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Abstract: To best conserve wetlands and manage associated ecosystem services in the face of
climate and land-use change, wetlands must be routinely monitored to assess their extent and
function. Wetland extent and function are largely driven by spatial and temporal patterns in
inundation and soil moisture, which to date have been challenging to map, especially within forested
wetlands. The objective of this paper is to investigate the different, but often interacting effects,
of evergreen vegetation and inundation on leaf-off bare earth return lidar intensity within mixed
deciduous-evergreen forests in the Coastal Plain of Maryland, and to develop an inundation mapping
approach that is robust in areas of varying levels of evergreen influence. This was achieved through
statistical comparison of field derived metrics, and development of a simple yet robust normalization
process, based on first of many, and bare earth lidar intensity returns. Results demonstrate the
confounding influence of forest canopy gap fraction and inundation, and the effectiveness of the
normalization process. After normalization, inundated deciduous forest could be distinguished from
non-inundated evergreen forest. Inundation was mapped with an overall accuracy between 99.4%
and 100%. Inundation maps created using this approach provide insights into physical processes in
support of environmental decision-making, and a vital link between fine-scale physical conditions
and moderate resolution satellite imagery through enhanced calibration and validation.
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1. Introduction

For effective landscape management under the context of climate change, wetlands must be
routinely monitored to assess extent and function. Since in situ monitoring of wetlands at the landscape
scale is typically cost and time prohibitive, remotely sensed data are commonly used to assess wetlands
at this spatial scale [1]. Traditionally, optical images, such as aerial photography, in conjunction with
field data were used to map wetlands [1]. The U.S. Fish and Wildlife Service National Wetlands
Inventory (NWI) data are primarily produced using this approach [1]. Although great care has been
taken in the production of these data, and they are relied upon by numerous managers and scientists,
challenges to this type of cartographic process remain [1-3]. These challenges result in increased
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uncertainty for certain wetland types, including forested wetlands [2,3]. Palustrine forested wetlands
are one of the most difficult types of wetlands to map using optical images [1]. This is in large
part because the forest canopy precludes viewing of the ground’s surface, the expression of wetland
hydrology is often intermittent, and trees found in this type of wetland are often identical or spectrally
similar to those found in upland forests. Forested wetlands are especially difficult to map in areas of
low topographic relief, such as the outer Coastal Plain of the Mid-Atlantic U.S. As a result, all forested
wetlands, but especially smaller, drier wetlands, are often difficult to detect using optical data [1].

Other types of remotely sensed data are now being used to enhance forested wetland mapping,
including synthetic aperture radar (SAR) [4,5] and light detection and ranging (LiDAR or lidar) [6,7]
data. Although both SAR and lidar offer unique strengths that have the potential to greatly improve
forested wetland mapping [8], the development of natural resource applications involving lidar data
has been particularly rapid. The incorporation of lidar data into the wetland mapping process has the
potential to improve both the detail and reliability of forested wetland maps [7-9]. This paper focuses
on discrete point return lidar data [10,11] collected using a near-infrared (i.e., 1064 nm) laser, specifically
lidar intensity. Lidar intensity or amplitude is the amount of energy returned to the sensor per lidar
echo relative to the amount of energy transmitted by the sensor per laser pulse [12]. Information
regarding the processing of lidar intensity data, particularly the calibration of lidar intensity data can
be found in Kashani et al. [13].

With the rapid development of lidar technology and increased availability of lidar data, many
applications of this dataset have not been fully developed [11]. This is particularly true for lidar
intensity data. Intensity data have been used for land cover classification, and are especially useful
when different land covers have distinct levels of reflectance in the portion of the electromagnetic
spectrum detected by the sensor. Most lidar intensity studies have focused on forestry (e.g., tree species
identification) [14-19] and other types of vegetation related applications [16,17,19-24], but the use of
lidar intensity to identify other materials is slowly increasing (e.g., [land cover including asphalt roads,
grass, house roofs, and trees] [25], [sediment quality relative to the potential to preserve archaeological
materials] [26], [agricultural land use classes] [27], and [building footprints] [28]). A few studies have
used lidar intensity data along with other inputs to map aquatic and coastal ecosystems [12,29-33] with
mixed outcomes (i.e., lidar intensity was only sometimes determined to be helpful for this application).
Only a couple of studies have examined the ability of lidar intensity data to map inundation below the
forest canopy, especially relatively small discontinuous areas of inundation [34-37]. We are not aware
of any studies that have considered the influence of forest structure on the ability to map inundation
below the forest canopy using lidar intensity.

In an earlier study, Lang and McCarty [37] found that lidar intensity data were well suited for
the identification of inundation below the forest canopy due to the strong absorption of incident
near-infrared energy by water and the ability to isolate bare earth returns from vegetation canopy
returns. The objective of this subsequent study is to investigate the different, but often similar, effects
of evergreen vegetation and inundation on leaf-off bare earth return lidar intensity within mixed
deciduous-evergreen forests, and to develop an inundation mapping approach that is robust in areas
of varying levels of evergreen influence. We hypothesize that the intensity of returns from the forest
canopy can be used to identify and correct for the influence of the forest canopy on the intensity of
bare earth returns. Improved maps of forested wetland inundation can be used to: 1) assess ecosystem
character at a fine spatial resolution for the prediction of ecosystem function and provision of related
ecosystem services, and 2) allow for enhanced calibration and validation of inundation maps based
on coarser spatial resolution remotely sensed data. Indeed, highly accurate relatively fine spatial
resolution maps provide a critical link between in situ information and moderate spatial resolution
imagery. These fine spatial resolution products can be used to support the development of broad-scale
land cover maps using a variety of input datasets and techniques (e.g., machine learning or deep
learning models using a wide variety of image types including high spatial or temporal resolution
satellite images), even when only available over relatively small areas. However, before these fine
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spatial resolution datasets are used to support mapping at a coarser spatial resolution, efforts should
be made to reduce errors arising from the presence of evergreen vegetation. The research described
herein supports the development of more rapid and reliable operational wetland mapping within
forested environments.

2. Materials and Methods

2.1. Study Site

The 33 km? study site (Figure 1) is located within the headwaters of the Choptank River watershed.
The 1756 km? Choptank River watershed is located on the Delmarva Peninsula within the outer
Coastal Plain Physiographic Province. The Choptank River is a major tributary of the Chesapeake
Bay, originating in Kent County, Delaware and flowing southwest towards its outlet near Cambridge,
Maryland. The area is characterized by a temperate climate with average annual precipitation of
120 cm [38]. About half of annual precipitation is lost to the atmosphere via evapotranspiration,
while the remainder recharges groundwater or enters streams via surface flow [38]. The landscape
is relatively flat (max elevation <30 m above sea level) and land cover is dominated by farmland
(~60%) with smaller amounts of forest (33%) and suburban/urban (7%) area [39]. Within the study area,
approximately 4% of forests are evergreen [37], and evergreen tree species primarily include loblolly
pine (Pinus taeda L.), Virginia pine (Pinus virginiana Mill.), and American holly (Ilex opaca Aiton).
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Figure 1. The location of the study area relative to the Choptank River Watershed and the states of
Maryland (MD) and Delaware (DE). The Choptank River and its tributaries (gray lines) flow into the
Chesapeake Bay. Stream and watershed data were obtained from the US Geological Survey National
Hydrography Dataset (http://nhd.usgs.gov/data.html).
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Roughly 50% of the forested area within the Choptank River watershed is wetland. The most
common types of wetlands found within the study area are wetland depressions (e.g., Delmarva bays)
and flats, with a smaller area of riparian wetlands. Most wetlands are inundated or saturated early in
the growing season, with some wetlands remaining inundated well into the summer. The period of
maximum hydrologic expression (i.e., highest groundwater levels and most area inundated) varies
with antecedent weather conditions, but is typically in or around March when evapotranspiration has
been relatively low for a long period of time, relative to other months, and before evapotranspiration
increases markedly with rising temperatures and forest canopy leaf-out. The primary soil types
within forested areas at the study site are Hammonton-Fallsington-Corsica complex (predominantly
moderately well drained), Corsica mucky loam (predominantly very poorly drained), and Fallsington
sandy loam (predominantly poorly drained) in order from most to least common (Natural Resources
Conservation Service Soil Survey Geographic Database https://gdg.sc.egov.usda.gov).

2.2. Lidar Data Collection and Preprocessing

Lidar intensity data were collected over the study area on 27 March, 2007 and 24 March, 2009, by
the Canann Valley Institute (see Lang and McCarty [37] for a detailed description of the 2007 lidar
dataset). These dates represent both average (2007) and moderate drought (2009) conditions, according
to the National Oceanic and Atmospheric Administration (NOAA) Palmer Z Index as calculated over
a three-month time period (NOAA National Climate Data Center http://cdo.ncdc.noaa.gov). The data
were collected at the beginning of the local growing season as it relates to the definition of wetlands
(last —2.2 °C or lower freeze at the 50% probability level for Dover, Delaware is March 28; National
Oceanic and Atmospheric Administration National Climate Data Center http://cdo.ncdc.noaa.gov),
and within the approximate average period of maximum hydrologic expression. It is during the spring
when wetland water levels are typically at their highest [37]. Precipitation did not occur for at least
four days before lidar data acquisitions. Therefore, field data collected within a couple days of image
acquisition should represent conditions during the lidar collection. Twelve cm spatial resolution true
color digital aerial imagery were collected by the Canann Valley Institute synchronously with the 2009
lidar data.

On 27 March, 2007, lidar data were collected using an Optech Airborne Laser Terrain Mapper
(ALTM) 3100 sensor (1064 nm wavelength laser) with a scan angle of +/-20° at a height of 610 m
above the Earth’s surface with a pulse rate of 100,000 Hz and scan frequency of 50 Hz. On 24 March,
2009, lidar data were collected using the same sensor, altitude, and pulse rate with a scan angle of
+/-10° and a scan frequency of 70 Hz. For each laser pulse, the instrument recorded up to four returns.
The vertical accuracy of both lidar data acquisitions was validated using over 100 precision global
positioning system (GPS) points collected at sites of constant elevation (e.g., parking lots and road
intersections) using a Trimble Real-Time Kinematic (RTK) 4700 GPS/base station combination and a
Maryland State Highway Administration surveyed benchmark. The lidar data had an overall vertical
accuracy of ~0.15 m root-mean-square error (RMSE) and an average point density of ~2.5 pts/m?
(0.40 m post spacing) and ~11 pts/m? (0.09 m post spacing), for the 2007 and 2009 datasets, respectively.
Horizontal accuracy is expected to be approximately 0.31 m based on sensor specifications (Teledyne
Optech, personal communication). Raw data were converted to LASer (LAS) files containing X, y, z, and
intensity data. Bare earth returns (i.e., returns from the Earth’s surface with returns from vegetation,
buildings, and other elevated features removed) were classified by the data provider using Terrascan
v 7.0 software. DASHMap v 4.0027 software (Teledyne Optech, Ontario Canada) was used to range
normalize (i.e., correct for variation in signal travel length) the 2009 intensity data. The 2007 intensity
data were not range normalized, because variations in intensity due to range (e.g., tonal variations
between scan lines) were not evident. The influence of confounding parameters (i.e., factors other
than the parameter of interest) was minimized for both dates by collecting data at a study site with
minimal topographic variations, using a moderate scan angle to reduce variations due to range [40],
and collecting the data over a short time period on a day with no noticeable atmospheric interference
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(e.g., clouds or haze) to reduce the impact of atmospheric absorption. Inverse distance weighted (IDW)
interpolation was used to produce 1 m bare earth and first of many (abbreviated herein as “first”)
return lidar intensity raster images. All images were filtered using a median filter with a kernel size
of three to reduce fine-scale salt and pepper noise while minimally effecting borders between land
cover classes.

2.3. In Situ Data

In situ data were collected within forests at two reserves owned by The Nature Conservancy,
which were visited within three days of the 2009 lidar acquisition. No precipitation occurred during
this time period. A Trimble 6000 Series GeoXH global positioning system (GPS) was used to collect over
1000 field data points along transects. The Trimble GeoXH GPS was designed to operate under a forest
canopy and is capable of collecting data using real-time Wide Area Augmentation System (WAAS)
correction. GPS accuracy was enhanced by collecting multiple (>15) GPS readings at each location.
The field data points were collected along randomly traversed paths within forested areas, the location
of which was partly controlled by accessibility after entering forest patches from random access points.
GPS points were collected at least 12 m apart at the center of areas with homogeneous inundation status
(i.e., inundated, non-inundated, or transitional between inundated and non-inundated) within an 8 m
diameter. The presence or absence of an evergreen canopy was noted at each GPS point. Transitional
areas were often found in relatively narrow buffers in between inundated and non-inundated areas,
but were only sampled where these areas met or exceeded 8 m in diameter. Gaps are naturally present
within forests, but large areas of open canopy were avoided to limit the scope of the study to areas with
a forest canopy. GPS points, along with inundation status and tree type (i.e., evergreen or deciduous),
were outputted to ArcGIS v 10.2 (ESRI, Redlands, California, USA). A similar process was used to
collect in situ data in support of the 2007 collection [37].

2.4. Analysis

2.4.1. Characterization of Lidar Intensity by Land Cover Type

In situ data were used to create frequency distributions for 2007 and 2009 using the bare earth
intensity values. Intensity values were extracted for each ground data collection point on the bare earth
intensity images, and the frequency of these values was plotted at 5 digital number (DN) intervals for
each class, including evergreen, non-inundated deciduous, and inundated deciduous forest. Values for
the transitional class were also noted.

The 12 cm digital true-color imagery collected coincident with the 2009 lidar data were used to
identify more than ten regions of interest (ROIs) to represent three classes: evergreen, non-inundated
deciduous, and inundated deciduous forest. Representative areas were selected as ROIs throughout
the study area, and resulted in at least several thousand samples per class. Evergreen forests were
examined for indications of inundation, but none were found. This is not surprising since wetlands in
the region generally do not support evergreen trees (Whigham D, personal communication). Land
cover was verified using aerial photographs collected coincident with the 2007 lidar data [37]. General
statistics, including median and mean, as well as 10th, 25th, 75th, and 90th percentiles were extracted
from the bare earth and first intensity images for each class and a scatter plot was created to visualize
intensity differences between classes.
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The relationships between evergreen vegetation as identified using digital true-color imagery
collected coincident with the 2009 lidar data and first return lidar intensity, and first return lidar
intensity and bare earth return lidar intensity, were quantified using the range normalized 2009 lidar
dataset. The relationship between evergreen vegetation as identified using digital true-color imagery
and first return intensity was considered first. A total of 74 250 m? ROIs were created over forested
areas with a wide range of percent evergreen canopy. These ROIs were used to sample first return lidar
intensity images and a VIgreen vegetation index (green-red/green+red) [41] image created using the
digital true-color aerial imagery collected coincident to the 2009 lidar data. The relationship between
these datasets was then investigated using simple linear regression. The relationship between first and
bare earth lidar returns from a single laser pulse was also characterized for thousands of pulses within
mixed deciduous and evergreen forest areas using simple linear regression.

2.4.2. Inundation Map Production

Due to the confounding effects of inundation and evergreen canopy on bare earth intensity,
a technique was developed to normalize bare earth images for the presence of evergreen canopy
(i.e., gap fraction) while retaining the inundation signal to improve inundation map accuracy and
visual clarity (Figure 2). Since the level of energy of earlier returns should be proportional to the
energy that is not transmitted through the canopy (see description of Beer-Lambert equation of light
extinction in Richardson et al. [42]), we added first return intensity to bare earth intensity across
the entire study area to help compensate for the effect of reduced laser transmission with greater
canopy cover. To determine the proportion of first return intensity needed to compensate for reduced
transmission, we used summary statistics from the previously described evergreen and non-inundated
deciduous ROIs and the equation:

C = (G2 - G1)/(F1 - F2) 1)

where F1 and G1 are the median first and bare earth return intensities for non-inundated deciduous
ROIs, and F2 and G2 are the median first and bare earth intensities for non-inundated evergreen
ROIs. Thus the normalized bare earth return is equal to C * F + G where C is determined as
previously described.

This numerical relationship was used to produce a normalized bare earth intensity image for
both image dates. Basic statistics including median and mean, as well as 10th, 25th, 75th, and 90th
percentiles were extracted from the normalized bare earth image for each of the prior created ROIs
(i.e., evergreen, non-inundated deciduous, and inundated deciduous forest classes) and a box plot
was created to visualize differences in bare earth intensity between classes. The normalized bare earth
images were filtered twice using an enhanced lee filter [43] with kernel sizes of 5 and 7. Maps depicting
inundated, non-inundated, and transitional areas were produced for 2007 and 2009 by thresholding
the normalized bare earth intensity images. The maximum inundated deciduous ROI value (52.3) and
the minimum non-inundated deciduous forest ROI value (59.6) were used as thresholds for the 2009
image. Since greater variability was present in the 2007 data and the inundated and non-inundated
classes were not completely distinct, the 99.5th percentile of the inundated deciduous ROI values (82.9)
and the 0.5th percentile of the non-inundated ROI values (106.2) were used as thresholds for the 2007
image. Values in between the two thresholds were considered to represent the transitional class.
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Figure 2. A graphical representation of the normalization process, which corrects for the influence of

evergreen canopy on bare earth lidar intensity data. Abbreviations used in the equations are provided
earlier within the flow chart.

2.4.3. Inundation Map Characterization and Validation

The effect of normalizing the bare earth intensity images using the approach described above
was assessed by creating frequency distributions and error matrices using the in situ data, as well as
applying normalized and non-normalized datasets within a maximum likelihood classifier. The ArcGIS
spatial analyst “extract values to points” cubic convolution function was used to extract an intensity
value for each ground data collection point on the normalized bare earth intensity images and the
frequency of these values was plotted at 5 digital number (DN) intervals for each class, including
evergreen, non-inundated deciduous, and inundated deciduous forest. Values for the transitional
class were also noted. The in situ data were also used to create error matrices for the inundated and
non-inundated classes. Transitional areas were not used to support the accuracy assessment due to
their relatively low number (35 plots), but are displayed for reference. Finally, to further test the utility
of the normalized lidar intensity dataset, the maximum likelihood classifier in ENVI v. 5.5.2 (Harris
Geospatial Solutions, Broomfield, Colorado, USA) was used to map inundation using training data
created using normalized and non-normalized bare earth lidar intensity data.

3. Results

Before normalization, the bare earth data provided a relatively clear distinction between the
inundated and non-inundated deciduous classes for both years, but the evergreen class was difficult
to distinguish (Figures 3 and 4). However, within the ROI scatter plots (Figure 4) a clear distinction
between the evergreen and inundated deciduous classes was present within the first return data. Note
that within class variability is higher for 2007 relative to 2009 and that ranges for each class vary
between years.
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The presence of evergreen vegetation assessed using true-color aerial imagery collected, coincident
to the 2009 lidar data, was found to be well correlated with the strength of the 2009 lidar first returns,
while a moderate negative correlation was found between first and bare earth returns. A significant
positive linear relationship (r* of 0.82 [p = < 0.0001]) was found between first returns and the VIgreen
vegetation index. A significant negative relationship (r* of 0.53 [p = < 0.0001]) was found between first
and bare earth returns when comparing individual pulses.

The coefficients used to normalize the bare earth lidar intensity were 1.95 and 1.98, for 2007 and
2009, respectively. After these coefficient values were used to normalize bare earth intensity for the
influence of the evergreen canopy, a clear distinction between inundated and non-inundated classes
was evident (Figure 5).
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Figure 3. Frequency distributions plotted at 5 digital number (DN) intervals depicting 27 March,
2007 (top) and 24 March, 2009 (bottom) bare earth return values extracted for in situ data points,
including evergreen, inundated deciduous, and non-inundated deciduous points. All evergreen points

were non-inundated.
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Figure 4. Scatterplot illustrating the median, mean, 10th, 25th, 75th, and 90th percentiles for evergreen,
non-inundated deciduous and inundated deciduous region of interest (ROI) values extracted from the
27 March, 2007 (top) and 24 March, 2009 (bottom) bare earth (x-axis) and first return (y-axis) intensity
images as digital numbers (DN). Note that the two deciduous classes have similar first return values,
but markedly different bare earth returns, while the evergreen values are more similar to the inundated
deciduous bare earth values but have markedly different first return values.
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Figure 5. Statistics for evergreen (EG), non-inundated deciduous (NID), and inundated deciduous
(ID) ROIs collected from the normalized 27 March, 2007 (top) and 24 March, 2009 (bottom) bare earth
intensity images as digital numbers (DN). Statistics include mean (dash line), median (solid line),
10th percentile (lower whisker), 25th percentile (lower box extent), 75th percentile (upper box extent),
and 90th percentile (upper whisker). Note that after normalization the evergreen and non-inundated
deciduous values are similar, while inundated deciduous values are significantly different.

The shift of evergreen areas to higher bare earth returns after normalization is evident when
comparing Figures 3 and 6, as well as Figures 4 and 5. Figure 7 illustrates the influence of first return
strength on the original bare earth images, and the dramatic increase in the clarity of inundation
boundaries after normalization. Note the similarity in first return images created for the same area
using data from 2007 and 2009, but the decrease in inundation present on the landscape during 2009
(drought) relative to 2007 (average). Figure 8 demonstrates that the normalization process resulted
in a bare earth image that not only distinguishes inundated from non-inundated deciduous and
non-inundated evergreen forest areas from inundated deciduous forest areas, but also maintains
transitional areas. These transitional areas are found in areas where it would be logical to find either
smaller discontinuous areas of inundation or areas of saturated soils. Transitional areas are often located
intermediate between the inundated and non-inundated classes, but are also found on hummocks
within inundated areas and along ditches, likely partially due to mixed pixels.
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2007 (top) and 24 March, 2009 (bottom) normalized bare earth return values extracted for in situ data
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evergreen points were non-inundated.



Remote Sens. 2020, 12, 707 12 of 21

75°50°20"W 75°50"10"W 75°50'20"W 75°50"10"W 75°50'20"W 75°50"10"W

39°2'50"N
39°2'50"N

39°2°40"N
39°2'40"N

39°2'50"N
39°2'50"N

39°2'40"N
39°2'40"N

0 50 100
m— Meters

oy =,
75°50'20"W

75°50'10"W 75°50"10"W 75°50'20"W 75°50"10"W

Figure 7. Bare earth (left), first (middle), and normalized bare earth return images (right) from
27 March, 2007 (top) and 24 March, 2009 (bottom) for the same area of mixed deciduous and evergreen
forest. Note that inundated areas (dark signature) are easier to identify on the normalized bare earth
images relative to the original bare earth images, and that while bare earth images change between
years, first return images remain relatively constant.

Both inundation maps were found to be highly accurate (Table 1), and by comparing the two
maps the effect of antecedent weather conditions on area inundated was evident. Although relatively
few transitional data points were sampled in the field and thus accuracy is not reported for this
class, the intensity of areas classified as transitional in the field was intermediate to areas classified
as inundated and non-inundated in the field. While non-inundated areas appeared relatively bright
on the 2009 normalized image (median 78 DN; 10th percentile 66 DNj; 90th percentile 89 DN) and
inundated areas appeared relatively dark (median 22 DN; 10th percentile 12 DN; 90th percentile
38 DN), transitional areas had an intermediate appearance (median 46 DN; 10th percentile 32 DN;
90th percentile 61 DN). Area inundated during average weather conditions (2007; 3.08 km?), was
approximately three times larger than during drought conditions (2009; 1.3 km?). Transitional area was
approximately twice as large during average as compared to drought conditions, 2.6 km? and 1.4 km?,
respectively. Ninety-seven percent and 100 % of evergreen areas were mapped as non-inundated
during 2007 and 2009, respectively. However, 1 evergreen point was mapped as transitional in 2007,
and 4 in 2009.
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Figure 8. Inundation map for 27 March, 2007 featuring inundated and non-inundated forest classes,
as well as the transitional class. Note that the transitional class is generally found adjacent to the
inundated class, but it is also found on hummocks within inundated areas, along ditches, and in other
areas of low elevation.

Two maximum likelihood classifications illustrated substantial differences when trained using
maps of inundation based on non-normalized versus normalized lidar intensity data (Figure 9).
Although the map trained using the normalized dataset did contain some uncertainty, areas of
inundation were clearly visible. On the other hand, the map trained using the non-normalized dataset
was dominated by error and areas of inundation were difficult to distinguish from the surrounding
evergreen canopy.
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Table 1. Error matrices for 27 March, 2007 (left) and 24 March, 2009 (right). Field data indicating
non-inundated (NID) and inundated (ID; top), are compared with map classes (side). Evergreen sites
are indicated separately using parentheses, and were added to directly adjacent values when computing
accuracy. User’s accuracy (i.e., how often the mapped class will be found in the field) is displayed
vertically and producer’s accuracy (i.e., how often classes in the field are correctly classified in a map)
is displayed horizontally. Overall accuracy is 99.4 % and 100.0 % for 2007 and 2009, respectively. Data
for transitional field sites are indicated in gray. These numbers are included for visual reference only,
and are not included in any derived estimates of accuracy.

Year Field Validation (2007) Field Validation (2009)
NID ID Accuracy NID ID Accuracy
Non-Inundated 502(28) 5 99.1% 586(26) 0 100.0%
Transitional 11(1) 15 10(4) 2
Inundated 1(1) 637 99.7% 0 505 100.0%
Accuracy 99.6% 99.2% 100.0% 100.0%

75 5l1 W } 75°50 W(b)

39°3'N

£ Pl | UERETA
ion - Non-inundation

l\.u'b? - » S A
(a) [_] calibration [_] Classificaiton [ inundat

l’i) 0.1 0i2 Oi4 km

Figure 9. Maximum likelihood classification of forested wetland inundation based on inundation
training data derived from the 2007 lidar intensity data and coincident optical imagery. Panel (a) is 2007
digital false-color imagery with the red box showing the calibration extent and the blue box showing
the classification extent. Panels (b,(c) are the inundation training datasets derived from non-normalized
and normalized bare earth 2007 lidar intensity data, respectively. Panels (d,e) are the classification
results based on trained classifiers using non-normalized and normalized bare earth 2007 lidar intensity
data, respectively.

4. Discussion

A wide range of lidar intensity calibration has been implemented, and range correction is
most commonly applied [13,26-28,32,44,45]. However, many scientists decide that calibration is not
necessary for their particular application [16,28,35,46—49]. Due to the visually robust difference between
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inundated and non-inundated forest and the lack of apparent range effects due to scan angle the 2007
dataset was not range normalized. However, these differences were visually evident in the 2009 dataset
so that dataset was corrected for range, which removed within flight line differences. The need for
calibration varies markedly based on the intended use of the intensity data [13]. Applications relying
on the detection of relatively small variations in intensity and those in certain landscapes (e.g., areas
of high topographic variability) or using certain data collection specifications (e.g., larger angles of
incidence, acquisitions with divergent specifications or multiple sensors) will likely find calibration to
be more important for meeting their objectives [13,26-28,35,50].

Multiple authors have mentioned that calibration is complex within forested environments
due to the mixed nature of the forest signal [21,27,43,51,52]. Surface roughness and orientation, as
well as vegetation structure and density in addition to material composition will affect bare earth
returns [13-50]. For this reason, inherent variability in the signal is expected to be high and range
normalization may not result in a reduction in signal variation within forest classes [27]. Regardless,
we did note a reduction in within class signal variability for the 2009 lidar intensity dataset (range
normalized) versus the 2007 dataset (not range normalized; Figures 3 and 4). Range normalization
may have reduced within class variability in the 2009 dataset, but it is not vital for production of lidar
intensity based inundation maps at our study site; inundation maps based on both datasets were
found to be highly accurate when compared to field validation data. This study helps to address one
of the four primary knowledge gaps listed by Kashani et al. [13], which include the need to identify the
degree of calibration necessary for different applications.

It should be noted that even after range correction, intensity values will vary based on individual
sensor specifications (e.g., scan angle and pulse frequency) and other factors [13,34]. Many data
acquisition specifications affect intensity values, including some that are not communicated to the end
user, thus making absolute calibration of intensity challenging for most data users [13,21,27,44,53].
In addition, lidar sensors have and will continue to be enhanced, which will change specifications further.
For this reason and others, the normalization coefficient and inundation classification threshold values
presented in this paper would likely not be directly applicable to other datasets. Instead, information
on relative values and methods presented in this article can be applied elsewhere. Kim et al. [54] also
found that ranges in intensity values for land cover classes varied between lidar intensity datasets, but
this did not affect map accuracy.

Our findings regarding the significant negative correlation (r> = 0.53) between same pulse first
and ground returns is not surprising, since the amount of energy returned to the sensor is dependent
on a number of variables, including target reflectivity but also area of the laser footprint intercepted.
A laser pulse that first intersects the canopy has less energy left when it encounters the forest floor, and
the lower gap fraction is within the canopy the less energy will be transmitted through the canopy
and potentially made available at the ground surface. This principle has been used to estimate gap
fraction [55]. For example, Lefsky et al. [56] suggested that canopy gap fraction could be estimated
using a ratio of ground to total returns. Hopkinson and Chasmer [55] found that the ratio of ground to
total returns was largely based on gap fraction (1> = 0.86). Lefsky et al. [56] noted that the relationship
between canopy gap fraction and the ratio between ground and total returns should be modified for
reflectance properties at the ground and canopy levels. The results of this paper support this assertion.

Presumably based at least in part on variations in gap fraction between evergreen and broadleaved
deciduous tree canopies during the leaf-off season, Kim et al. [47] found that leaf-off intensity data
could be used to discriminate between broadleaved and evergreen species with an accuracy of 83.4%.
The significant linear relationship (r? = 0.82) between VIgreen, which has been used by others to
estimate vegetation fraction [41] which is generally considered to be the inverse of gap fraction [57],
and first returns further demonstrates the relationship between gap fraction and the lidar signal.

Kashani et al. [13] list wetness as one of two primary drivers of the lidar intensity signal, and suggest
that intensity could be used to remove the influence of wet areas. Others have instead used this signal to
map wet areas. Lang and McCarty [37] demonstrated that lidar intensity data could be used to produce
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highly accurate (97%) maps of inundation below the forest canopy, but hypothesized that evergreen
vegetation was a source of error. Stevens and Wolfe [35] also found that lidar intensity could be used to
map inundation beneath multiple types of vegetation canopy, including spruce and birch forests, peatlands
and fens, with high levels of accuracy (93%). Variation within their dataset was attributed to absorption
characteristics and surface roughness. This study expands on past studies by directly quantifying the
interacting effects of the forest canopy and inundation, and offering a simple yet robust method to minimize
the effects of the forest canopy on derived inundation maps. The higher levels of accuracy reported in
this study (Table 1), reflect not only the advantage provided by the capacity to filter lidar data by order
of return and the stark contrast between inundated and non-inundated ground when observed using a
near-infrared laser, but also the efficacy of the normalization process.

Figure 5 indicates that our approach results in the clear separation of inundated and non-inundated
land cover, regardless of forest canopy type (evergreen or deciduous). Figure 6 confirms this assertion
using field data. Figure 7 illustrates the effect of the correction method in areas of varying evergreen
canopy distributions. Figure 7 also demonstrates that the correction technique not only provides
clearer definition of depressional wetland inundation extent, but it also assists in the identification
of relatively narrow surface water connections between inundated areas. Surface water connections
amongst wetlands and between wetlands and streams have been the focus of recent scientific efforts,
in part because these connections have been used to determine wetland jurisdictional status [58-61].
Duration of connection is an important component of these types of investigations, and will be better
supported by lidar intensity data as multi-date lidar become more available in the future.

This study represents an initial investigation into the enhancement of lidar intensity data to better
map inundation, but additional research is necessary. For example, processing procedures, including
interpolation and filtering are critical to the success of lidar applications, and should be investigated
relative to lidar intensity based inundation mapping. In addition, given the relatively large margins
between the inundated and non-inundated pixels it may be possible to automate derivation of the
threshold map class values (i.e., normalization coefficients) in the future. While further research is
needed to develop such automated methods, a similar approach was developed by Huang et al. [62]
for identifying dark dense forest pixels automatically. Finally, additional research is needed to better
characterize the influence of soil moisture on return intensity. A negative correlation between soil
moisture and bare earth intensity has been hypothesized or reported by multiple authors [26,45,63-65].
Although our study did not directly address the detection of soil moisture, our results indicate that
substantial differences in soil moisture or discontinuous inundation, which is often accompanied by
soil saturation, could substantially and predictably affect bare earth returns.

This study both helps to address fundamental knowledge gaps pertaining to the use of lidar intensity
data, including the need to evaluate the influence of surface wetness [13], and supports the improved
mapping of inundation. Inundation maps produced using lidar intensity data could be used to support
the enhanced calibration and validation of inundation maps produced over larger areas a wide variety of
image types including high spatial or temporal resolution satellite images. The substantial positive effect of
the normalization process on the quality of inundation training data and therefore classification results is
illustrated in Figure 9. The importance of this type of foundational study will increase as lidar data are
collected over a larger geography, and multi-date lidar data become more readily available.

Although binary inundation status is not the same as wetland status, areas that are inundated at
the beginning of the growing season during an average year are very likely to meet the hydrologic
definition of a wetland (i.e., inundated or saturated within the root zone for two weeks within the
growing season) [66]. Therefore, areas that were mapped as inundated during 2007 are likely to be
wetlands, and these maps could be used to improve the mapping of forested wetlands, a wetland class
that has proven difficult to map in the past [8]. As reported by Kloiber et al. [67], the initial delineation
of wetland boundaries is time consuming. This study further demonstrates that at least some of
these boundaries can be produced using highly accurate automated processes, further supporting the
assertion made by Kloiber et al. [67].
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5. Conclusions

To date, most studies that have used lidar intensity to map specific landscape characteristics have
focused exclusively on their primary parameters of interest (e.g., vegetation structure or inundation).
Mixed deciduous and evergreen forested wetlands and their surrounding uplands present an ideal
location for exploring the interacting effects of canopy structure, inundation, and soil moisture. This
study represents an initial step towards a more integrated approach to assessing drivers of the lidar
intensity signal within forested landscapes.

The method described herein is relatively simple, highly accurate, and can be achieved using data
that are often readily available. Although use of lidar intensity data has increased in recent years,
the dataset is still underutilized given its strong potential to benefit a number of applications, including
improved mapping of aquatic ecosystems. Furthermore, the pairing of intensity and elevation data
is powerful and the fact that lidar intensity are independent from sun shadow, lighting conditions
and high level clouds is an additional advantage. All of these factors contributed to the accuracy of
our inundation maps. We predict that the use of lidar intensity data to map land cover will become
more common as fundamental investigations into use of the intensity signal continue and intensity
calibration becomes more robust. This research provides details regarding physical drivers of the
lidar intensity signal and presents a method for mapping inundation below the forest canopy that is
relatively simple, yet robust.
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