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Determining the Flow State of Channels Under Vegetation
With Airborne Lidar
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'Department of Civil Engineering, Montana State University, Bozeman, MT, USA, ?Department of Land Resources and
Environmental Sciences, Montana State University, Bozeman, MT, USA

Abstract Headwater channels are vital to ecological health, water quality, and watershed connectivity.
However, the geographic extent and the temporal wetting and drying dynamics of headwater catchments

are not thoroughly understood, primarily due to occlusive vegetation. Light Detection and Ranging (lidar)

data can be utilized to address this knowledge gap. Airborne lidar is capable of penetrating vegetation and

has been used as a spatial and spectral tool for water body delineation. In the work presented here we: (a)
develop a novel means of normalizing lidar ground return intensity to allow for comparison across data sets;
(b) demonstrate a statistically significant reduction in median return intensity of wet stream reaches under
dense vegetation relative to dry channel reaches; and (c) leverage this reduction to create classified maps of
wet and dry channel networks in densely vegetated drainages. Across four study basins spanning over 100 km?
we observed an average reduction in median intensity of 41.7% and 72.2% for areas with and without dense
vegetation, respectively. Optimal thresholds for delineating wet from dry stream reaches were determined using
probability density functions. Resulting classified maps yielded overall accuracies ranging from 87.3% to 95.3%
when compared to the National Hydrography Dataset via stratified random sampling. This study demonstrates
that remote delineation of channel flow states in densely vegetated areas is possible, thus allowing for better
consideration, designation, and conservation of headwater channels.

1. Introduction and Background

Wetted channel networks shrink and swell naturally, both seasonally, and in direct response to precipita-
tion and snowmelt runoff events (Buttle et al., 2012; Hooshyar et al., 2015; Leopold & Miller, 1956; Uys &
O'Keeffe, 1997). Flow regimes of these networks are altered by climate change, varying land-use, and diversion
(Assendelft & van Meerveldt, 2019; Jacobson, 2004; Larned et al., 2010). Monitoring the temporal and spatial
dynamics of channel flow states is vital in the fields of hydrology, geomorphology, ecology, and biochemistry
(McDonough et al., 2011). For instance, observing wet versus dry reaches in a stream network can inform peri-
odicity designations (i.e., perennial, intermittent, or ephemeral), as well as determinations of channel hydro-
logical states (i.e., flowing, disjointed pools, or dry). Additionally, non-perennial streams provide biodiverse
habitats (Meyer et al., 2007; Stehr & Branson, 1938) and migration corridors (R. Colvin et al., 2009; Erman &
Leidy, 1975; Hartman & Brown, 1987), and also serve as biochemical reaction hotspots (McClain et al., 2003).
Furthermore, an understanding of a watershed's hydrologic processes is intertwined with the temporal dynamics
of its stream networks. Maps of wet channel networks help to improve surface-subsurface modeling (Camporese
et al., 2010) and can be used for estimation of downstream flow rates (Godsey & Kirchner, 2014) and water
quality (Romani et al., 2006). Therefore, a high spatiotemporal resolution understanding of channel flow states
is essential for models, management, and conservation practices. However, in many cases there are few availa-
ble data on the wetting and drying dynamics of a drainage network. For example, stream gauges are often only
located on relatively large, perennial rivers.

Remote sensing applications have contributed to a broader understanding of channel flow dynamics and perio-
dicity by complementing conventional methods and addressing the limitations of discrete point measurements.
For instance, near-infrared (NIR) satellite imagery produced by passive remote sensors has been used to map
water bodies for decades, owing to the spectral signature of water (Work & Gilmer, 1976). At NIR wavelengths,
water is highly absorptive relative to surrounding soil and vegetation, a contrast that is leveraged to differentiate
surfaces in data products such as the Normalized Difference Water Index (NDWI) (McFeeters, 1996; Xu, 2006).
However, mapping with passive remote sensing is generally restricted to large, open water bodies, limited by
spatial resolution and a general inability to observe surfaces under the cover of forest vegetation (Assenfeldt
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& van Meerveldt, 2019). Therefore, headwater catchments, where there is often dense vegetation cover and a
prevalence of narrow and/or temporarily flowing channels, are often excluded. As a result, the geographic extent
and temporal wetting dynamics of headwater streams, generally defined as the uppermost channels in a water-
shed, are not thoroughly understood (Hooshyar et al., 2015; Leopold, 1994; Meyer & Wallace, 2001; Nadeau
& Rains, 2007). This is an unfortunate limitation, as headwater channels are the most abundant streams in both
number and length in a drainage network (Horton, 1945; Leopold et al., 1964). Further, according to S. A. Colvin
et al. (2019), they are thought to comprise 79% of total stream length in the U.S. Headwater streams are vital to
ecological health, water quality, and watershed connectivity (Haigh et al., 1998; Wipfli et al., 2007).

Light Detection and Ranging (lidar) via airborne laser scanning (ALS) provides an opportunity to determine
the flow status of channels in headwater catchments. As an active remote sensing system, lidar units emit rapid
pulses of light (typically at a NIR wavelength) and record both the relative strength of backscattered signal after
reflecting off a target, as well as the duration of travel. Each data point, or “return,” has spatial coordinates (X,
Y, and Z) and a return intensity value which provides a relative measure of target reflectance. Thus, lidar gener-
ates both a spatial and a spectral data product. Spatial lidar data are used extensively for topographic mapping,
specifically toward the generation of Digital Elevation Models (DEMs). Lidar DEMs have been processed to
delineate drainage networks (Lashermes et al., 2007; Orlandini et al., 2011; Passalacqua et al., 2010), hence
using spatial, topographic data to outline systems of channels. In the context of this study, a drainage network
determines where wet channels could be, but does not provide any information regarding which stream reaches
are wet or dry. Furthermore, researchers have proven that lidar can achieve sufficient vegetation penetration to
produce drainage network data products in certain forested areas. For example, James et al. (2007) and James and
Hunt (2010) successfully circumvented canopy cover when mapping drainages in the Piedmont region of South
Carolina, USA. Though part of the incoming radiation is intercepted by vegetation, enough energy is transmitted
to provide spatial information on the ground beneath.

Complex hydrological pathways cannot by accurately portrayed with a sole reliance on topographic informa-
tion, thus a variety of factors and information sources should be considered (Devito et al., 2005). For example,
it has long been recognized that channel classification schemes that consider vegetation community structure
and soil moisture patterns provide improved representation of water and sediment conveyance processes (Hack
& Goodlett, 1960; Montgomery, 1999). More recently, measurements of surface roughness and texture derived
from lidar have proven useful for detecting specific stream channel components including large woody debris
(Abalharth et al., 2015). This study builds on the recent work utilizing lidar intensity data to improve drain-
age network maps by leveraging spectral lidar intensity data to detect the presence of water in channels, much
like passive NIR satellite imagery. As mentioned above, water is relatively absorptive at the NIR wavelengths
commonly used in lidar ALS systems. Because of this absorption, related studies found that water bodies are
characterized by low return intensity (Brzank et al., 2008; Hofle et al., 2009), as more of the incoming radiation
is absorbed by water relative to adjacent land areas. The resulting regions of distinctly low intensity have been
shown to effectively outline water surfaces and inundated areas (Antonarakis et al., 2008; Lang & McCarty, 2009).
Similarly, interactions between NIR lidar and water tend to yield laser shot dropouts, where the reflected signal is
so weak that it does not generate a return. The resulting regions of low point density can also be used to delineate
water body boundaries (Worstell et al., 2014). However, most studies have focused on large and/or open water
bodies, rather than explicitly addressing the problem of small channels under dense vegetation.

Forested areas present a challenge for delineating water bodies with lidar intensity. This is because vegetation
occlusion tends to yield ground returns with lower intensity than those of open ground, similar to the low intensity
of water targets. Figure 1 illustrates a simplified schematic of four possible lidar return scenarios, and demon-
strates this problem. Figures 1a and 1b depict the case of an open area without any obstruction from vegetation,
where the lidar beam encounters dry ground and water, respectively. As discussed above, water is absorptive in
the NIR spectral region, and so the return intensity from water is markedly lower. In the second row, dry ground
and water are obscured by vegetation (Figures 1c and 1d, respectively). Vegetation scattering results in multiple
returns from a single pulse that can be used to create maps of vegetation height. However, because only a portion
of the outgoing pulse reaches the ground, less energy is available for scattering at the ground level, resulting
in distinctly lower ground return intensity relative to open areas, even when dry ground is encountered (e.g.,
Figure 1a vs. 1¢). This makes it difficult to rely solely on the spatial distribution of return intensity as an indicator
of water when vegetation is present, as low-intensity returns from the scenarios in Figures 1b—1d could easily be
conflated.
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Figure 1. Simplified schematic of four lidar scattering scenarios. Single returns in an open area from dry ground and water (a and b, respectively) are compared to
multiple returns from vegetation scattering (c and d) with the same ground cover.

Previous researchers have attempted to circumvent the issue of vegetation obscuring airborne lidar. In Hooshyar
et al. (2015), a study focused on headwater catchments with considerable vegetation, the researchers actively
masked nearby dense vegetation in their intensity maps to prevent the erroneous classification of wet surfaces.
As a result, they acknowledged that their method is limited to partially covered channels. In the case of stream
channels largely occluded by vegetation, however, this tactic would result in masking of the water returns we
seek to map. Thus, when dense vegetation is prevalent this method becomes impracticable. Figure 2 illustrates
this limitation. The left column demonstrates successful masking on a sparsely covered stream, while the more
densely forested area in the right column contains a well-hidden channel which complicates masking. To begin,
National Hydrography Dataset (NHD) flowlines confirm the presence of perennial channels at two different
locations (Figures 2a and 2b). The presence of low-intensity noise from vegetated areas around the channels is
evident in the raw intensity maps for both areas (Figures 2c and 2d). Using vegetation maps (Figures 2e and 2f),
pixels coincident with dense vegetation are excluded, resulting in masked ground intensity maps (Figures 2g
and 2h). Successful masking on the larger channel in the left column allows for easy delineation. This is not the
case in the narrower, more occluded perennial channel in the right column. Because much of the channel is under
canopy cover, 89% of the pixels coincident with the channel are caught in the filter and masked, eliminating their
intensity data.
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Figure 2. Pilot study results from the study area with aerial imagery (a and b), raw ground return intensity maps (c and d),
the extent of dense vegetation (e and f) and resulting ground intensity maps after masking densely vegetated areas (g and h).
The left column demonstrates successful masking allowing for delineation of a larger, sparsely vegetated channel, while the
right column illustrates how vegetation masking is impracticable on smaller, occluded channels. Dense vegetation refers to
locations where the elevation difference between the top of the forest canopy and the ground is greater than 2 m, following
Hooshyar et al. (2015), while no dense vegetation essentially implies an open area.
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Figure 3. Map of study basin locations.

In summary, the capacity of lidar to map drainage networks under dense vegetation using spatial data has been
demonstrated, and spectral lidar intensity data have been used to outline water bodies. However, determining
which channels are wet versus dry in headwater catchments continues to present a challenge, particularly in
forested regions or areas with dense riparian vegetation. Though airborne lidar can penetrate canopy, the use of
lidar intensity data to locate wetted channel networks under vegetation is an unvalidated method. In the work
presented here, we attempt to address this knowledge gap by presenting a novel method for classifying wet and
dry stream reaches in forested areas. Intuitively we note that, in the case of identical vegetation conditions, liquid
water under canopy should produce a lower return intensity signal when compared to dry ground, due to its lower
NIR reflectance. Therefore, we hypothesize that a quantifiable reduction in ground return intensity exists when
a lidar signal encounters both dense vegetation and liquid water at the ground surface, relative to vegetation
with dry ground beneath. To explore this prospect, we selected study basins in California and Colorado with
lidar, hydrometric data, and dense riparian forests. We first use spatial lidar data to delineate drainage networks
and identify the presence of occlusive vegetation. Next, frequency distributions of ground return intensity under
dense vegetation are evaluated to statistically compare wet versus dry occluded channels. Per our hypothesis, an
intensity reduction in occluded wet channels relative to dry channels is expected. A quantifiable intensity reduc-
tion can then be leveraged to create a classified map product depicting wetted channel connectivity in headwater
catchments with dense vegetation. Lidar-derived maps of wet channel networks could be used to determine head-
water stream periodicity in regions lacking reference data, to observe intraannual wetting and drying dynamics at
high spatiotemporal resolution, or to detect changes in stream permanence due to changing climate and land use.
Specifically, there are no existing approaches for broad scale tracking of the potential expansion of intermittent
and ephemeral channel extent in response to changes in frequency and intensity of drought.

2. Study Basins and Data
2.1. Study Basins

Three study areas (Basins 1-3) along the western shore of Lake Tahoe, CA, also utilized by Hooshyar et al. (2015),
are revisited (Figure 3a). These basins benefit from overlapping lidar and hydrograph data. The boundaries of
Basins 1-3 are delineations of complete catchments, each with a United States Geological Survey (USGS) stream
gage at the outlet. Basin 1 features an additional gage along Ward Creek several kilometers upstream of Lake
Tahoe. Basin 4 includes most of the Middle Boulder Creek catchment, except for an area lacking lidar data avail-
ability (Figure 3b). Basin 4 also drains to a continuous stream gage, managed by the Colorado Department of
Water Resources, before flowing into the Barker Meadow Reservoir. Relevant historic hydrometric statistics and
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Figure 4. Hydrographs and lidar acquisition dates for Basin 1 (a) and Basin 4 (b). The hydrograph for Basin 1 uses data from the downstream gage (# 10336676) at the
mouth of Ward Creek. The Basin 1 hydrograph is representative of Basins 2 and 3 (as well as the upstream gage at Basin 1), and includes lidar acquisition dates for all
Lake Tahoe study basins. Horizontal lines depict the mean annual flow and the 30-day low flow rate for the 2010 water year.

and their channels remain above the water table at all times. Based on these definitions and the data in Table 1
and Figure 4, the following classification rules were created for reference data:

Basins 1-3, 4A

e Perennial streams were assumed to be wet
¢ Intermittent and ephemeral reaches were presumed dry

Basin 4M

e Perennial streams were assumed to be wet

¢ Intermittent reaches were presumed wet; at 139% LT MAD, flows were likely high enough to activate inter-
mittent channels, with snowmelt runoff driving the exponential rise of the hydrograph

e Ephemeral streams were still assumed to be dry, as flows at only 15% of peak discharge likely were not high
enough to activate ephemeral channels

3. Analysis and Methodology

Water surfaces are characterized by low return intensity relative to dry ground, a spectral signature that is used
to map wet channels via an intensity threshold (Antonarakis et al., 2008; Brzank et al., 2008; Hofle et al., 2009).
However, dense vegetation generates low-intensity noise that complicates water body classification. We hypoth-
esized that, even when under dense vegetation, wet stream reaches will produce a significantly lower return
intensity relative to dry ground under vegetation. In the work presented here we statistically validate that such
a reduction is consistently quantifiable and reproduceable. Further we leverage this phenomenon, along with
spatial lidar data, to wet from dry channels in densely vegetated areas. Our analyses consisted of four major tasks:
(a) development of relevant map layers, (b) normalization of intensity data, (c) statistical analysis and (d) gener-
ation of classified maps. All work was performed using ESRI's ArcMap 10.7.1 (ESRI, 2020) and the statistical
programming software R (R Core Team, 2022).

3.1. Map Layer Development

Several pertinent map layers were produced from raw lidar data (Figure 5). To begin, subgroups of ground
returns, as classified by the data collectors (Watershed Sciences, Inc. and NCALM; Section 2.2) using TerraSol-
id's TerraScan software, were separated from the remainder of the lidar data set. The intensity values from ground

DILLON ET AL.

7 of 18

85U017 SUOWILLIOD 8AIERID 3|qeal|dde au Aq peusenob ase SajoiLe YO ‘88N JO s8N Joj Aeig18ulUO /8|1 UO (SUONIPUCD-PUE-SWLB)/L0D A8 | IM"Ake.q 1 [pul [UO;/:SdL) SUONIPUOD pue SWe | 8y} 89S *[£202/90/82] Uo Akeiq1Tauljuo A8|IM ‘TLOEE0MMZZ02/620T 0T/10pwod Ao |m Aselq puljuo'sgndnBe//:sdny woiy pepeojumod ‘9 ‘€202 ‘SL6. 76T



A2 |
MI
ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2022WR033071

105°33'0"W

39°57'54"N

Ground Intensity
(DN)

39°57'43'N

High : 4653

Low:1

105°32'48"W 105°33'0"W 105°32'48"W 105°33'0"W 105°32'48"W 105°33'0"W

105°32'48"W

39°57'54"N

39°57'43'N

NHD Designation

Perennial Channel
=== Intermittent Channel

Il No Dense Vegetation
Il Dense Vegetation

Figure 5. Core map layers to be used in the following analyses: ground intensity (a), drainage network delineation (b), binarized vegetation (c), and National
Hydrography Dataset channel designations as reference data (d). The perennial channel shown is North Beaver Creek in Basin 4.

returns were interpolated to create a map of ground return intensity (Figure 5a). Similarly, elevation values from
ground returns were interpolated to yield a DEM. Using the workflow of Omran et al. (2016), the DEMs were
processed to produce maps of drainage networks (Figure 5b). Next, first returns and only returns were separated,
and this subgroup's elevation data were interpolated to produce a Digital Surface Model (DSM). The DSM is
identical to the DEM when vegetation is absent but represents the elevation of the top of the canopy when it is
present. Subtracting the DEM from the DSM results in a map of canopy height. This canopy height model is then
binarized; pixels with a vegetation height value greater than 2 m were categorized as “dense vegetation,” while
all other pixels were classified as “no dense vegetation” (Figure 5c), following Hooshyar et al. (2015). The spatial
resolution of all maps was 1 m. Last, maps of NHD stream classifications served as reference data (Figure 5d).

3.2. Intensity Normalization

To compare values across different basins and data sets, we normalized all intensity maps using a common land
cover feature. Given our interest in canopy obstruction, we examined the average intensity of dry pixels under
dense vegetation. For each data set, a series of overlays were used to isolate ground intensity pixels coincident
with dense vegetation and outside of the drainage network. The mean values of these intensity subsets were calcu-
lated, and termed TND,V; the mean intensity of pixels both outside the drainage network, or non-drainage (ND),
and under dense vegetation (V). This value was used as the normalizing factor for each data set via Equation 1:

1
= )]

IND,V

Irmr —

where [ is the raw intensity and /™" is the unitless normalized result for a given pixel. Hereafter, the superscript
“nor” implies that an intensity value has been normalized, while subscripts denote the data subsets that the value
is associated with. By applying Equation 1, we normalized by the mean effect of canopy occlusion for a given
basin/data set, allowing for comparison across data sets spatially and temporally. For example, a value of I"" less
than 1 denotes a pixel with lower intensity than the average value of dry ground under dense vegetation.

3.3. Statistical Analysis

The goal of statistical analysis was to investigate our hypothesis: that a significant reduction in return intensity
occurs in wet channel pixels relative to their dry channel counterparts, even when under dense vegetation. Further,
we sought to determine the optimal thresholds of normalized intensity (/*°") to map wet channels within a drain-
age network, whether open or occluded by dense vegetation.

For each data set, pixel values of /" were first divided into four subgroups: (a) wet channels/dense vegetation, (b)
dry channels/dense vegetation, (c) wet channels/no dense vegetation, and (d) dry channels/no dense vegetation.
Figure 6 describes this segregation workflow; recall subscripts correspond to data set subgroups. To begin, maps
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Figure 6. Workflow for subdividing pixels of Normalized Intensity (/°") maps.

of I"’" were truncated to only include pixels within the drainage network (D), termed 7). Next, I ;" values were
further sorted by the presence (V) or absence (NV) of dense vegetation (I 1';"{, and [ DNV respectively). Last, pixels
were separated into bins coincident with wet streams versus dry channels, using the description and reference
data rules in Section 2.2. For instance, following the convention discussed above, I Dy we Would refer to the
normalized intensity of pixels within the drainage network (D), under dense vegetation (V), and coincident with a
known wet stream segment (Wet) as determined by the NHD and hydrograph data. To reiterate, NHD-designated
perennial channels were assumed wet across all data sets, and all other channels presumed dry with the exception

of intermittent streams in data set 4M (Section 2.2).

For each data set, a pair of significance tests were conducted to evaluate the difference in /™" distributions
between wet and dry channel pixels; one for the case of dense vegetation and the other for no dense vegetation. In

nor hnor 1 nor hnor 1
other words, I}, . was compared to I}, Dry? while 177, ., was compared to I}, . (Figure 6). To restate

our hypothesis, we expect that I}7), |, and I3, . values will be significantly lower than their “Dry” counter-
parts based on previous work and radiative transfer theory. When comparing median values, our hypotheses can
be summarized as follows:

H() . M(In(:r ) — M(Im)r )andM(lm)r ) — M(]rlor )

D,V ,Wet D,V Dry D,NV W et D,NV ,Dry

Ha 't M(Iy ) < MUy ) and M1, ) < MU, ) @ =005
Each of the four subgroups were randomly sampled with replacement to a sample size of 3,198 pixels, the size
of the smallest data set. Doing so ensured equal sample sizes and addressed the rather large range in pixel count
values across data sets. A one-sided permutation test was preferred to a traditional t—test, as assumptions of equal
variance and normality appeared to be violated in some cases. Further, the permutation test was conducted to
compare median /" values between data sets, rather than means. Although a comparison of means is a typical
default, a preliminary examination of intensity distributions revealed large outliers in some data sets. As outliers
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Figure 7. Example probability density functions to contrast intensity distributions of wet and dry pixels. The distributions
shown are from data sets 4M and 4A. Vertical black lines at distribution intersections represent critical thresholds for
delineating wet from dry streams for each data set and vegetation state.

can produce mean values that poorly represent the overall distribution, medians were analyzed to mitigate the
presence of outliers. Resulting p-values represent the probability that a difference in median /"°" values between
wet and dry channel pixels is due to random variation. Therefore, low p-values would provide evidence for our
hypothesis. P-values for each comparison were recorded, as well as median and standard deviation information
for each data set.

Last, frequency analyses were performed on intensity maps to create probability density functions (PDFs), used
to visually contrast the distributions of wet versus dry stream channels for both the case of dense vegetation and
no dense vegetation. For each data set and vegetation state, the intersection of wet and dry PDFs was deemed the
optimal threshold to delineate wet from dry pixels in a drainage network (Figure 7). These optimal cutoff points,
or critical thresholds, were termed I ey and J o NV ideal delineation values for dense vegetation (V) and no
dense vegetation (NV), respectively.

3.4. Wet Channel Classification

1 1 3 1 1f1 nor nor
The statistical analyses presented in Section 3.3, specifically values of 1797 | and I ., were used to produce a

classified map product. Each pixel in the drainage network was classified as wet or dry. An outline of this work-
flow is presented in Figure 8. Once again, maps of I"" (Figure 8a) were truncated using the drainage network
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Figure 8. Demonstration of classification workflow. A normalized ground intensity map, I"°" (a) is trimmed by the coincident drainage network (b) to only include
pixels within the network, I} (c). Using a binarized vegetation map (d) and a probability density function analysis (e), a classified product is produced (f). The channel
shown is Ward Creek in Basin 1.

(Figure 8b) to include only pixels within the network, I (Figure 8c). Next, depending on whether a drainage pixel
was coincident with dense vegetation (Figure 8d), the appropriate critical threshold from the PDF (Figure 8e) was
applied to classify pixels as wet or dry. In the example presented, drainage pixels under dense canopy with an 1"
value less than 0.63 would be classified as wet, and vice versa. Last, following previous models (e.g., Hooshyar
et al., 2015), a final smoothing step was performed to minimize the influence of isolated misclassified pixels on
overall accuracy. All pixels in a given stream link were reclassified to the majority assignment, resulting in the
final data product (Figure 8f). A stream link is defined as a section of channel between two successive junctions.

The accuracy of each classified map was assessed against the NHD with a stratified random sample of 300
points. Following Foody (2009), a minimum total sample size of 200 points was determined based on an expected
accuracy of 85% and allowable sampling error of 5%. This value was then increased to 300 points to ensure a
minimum of 50 points per each stratum, considering the popular heuristic metric dating back to Hay (1979).
Confusion matrices of the form depicted in Figure 9 were produced to display classification results. Perhaps
the most widely utilized accuracy assessment approach in remote sensing, a confusion matrix is a table used to
clearly and concisely summarize the performance of a classification algorithm (Foody, 2002). For example, in
Basins 1-3 where low-flow conditions were present at the time of lidar data acquisition, it was assumed that only
perennial channels were flowing (see description and reference data rules in Section 2.2). Therefore, reaches
classified as wet that were coincident with NHD-designated perennial chan-
nels would qualify as a TP, while wet classifications on all other channels

Modeled were FPs. Accuracy was calculated with Equation 2 from the seminal work
of Story and Congalton (1986). Furthermore, modeled values of total wet
Wet Dr )% channel length from classified maps were compared to those of the NHD.
o 4+ A A= TP + TN
() ccuracy, A = 2)
g g TP EN TP +TN + FP + FN
o
S
.,g = 4. Results
o Q FP TN 4.1. Summary of Basic Statistics and Significance Testing

Figure 9. Example confusion matrix. In this case true positives (TPs) refer
to the number of wet pixels correctly classified as wet, false negatives (FNs)
to the number of pixels classified as dry that were actually wet, and so on.
Reference designations of wet and dry regions were based off of the National
Hydrography Dataset according to the rules in Section 2.2.

Frequency distributions for samples of I} had significantly lower median
values in wet channels when compared to dry channels (Table 2). A reduction
was observed both when dense vegetation was present (a novel result) and
in its absence (an expected result). Under dense vegetation the average
reduction in median [ by values was 41.7%, compared to a 72.2% intensity
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Table 2
Probability Density Function and Classification Results

Median (sd) Median (sd) Median (sd) Median (sd)
J A, —  — Modeled wetted

or nor or or nor or
Data set Iy we I&y IS by Iy Ny we Iy I3y bry length (km)

1 0.41 (0.59)* 0.63 0.97 (0.68) 0.21 (0.61)* 0.75 1.52 (0.61) 19.0
2 0.43 (0.56)* 0.53 0.76 (0.59) 0.27 (0.61)* 0.76 1.46 (0.54) 23.7
3 0.76 (0.55)* 0.92 1.10 (0.56) 0.75 (0.60)* 1.14 1.55 (0.46) 22.7
4M 0.53 (0.70)* 0.58 0.89 (1.31) 0.40 (0.81)* 0.76 1.62 (1.48) 32.0
4A 0.66 (0.78)* 0.71 1.03 (0.61) 0.62 (1.77)* 1.12 1.84 (1.22) 29.5

Note. Asterisks (*) adjacent to wet intensity statistics denote statistically significant reductions relative to dry pixels at
a=0.05.

reduction in open areas, I} . In each case, one-sided permutation tests produced values of p < 0.001 across all
data sets, and thus intensity reductions in wet relative to dry channels were highly significant. In other words, the
probability that these reductions were caused by random variation is very low. Therefore, our primary hypothesis
was confirmed: even when dense vegetation created low-intensity noise in dry ground returns, the median inten-

sity of occluded wet channels was quantifiably lower.

4.2. Classified Network Maps

Reference wet channel lengths from the NHD are compared to modeled values from classified maps in
Figure 10. Modeled data was in reasonably good agreement with the NHD, although a tendency to underes-
timate wet channel length is observed, particularly in data set 4M. Classified maps for Basins 1-3 and their
coincident NHD designations are illustrated in Figure 11, along with Accuracy, A values from stratified
random sampling. The same can be found for Basin 4 in Figure 12, with a temporal comparison between data
sets 4M and 4A. Accuracy ranged from 87.3% to 95.4% with a median
of 93.0%. In Basins 1-3, ephemeral and undesignated channels were

almost entirely rejected from the wet channel classification, and much
of the perennial channel length was correctly classified. These basins
performed slightly better than 4M and 4A, with a minimum accuracy of
93.0% ranging to 95.4%. In both 4M and 4A most perennial channels were

. Dataset correctly designated as wet and ephemeral as dry. Further, all intermittent
A 1 reaches were classified as dry in 4A, while several intermittent stretches

30- 2 were classified as wet channels in 4M, as we would expect. Therefore,
: iA True Negative (TN) classifications were abundant in 4M and 4A, while

A M False Positives (FPs) were almost nonexistent. False Negatives (FNs) were

the primary source of error in each case, consistent with the low bias seen
in Figure 10.

We observe that a portion of classification error can be attributed to improper
network delineation, rather than a failure of our ground intensity reduction
hypothesis. The delineation workflow of Omran et al. (2016) was primarily
selected for drainage network delineation due to its demonstrated capabil-
ity, ArcMap compatibility, and computational efficiency. Though resulting

20 30 40
Reference Wetted Length (km)

Figure 10. Modeled wet stream length values from the classification
workflow compared to National Hydrography Dataset data. The blue line is a
linear best fit while a 1:1 reference line is in black. Values are colored by data
set, while shapes correspond to general locations. Hence Tahoe Basins 1-3 are
circular and both data sets for Basin 4 in Colorado are triangular.

drainage network maps exhibited good agreement with NHD flowlines, some
artifacts were visibly observable, namely due to interference from roads. For
example, the perennial channel in the northeast quadrant of Figure 12 (North
Beaver Creek, red rectangle) was sporadically misclassified as dry in both
4M and 4A, despite being a relatively large, continuously wetted stream. In
these cases, the drainage network maps occasionally deviated from the actual
stream channel. Thus, intensity data were incongruent with spatial network
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Figure 11. Classified maps depicting the extent of modeled wet and dry channel lengths (a—c) compared to NHD channel designations (d—f) for Basins 1-3 overlaid on

aerial imagery.

delineations, and misclassification ensued. As a result, we note the importance of site-specific network segrega-
tion prior to integrating lidar intensity data.

5. Discussion

In the work presented here we (a) developed a novel means of normalizing lidar ground return intensity to
allow for comparison across data sets, (b) demonstrated a statistically significant reduction in median return
intensity of wet channels under dense vegetation relative to dry channels, and (c) leveraged this reduction
to create maps of wet channel networks in densely vegetated drainages. In practice, any representative area
where hydrologic conditions are known could be used to calibrate, or train the model by finding the optimal
thresholds 17 |, and 177 . Using these threshold values, the model could then be spatially extrapolated to
delineate wet channels in the associated catchment across a broader area. Data for this representative calibra-
tion area could come from ground-based reference observations, a data set such as the NHD, or coincident
aerial imagery, depending on availability. For example, Figure 13a depicts a small, randomly selected area
from Basin 2, where a perennial stream (Blackwood Creek) can be seen weaving in and out of canopy cover. A
probability density analysis of intensity data from this area (Figure 13b) produced an 17" |, value of 0.56, only
slightly greater than the result for the whole of Basin 2 (17 |, = 0.53). Therefore, using only this ~0.15 km?
area for calibration, the model could have been extrapolated over the entire Basin 2 drainage area with compa-
rable results to those presented in Section 4. Alternatively, if no ground truth, imagery, or other reference data
is available, a practitioner could utilize Gaussian mixture models, as in Hooshyar et al. (2015). However, as
we have demonstrated, data coincident with dense vegetation should be evaluated separately, even with this
approach. Last, although spatial extrapolation appears practical when evaluated carefully, it is important to
note that temporal extrapolation is likely imprudent, especially over seasonal time scales. Changes in ground
cover, the state of vegetation (e.g., pre- vs. post-leaf out), the weather conditions, or the sensor used, for exam-
ple, could shift optimal thresholds between data acquisitions. This is evident when we compare thresholds
between Basin 4M and 4A (Table 2).

The classification workflow demonstrated a median accuracy of 93.0% across all data sets, though with notable
strengths and weaknesses. For instance, the model was exceptional at excluding NHD-designated intermittent and
ephemeral channels from the wet channel classification during low flow conditions, meaning there were very few
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Figure 12. Classified maps depicting the extent of modeled wet and dry
channel lengths (a and b) compared temporally and to National Hydrography
Dataset channel designations (c) for Basin 4 atop topographic relief. The red
rectangle highlights an area where inaccurate spatial drainage delineation
caused misclassification.

FPs. However, we qualitatively note that our model misclassifies perennial
channels as dry more frequently as proximity to channel heads increases,
where stream widths tend to be at a minimum. This likely implies a stream
width limitation in our classified product related to lidar ground return point
spacing, where an insufficient density of low-intensity pixels results in
misclassification. Misclassification near perennial channel heads contributed
to our classification workflow's tendency to underestimate wetted channel
lengths when compared to the NHD, as noted in Section 4. Model uncertainty
can be quantified by the area under probability density curves, as demon-
strated in Figure 13b. The area under the blue I Dy e CUIVE beyond the crit-
ical 17" |, threshold value (highlighted in red) is 0.14. Thus, in this case we
would anticipate wet pixels under dense vegetation to be misclassified as dry
(hence false negatives, FN) about 14% of the time.

We note that there is a certain degree of unquantifiable uncertainty
involved in our validation procedure, namely from the lack of ground
truth. Though careful site/data set selection, NHD periodicity classifi-
cations, hydrograph, and precipitation data provided an excellent under-
standing of the hydrologic conditions during lidar data acquisition, it is
impossible to know for certain which streams were wet versus dry in the
absence of ground-based observations. Simply put, reliance on static NHD
permanence designations is an inherent source of uncertainty. Though
the NHD is the most comprehensive hydrography data set in the United
States, its accuracy continues to evolve and improve. For instance, Hafen
et al. (2020) found that it is not uncommon for in situ streamflow obser-
vations to disagree with NHD periodicity classifications, and noted the
dynamic influence of climate variability on this disagreement. Further,
the coarse spatial resolution of NHD periodicity classifications (relative
to the 1 m resolution used here) presents a limitation. Complex oscilla-
tions between perennial and temporary streams over relatively short spatial
scales are frequent in nature, due to localized elevated water tables, for
example, Unfortunately, extensive in situ observations are almost never
coincident with historical lidar data sets.

It is apparent that smoothing each stream link segment by the majority
pixel classification resulted in occasional discontinuity in the wet chan-
nel network (Figures 11 and 12). Although perhaps aesthetically unap-
pealing, this discontinuity likely provides useful insight. As mentioned
above, disjointed sections may indicate a need to re-evaluate or increase
the spatial resolution of stream periodicity assignments. Furthermore,
temporary (intermittent and ephemeral) streams oscillate between three
main hydrological states: dry, disjointed standing pools, and flowing water,
varying seasonally and in response to rainfall/snowmelt events (Assendelft
& van Meerveldt, 2019; Buttle et al., 2012). The timing of these dynamics
is of great importance to the fields of ecology and biochemistry (Leigh

et al., 2016; McClain et al., 2003; Meyer et al., 2007); for example, temporary channels and their associated

vegetative communities play a key role as migration corridors (Goodrich et al., 2018). Therefore, discon-

nected segments may well reflect vital ecological processes. Additionally, temporary stream dynamics reflect
subsurface storage patterns (Camporese et al., 2010), affect downstream discharge flow rates (Godsey &
Kirchner, 2014), along with water quality and nutrient availability (Romani et al., 2006). Our model demon-

strated its capacity to capture this temporal variation of intermittent channels, as is evident in Basin 4

(Figure 14).

Calculations of intensity reduction in wet channels relative to dry channels were in good agreement with compa-

rable literature. Across drainage basins, we observed an average reduction in median Normalized Intensity of
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Figure 13. Randomly selected, representative area along Blackwood Creek in Basin 2 (a) used to demonstrate model
calibration in practice. Probability density functions from this calibration area (b) produced nearly the same critical threshold
as that of the entire basin. The red highlighted area under the curve represents the probability of misclassification, used to
quantify model uncertainty.

41.7% under dense vegetation (I byvwe V8- 1 f)‘f{,‘Dry) and 72.2% for areas with no dense vegetation (I DNV Wer

vs. I, Dry). A smaller reduction in the presence of dense vegetation is to be expected due to the multiple
return phenomenon described in Section 1. Song et al. (2002) demonstrated a reduction of about 80%, while
Antonarakis et al. (2008) calculated an optimal threshold for water delineation that was 44% less than that of grass
and low vegetation. Lang and McCarty (2009), who did encounter considerable canopy cover in portions of their
study area while mapping inundated wetlands, recorded a mean reduction of 85%, although they did not segregate
pixels under dense vegetation in the manner presented here. Hooshyar et al. (2015), who also focused on narrow
channels but masked dense vegetation, found reductions in optimal delineation thresholds between wet and dry
channels from 46% to 73%. Therefore, the intensity results calculated here were within the range of values

recorded in similar studies. The work presented here represents one of the most thorough statistical analyses of
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Figure 14. National Hydrography Dataset channel designations (a) compared with classified maps (b and c) depicting an
intermittent channel along North Beaver Creek in Basin 4. The channel flows with snowmelt runoff in May as the catchment
approaches peak flows (b) then runs dry as the drainage nears baseflow (c).
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wet channel intensity reduction to date, and to our knowledge the only study to demonstrate this phenomenon
strictly under dense vegetation.

Accuracy of the classified data products were also comparable to that of related research efforts. Classification
accuracy in the work presented here ranged from 87.3% to 95.3%, with a median of 93.0%. Seminal studies
focusing on large, continuous water bodies without significant vegetation often boast accuracy upwards of 95%
(Antonarakis et al., 2008; Hofle et al., 2009), although the problem of headwater channels under dense vegetation
is undoubtedly more difficult. Lang and McCarty (2009) performed, to our knowledge, the only other study that
focused on intensity signatures under vegetation to map water bodies, though the inundated wetlands in their
research area were also large and continuous. They present an impressive accuracy of nearly 97%, however
they note a considerable decline in the presence of evergreen forests, such as those in our study sites. Hooshyar
et al. (2015), with whom we shared Basins 1-3, did not perform an accuracy assessment and instead centered
their validation on correlating estimates of wetted length to streamflow at downstream gages. Qualitatively our
results appear comparable. That said, when comparing modeled wet stream channel lengths to NHD reference
data (Figure 10) for Basins 1-3, our results demonstrate a mean error of 7.8% while Hooshyar et al. (2015) register
34.7%. In other words, the classified map products presented here are in better agreement with NHD-designated
perennial channel lengths during low-flow conditions, the only streams assumed to be flowing as the basins
neared baseflow. This improvement indicates the benefit of considering intensity data under dense vegetation
rather than excluding it. Therefore, the accuracy of our workflow is on par with similar studies focused only on
larger and/or open water bodies, despite confronting the important challenge of small, headwater streams under
vegetation.

6. Conclusion and Future Work

We have demonstrated that water under dense vegetation exhibits a distinctly reduced lidar intensity signature
compared to dry channels. We then utilized this phenomenon to classify stream networks as wet or dry despite
occlusive vegetation. While our findings can be operationalized in their current form, the need for a more
complete study is evident. Future studies should combine lidar data acquisition coincident with ground-based
data collection to afford more robust reference data than the NHD. Reference data could be acquired manu-
ally, or with a ground-based monitoring system like that of Assendelft and van Meerveldt (2019). This would
provide an opportunity to better evaluate potential limitations, such as channel width or water depth. Further,
the consistency of the observed intensity reduction across varying landscapes should be investigated. In new
locations, the statistical significance of differences in wet channel and dry channel intensity under vegetation
should be confirmed, as in the work presented here. Geographic factors such as topography, type and extent
of vegetation, ground cover, climate, and other parameters will certainly influence the intensity distributions
and shift optimal classification thresholds. As lidar data acquisition continues to decrease in expense and
increase in frequency, this methodology can be used as a means of remotely mapping occluded wet channel
networks and observing temporal dynamics, particularly in challenging landscapes where field observations
are difficult. Pairing lidar sensors with unmanned aerial systems, like that of Spence and Mengistu (2016),
will assist in achieving sufficient spatial and temporal resolution for the broader implementation of our
method.

Appendix A

Relevant statistics for lidar data collection campaigns are listed in Table Al.

Table A1
Summary of Lidar Collection Statistics

Data set Scanner Wavelength (nm) Scan angle Flight altitude (m) Point density (points/m?) Pulse rate (kHz)

Lake Tahoe Basin Leica ALS50 1,064 14° 900-1300 13.20 83-106

Boulder Creek Critical Zone Optech Gemini 1,047 14° 600 10.28 33-167
Observatory
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