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Mapping black ash dominated stands using geospatial and
forest inventory data in northern Minnesota, USA
Peder S. Engelstad, Michael J. Falkowski, Anthony W. D’Amato, Robert A. Slesak, Brian J. Palik,
Grant M. Domke, and Matthew B. Russell

Abstract: Emerald ash borer (EAB; Agrilus planipennis Fairmaire, 1888) has been a persistent disturbance for ash forests in the
United States since 2002. Of particular concern is the impact that EAB will have on the ecosystem functioning of wetlands
dominated by black ash (Fraxinus nigra Marsh.). In preparation, forest managers need reliable and complete maps of black ash
dominated stands. Traditionally, forest survey data from the United States Forest Inventory and Analysis (FIA) Program have
provided rigorous measures of tree species at large spatial extents but are limited when providing estimates for smaller
management units (e.g., stands). Fortunately, geospatial data can extend forest survey information by generating predictions of
forest attributes at scales finer than those of the FIA sampling grid. In this study, geospatial data were integrated with FIA data
in a randomForest model to estimate and map black ash dominated stands in northern Minnesota in the United States. The
model produced low error rates (overall error = 14.5%; area under the curve (AUC) = 0.92) and was strongly informed by predictors
from soil saturation and phenology. These results improve upon FIA-based spatial estimates at national extents by providing
forest managers with accurate, fine-scale maps (30 m spatial resolution) of black ash stand dominance that could ultimately
support landscape-level EAB risk and vulnerability assessments.
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Résumé : L’agrile du frêne (AF; Agrilus planipennis Fairmaire, 1888) est une source de perturbation persistante dans les forêts de
frêne depuis 2002 aux États-Unis. L’impact que l’AF aura sur le fonctionnement de l’écosystème des milieux humides dominés
par le frêne noir (Fraxinus nigra Marsh.) est particulièrement préoccupant. Pour se préparer, les gestionnaires forestiers ont
besoin de cartes exhaustives et fiables des peuplements dominés par le frêne noir. Traditionnellement, les données d’inventaire
forestier du programme d’analyse et d’inventaire forestier (AIF) des États-Unis ont fourni des mesures rigoureuses concernant les
espèces arborescentes pour de vastes étendues mais elles sont limitées lorsqu’il s’agit de fournir des estimations pour de plus
petites unités d’aménagement (p. ex des peuplements). Heureusement, les données géospatiales peuvent étendre la portée des
informations de l’inventaire forestier en générant des prédictions des attributs forestiers à des échelles plus fines que la grille
d’échantillonnage du programme d’AIF. Dans cette étude, des données géospatiales ont été intégrées avec des données du
programme d’AIF dans une forêt d’arbres décisionnels pour estimer et cartographier les peuplements dominés par le frêne noir
dans le nord du Minnesota, aux États-Unis. Le modèle a produit de faibles taux d’erreur (erreur globale = 14,5 %; surface sous la
courbe (AUC) = 0,92) et était fortement informé par des prédicteurs ayant trait à la saturation du sol et à la phénologie. Ces
résultats améliorent les estimations spatiales fondées sur le programme d’AIF à l’échelle nationale en fournissant aux gestion-
naires forestiers des cartes précises et à petite échelle (résolution spatiale de 30 m) des peuplements dominés par le frêne noir qui
pourraient en fin de compte servir de base à l’évaluation des risques et de la vulnérabilité à l’AL. [Traduit par la Rédaction]

Mots-clés : indice topographique composé (CTI), télédétection, frêne noir, agrile du frêne, inventaire forestier.

1. Introduction
A variety of exotic flora, fauna, and pathogens induce ecological

changes to forest ecosystems worldwide, ultimately disrupting
ecosystem processes and functions, including nutrient cycling,
productivity, and wildlife habitat (Lovett et al. 2016). In the short
term, some invasive species can alter forest floor environments
and create canopy gaps, whereas long-term changes may affect
entire forest successional trajectories (Gandhi and Herms 2010).
One such invasive species is the emerald ash borer (EAB; Agrilus

planipennis Fairmaire, 1888), a wood-boring beetle that was first
discovered in southeast Michigan in 2002. EAB has been found to
attack all ash species with >2.5 cm diameter, regardless of health
(Herms and McCullough 2014), and kills hosts in as little as 2 years
(Knight et al. 2013). Because of widespread municipal planting of
ash trees, much of the research on EAB impact and mitigation
strategies has been restricted to urban environments (i.e., Crook
et al. 2008; Poland and McCullough 2006; Kovacs et al. 2011). How-
ever, EAB range expansion and the associated threat to nonurban
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ash forests is expected to grow because of migrating populations
(Taylor et al. 2010), firewood transportation (BenDor et al. 2006),
and warming climate conditions (Liang and Fei 2014).

One ash species of particular concern is black ash (Fraxinus nigra
Marsh.), a slow-growing hardwood tree often found in relatively
pure stands on poorly drained soils and in wetlands of the Upper
Midwest region of the United States (USA). The native range of
black ash spans from western Newfoundland to southeastern
Manitoba (Canada), south to Iowa and Ohio, and east to northern
Virginia (Wright and Rauscher 1990). Black ash is considered to
function as a foundational tree species and thereby strongly reg-
ulates ecosystem processes (Ellison et al. 2005; Youngquist et al.
2017). Rapid stand mortality of black ash from EAB attack is ex-
pected to have substantial impacts on ecosystem structure and
function (Slesak et al. 2014). Indeed, dramatic disruptions are an-
ticipated in native plant communities and wildlife food webs
(DeSantis et al. 2013; Looney et al. 2017; Youngquist et al. 2017),
biogeochemical processes (Flower et al. 2013), and resistance to
invasion by exotic flora (Kenis et al. 2009; Klooster et al. 2014).
Additionally, the reduction in evapotranspiration accompanying
the loss of black ash may shift vegetation types in these commu-
nities from wetland forests to marshlike ecosystems (Diamond
et al. 2018) and may ultimately increase flood risk (Telander et al.
2015). The loss of black ash also poses a distinct threat to the
cultural practices of multiple Indigenous groups in the northern
Great Lakes states by reducing wood sources traditionally used for
basketmaking (Costanza et al. 2017; Willow 2011).

To help proactively address these risks and implement mitiga-
tion strategies (i.e., planting replacement tree species, employing
adaptive silvicultural techniques, and releasing biological con-
trols), forest managers need reliable and complete maps depicting
the spatial configuration, extent, and distribution of black ash
dominated forests. Large-area estimates of tree species distribu-
tions can be generated from systematic forest inventory data col-
lected across large geographic extents (i.e., Blackard et al. 2008);
however, such data do not provide specific predictions of species
occurrence at spatial extents smaller than that of the systematic
sampling grid (McRoberts and Tomppo 2007). The United States
Department of Agriculture’s Forest Inventory and Analysis (FIA)
Program provides forest inventory information through annual
surveys of permanent sample plots (Bechtold and Patterson 2005).
The strategic-level sampling methodology of FIA ensures that pop-
ulation estimates at county, state, regional, and national levels
meet specific precision standards. However, smaller spatial units
(e.g., forest district management units and stands) often contain
an insufficient number of plots to generate precise local estimates
of forest attributes and descriptions of their spatial characteristics
(Goerndt et al. 2013). These local estimates of forest conditions are
needed to quantify the effects of forest health agents (e.g., EAB)
because stands of varying host-tree (e.g., black ash) composition
are expected to be differentially affected.

Fortunately, this problem of small-area estimation has been
successfully addressed in previous studies by combining FIA data
with predictors obtained from a variety of remote sensing sources
to generate spatial predictions of forest attributes in the geo-
graphic space between FIA survey locations. For example, multi-
spectral data from passive optical sensors (ranging from 5 to 30 m
spatial resolution) have been leveraged to estimate basal area
(McRoberts and Tomppo 2007), forest disturbance (Schroeder
et al. 2014), stand density (McRoberts 2009), successional stage (Liu
et al. 2008), and canopy cover (Coulston et al. 2012), among others.
Active remote sensing techniques such as light detection and
ranging (LiDAR) have also been used in conjunction with data
from FIA to predict biomass (Andersen et al. 2009), stand volume
(Sheridan et al. 2014), and fire effects (Alonzo et al. 2017).

Species occurrence data from FIA have also been used to classify
forest types and are often combined with multiple remote sensing
or geospatial resources that help define the biotic and abiotic

niches of target species. For example, Evans and Cushman (2009)
used topographic indices and Landsat data to estimate the occu-
pancy of four conifer species in northern Idaho. In Maine,
Dunckel et al. (2015) mapped eastern hemlock (Tsuga canadensis (L.)
Carrière) occurrence by combining climate, soil, and topographic
indices with Landsat data. In Utah, Zimmermann et al. (2007)
compared the effectiveness of topographic and bioclimatic pre-
dictors with vegetation indices from Landsat for species-level clas-
sification of over a dozen tree species. Similar approaches may be
particularly effective in mapping black ash given its common
occurrence in wetlands and unique phenology compared with
other tree species.

In this study, spectral and topographic indices and auxiliary
geospatial layers were combined with data from FIA field surveys
to classify black ash dominated stands across a diverse forest land-
scape in northern Minnesota, USA. It was hypothesized that pre-
dictors related to soil moisture and phenology could serve as
novel predictors to capture the unique ecology of black ash and
that this could help to develop accurate estimates and maps of the
location, extent, and distribution of black ash dominated stands.
In the development of this approach, a model selection procedure
was used to evaluate the most important predictors for classifying
black ash stands and generate a highly accurate, parsimonious
model that accounted for class imbalance. Model performance
was evaluated via traditional accuracy assessment statistics and
by conditional density plots to determine if the model produced
ecologically meaningful results. Furthermore, a spatial assess-
ment of classification stability was performed to explore the po-
tential sources of error when classifying stand dominance across a
diverse array of forest conditions.

2. Methods

2.1. Study area
The study area is defined by the extent of a Landsat scene

(WRS-2 Path 28/Row 27) in northern Minnesota (Fig. 1). The area
(�36 000 km2) sits on the transition zone between boreal and
mixed forest types resulting in a diverse, heterogeneous mix of
hardwood and conifer species that occur in well-drained uplands
and poorly drained swamps and bogs. Historical climate records
(1981–2010) indicate a mean annual precipitation of 540 to 810 mm
(Minnesota Department of Natural Resources 2017), and elevation
ranges from �350 to 600 m above sea level. The study area con-
tains a mix of public and private lands, including the entirety of
Chippewa National Forest. The study area was selected because of
the availability of statewide LiDAR products in Minnesota and
cloud-free Landsat imagery coterminous with the most recent
year of publicly accessible FIA data. Placing the study in the forests
of northern Minnesota is also relevant because of its proximity to
ongoing EAB outbreaks and associated urgency for adaptive man-
agement strategies for black ash forests (D’Amato et al. 2018), as
well as the predicted northward shifts in EAB range (Liang and Fei
2014).

2.2. Data collection
Field data used in this study consisted of 1765 FIA plots mea-

sured during a single inventory cycle between 2011 and 2015. The
sampling design of FIA consists of long-term survey sites system-
atically stratified across public and private lands, with each site
consisting of four 0.02 ha fixed-radius subplots (i.e., phase 2 plots;
Bechtold and Patterson 2005). The large number of forest attri-
butes collected at each site generally fall into two categories: site
description and direct measurement. Site descriptions include
observations of forest type, condition (e.g., forest or nonforest),
and disturbance. Measurements recorded at the individual-tree
level include standard forestry metrics such as diameter at breast
height (DBH; breast height = 1.35 m), tree height, age, and species.
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To quantify stand dominance, basal area was calculated for each
species using DBH. Basal area is understood as a correlate of stand
density and has been successfully used in previous remote sensing
studies of forest species occurrence (Duveneck et al. 2015; Goerndt
et al. 2013; Martin et al. 1998; Moisen et al. 2006; Ohmann and
Gregory 2002). Total basal area for the plot was determined by
scaling to the hectare level using an expansion factor listed in the
FIA database for living trees ≥ 12.7 cm DBH. The relative domi-
nance for each species in the plot was calculated as the total basal
area by species divided by the total plot basal area.

To explore a measure of stand dominance, plots with a simple
majority of black ash (≥50% of total plot basal area) were assigned
a binary value of presence (1), whereas plots where black ash
accounted for less than 50% of total basal area were assigned a
value of absence (0). From the 1765 field plots available during the
inventory cycle, 923 remained after retaining only undisturbed,
forested plots with single land cover condition. The application of
the stand-dominance threshold resulted in training data that in-
cluded 874 absence and 49 presence points.

2.3. Remote sensing data
The use of active and passive remote sensing data is common in

ecological research. Specific to species-level classification, these
data can potentially describe the biophysical characteristics of the
target species’ environmental niche and growth patterns. For this

study, a LiDAR-derived digital terrain model (MNGeo 2017) was
used to derive 20 m spatial resolution topographic indices to de-
scribe a variety of soil attributes (Table 1). To characterize the wet
soils typical of black ash stands, indices were chosen that reflect
soil moisture potential (compound topographic index, CTI), solar
temperature effects (heat load index; McCune and Keon 2002),
and water-holding capacity (integrated moisture index; Iverson
et al. 1997), in addition to standard topography metrics such as
elevation, slope, and aspect.

Although LiDAR point-cloud data can be extremely useful for
characterizing forest structure, the low-density data set used in
this study was not explicitly designed for assessing vegetation
structure; rather, acquisition parameters were optimized for top-
ographic mapping. Thus, acquisition parameters such as scan
angle, flight-line overlap, and point density are far below rec-
ommended thresholds for vegetation mapping and structural
assessment (e.g., Evans et al. 2009). Fortunately, multispectral sat-
ellite sensors collect data with higher spectral and temporal res-
olution, facilitating species differentiation and the computation
of seasonal means from vegetation indices. In this study, Landsat
8 single-date (13 September 2015), cloud-free, surface-reflectance
vegetation indices were acquired from the U.S. Geological Survey
(USGS 2017; Table 1) at a 30 m spatial resolution.

Fig. 1. Spatial extent of the study area in northern Minnesota. Forest Inventory and Analysis (FIA) plots (n = 1765) evaluated during model
development are shown for the 2011–2015 data collection cycle. As displayed, plot locations are “fuzzed” (within 0.8 km of true locations) for
privacy purposes, but true plot coordinates were used during model development via an agreement with FIA. Surface water is shown in
darker gray.
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Additionally, Google Earth Engine (https://earthengine.google.
com) was used to generate minimum, maximum, median, and
differenced values for normalized burn ratio (NBR), normalized
difference vegetation index (NDVI), and normalized difference
moisture index (NDMI) at a 30 m spatial resolution (Table 1) within
a date range long enough to capture the growth cycles of multiple
forest species (1 April to 31 October 2015). The goal of including
seasonally descriptive predictors was to differentiate the phe-
nological signature of black ash, defined by smaller annual leaf-
area growth and a restricted number of growing days (Telander
et al. 2015) from co-occurring deciduous tree species.

2.4. Auxiliary geospatial data
To further capture the abiotic niche of black ash, geospatial

data were acquired from the National Wetlands Inventory (NWI),
which uses manual interpretation of aerial imagery (1 m spatial
resolution) to produce a detailed hierarchical classification of wet-
land habitat types (Dahl et al. 2009). Following previous research
establishing forest wetlands as the primary habitat of black ash

(Wright and Rauscher 1990), NWI vector data were used to develop
a 30 m spatial resolution categorical raster (Table 1) that would
discriminate forested from nonforested wetlands. Soil indices
(Table 1) from the Soil Survey Geographic Database (SSURGO; Soil
Survey Staff 2017) also provided 30 m spatial resolution rasters of
soil inundation and nutrient quality. First, a drainage index, de-
signed to measure long-term soil wetness, was used to relate black
ash with heavily inundated soils. Second, the incorporation of a
productivity index, interpreted from soil taxonomy, provided a
measure related to the nutrient content of soils where black ash is
found.

2.5. Predictor variable development
FIA plots are located on their own grid system irrespective of

any predictor variable georegistration present in this study. To
address this, a 3 × 3 focal mean moving window was applied to
generate mean values for all continuous predictor variables over
the area encompassing all four FIA subplots (�90 m × 90 m) while
resampling the predictor rasters to a common spatial resolution

Table 1. The 44 candidate predictor variables evaluated during development of the randomForest classification of
black ash stand dominance in northern Minnesota.

Source Variable Description

LiDAR DTM (20 m) CTI Compound topographic index
LiDAR DTM (20 m) CURVE Slope curvature
Landsat (30 m) doy_EVI Single-date enhanced vegetation index
Landsat (30 m) doy_IFZ Single-date integrated forest Z score
Landsat (30 m) doy_MSAVI Single-date modified soil-adjusted vegetation index
Landsat (30 m) doy_NBR Single-date normalized burn ratio
Landsat (30 m) doy_NDMI Single-date normalized difference moisture index
Landsat (30 m) doy_NDVI Single-date normalized difference vegetation index
Landsat (30 m) doy_SAVI Single-date soil-adjusted vegetation index
Landsat (30 m) dNBR Summer minus fall median differenced normalized burn ratio
Landsat (30 m) dNDMI Summer minus fall median normalized difference moisture index
Landsat (30 m) dNDVI Summer minus fall median normalized difference vegetation index
LiDAR DTM (20 m) ELEV Elevation (m)
Landsat (30 m) fall_NBR Median normalized burn ratio (September–October)
Landsat (30 m) fall_NDMI Median normalized difference moisture index (September–October)
Landsat (30 m) fall_NDVI Median normalized difference vegetation index (September–October)
Landsat (30 m) grow_NBR Median normalized burn ratio (April–October)
Landsat (30 m) grow_NDMI Median normalized difference moisture index (April–October)
Landsat (30 m) grow_NDVI Median normalized difference vegetation index (April–October)
LiDAR DTM (20 m) HLI Heat load index
LiDAR DTM (20 m) IMI Integrated moisture index
Landsat (30 m) JSmax_NBR Maximum normalized burn ratio (June–September)
Landsat (30 m) JSmax_NDMI Maximum normalized difference moisture index (June–September)
Landsat (30 m) JSmax_NDVI Maximum normalized difference vegetation index (June–September)
Landsat (30 m) JSmin_NBR Minimum normalized burn ratio (June–September)
Landsat (30 m) JSmin_NDMI Minimum normalized difference moisture index (June–September)
Landsat (30 m) JSmin_NDVI Minimum normalized difference vegetation index (June–September)
Landsat (30 m) JSmed_NBR Median normalized burn ratio (June–September)
Landsat (30 m) JSmed_NDMI Median normalized difference moisture index (June–September)
Landsat (30 m) JSmed_NDVI Median normalized difference vegetation index (June–September)
LiDAR DTM (20 m) ROUGH Terrain roughness
SSURGO (30 m) SOILS_DI SSURGO soil drainage index
SSURGO (30 m) SOILS_PI SSURGO soil productivity index
Landsat (30 m) summ_NBR Summer normalized burn ratio (July–August)
Landsat (30 m) summ_NDMI Summer normalized difference moisture index (July–August)
Landsat (30 m) summ_NDVI Summer normalized difference vegetation index (July–August)
Landsat (30 m) TCAP_A Harmonized tasseled cap angle
Landsat (30 m) TCAP_B Harmonized tasseled cap brightness (Vogeler et al. 2018)
Landsat (30 m) TCAP_D Harmonized tasseled cap distance
Landsat (30 m) TCAP_DI Harmonized tasseled cap disturbance index
Landsat (30 m) TCAP_G Harmonized tasseled cap greenness (Vogeler et al. 2018)
Landsat (30 m) TCAP_W Harmonized tasseled cap wetness (Vogeler et al. 2018)
LiDAR DTM (20 m) TRASP Transformed aspect
NWI (30 m) WETLAND National Wetlands Inventory category

Note: Variables included in the final model are indicated in boldface type. LiDAR, light detection and ranging; DTM, digital terrain
model; SSURGO, Soil Survey Geographic Database; NWI, National Wetlands Inventory.
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(30 m × 30 m). Despite the potential to describe only general forest
conditions, this method has been used to partially alleviate coreg-
istration errors between remotely sensed predictors and FIA data
incorporating all four subplots (Dunckel et al. 2015; Moisen et al.
2006; Nelson et al. 2009; Powell et al. 2010). An additional conse-
quence of using all four subplots is a potential reduction in train-
ing data size if filtering out nonhomogeneous forest-cover classes
(McRoberts 2009).

2.6. Model development
A presence and absence classification model of black ash stand

dominance was developed using the randomForest algorithm (RF;
Breiman 2001) as implemented in the randomForest package
(Liaw and Wiener 2002) of the R statistical software (R Core Team
2017). The RF model was run with 4000 bootstrapped replicates
(ntrees), with replacement, to reach convergence on error rates
and stabilize variable importance and variable interaction (Evans
and Cushman 2009). Although RF is considered robust to col-
linearity (Cutler et al. 2007), a model-selection procedure was used
to reduce the number of redundant predictors while retaining
ecological interpretability (Falkowski et al. 2009). Prior to model
selection, a Gram-Schmidt QR decomposition procedure, which is
in the R rfUtilities package (Evans et al. 2011), was used to identify
and remove multicollinear predictor variables. To further opti-
mize model parsimony, a model-selection function, also available
in rfUtilities, was implemented based on its successful use in pre-
vious studies (i.e., Falkowski et al. 2009; Olaya-Marin et al. 2013;
Tinkham et al. 2014). This function iterates through and evaluates
potential models (i.e., suites of potential predictor variables) by
assessing possible variable combinations and comparing them
based on a model improvement ratio statistic (Murphy et al. 2010)
that measures the difference in percent change in overall out-of-
bag error.

2.7. Addressing class imbalance
In machine learning, class-size imbalance remains a regular

source of bias, often resulting in the majority class being favored
over the minority class (He and Garcia 2009; Japkowicz and
Stephen 2002). Specific to RF, the iterative bootstrap sample of
training data often lacks a representative sample from the minor-
ity class. To address this, downsampling the majority class has
previously been shown to be more effective in overcoming
majority-class bias when compared with oversampling and
weighted class methods (Chen et al. 2004; Drummond and Holte
2003). In this study, the majority class (i.e., absence) was down-
sampled to match the size of the minority class (i.e., presence;
n = 49) for each bootstrap sample to minimize bias from class
imbalance.

2.8. Accuracy assessment and model evaluation
Classification accuracy was measured based on internal error

estimates from out-of-bag samples generated by the RF model.
Overall accuracy and errors of omission and commission were
calculated to explore the accuracy of presence and absence classes
produced by the model. The model was also assessed using the
area under the curve (AUC) statistic, generated from a receiver
operating characteristic (ROC) curve comparing the true positive
rate (sensitivity) with the true negative rate (specificity). Following
this, the model was applied to the geospatial data sets to produce
a binary classification of presence and absence of black ash dom-
inance across the study area. Additionally, a class probability map
(following Falkowski et al. 2009) was created by assigning the
maximum value from the binary model’s RF class vote matrix for
each cell across the study area. For example, if a grid cell received
80% of the RF votes for a particular class, it would be assigned a
value of 0.80. The class probability map was used in conjunction
with high spatial resolution imagery (1 m) to visually assess the

quality of model predictions. Finally, conditional density plots,
which display the probability of class occurrence across the range
of values for a single predictor, were examined for the most im-
portant predictors (identified by the final RF model) to verify the
production of an ecologically reasonable model.

3. Results

3.1. Model selection
The Gram-Schmidt QR decomposition procedure identified and

removed 33 multicollinear predictors. The secondary model selec-
tion function (model improvement ratio statistic) did not identify
further model parsimony optimizations for the binary classification
of black ash dominated stands. This left 12 predictor variables that
were used to develop the RF classification model: CTI, summer
minus fall median differenced NBR (dNBR), June–September mini-
mum NDMI (JSmin_NDMI), tasseled cap (TC) angle, TC brightness, TC
greenness, TC wetness, TC disturbance index (TCAP_DI), single-date
NBR, single-date enhanced vegetation index (EVI), single-date NDMI,
and NWI wetland class (Table 1).

3.2. Classification accuracy and variable importance
The overall accuracy of the final model was 85.5%, and the AUC

value was 0.92. Individual class and omission and commission errors
were low (Table 2); however, some confusion did occur in the form
of false positives, resulting in a 24.7% error rate. The investigation of
variable importance (Fig. 2) indicated CTI as the most important,
followed closely by TCAP_DI, dNBR, and JSmin_NDMI.

Table 2. Classification accuracy statistics for the randomForest model
of presence and absence of black ash stand dominance.

Class
Omission
error (producer)

Commission
error (user)

Class
accuracy (%)

Presence 4.7 14.3 85.7
Absence 24.7 14.6 85.4

Overall accuracy (%) 85.5

Fig. 2. Plot of variable importance values for the predictors used
in the final randomForest model of black ash dominated stand
presence or absence. Percent Mean Decrease Accuracy measures the
percent accuracy lost with the removal of individual predictor
variables (listed on the y axis). See Table 1 for definitions of the
abbreviations.
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3.3. Model evaluation
The class probability map (Fig. 3) illustrates the prediction sta-

bility of both presences and absences. The majority of the study
area (�60%) had a classification stability of over 80%. In contrast,
approximately 14% of the study area was represented by stability
under 60%. Initial visual interpretation of these pixels indicated
that higher instability typically occurred in areas of forest distur-
bance (i.e., harvest) during the years of data collection (Fig. 4).

Conditional density plots (Fig. 5) were examined to verify that the
model produced ecologically meaningful results. The plots repre-
sent the relationships among the probability of presence or ab-
sence classes and the four most important predictors. For the
presence class, an increasing likelihood of presence is generally
associated with increasing values of CTI, TCAP_DI, and dNBR. The
inverse is true for JSmin_NDMI, with the likelihood of presence
quickly decreasing for values above �0.25.

Fig. 3. Binary classification (left), maximum class probability (classification stability) map (right; both 30 m resolution), and associated output
summary statistics produced by the randomForest model of black ash stand dominance in northern Minnesota. The color of each bar
corresponds to the associated stability level in the legend and probability map. The numbers listed above each bar represent the percentages
of total land area for each probability level in the study area.
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Fig. 4. Detailed views of the full class probability map (left) overlaying the extent of a known area of forest disturbance (harvest activity)
occurring during the FIA data collection cycle (2011–2015). High-resolution (1 m) DigitalGlobe imagery (right) was visually assessed in Google
Earth Pro to investigate areas of low prediction stability.

Fig. 5. Conditional density plots for the top four predictors from the randomForest model. The light gray area represents the probability of
presence and the dark gray area represents the probability of absence across the range of values for each individual predictor.
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4. Discussion
The RF model developed in this study effectively classified the

presence and absence of black ash dominated stands while ad-
dressing potential class imbalance bias. The maps produced are
operationally ready estimates of the spatial configuration, distri-
bution, and extent of black ash in northern Minnesota. These
results successfully overcome the spatial limitations inherent in
using forest inventory data alone to represent local estimates of
black ash and allow managers to understand the landscape-level
patterns of a species at risk of potential habitat loss due to EAB.

The accuracies presented here are similar to, or improve upon,
the limited research generating species-level classifications of
black ash from remotely sensed data at the spatial resolution used
in this study (30 m). For example, Wolter et al. (1995) used multi-
date Landsat imagery in a partial least squares (PLS) regression to
produce a mean class accuracy of 91% for black ash stands in
northwestern Wisconsin after masking all nonhardwood and oak
cover types. Wolter and White (2002) used the same methodology
and data sources to map black ash cover in northeastern Minne-
sota (overall accuracy = 83.5%). Again, with a PLS-regression ap-
proach and multidate Landsat, Wolter and Townsend (2011)
estimated forest composition in northeastern Minnesota and pro-
duced a mean accuracy of 89.5% for black ash. Additional studies,
focused more on black ash as a component of forest cover type,
have generally shown lower classification accuracies. Reese et al.
(2002) achieved 81.8% accuracy when combining black ash with
red maple (Acer rubrum L.) and silver maple (Acer saccharinum L.) in
a “broad leaf deciduous forest” class while mapping land cover in
Wisconsin. A study by Bergen and Dronova (2007) in northern
Michigan produced moderate success (accuracy = 75.8%) using a
“wet deciduous” category that included trembling aspen (Populus
tremuloides Michx.), red maple, black ash, and white birch (Betula
papyrifera Marsh.).

Although direct comparisons cannot be made with the accura-
cies from models using regression instead of classification, previ-
ous studies on abundance have also included black ash at the
species level but often at spatial resolutions coarser than those in
this study. For example, Chambers et al. (2013) reported an R2 of
0.37 when estimating black ash basal area across eastern North
America using forest inventory data combined with topographic,
climate, and soil predictors using 20 km grid cells. Wilson et al.
(2013) predicted black ash abundance (R2 = 0.71) using data from
the Moderate Resolution Imaging Spectroradiometer (MODIS;
250 m spatial resolution) across the eastern United States. Studies
with similar methodologies using different species have produced
higher accuracies compared with this study. Dunckel et al. (2015)
reported an AUC value of 0.91 when combining relative basal area
from FIA with climatic, soil, and Landsat data in an RF model to
classify the presence and absence of a rare forest species (eastern
hemlock) in Maine. Evans and Cushman (2009) saw high model
performance (AUC ≥ 0.98) for the classification of four conifer
species in northern Idaho based on FIA data and a downsampling
technique in RF with predictors from topography, climate, and
multispectral data.

Overall, the RF classification algorithm produced accurate clas-
sifications and generated an interpretable importance metric for
each of the predictors used in the final model. The conditional
density plot for the most important predictor, CTI, indicated in-
creasing values to be generally associated with an increasing like-
lihood of presence (Fig. 5). As CTI values increase, drainage
depressions tend to form on the landscape, giving the index
strong correlations with soil moisture content and surface water
pooling (Moore et al. 1991). The ability of CTI to discriminate these
topographic features is important in capturing the location of
saturated soils (i.e., bogs and streambanks), where few tree species
other than black ash can establish or grow (Wright and Rauscher
1990). Furthermore, CTI values for cases in which the probability

of presence is higher may be explained by variations in other
correlates, including organic matter content, pH, and phosphorus
levels (Moore et al. 1993), conducive to black ash establishment.
The discriminatory power of CTI is encouraging, but it is also
notable that the other derived topographic and soil-moisture in-
dices were less important than hypothesized. This may partially
be because of a general lack of landform variation in northern
Minnesota relative to areas with complex terrain, where multiple
topographic indices have been used to develop species-occurrence
models (Evans and Cushman 2009). Additionally, soil-moisture
indices may lack precision at higher resolutions, leading to lower
model importance (McEachran et al. 2018).

TCAP_DI, a normalized, linear combination of the three stan-
dard TC indices (brightness, greenness, and wetness), was also
important in the model and displayed a similar trend of values
increasing in parallel with the likelihood of presence. Originally
developed to highlight the spectral differences between vegetated
and unvegetated pixels, TCAP_DI scales from low values repre-
senting “mature” forest to high values representing “bare soil”
(Healey et al. 2005). In its conditional density plot, higher TCAP_DI
values are generally associated with a higher probability of pres-
ence (Fig. 5). The most likely explanation is the unique phenology
of black ash relative to neighboring deciduous species. Black ash
is often the last leaf-on and first leaf-off species (Wolter and
Townsend 2011), leading to less light being absorbed by its canopy.
Supporting this explanation were the distinct thresholds of the
conditional density plots for dNBR and JSmin_NDMI (Fig. 5). For
dNBR, high values represent more rapid senescence from April to
October and were highly associated with black ash presence. For
JSmin_NDMI, presence was associated with low values, which are
often found in areas with sparse canopy closure, including for-
ested wetland habitat. The base indices for these two metrics, NBR
and NDMI, are both highly influenced by the inclusion of the
mid-infrared (MIR) bands, which have shown the ability to dis-
criminate a gradient of foliar moisture content (Hunt et al. 1987).

Though model stability is high in much of the study area, the
class probability map indicates that low stability values occur over
areas of disturbance, commonly because of forest harvest (Fig. 4).
These areas likely account for the notable rate of false positives
produced by the model and may be due to unanticipated similar-
ities in photosynthetic activity between areas of forest regrowth
and black ash stands or model confusion driven by mixed forest
classes generated by aggregating predictors across the extent of
the FIA plot (i.e., averaging among subplots). Alternatively,
classification confusion could be due to the temporal mismatch
between the field data collection period (2011–2015) and the mul-
tispectral data (2015 only). To overcome these errors, the use of
disturbance metrics from time-series data such as those from
LandTrendr (Kennedy et al. 2010) could be used to highlight
changes in spectral trajectories indicative of significant vegeta-
tion change.

The classification produced in this study can be used to enhance
forest management actions at local levels, acting as a complement
to additional data sources used to assess the risks to black ash
dominated ecosystems posed by EAB. Additionally, the map prod-
ucts may help identify locations for enhanced monitoring efforts
investigating the possible factors mitigating EAB impact, includ-
ing woodpecker habitat use (Flower et al. 2014; Lyons 2015) and the
release of biocontrols such as known EAB parasitoids (Duan et al.
2018). The methods presented here could also be applied to mod-
els of presence and absence of other ash species across the antic-
ipated invasion range of EAB. Dominant stands identified in this
study may also be useful in establishing a baseline of black ash
population health (Palik et al. 2012), helping to distinguish between
periodic crown dieback and EAB infestation. Finally, these results
could also complement the growing body of research assessing the
early detection of EAB infestation through remote sensing. Previous
work has investigated hyperspectral (Pontius et al. 2008; Zhang et al.
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2014), LiDAR (Hu et al. 2014), and high spatial resolution data (Murfitt
et al. 2016), but approaches utilizing time-series metrics and phe-
nological signatures remain unexplored.

5. Conclusion
Known limitations of systematically collected forest inventory

data can be overcome using remotely sensed data in support of
forest-species classification and small-area estimation. In this
study, we hypothesized that spatially referenced estimates of
black ash dominated (>50% basal area) stands in northern Minne-
sota could be generated by combining FIA survey data with spatial
predictors related to soil characteristics and phenology. The class-
balanced RF modelling framework presented herein achieved an
overall accuracy of 85% and AUC of 0.92 (with class accuracies of
85.4% for absence and 85.7% for presence), indicating robust
model performance relative to previous studies conducted with
data at similar spatial resolutions. The results support the hypoth-
esis that remote sensing of a finer scale and geospatial products
characterizing soils and phenology can extend forest survey data
in support of land management actions in smaller management
units. The map outputs produced in this study improve upon
similar map products at coarse spatial resolutions and can aid
local forest managers as they assess EAB risk and vulnerability in
black ash dominated stands. Specifically, these map outputs can
be paired with hydrology, understory community, and wildlife
data to anticipate local ecosystem impacts from the effects of
rapid stand mortality due to EAB.
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