap on the right shows the total area  per PNV 
subzone within the study area of the BME. 

4.4.1.2 Wildfire 

Across both wildfire and non-wildfire areas, the probability of ventenata 

generally increased between 2006 and 2017. Some wildfires in the dry-forest fire-

veg group saw greater than a 50% increase in probability on average (i.e., mean 

percent-change in probability greater than 50%; Figure 4.6). There were notable 

differences in ventenata predictions between wildfire and non-wildfire areas for 

three fire-veg groups: mixed/woodland, dry-forest, and mixed-conifer (Figure 4.6). 

Wildfires in dry-forest had the largest increase in the mean percent-change in 

probability (median of 28%) and the greatest variability (IQR of 43%) and the least 

overlap with the mean percent-change in probability from non-wildfire areas. In the 

mixed/woodland group, wildfires had a median increase of 23% (IQR of 25%), while 
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non-wildfire areas had a median increase of 5% (IQR of 13%). Mixed-conifer wildfires 

had a median increase of 14% (IQR of 22%) and non-wildfire areas had a median 

increase of only 1% (IQR of 8%).  

In shrubland and woodland, which had the most large wildfires of the fire-

veg groups between 2006 and 2017 (Table 4.2), the mean percent-change in 

probability was minimal for both wildfires and non-wildfire areas. The mean 

percent-change was also low in non-wildfire wildfires and regions of the subalpine 

group, which was the only fire-veg group where the mean percent-change in 

probability decreased in the absence of fire. 

 

Figure 4.6. Summaries by fire-veg group for the mean percent-change in the 
probability of ventenata within wildfires and non-wildfire areas. Boxplot summaries 
include the median (middle line segment), the 25th and 75th percentile (the upper 
and lower hinges), and the 5th and 95th percentile (the whiskers). 
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Table 4.2. Number of wildfires, median fire size by fire-veg group, and number of 
non-wildfire samples. 

Fire-veg group 
Number of 

wildfires 

Median fire size 

(ha) 

Number of non-wildfire 

Samples 

shrubland 42 1,686 706 

woodland 31 1,596 1,058 

mixed/shrubland 4 6,892 254 

mixed/woodland 8 8,022 351 

mixed/dry-forest 12 15,424 837 

dry-forest 5 1,534 922 

mixed-conifer 15 2,727 1,492 

subalpine 2 1,621 83 

The relationship between median burn severity (RdNBR) and change-class of 

ventenata predictions (percent-change in probability of ventenata) varied by fire-veg 

group, as did the variability (IQR) in burn severity (Figure 4.7). There was no clear 

relationship between burn severity and increase or decrease in ventenata 

predictions for wildfires in the subalpine group. Although shrubland and woodland 

did not have a strong increasing or decreasing trend in burn severity as change-class 

increased, there was generally an increase in the variability of median RdNBR with 

increasing change-class in shrubland. Apart from these three fire-veg groups, all 

other groups suggested a positive relationship between burn severity and change in 

the probability of ventenata. In the mixed/woodland group, there was a general rise 

in the median and IQR of RdNBR with increasing change-class. For mixed/woodland 

and mixed/dry-forest, the increasing median RdNBR was more exponential than 

linear as change-class increased. 
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Figure 4.7. Summary of the median and IQR of burn severity (RdNBR) within wildfires 
by change-class (percent-change in probability of ventenata) and fire-veg group. For 
example, in the mixed/woodland group and median statistic, boxplots summaries 
for the > 200% change-class are based on the median of RdNBR in the > 200% 
change-class for each wildfire in that fire-veg group. Boxplot summaries include the 
median (middle line segment), the 25th and 75th percentile (the upper and lower 
hinges), and the 5th and 95th percentile (the whiskers). 

When burn severity within a wildfire was compared across change-classes, all 

fire-veg groups tended to show that an increase in ventenata change-class was 

associated with increased burn severity (Figure 4.8, all mean-differences of median 

RdNBR positive). The one exception was the subalpine group, which had a small 

number of fires (Table 4.2) and no discernible trend (Figure 4.8). For most fire-veg 

groups, the magnitude of the difference in burn severity (median RdNBR) was also 

associated with an increase in change-class (e.g., mixed/dry-forest in Figure 4.8, 

warmer tones moving left-to-right and top-to-bottom). The average difference in the 

IQR of RdNBR generally followed a similar pattern, again with the exception of the 

subalpine group.  
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Similar to results in Figure 4.7, the largest differences in severity between 

change-classes were in wildfires that occurred in the mixed ecotones and in forested 

areas dominated by dry-forest or mixed-conifer (Figure 4.8). On average, in the 

mixed/dry-forest, mixed/woodland, and shrubland, the difference in median RdNBR 

between any pair of change-classes was greatest when compared with the highest 

change-class, which represents areas where there the probability of ventenata more 

than doubled between 2006 and 2017 (Figure 4.8, warmest tones found in the right-

most column). For the average wildfire in mixed-conifer or mixed/shrubland, 

comparisons of median RdNBR were the greatest magnitude when change-classes 

were compared with the lowest change-class (i.e., locations where the probability of 

ventenata in 2017 decreased by 50% from 2006; Figure 4.8, warmest tones found 

along the bottom row). 
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Figure 4.8. Heatmap of the average (mean) difference in the median and IQR of burn 
severity (RdNBR) between change-classes (percent-change in probability of 
ventenata) within wildfires for each fire-veg group. For example, in the dry-forest 
group and median statistic, the right-most column of the heatmap shows the 
average difference in the median RdNBR between the > 200% change-class and 
progressively smaller change-classes (i.e., lower percent-change in probability) 
moving down the column, where the greatest average difference in median burn 
severity is between the >200% and the < -50% change-classes (differences in this cell 
are calculated at the wildfire-level first, before the average taken at the fire-veg 
level). 
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4.4.2 Case Studies 

4.4.2.1 Starkey Experimental Forest and Range 

In 2006, Starkey Experimental Forest and Range (SEFR) had a total of 718 ha 

of ventenata (7% of the SEFR) that increased to nearly 2,086 ha (20%) by 2017. 

During this time period, the mean patch-size increased from 1.4 ha to 2.3 ha and the 

total number of patches increased from 512 to 918. By 2017, the average minimum-

distance between patches had decreased from 129 m to 87 m. Additionally, patches 

became more elongated in 2017 (average RMOBB of 0.86 in 2006 vs. 0.77 in 2017).  

Many forest openings within SEFR had a large percentage-increase in 

ventenata probability between 2006 and 2017 (i.e., positive percent-change in 

probability; Figure 4.9). However, because some of the larger relative-increases 

occurred in locations where the probability of ventenata was very low probability in 

2006, only some of these areas were classified as ventenata expansion (Figure 4.10; 

e.g., lower-right corner of Figure 4.9D vs. Figure 4.10B). Decreased probability of 

ventenata was generally associated with forested areas, especially along the edges 

of forests and meadows (Figure 4.9D), where it was associated with an increase in 

the minimum-NDVI (Figure 4.9C). This increase in minimum-NDVI was confirmed by 

tree ingrowth evident in NAIP imagery in these areas (Figure 4.9A-B). 
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Figure 4.9. Change in vegetation (A-B), minimum-NDVI (C), and ventenata 
predictions (D; percent-change in ventenata probability) across the Starkey 
Experimental Forest and Range (SEFR) from 2006 to 2017. The percent-change in 
probability of ventenata is shown for all of SEFR in the right panel, with a dark-grey 
square corresponding to the location of the zoomed-in panels A-D. Change in 
vegetation for the nearest dates to 2006 and 2017 are shown as NAIP imagery from 
2005 (A) and 2016 (B). 

Locations with persistent ventenata populations on the eastern side of SEFR 

showed little to no increase in probability (Figure 4.9). In contrast, several nearby-

areas showed relatively large decreases in probability, many of which were 

associated with contraction (Figure 4.10). Persistent ventenata populations were 

primarily located in the large forest openings found on the eastern side of the region 

(Figure 4.10). The elongation of persistent patches (RMOBB = 0.85) tended to be 

much less than that of expansion patches (RMOBB = 0.77). Persistent patches 

totaled 323 with a mean patch-size of 1.9 ha. Ventenata expanded into many of the 

openings throughout SEFR, but there was less expansion in the northwestern corner 

of SEFR. Expansion patches totaled 1,197 with a mean patch-size of 1.2 ha. In 

contrast, the contraction of ventenata generally occurred along the border of forest 

openings and in closer proximity to persistent populations (average minimum-
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distance of 115 m) than expansion (389 m). In total, there were 563 contraction 

patches and the mean patch-size was 0.2 ha. 

 

Figure 4.10. Change in ventenata’s distribution across the Starkey Experimental 
Forest and Range (right panel) between 2006 and 2017, illustrated by contraction, 
expansion, and persistence of ventenata populations. In the right panel, the location 
of panels A-B are indicated by the dark-grey squares. The example in panel A 
illustrates how contraction generally occurred along the border of forest openings 
close to persistent patches. The location of panel B is the same as Figure 4.9, panels 
A-D. In the background of all images is a grey-toned NAIP image from 2016 showing 
the configuration of forested and non-forested areas within the SEFR. 

4.4.2.2 Canyon Creek Complex 

The large wildfire known as the Canyon Creek Complex (CCC) was included in 

the dry-forest fire-veg group. Burn severity was highly variable within the burned 

areas, with RdNBR ranging from -360 to 1,100 (median = 225; Figure 4.11B).  Many 

of the areas that experienced higher severity (>700 RdNBR) were associated with a 

large relative increase in probability of ventenata between 2006 and 2017 (i.e., >100 

percent-change in probability). However, not all areas with high severity showed a 
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large increase in probability. This region is notable when compared to the rest of the 

BME because many locations within this wildfire’s burn perimeter had a substantial 

percentage increase in probability (i.e., percent-change in probability): a total of 289 

ha (0.7%) within the burn perimeter had greater than 400% increase in probability 

between 2006 and 2017.  

 In 2006, 9 years before the wildfire, the area had a total of 1,799 ha of 

ventenata (4% of the area). Two years after the wildfire, this increased to 5,667 ha 

(13% of the area in 2017). The mean patch-size increased from 1.1 ha in 2006 to 4 ha 

in 2017, while the total number of patches decreased from 1,583 to 1,421. The 

average minimum-distance between patches of ventenata also reduced from 105 m 

to 97 m in 2017. The average shape of patches was similar between periods, with an 

average RMOBB of 0.86 in 2006 and 0.82 in 2017. 

The largest persistent ventenata population within the CCC was in the 

northeastern corner of the burn perimeter. Although, several persistent populations 

were also located within the canyon running north to south along the western side 

of the burn perimeter (Figure 4.11, C). There were 1,238 persistent patches with a 

mean patch-size of 1.3 ha. In terms of average patch-shape, persistent patches 

(RMOBB = 0.86) were not substantially different from expansion (RMOBB = 0.82) or 

contraction (RMOBB = 0.88) patches. Compared to SEFR, expansion of ventenata 

within the CCC was more radial than saltatorial. There were 1,676 expansion patches 

(mean patch-size of 2.4 ha), with expansion primarily concentrated along the 

northern and western sides of the burned area. Contraction patches totaled 816 

with a mean patch-size of 0.2 ha. Ventenata contraction primarily occurred along 

the Canyon Creek, which runs north to south on the west side of the burn, with 

patches of contraction generally closer to persistent populations (average minimum-

distance of 143 m) than expansion patches (414 m). 
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Figure 4.11. The Corner Creek Complex wildfire’s burn perimeter, including NAIP 
imagery from 2016 (A), burn severity (B; RdNBR), and the change in ventenata’s 
distribution between 2006 and 2017 (C-D). Panel C shows ventenata expansion, 
contraction, and persistence, while panel D shows percent-change in ventenata 
probability (percent-change in probability between 2006 and 2017). White-area 
within the burn perimeter indicates locations masked from the analysis because the 
elevation was above 1,829 m. 

4.5 Discussion 

Between 2006 and 2017, ventenata spread widely throughout the Blue 

Mountains Ecoregion (BME). Although this invasion only occupies a relatively small 

proportion of the region, our estimates indicate that the total area of ventenata 

with cover greater than 20% increased by 44% in little more than a decade (378,000 

ha to 545,000 ha); an average yearly increase of 15,200 ha/yr. Ventenata has been 

documented in a variety of plant communities of the BME (Wallace et al., 2015). 

Still, some parts of this region have only just recently observed ventenata for the 
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first time (Nicolli et al., 2020). Considering the progression of invasion and breadth 

of ecosystems suitable for invasion in the BME, this region appears to be at high risk 

for future potential impacts of ventenata.  

The spread of invasive species is driven by a hierarchy of processes occurring 

at multiple scales of time and space (Pyšek and Hulme, 2005). Seed rain and local 

dispersal (e.g., wind or water transport) in combination with microsite 

characteristics drives the local diffusion of populations into areas surrounding a 

population, while long-distance dispersal (e.g., ungulate or vehicle transport) to new 

locations drives the establishment of new populations. Over time, these processes 

result in the region-level patterns of invasion. On average, much of the ventenata 

invasion spread radially from patches present in 2006 (decreasing number of 

patches and increasing mean patch-size), and this regional trend also occurred 

within the bounds of the Canyon Creek Complex (CCC). This higher frequency of 

radial expansion over saltatorial expansion (i.e., leaping or discontinuous spread) 

runs counter to the bias Pyšek and Hulme (2005) proposed would occur when using 

distribution maps to estimate spread.  

Nevertheless, there were also many cases of saltatorial expansion in the 

BME, especially within forest openings, as demonstrated in the Starkey Experimental 

Forest and Range (SEFR). This resulted in the SEFR having a different patch-size trend 

(increasing number of patches and increasing patch size) compared to the entire 

BME and a different patch shape (lower RMOBB) than the CCC. Within the SEFR, 

radial expansion primarily occurred within large, lower elevation open areas to the 

east, while saltatorial expansion was common throughout the area, owing to the 

highly fragmented forest/non-forest patch configuration. 

4.5.1 Phenology and Biophysical Setting 

Within rangelands of the BME, ventenata seedling emergence starts in the 

late fall (October) and will typically continue through spring (March), with the exact 
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timing of this process being governed by the timing and amount of precipitation 

(Wallace et al., 2015). As with other invasive annual species, the germination 

strategy of ventenata likely provides a competitive advantage over native species, 

which tend to germinate and grow later in the year (Hardegree et al., 2010; Harris 

and Wilson, 1970; Thill et al., 1979; Wilson et al., 1974). We found the ventenata 

expansion and the increased probability between 2006 and 2017 were often 

associated with earlier start-of-greenup (median of 24 days earlier in 2017; Figure 

4.3). Given that we controlled for the climatic influence on phenology, the earlier 

start-of-greenup may indicate ventenata populations increased within these areas. 

Ventenata expansion and probability increase was frequently observed in forest 

openings, within some wildfires, and along major ecotones between forested and 

non-forested. Although the probability of ventenata generally increased region-

wide, some areas had decreases in probability that led to a contraction of some 

populations (Figure 4.3; Appendix H). This process was demonstrated in the SEFR, 

where ventenata contraction and decreasing probability of ventenata were 

commonly associated with forested areas and increasing minimum NDVI and canopy 

cover (Figure 4.9).  

A wide range of plant communities and elevations have been previously 

reported as being at high risk of ventenata invasion (Jones et al., 2018; Nicolli et al., 

2020; Tortorelli et al., 2020). We found that 50% of persistent populations were 

located between 1,091 and 1,285 m (IQR), an elevation range that overlaps many 

areas dominated by sagebrush steppe and juniper woodlands within the BME. 

Accordingly, we found that the PNV subzones with the greatest area of persistent 

populations were split between Upland Shrub (814 km2) and Juniper Woodland (696 

km2). However, more than 40% of ventenata expansion within the BME occurred 

above 1,300 m. At elevations greater than 1,300 m, the prevalence of dry conifer 

forest and transition zones (e.g., the Xeric Pine subzone) between dry forest, 

woodlands, and shrublands increases within the BME. PNV subzones with the 
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greatest expansion included Dry Ponderosa Pine (387 km2) and Xeric Pine (382 

km2).  

Our findings suggest that ventenata may have initially established sustaining 

populations within the BME in mid-elevation sagebrush-steppe communities and has 

since largely spread to higher elevations, connecting the ecotonal-transition 

between shrubland ecosystems and dry conifer-dominated ecosystems at higher 

elevation. These findings were corroborated by a recent study reporting heavy 

ventenata-invasion in the 1,250 to 1,665 m elevation range of the BME (Tortorelli et 

al., 2020). Together, these observations contrast with the observed pattern of 

cheatgrass invasion in the Great Basin, where cheatgrass was initially introduced at a 

relatively high elevation and expanded to lower elevations (Bradley and Mustard, 

2006). Additionally, areas of the BME with shallow soils, such as parts of the Xeric 

Pine and Scabland Grass subzones, have recently experienced substantial invasion 

(Table 4.1). Compared to areas with deeper soils, areas with shallower, less 

productive soils have been considered ‘invasion resistant’ to other invasive grasses 

present throughout this part of the Pacific Northwest (Johnson and Swanson 2005). 

Ventenata’s presence in these locations may be pushing resistance boundary of 

these less productive sites.  

4.5.2 Wildfire 

Fire occurrence is known to promote many invasive grasses (Brooks 2008). 

We found evidence that wildfire occurrence and severity was related to an increased 

probability of ventenata in many vegetation types throughout the BME. Wildfires 

that alter plant-community structure or the physical environment in a way that 

promotes ventenata, may increase the connectivity of ventenata populations, 

thereby increasing fine fuel connectivity across the landscape. A grass-fire-cycle 

could develop if connectivity of fine fuels promotes future fires.  



114 
 

 

The grass-fire-cycle is well documented for cheatgrass (Brooks et al., 2004; 

D’Antonio and Vitousek, 1992). However, cheatgrass has historically not been as 

problematic in some plant communities in which ventenata has recently become 

abundant. Ventenata’s trend of invading forested and ecotonal areas may become 

especially problematic if the ventenata invasion increases fuel connectivity between 

forest stands. Regional approaches to assessing fire behavior, as it relates to grass 

invasion, have reported the influence of cheatgrass and other invasive annual grass 

species on fire frequency, size, and ignitions (Balch et al., 2013; Bradley et al., 2017; 

Fusco et al., 2019). However, these large-scale analyses have only looked at one side 

of the grass-fire cycle and have not examined the influence of wildfires on grass 

invasion.  

We found that the probability of ventenata generally increased between 

2006 and 2017, both in areas with and without wildfire, in all but the non-wildfire 

subalpine fire-veg group. However, some fire-veg groups that burned during the 

study period had a higher percent increase in the probability of ventenata than non-

wildfire areas (Figure 4.6). This association was observed for wildfires in areas 

dominated by woodlands with a high mixture of forest and nonforest 

(mixed/woodland) and forested areas dominated by dry-forest or mixed-conifer. In 

these three settings, ventenata probability may have increased because nearby 

populations of ventenata in open areas were provided with the opportunity to 

spread to previously unsuitable areas (e.g., high canopy cover). The only other study 

to examine the relationship between fire and ventenata in forested areas is 

Tortorelli et al. (2020). They found evidence that wildfire in mixed forest and 

shrubland may have influenced the relationship between ventenata cover and plant 

species richness (Tortorelli et al., 2020). While grass invasion is typically thought to 

be less problematic in forests, there is some evidence that positive invasion-fire 

feedbacks can develop in forest ecosystems (Wagner and Fraterrigo, 2015).  
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In contrast with forested areas, the shrubland and woodland fire-veg groups 

had relatively small increases in probability and were similar in both areas with 

wildfire and those without. Ridder et al. (2021) examined the relationship between 

ventenata and historical fire occurrence in a grassland of the BME (shrubland or 

mixed/shrubland fire-veg group). They reported that although ventenata generally 

increased during their study period, there was no substantial impact of fire 

occurrence on ventenata’s invasion. Our results corroborate this observation in non-

forested parts of the region. Likewise, similar results have been reported for 

cheatgrass growing in the grasslands on the western edge of the Great Plains, 

suggesting that some grasslands are less susceptible to developing a positive 

feedback between invasive annual grasses and fire (Porensky and Blumenthal, 

2016).  

In all fire-veg groups except for subalpine, we found that areas with a higher 

change-class (percent-change in probability) for ventenata also had higher burn 

severity (Figure 4.7). Although, the strength of this relationship varied by fire-veg 

group. Between neighboring change-classes (e.g., an increase of 50-100% vs. 100-

200%), differences in burn severity were greatest for wildfires in mixed/woodlands, 

mixed/dry-forest, dry-forest, and mixed-conifer (Figure 4.8). Of these four fire-veg 

groups, the mixed/dry-forest was the only group with no association between 

wildfire occurrence and ventenata probability. This may suggest that ventenata is 

invading these areas regardless of wildfire occurrence, but when wildfire does occur, 

areas with a greater percent-increase in ventenata tend to have burnt at higher 

severity (Figure 4.8).  

The potential for fire to connect and expand patches of ventenata in this 

region was recently proposed (Kerns et al., 2020) and the patterns observed in the 

CCC provide some support for this idea. We found that burn severity within the CCC 

wildfire likely influenced ventenata invasion. Spatial patterns of increased 

probability corresponded in many instances to the spatial patterns of high burn-
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severity (Figure 4.11). However, within the wildfire’s perimeter, there are many 

areas that burned at high severity and were not invaded by ventenata post-fire, 

indicating that these areas may have experienced a reduction in canopy but had not 

yet been invaded. This suggests that, while wildfire does not always lead to 

ventenata invasion, ventenata can establish if the niche space is suitable and wildfire 

sufficiently reduces canopy cover. Additionally, in comparison with SEFR (which did 

not burn), expansion in the CCC tended to be more radial, where the mean patch-

size increased, and the number of patches decreased between 2006 and two years 

post fire (2017). These changes in patch metrics may relate to the consumption of 

canopy cover in high-intensity burn areas, thereby connecting and expanding 

previously established ventenata populations.  

To date, no other studies have investigated the relationship between burn 

severity and ventenata. While our findings represent an important first look at the 

fire relationship across vegetation types, the need exists for further research in this 

direction. Our study has the advantage of incorporating all large wildfires between 

2006 and 2017, covering various plant communities and vegetation spatial 

configurations. In looking to the future, it was recently reported that increased 

temperatures and atmospheric carbon dioxide concentrations may provide an 

advantage to ventenata over cheatgrass under climate change conditions (Harvey et 

al., 2020). Along with the potential for forest treatments to introduce exotic species 

(Abella and Springer, 2015; Keeley, 2006) and the promotion of ventenata by fire, 

the future of forests in this region may be negatively impacted by ventenata 

invasion. 

4.5.3 Caveats and Considerations 

The analysis of remote-sensing derived maps of species presence can be 

impacted by the accuracy of the model from which they were produced (Langford et 

al., 2006; Liu et al., 2007). In this study we attempted to control for climatic impacts 

on phenology by selecting years with similar local weather patterns, but given the 
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variability of weather across the ecoregion, we cannot completely control for the 

influence of weather on phenology. Classification error from weather variation and 

other sources will inevitably have an impact on the spatial patterns observed in 

model predictions. There are invasive annual grasses present within the BME that 

may have similar phenology to ventenata. Therefore, there may be locations the 

model predicted as ventenata that also contain other annual grasses. However, 

misclassification in this context was likely reduced by the inclusion of other climate 

and biophysical data in the model that assisted in differentiating the environmental 

niches of these species.  

Future studies would benefit by considering additional factors related to 

wildfire. Given the complex processes happening on the ground, we cannot 

conclude with certainty that changes in the probability of ventenata are directly 

related to wildfire occurrence or severity. Firstly, because we only examined large 

wildfires (i.e., > 405 ha), we cannot guarantee that ‘non-wildfire’ areas did not burn 

during this period. Not accounting for smaller wildfires or prescribed fire could be 

confounding some of the results we observed between ‘wildfire’ and ‘non-wildfire’ 

areas for these fire-veg groups. Secondly, there are known accuracy issues related to 

using RdNBR to characterize the severity of fires (Miller et al., 2009). Additionally, 

we did not explicitly review the relationship between time since fire and the 

difference in ventenata probability or occurrence. For example, the Canyon Creek 

Complex occurred within 2 years of 2017. The abundance or prevalence of 

ventenata will likely change across the landscape as the forest within this wildfire’s 

burn perimeter regenerates (Flory et al., 2017). This study intended to provide a first 

look at the region-wide relationship between fire and ventenata. Therefore, 

additional research on fire and ventenata is warranted. 

4.6 Conclusion 

Our findings represent the first region-level assessment of the invasion 

progression of Ventenata dubia. To our knowledge, this is also the first examination 
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of the response of an invasive annual grass to large wildfires at a regional scale. We 

utilized land surface phenology in conjunction with climatic predictors to examine 

change in the spatial distribution of ventenata across a 7 million ha region of the 

interior Pacific Northwest. We controlled for climatic impacts on this species’ 

phenology to minimize error related to weather’s influence on vegetation 

development. Our findings indicate that ventenata has expanded from lower 

elevation shrublands into the ecotone between shrublands, woodlands, and open 

pine forests of the Blue Mountains Ecoregion. This invasion of higher elevations 

within the region may be catalyzed by the occurrence or severity of large wildfires 

that have occurred in the 11-year period between our observations, but the impact 

of wildfire on the invasion seems to differ by the proportion of ecotone within the 

burn perimeter in addition to the dominant vegetation type. While this study is 

limited in extent to the Blue Mountains Ecoregion, it is not unreasable to infer other 

dry interior forests may also be at risk of ventenata invasion, which could be 

catalyzed by fire. Given the potential negative impacts of grass-fire-cycles, the 

results of this study provide supporting evidence to focus future research and 

management on ventenata within the Blue Mountains and more broadly within the 

continental, western United States. 
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5 CONCLUSION 

Ecosystems across the planet have experienced changes resulting from the 

behaviors of humans. In conjunction with climate change and land use and land 

cover change, the transport and invasion of nonnative species has resulted in 

substantial impacts to the worlds ecosystems (Pyšek and Richardson, 2010). 

Therefore, it is critical to track and quantify the status and impacts of nonnative 

species introductions (Latombe et al., 2017). This dissertation sought to develop and 

apply tools to track the present and past distribution of an invasive annual grass, 

providing insight into the relationships and potential drivers of this invasion. First, 

this research focused on developing tools to estimate the temporal patterns of 

vegetation development that can be used to detect species with unique phenology. I 

then tested whether these estimates in conjunction with abiotic environmental 

characteristics could adequately estimate the present distribution of an invasive 

annual grass species. Finally, I expanded the analysis temporally to encompass two 

time periods to examine the progression of the invasion in the context of the 

biophysical relationships and the occurrence and severity of large wildfires. 

In Chapter 2, I addressed two challenges related to the detection and 

mapping of an invasive annual grass. I focused on quantifying vegetation phenology 

at ecologically meaningful spatial and temporal scales by 1) implementing a spatio-

temporal image fusion algorithm in Google Earth Engine (GEE) and 2) using the 

resulting time series to estimate intraannual phenological patterns. I found that 

employing spatio-temporal image fusion on a cloud-computing platform like GEE is 

feasible and can produce high-quality predictions in reasonable timeframes. The 

algorithm implemented on GEE resulted in accurate predictions of similar quality to 

those produced by an older, locally run algorithm. I showed that land surface 

phenology estimates derived from this time series corresponded with plant 

development patterns in shrubland, grassland, and open-pine land-cover types. This 

work also indicated that our land surface phenology estimates aligned with the 
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phenological patterns of dominant functional groups at some field sites. However, I 

found that phenometrics from the satellite data did not correspond well with 

phenometrics from near-surface sensors commonly used to evaluate satellite-based 

phenology.  

The data produced from this research may help those studying rapidly 

changing ecosystems (Gunderson, 2000). I found that these data were instrumental 

in identifying annual grass species because shifts in plant community composition 

appear to lead to differences in the annual phenological pattern. Phenological 

patterns have been employed to identify and map populations of other invasive 

annual grasses in the western United States, however, data used in these studies 

were limited in spatial resolution (Boyte and Wylie, 2016; Bradley et al., 2017). 

Additionally, annual grass species strongly respond to year-to-year climatic variation 

(Pilliod et al., 2017) and represent a substantial proportion of surface canopy cover 

in some shrubland, grassland, and open pine communities (D’Antonio and Vitousek 

1992). Thus, in temporally dynamic situations, intraannual LSP estimates may be 

useful. The added benefit of using two satellite data sources to quantify the land 

surface phenology could possibly help in the study of climate change induced 

changes to phenology.  

Estimating intraannual phenology in semi-arid regions at 30 m resolution 

with image-fusion-derived time series presents many challenges and opportunities. 

While the development of cloud computing infrastructure has improved access and 

processing power for some image processing tasks, spatial operations are not ideal 

for platforms designed to divide datasets into smaller units for parallel computation. 

Other recent advances in developing spatio-temporal image fusion algorithms in GEE 

(Moreno-Martínez et al., 2020) promise to continue advancing processing 

techniques to avoid limitations of the GEE platform. Additionally, the integration of 

deep learning libraries like TensorFlow (Abadi et al., 2015) with GEE also offers new 

possibilities for further innovation in image fusion methods, potentially building 
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upon current deep learning methods for image fusion (Song et al., 2018), while 

taking advantage of the cloud computing infrastructure of GEE. My phenology 

estimates were limited within areas of high conifer cover and when cloud cover 

prevented surface observation at critical times. Incorporating data from recently 

launched satellites and continued efforts to improve image fusion on cloud-

computing platforms may help overcome some of these limitations.  

In Chapter 3, I investigated the use of 30 m land surface phenology and 

environmental variables for modeling and mapping the distribution of ventenata 

(Ventenata dubia) in the Blue Mountains Ecoregion (BME) of the interior Pacific 

Northwest. The methods employed in this research support the idea that including 

remote sensing attributes directly related to a species presence will represent the 

present distribution of that species (Bradley et al., 2012). Previous estimates of 

other invasive annual grasses in the western US have focused on using lower 

resolution land surface phenology, restricting the utility and application of these 

maps. Spatial information of species presence and abundance is critical for 

managing invasive species (Cheney et al., 2018; Funk et al., 2020). I found that the 

invasion of ventenata in relatively small forest openings was picked up with my 

model that included phenology and environmental predictors. Model comparisons 

also showed that ventenata does not appear to be distinguishable based on 

phenology alone. By adding environmental information I was able to use the species 

niche to distinguish ventenata from other species with similar phenology. Based on 

these estimates, ventenata may already have robust populations in 7.7 percent 

(5,454 km²) of the BME. I also found that substantial portions of the region contain 

suitable conditions for the future establishment of ventenata. Knowledge of the 

present distribution and suitable habitat of ventenata may help create a more 

realistic prediction of future risk within this and neighboring regions. 

These models of ventenata’s distribution require a nuanced interpretation. I 

had to use phenology and bioclimatic predictors to achieve the best discrimination 
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of ventenata within the BME. Using the data sources in combination has its issues. 

First, some of the spatial patterns predicted by the model are likely related to the 

spatial grain mismatch between the phenology (30 m) and climate (800 m) datasets. 

Second, the mixed pixel effect (Chen et al., 2018) on ventenata detection has not 

been evaluated. The influence of ventenata on the phenology when growing in a 

highly mixed vegetation composition could be disproportionate in the early season 

because of other species dormancy. Conversely, the senescence of ventenata may 

be captured because other vegetation may still be at active when ventenata ends its 

life cycle. 

Chapter 4 provided insight into the temporal patterns of the ventenata 

invasion in the BME. The results of this study represent the first region-level 

assessment of the invasion progression of ventenata. To my knowledge, this is also 

the first examination of the response of an invasive annual grass to large wildfires at 

a regional scale. I utilized land surface phenology in conjunction with climatic 

predictors to examine change in the spatial distribution of ventenata across the 

BME, while controlling for climatic influence on the phenology. The difference 

between the ventenata’s distribution in 2006 and 2017 indicates that ventenata has 

primarily advanced from lower elevation shrublands into the ecotone between 

shrublands, woodlands, and open-pine forests. This is a cause for concern because 

the fine fuels from the addition of this species to the ecotone and forests may 

connect plant communities with a highly flammable fine fuel source. I also found 

that the occurrence or severity of large wildfires may be impacting the probability of 

ventenata presence in dry forest and ecotonal forest/nonforest settings.  

Mapping the progression of an invasion from early stages to present is 

inherently challenging for several reasons. These analyses are useful, but the lag in 

wide-spread invasion (Aikio et al., 2010) and recognition from managers and 

policymakers present challenges in attaining observations from the earlier stages of 

invasion. The lack of early field data may be supplemented if remote sensing can 
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detect the species, but it also limits the ability of studies to field validate mapped 

results. The analyses of remote-sensing derived maps of species presence are also 

impacted by the model's accuracy from which they were produced (Langford et al., 

2006; Liu et al., 2007). Classification error will impact the spatial patterns observed 

in model predictions. For this reason, I focused much of the analysis on broad scale 

trends across the BME. Future studies would benefit by considering additional 

factors related to wildfire. The complex processes related to fire and plant 

community response prevent the conclusive attribution of fire as the catalyst of 

ventenata spread. There were also limitations to the information I could derive from 

the data I employed to estimate fire occurrence and severity. I only examined large 

wildfires (i.e., > 405 ha), so I cannot guarantee that unburned areas did not burn 

during this period. Therefore, smaller wildfires or prescribed fire could be 

confounding some of the results I observed between ‘wildfire’ and ‘non-wildfire’ 

areas.  

This dissertation has explored the use of multiple satellite data sources to 

detect and characterize the invasion of an annual grass in the interior Pacific 

Northwest. I identified both opportunities to refine land surface phenology 

estimates and limitations to the suite of ecosystems that can be accurately 

characterized with these data. The future of the ventenata invasion in the BME is 

presently uncertain, and information regarding this species is still in the early stages 

of development. However, the tools developed in this research to characterize the 

distribution of this species have provided evidence for its unique phenological and 

environmental characteristics. In addition, this allowed the exploration of changes in 

ventenatas biophysical and wildfire relationships through time. Given the 

progression of this invasion into the forested areas of the BME and the evidence of 

fire in these areas increasing the probability of this species, future research will need 

to focus on the mechanisms that promote or allow the establishment of this species 

in forested areas and post-fire environments.  
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A. Landsat and MODIS Metadata 

The following figure and table present details about the metadata associated 

with images used in the image fusion and evaluation. Cloud cover associated with all 

MODIS images used in the image fusion can be found in Figure A1. Metadata 

associated with the Landsat images used in the image fusion and evaluation can be 

found in Table A.1. 

 

Figure  A.1. The percent of MODIS pixels masked by date within the bounds of each 
Landsat WRS-2 scene used in the image fusion and LSP estimation. MODIS pixels 
were masked for snow and cloud cover. Vertical orange lines indicate the dates of 
the Landsat images paired with MODIS images (see Table A.1 for Landsat specific 
information). 
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Table  A.1. All Landsat images used in the GEE image fusion and evaluation. Images 
used to evaluate the GEE image fusion and locally run ESTARFM algorithm are 
indicated with bold typeface. 

Scene Date DOY Cloud Cover (%) Days to Next Pair 

path 43/ row 28 

08/23/16 236 0.1 271 

05/22/17 142 0.6 31 

06/23/17 174 0.4 15 

07/09/17 190 0.5 15 

07/25/17 206 0.5 15 

08/10/17 222 0.8 15 

08/26/17 238 0.0 15 

09/11/17 254 0.1 15 

09/27/17 270 0.4 159 

03/06/18 65 0.5 NA 

path 43/ row 29 

08/23/16 236 0.0 31 

09/08/16 252 15.0 NA 

09/24/16 268 0.9 47 

11/11/16 316 2.2 191 

05/22/17 142 4.2 31 

06/07/17 158 24.5 NA 

06/23/17 174 0.5 15 

07/09/17 190 1.3 31 

07/25/17 206 14.5 NA 

08/10/17 222 4.5 15 

08/26/17 238 0.0 15 

09/11/17 254 0.0 15 

09/27/17 270 0.4 31 

10/29/17 302 0.4 NA 

path 43/ row 30 

08/23/16 236 0.0 15 

09/08/16 252 0.1 15 

09/24/16 268 0.2 47 

11/11/16 316 0.2 191 

04/04/17 94 19.8 NA 

05/22/17 142 0.4 31 

06/23/17 174 0.0 15 

07/09/17 190 0.3 47 

07/25/17 206 20.1 NA 

08/10/17 222 17.4 NA 

08/26/17 238 0.0 15 

09/11/17 254 2.2 15 

09/27/17 270 0.2 31 

10/29/17 302 0.2 NA 
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Table A.1. Continued. 
Scene Date DOY Cloud Cover (%) Days to Next Pair 

path 44/ row 30 

07/29/16 211 0.0 47 

09/15/16 259 0.3 287 

06/30/17 181 0.0 15 

07/16/17 197 0.8 15 

08/01/17 213 2.7 15 

08/17/17 229 0.0 15 

09/02/17 245 0.0 271 

path 45/ row 29 

06/01/18 152 0.2 NA 

08/21/16 234 0.0 287 

06/05/17 156 0.8 15 

06/21/17 172 1.0 15 

07/07/17 188 4.7 31 

08/08/17 220 0.1 79 

10/27/17 300 1.1 NA 
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B. Spatio-temporal Image Fusion Evaluation 

The following figures show the relationship between true Landsat and fused 

images at the five dates used for image fusion evaluation that were not shown in the 

results section of chapter 2. 
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Figure  B.1. Hex grid of the true Landsat NDVI vs. the GEE image fusion NDVI for path 
43/ row 29 on DOY 252. See Table 2.1 for further evaluation details. 
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Figure  B.2. Hex grid of the true Landsat NDVI vs. the GEE image fusion NDVI for path 
43/ row 29 on DOY 206. See Table 2.1 for further evaluation details. 
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Figure  B.3. Hex grid of the true Landsat NDVI vs. the GEE image fusion NDVI for path 
43/ row 30 on DOY 94. See Table 2.1 for further evaluation details. 
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Figure  B.4. Hex grid of the true Landsat NDVI vs. the GEE image fusion NDVI for path 
43/ row 30 on DOY 206. See Table 2.1 for further evaluation details. 
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Figure  B.5.  Hex grid of the true Landsat NDVI vs. the GEE image fusion NDVI for 
path 43/ row 30 on DOY 222. See Table 2.1 for further evaluation details. 
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C. PhenoCam Time Series Comparisons 

The agriculture and conifer forest PhenoCam sites showed little 

correspondence between GCC and NDVI time series. Accordingly, the phenometrics 

extracted with the double logistic smoothing method were quite different. In both 

the NDVI and GCC time series at the agriculture site the beginning of season was not 

captured leading to a relatively poor fit of the function and substantial difference in 

the phenometrics. Neither of the conifer sites had much seasonal variation in NDVI 

which strongly contrasts with the clear seasonal trend present in the GCC time series. 
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Figure  C.1. Comparison of the time series and model fit for the conifer PhenoCam 
site near Sisters, Oregon (PhenoCam-2).  The top panel (a) shows the image fusion 
NDVI-derived time series, model, and phenometrics. The bottom panel (b) shows 
the PhenoCam Gcc-derived time series, model, and phenometrics. For each main 
panel (e.g., a and b), the three subpanels follow the labeling and symbology 
conventions of Figure 2.3. 
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Figure  C.2. Comparison of the time series and model fit for the agricultural 
PhenoCam site near Pullman, Washington (PhenoCam-4). The top panel (a) shows 
the GEE image fusion’s NDVI-derived time series, model, and phenometrics. The 
bottom panel (b) shows the PhenoCam’s Gcc-derived time series, model, and 
phenometrics. For each main panel (i.e., a and b), the three subpanels follow the 
labeling and symbology conventions of Figure 2.3.  
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Figure  C.3. Comparison of the time series and model fit for the conifer PhenoCam 
site near Sisters, Oregon (PhenoCam-3). The top panel (a) shows the GEE image 
fusion’s NDVI-derived time series, model, and phenometrics. The bottom panel (b) 
shows the PhenoCam’s Gcc-derived time series, model, and phenometrics. For each 
main panel (i.e., a and b), the three subpanels follow the labeling and symbology 
conventions of Figure 2.3. 

  



159 
 

 

D. Starkey Experimental Forest and Range Mixed Conifer Phenology 

The phenology observed in the plots at the mixed conifer site in SEFR did not 

correspond with the phenometrics predicted from the image fusion data. This is to 

be expected in areas with high conifer canopy cover because the seasonal signal is 

indistinct. The overstory cover would have completely obscured any phenology 

occurring in the understory.  

 

Figure  D.1. The SEFR transects sampled in mixed conifer sites for the 2017 growing 
season. The top panel shows percent cover by functional group at the four sites 
(transects). The bottom panel shows the proportion of vegetation in each phase by 
functional group. In both panels, vertical lines show the phenometrics estimated 
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from the image-fusion based NDVI time-series, including start of green-up (SOG), 
start of season (SOS), end of season (EOS), and dormancy (Dorm). 
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E. Phenology, Climate, Soils, and Topography Predictors 
 
Table  E.1. Complete list of predictors used to model the presence and absence of 
ventenata. 

Group Acronym Units Description 

Phenometrics 

Dorm Day of Year Inflection point when greenness stops decreasing. 

EOS Day of Year Day in which decrease in greenness is steepest. 

LOS Day of Year Start and end of season difference. 

Mat Day of Year Day of maximum greenness based on function. 

SOS Day of Year Day in which increase in greenness is steepest. 

SOG Day of Year Inflection point when greenness starts rising. 

ROG NDVI/Day Steepness of increase in greenness at the SOS. 

ROS NDVI/Day Steepness of decrease in greenness at EOS. 

NDVI_Amp NDVI Baseline and maximum NDVI difference. 

NDVI_Max NDVI Maximum NDVI observed in 2017. 

NDVI_Min NDVI Median NDVI from September 2016 (baseline). 

GDD_at_Dorm degrees Celsius Cumulative GDD at dormancy. 

GDD_at_EOS degrees Celsius Cumulative GDD at EOS. 

GDD_at_Mat degrees Celsius Cumulative GDD at Maturity. 

GDD_at_SOG degrees Celsius Cumulative GDD at SOG. 

GDD_at_SOS degrees Celsius Cumulative GDD at SOS. 

Climate 

Ann_Ppt millimeters Total annual precipitation. 

Fall_Ppt millimeters Total fall precipitation. 

Spr_Ppt millimeters Total spring precipitation. 

Summ_Ppt millimeters Total summer precipitation. 

Wint_Ppt millimeters Total winter precipitation. 

Ann_Tmin degrees Celsius Mean annual monthly minimum temperature. 

Fall_Tmin degrees Celsius Mean fall monthly minimum temperature. 

Spr_Tmin degrees Celsius Mean spring monthly minimum temperature. 

Summ_Tmin degrees Celsius Mean summer monthly minimum temperature. 

Wint_Tmin degrees Celsius Mean winter monthly minimum temperature. 

Ann_Tmax degrees Celsius Mean annual monthly maximum temperature. 

Fall_Tmax degrees Celsius Mean fall monthly maximum temperature. 

Spr_Tmax degrees Celsius Mean spring monthly maximum temperature. 

Summ_Tmax degrees Celsius Mean summer monthly maximum temperature. 

Wint_Tmax degrees Celsius Mean winter monthly maximum temperature. 

Ann_VPDmin hPa 
Mean annual monthly minimum vapor pressure 
deficit. 

Fall_VPDmin hPa Mean fall monthly minimum vapor pressure deficit. 

Spr_VPDmin hPa Mean spring monthly minimum vapor pressure deficit. 

Summ_VPDmin hPa 
Mean summer monthly minimum vapor pressure 
deficit. 

Wint_VPDmin hPa 
Mean winter monthly minimum vapor pressure 
deficit. 

Ann_VPDmax hPa 
Mean annual monthly maximum vapor pressure 
deficit. 

Fall_VPDmax hPa Mean fall monthly maximum vapor pressure deficit. 
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Table  E.1. Continued. 

Group Acronym Units Description 

Climate 

Spr_VPDmax hPa 
Mean spring monthly maximum vapor pressure 
deficit. 

Summ_VPDmax hPa 
Mean summer monthly maximum vapor pressure 
deficit. 

Wint_VPDmax hPa 
Mean winter monthly maximum vapor pressure 
deficit. 

Soils 

Clay_L1 percent Clay content in the top 20 cm of the soil. 

Frags_L1 percent Rock content in the top 20 cm of the soil. 

OM_L1 percent Organic matter content in the top 20 cm of the soil. 

Sand_L1 percent Sand content in the top 20 cm of the soil. 

Topography 

Slope percent Percent slope 

Eastness Sine of Aspect East to west gradient (1 to -1) 

Northness 
Cosine of 

Aspect 
North to south gradient (1 to -1) 
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F. Bioclimatic and Phenology Model Importance Plots 
 

 
Figure  F.1. Variable importance and rank of the 32 predictors in the bioclimatic 
model. 

 
Figure  F.2. Variable importance and rank of the 16 predictors in the phenology 
model. 
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G. Hybrid Model Performance by Potential Natural Vegetation Class 
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Table  G.2. Composition of the BME by PNV class and their representation in the 
ventenata field data set. 

 
  

PNV % of BME n Prevalence 

Developed 4 1 0 

Upland grass 11 93 0.19 

Moist Meadow 1 4 0.5 

Wet Meadow 0 1 0 

Scabland Shrub 4 32 0.41 

Upland Shrub 20 53 0.15 

Riparian Shrub 0 1 0 

Juniper Steppe 0 1 0 

Juniper Woodlands 5 15 0.2 

Ponderosa Pine-Lodgepole Pine 0 1 1 

Dry Ponderosa Pine 1 16 0.13 

Moist Ponderosa Pine 1 22 0.05 

Xeric Pine 5 101 0.25 

Dry Douglas-Fir 2 45 0.18 

Moist Douglas-Fir 6 74 0.05 

Dry White Fir - Grand Fir 2 69 0.04 

Moist White Fir - Grand Fir 19 270 0.01 

Wet White Fir - Grand Fir 3 45 0 

Cold Dry White Fir - Grand Fir 2 88 0.03 

Moist Subalpine Fir 1 3 0 

Wet Subalpine Fir 2 5 0 
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H. Spatial Patterns of Ventenata Probability Difference and Percent 
Probability Difference 

The following figures show the regional patterns in vegetation and the 

difference in probability of ventenata between 2006 and 2017. While the much of 

the region shows a small percentage decrease in probability, much of the lower 

elevation areas with this decrease had a low probability of occurrence in both 2006 

and 2017. Many of the larger increases in probability occur in forests and ecotones 

across the region. 

 
Figure  H.1. Google satellite image showing the broad-scale spatial patterns of 
forested and non-forested areas within the Blue Mountains Ecoregion. 
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Figure  H.2. Regional change in ventenata probability between 2006 and 2017. 
Positive values indicate that the probability was higher in 2017 than in 2006. 

 
 
 
 


