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Abstract: Unmanned aerial vehicles (UAVs) are being widely used to monitor microtopographic
and vegetation changes in coastal habitats using remote sensing techniques. Sand dune habitats
are vital ecosystems along the North coast of Humboldt County in California. This study was
conducted at the Manila Dunes, west of the Humboldt Coastal Nature Center, in Manila, California.
Various factors influence dune movements, including vegetative stabilization and the creation
of social trails. The purpose of this paper is to understand the dune movements in relation to
social vs. established trails, vegetation density, topography, and also, mapping invasive vs. native
species in the Mal-le’l Dunes area of the Humboldt Bay National Wildlife Refuge. A DJI Mavic Pro
multicopter small unmanned aerial vehicle (UAV) was used to fly a 22.5-acre plot of the Manila Dunes.
The images from this flight were used to create an orthomosaic image using a photogrammetry
process (Structure-from-Motion (SfM)). From our analysis, the installation of trails lessened the
impact of dune movements. Social trails digitized within the study site were found to have more
local movements than the established trails when compared to movements across the entire site.
We compared two methods of classification, viz., the object-based feature extraction method and a
pixel-based supervised maximum likelihood classification method, in order to identify the best way
to classify dune vegetation. In conclusion, this study is useful for providing baseline dune movement
information that can aid in informing how trail and infrastructure constructions can be impacted in
land management or in areas with dynamic communities of flora and fauna.
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1. Introduction

Dune ecosystems are complex and dynamic systems that are influenced by geo-morphological
changes, anthropogenic activities, and climatic vulnerabilities. Mapping coastal areas is challenging
with moderate-resolution Landsat imagery because of the complexity of the landforms and the
dynamic microtopographical features of the habitat [1]. Unmanned aerial vehicles (UAV) have become
a popular and cost-effective remote-sensing technology, composed of aerial platforms capable of
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carrying small-sized and lightweight sensors [2]. With the advent of commercially available unmanned
aerial vehicles (UAVs), it is feasible to collect high spatial and temporal-resolution imagery of an area
of interest. Currently, UAV-acquired imagery is widely used for coastal habitat mapping [3], dune
morphological changes [4], beach erosion [5], and vegetation communities [6].

Conversely, UAV data collection is not always possible. This is true in instances where the cost of
UAV equipment is prohibitive or when poor weather and high tree density will not permit it or, also,
permitting issues from landowners. Kite aerial photography (KAP) is a trustworthy alternative for
coastal mapping due to the low cost, high spatial resolution (for example, 4-cm resolution imagery
with a 10-megapixel camera [7]), limited regulation, and easy flying during high wind velocities [7].
Kite aerial photography (KAP) was originally developed in 1887 [8]. Since then, KAP has been used for
aerial surveys for many different purposes and for many years. In recent years, KAP has been adapted
to monitor unique coastal habitats [7].

Sand dunes are common and distinctive ecosystems that occur along the shorelines of our
Pacific Ocean. They provide specialized habitats for rare and endangered species, as well as protect
beaches from future erosion. The Manila Dunes is an ever-changing landscape within Humboldt
County, CA. The dunes are valued by both the community and local scientists, which makes it a
great fit to study potential hazards, including erosion and deposition, while also implementing a
positive game plan for continuing the longevity of this location. The Friends of the Dunes Land
Trust (FOD) is a nonprofit organization that has been dedicated to engaging the community in
the conservation of coastal environments since 1982. The land trust manages the approximately
118-acre Humboldt Coastal Nature Center (HCNC) along the coast of Northern California (https:
//www.friendsofthedunes.org/humboldtcoastalnaturecenter). The HCNC public recreation area is
characterized by its unique coastal grassland and sand dune ecosystem. Here, coastal dune habitats
are highly dynamic and constantly changing as a result of human-created social trails, climate and
climate-induced variability such as the sea level rise, and coastal erosion [3,9]. Some characteristics of
social trails are: often stem off of main, established trails, not likely to be created along steep slopes,
paths that visitors have created on their own through repetitive foot traffic, and are more likely to
follow paths of least resistance, as they are often used as shortcuts [9,10].

This ecosystem is fragile and is frequently impacted by anthropogenic disturbances, including
social trails, as well as climate change-related disturbances. Social trails are defined as informal
visitor-created trails or visually discernible pathways, which become unplanned and unmaintained
trail networks [11]. For instance, a social trail could be a vector of invasive species spread [9,10].
Too many social trails in an area fragment the native species habitats, which allows for the propagation
and spread of invasive plant species [12]. Climate changes also drive invasive species occurrences
and movements, which then impact the distribution and composition of flora in coastal dune grass
habitats [13]. The social trails have disturbed dune mat habitats via the trampling of rare plant
communities, spreading of invasive species, and disturbing bee-nesting colonies [9,14,15].

Wind, sediment supply, and the dynamic topology of the surrounding environment determine dune
morphology [16]. Not only do movements have the ability to cycle nutrients, but they can also create
niches for unique specialist species and help facilitate a diverse dynamic ecological community [15].
Wind direction and magnitude are two primary contributing factors in sand migration [17]. Surface
resistance either by vegetation or the moisture of sand affects these processes. When wind collides
with vegetation, it slows down due to near-surface drag, which, in turn, triggers sediment deposition
as the reduction in wind speed reduces the sediment-holding capacity [18]. Moisture of the sand is
also a factor of sand movements, which causes grains to become looser or aggregated, contributing to
sand resistance or destabilization [17].

A huge factor in determining a lost dune habitat is understanding dune stabilization. Dune
stabilization is the phenomenon where the loose sand dunes begin to become more rigid and stationary,
instead of dynamic. This removes a niche for many native species and prevents them from playing
important environmental roles within the ecosystem, which further destabilizes the biome. This Pacific

https://www.friendsofthedunes.org/humboldtcoastalnaturecenter
https://www.friendsofthedunes.org/humboldtcoastalnaturecenter


Remote Sens. 2020, 12, 1536 3 of 18

Northwest dune habitat, located in Humboldt County, is prone to a variety of invasive plant species.
The most debilitating species is European beach grass (Ammophila arenaria), although the FOD has been
working to restore the area back to native dune species by removing this grass [3]. In addition, ice plant
(Carpobrotus chilensis) and yellow bush lupin (Lupinus arboreus) are also notorious for dune stabilization
and have been found at the FOD study site [3,10]. To counteract this influx of plants, the Friends of the
Dunes spend considerable efforts in controlling the influence and spread of these invasive species.

This study sought to understand if and how derived vegetation density, erosion potential,
social trail distribution, and invasive species presences influence dune movements and stabilization
within the HCNC area. The factors we examined were: the presence and estimated density of
vegetation, social and established trails, classified erosion potential, and invasive species presences.
We hypothesized that vegetative species, especially those with deep rooting systems, may have a
stabilizing effect on the dunes, causing a reduction of movements in those habitats. Furthermore,
we hypothesized that social trails may be an influencing factor in increased dune movements. While
established trails (the FOD opened the main trail for public access in 2007 [19]) are likely placed in low
points to decrease dune height loss, social trails may have a significant impact on dune destabilization
and erosion, thus increasing the height loss. The other goal of the study is to map site-specific
invasive/native species occurrences in terms of anthropogenic influences and microtopographical
characteristics of dune habitats.

2. Materials and Methods

2.1. Study Area

This study focused on a small area within the Humboldt Coastal Nature Center in Humboldt
County, CA. This area is surrounded by Manila Dunes to the north and the Manila Dunes to the south
(Figure 1). The Manila Dunes consist of 444 acres of public land featuring dune habitats characterized
by dune, coastal forest, and wetland communities. Although not currently present, the native grasses
of this site are American dune grass (Leymus mollis) and beach bluegrass (Poa macrantha). According to
vegetation surveys in this area, buckwheat (Fagopyrum esculentum), coyote brush (Baccharis pilularis),
dune goldenrod (Solidago spathulata), European beach grass (Ammophila arenaria), European sea rocket
(Cakile maritima), and ice plant (Carpobrotus edulis) dominate as dune mats in the study area [20].
This study utilized UAV and KAP data to monitor vegetation health, invasive species movements,
social trails, and dune movements through the analysis of high-resolution aerial images collected using
commercial-grade UAV and KAP [3,7,9].
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Figure 1. Locator map of the study area at the Friends of the Dunes in Manila near Humboldt Bay 
Area, CA. 

2.2. UAV/KAP Data Acquisition 

The aerial images (UAV and KAP) were acquired on September 14th, 2018 between 12:30 p.m. 
to 1:00 p.m. On this date, the tidal height measured at the Fields Landing, Humboldt Bay, CA 
(9418723) site by a National Oceanic and Atmospheric Administration (NOAA) North Spit tidal 
gauge ranged from 1.1-1.7 m with respect to the mean lower low water (MLLW) datum 
(https://tidesandcurrents.noaa.gov). Vegetation cover in the dune mat community is low, and the 
species composition comprises approximately 30 native plant species, and their adaptive 
capabilities are diverse [19,21].  

A mission plan was created within the region of interest (ROI) using DJI GS Pro© software  
Airdata UAV, Inc. El Dorado Hills, CA USA) prior to flying the UAV (DJI Mavic Pro© (Nanshan 

Figure 1. Locator map of the study area at the Friends of the Dunes in Manila near Humboldt Bay
Area, CA.

2.2. UAV/KAP Data Acquisition

The aerial images (UAV and KAP) were acquired on September 14th, 2018 between 12:30 p.m.
to 1:00 p.m. On this date, the tidal height measured at the Fields Landing, Humboldt Bay, CA
(9418723) site by a National Oceanic and Atmospheric Administration (NOAA) North Spit tidal
gauge ranged from 1.1–1.7 m with respect to the mean lower low water (MLLW) datum (https:
//tidesandcurrents.noaa.gov). Vegetation cover in the dune mat community is low, and the species
composition comprises approximately 30 native plant species, and their adaptive capabilities are
diverse [19,21].

A mission plan was created within the region of interest (ROI) using DJI GS Pro© software
Airdata UAV, Inc. El Dorado Hills, CA, USA) prior to flying the UAV (DJI Mavic Pro© (Nanshan
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District, Shenzhen, China) at the FOD. Aerial photographs were collected at a height of 42 meters over a
22.5-acre plot using a DJI Mavic Pro multicopter (DJI, Shenzhen, China) equipped with a 12-megapixel
RGB camera (DJI FC220 model with 4.73 focal length).

Prior to the UAV flight, ten ground control points (GCPs) were placed across the plot,
and coordinates were recorded using a Trimble GeoExplorer 6000 series GPS with a Tempest external
antenna (Figure 2). GCP coordinates were post-processed through differential GPS (DGPS) correction
using Trimble Pathfinder Office© Ver. 5.9 software (Trimble Inc.) and obtained 7-cm accuracy
coordinates. The 427 images collected from the UAV flight were used to create an orthomosaic image
from SfM in Agisoft PhotoScan Pro version 1.4.4 (Agisoft LLC, St. Petersburg, Russia) with a ground
resolution of 5 cm. The root mean square reprojection error for the mosaic image was 1.6 pixels.
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Figure 2. Setting up the ground control points (GCP) spaced across the Friends of the Dunes study site.
The yellow circles show the tiles for acquiring the GCP and the Trimble GeoExplorer used to collect the
GPS data.

A kite aerial photography (KAP) platform was created using two lightweight automatic cameras
with dual-bandpass Red-NIR filters, a Picavet stabilizing rig [22], and a Parafoil kite. The kite
was flown 20 minutes under 15–20 mph wind speeds. Kite aerial images were collected using two
downwards-facing Canon Power Shot A490 digital cameras with 10 megapixels (one color and one
near-infrared) at approximately 30-m altitude (Figure 2). In addition, we flew a second flight with
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a Parafoil kite that was attached to a GoPro camera to a Picavet stabilizing rig to acquire geotagged
photos. For the purpose of evaluating the effectiveness of the vegetation mapping, ground control
points for plant identification were taken within the KAP ROI using a Garmin GPS. The 396 KAP images
were used to create an orthomosaic image from Structure-from-motion (SfM) in Agisoft PhotoScan
with a ground resolution of 2.3 cm. These orthomosaic images were used to create a digital surface
model (DSM) using the Agisoft PhotoScan© software.

2.3. Dune Movement from UAV Data

In this study, two UAV images (September 14th, 2018, 5-cm, and September 27th 2019, 5.4-cm
resolution) were used to calculate the dune movements around the major sensitive locations of the study
area with the expert knowledge of the FOD staff. We used Matrice 100 UAV to acquire multispectral
data at the FOD in 2019. Using the image-to-image technique, the UAV image of 2019 was used to
perform the geometric correction of the 2018 UAV image using the ground control points acquired
from real-time kinematic (RTK) GPS with an accuracy of 7 cm. The images coregistered with the root
mean square error (RMSE) ranged from 0.2 to 0.5 pixels for both images. The UAV 2019 image was
resized to the equivalent of the same pixel size (5 cm) of the UAV 2018. Dense point cloud data was
created using mosaic UAV imageries using Agisoft PhotoScan© software. The dense point cloud data
was then used to build the DSM for both 2018 and 2019. We adopt the Ghadiry et al. [23] method to
detect the elevation change between 2018 to 2019 by subtracting the digital surface models. The 2018
DSM was used to derive the percent slope, which was the generic input to create the decision tree
model, displaying dune movement erosion and deposition areas.

2.3.1. Datasets Created to Assess Dune Movements

To determine the amount of dune movements from digital elevation model (DEMs), we calculated
the elevation changes of the established and social trails. Of the digitized trails, an established and a
social trail (a proximity to each other at the start and the end point of the trail) at the backdune were
selected to determine the elevation changes over a year. Then, polyline-to-point conversions were
made using a conversion toolbox, namely “generate points along lines”. Next, points between 10-m
spaces for both social and established trails were selected to extract elevation values from the 2018 and
2019 DEMs using the “extract multiple values to a point” in ArcMap© 10.6.1 (Redlands, CA, USA).
The spatial resolution for the DEMs was 0.12 m.

A vegetation density model was created using a density interpolation algorithm function in
ArcMap© 10.6.1. First, the high-resolution orthoimagery was used to collect training point data through
a visual check to differentiate vegetation from sand, shadow, and water. A raster-to-point function
was performed on the classified raster, which converted all pixels containing vegetation into points.
The density of these points was calculated using a density interpolation function. Density mapping
shows where points or lines are condensed within a given area. The inverse distance weighted (IDW)
interpolation method was used to estimate across any surface to show where the density lies (e.g.,
vegetation density) using the ArcMap. The resulting raster was then classified to 18 meaningful classes,
such as 1 for less, 11 for moderate, and 18 for denser vegetation and the image symbolized using
stretched type as the standard deviation (Figure 3).

In order to approximate the influence of the wind-on-dune movements, wind speed and directional
data was obtained from NASA’s MERRA-2 (Modern-Era Retrospective analysis for Research and
Applications, Version 2) web portal (https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/data_access/).
We observed 12 MERRA-2 images from 01-01-2018 to 31-12-2018 to find the wind direction. In addition,
we used a Kestrel 3000 pocket weather station and compass to find the wind speed and wind
direction, respectively.

https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/data_access/
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Figure 3. Vegetation density within the study site overlaid with both established and social trails
digitized through unmanned aerial vehicle (UAV) imagery.

2.3.2. Erosion and Deposition Decision Tree

A decision tree is a statistical approach for developing a rule base for most important variables
to delineate eroded and depositional areas of the dune habitats. It was created in ENVI® Classic
5.4 (Harris Geospatial Solutions, Boulder, CO, USA) utilizing the DSM and the vegetation density
raster (Figure 4). The decision tree was structured so that all terminal nodes were factors that had
influence over the dune movements. First, the decision tree model began with distinguishing areas
containing vegetation and areas lacking vegetation. The vegetated pixels were given their own class.
The non-vegetated pixels were sent down the tree where the pixels with a slope value greater than 30%
(steep slope) were removed. This value was selected because 30% is the angle of repose for sand [24].
Pagán et al. [5] reported that the landslide of the dunes was experienced at a 30% slope, which we
selected as a threshold, assuming an angle of any sand pile face with a slope greater than 30% will
collapse. The pixels that had a slope below the angle of repose were sent to the next branch of the tree,
where vegetation density was considered. Areas that had density values greater than 11 (representing
moderately dense vegetation) were isolated as a terminal node. This dense vegetation would act as a
wind barrier, and the roots would stabilize the sand. The remaining pixels were then divided between
areas that faced the wind and areas that did not. Wind direction data was found to have predominantly
north and northwest winds for the summer months, with some southern winds occurring in the winter
months. There was a strong offshore flow that may have had more influence over the area of interest
than the data obtained from the MERRA-2. These wind direction values were calculated by creating an
aspect calculation that isolated the west and north-facing areas. The north and west-facing slopes were
then classified as being areas of erosion, and the south and east-facing slopes were classified as being
areas of deposition.
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The decision tree model was validated by comparing the areas of erosion and areas of deposition
with observed movement values calculated by subtracting the two digital surface models (DSM derived
from UAV imagery). Each class was exported from the decision tree raster and vectorized to calculate
zonal statistics from the elevation difference raster.

2.4. Image Classification for Invasive/Native Species

We used KAP data for image classification for invasive and native species due to high spatial
(2.3 cm) and spectral (four bands, RGB and NIR) resolutions. In addition, we used supervised and
object-based feature extraction techniques to classify invasive/native species with the improvement of
classifications using a texture analysis.

2.4.1. Supervised Classification

Agisoft PhotoScan was used to detect the feature points in each RGB and NIR bands when
creating the orthomosaic images. Then, we composited RGB and NIR bands, resulting in four band
combinations. The images were acquired within a clear sky day and low altitude to minimize the
atmospheric effects. Due to limitations on the metadata for the KAP imagery, we had to rely on
digital numbers (DN) instead of reflection values for our analysis. When no preprocessing tasks are
implemented, it is more reliable to analyze the vegetation index (VI) using NIR and IR. However,
we had to rely on the normalized difference vegetation index (NDVI) due to the limitation on the IR
band for the analysis. Then NDVI was incorporated for the texture analysis, to improve the vegetation
classification. Using the “Raster Calculator” tool in ArcMap, the individual Red and NIR bands were
brought in and used to calculate the NDVI with the following formula:

NDVI = (NIR − RED)/(NIR + RED) (1)
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By incorporating both a spectral and object-based approach for classifying, the classification is
ultimately improved and error minimized. The “focal statistics” tool was then used to calculate both
the mean and standard deviation of the NDVI raster. Before attempting the classification, the final
step in creating the raster for the texture analysis was to composite all of the bands together [25].
The “composite bands” tool was used to combine the original RGB/NIR orthoimage, the NDVI mean,
and the NDVI standard deviation into a single raster and clip to the extent where the NIR data was
available. The new composite image was utilized in the pixel-based supervised classification and for
the object-based feature extraction classification. As Madurapperuma et al. [3] revealed from their
habitat mapping of the Ma-le’l Dunes study, a supervised classification works well with a large area,
while feature extraction works well within a subplot.

For the supervised classification, training sample areas were created using geotagged photos
taken from a GoPro Camera and visually comparing the sites using the high-resolution orthomosaic
image. The ArcMap tool, namely “training sample manager”, was used to train the program on a
few specific vegetation and land cover types. Training samples were broken down into native and
nonnative vegetation, wood, sand, and shadow classification types to generate a signature file of the
sample areas. Using the training sample signature file, the “maximum likelihood classification” tool
was used twice, to first classify vegetation based on just the RGB orthoimage and then ran again using
the newly created NDVI texture composite orthoimage. The two output classification images that
were created were then color-coded and compared to determine which method classified the invasive
vegetation best.

We randomly created points across the subplot of the study area to make an accuracy assessment.
We tested the accuracy for 13 classes, including native/invasive species (i.e., European Beach grass)
and land-use/cover classes (i.e., sand, wood, etc.). A total of 130 points (10 points for each class) for the
NIR/RGB composite image and 160 points for RGB image were used for the accuracy assessment.

2.4.2. Feature Extraction

To reduce the processing time of the feature extraction method, ArcMap© was used to divide the
study area into three equal sections, which were then further broken down into smaller study areas
and used as the inputs for the feature extraction tool in ENVI® Classic 5.4 (Harris Geospatial Solutions,
Boulder, CO, USA). An “example-based feature extraction” method was used as the specific type of
feature extraction. After selecting one of the smaller ROIs for the feature extraction, we set our scale
level for both segmentation and merge. These levels ranged dependent upon the chosen ROI (values
ranged from 45–70 for segmentation and 50–80 for merge) and dictated a pixel’s relationship to its
neighboring pixels. Bands 1, 2, 3, and 6 from the composite image, representing red, blue, green, and
NIR, respectively, were used for the analysis. After solidifying these settings, pixels were grouped
together. These groups were then selected as classes representing their ground cover type. We utilized
the ground control points of the chosen land-use/cover and species as training data to select classes
for the feature extraction. The classified feature classes were native and invasive species (i.e., coyote
brush, beach grass, ice plant, etc.) and land cover classes such as wood, sand, and other vegetation.
All outputs were saved as vector files and as raster files ending in .dat.

To reconstruct the image, the ROI vector files were opened in ArcMap© 10.5.1 and joined together
using the “update” tool. Any extra or overlapping lines were cleaned up and attempted to be projected
into a NAD 1983 UTM Zone 10 N coordinate system.

3. Results

This study incorporates the use of consumer-grade technology to study dune movements. The first
part of the results presents dune movements in relation to sand deposition and erosion, and the second
part gives the nonnative plant distribution within the dune ecosystem.
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3.1. Dune Movement Estimates

We created a DSM from the dense point cloud data for both 2018 and 2019 UAV imagery using
Agisoft PhotoScan. Comparing the absolute value of the differences in the two DSMs (Earth’s surface
including objects on it) emphasized the shifts in dune movements over a year. While most of the area
of interest did not have significant differences in elevation, the largest amount of change can be seen
on the north-eastern-facing slopes that are not directly exposed to wind from the ocean (Figure 5).
From this data, we can determine that where we find trails within the dunes, we generally see less
sand movement. Our results are plausible, seeing as the social trails are often formed in similarly low
points along the landscape as the established trials.
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A pairwise comparison of the elevation changes between 2018 and 2019 along the established
and social trails is given in Figure 6. Generally, established trails are located on comparatively high
elevated ridges, while users created social trails attempting to take shortcuts from low elevated areas,
and some points connect to the established trails (Figure 6c). The average elevation difference between
two trails is more or less similar (i.e., established trails 1.03 ± 0.45 and social trails 1.02 ± 0.22).
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Figure 6. Comparison of elevation changes for the established trails (a) and social trails (b) extracted
from registered 0.12-m digital elevation model (DEMs) from 2018 to 2019 along 10-m intervals. The trails
were selected backdunes where the start and end points were in proximity to each other (c). The mean
elevation change was given in a dash line.

3.2. Erosion and Deposition Classification

The model was able to predict areas of erosion and deposition. The resulting elevation changes
have negative pixel values representing erosion and positive pixel values representing deposition.
The mean elevation change determined by zonal statistics revealed that the pixels classified as
deposition had almost twice the amount of elevation gain when compared to erosion (Table 1).

Table 1. Comparison of pixels classified as erosion area and deposition areas.

Map Layer Area m2 Std. dev. (m) Mean Elevation Change (m)

Erosion 11,962 0.52 0.55
Deposition 18,333 0.60 0.97

The decision tree model shows where the erosion and deposition areas formed within the study
sites in relation to the vegetation density, slope, and aspect parameters (Figure 7). The eroded areas
were patchy across the study area.
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3.3. Invasive Species Classification

Due to technological difficulties with the KAP camera and additional issues such as adverse wind
conditions and limited trail access, the NIR camera was decommissioned halfway through the data
collection process. This resulted in a smaller area being covered with the NIR camera, compared to
the larger area covered by the RGB camera (Figure 8A), which was collecting data for a longer period
of time. The larger area covered by the RGB camera was used separately without the NIR bands
for a supervised vegetation classification based on the “maximum likelihood classification” method
(Figure 8B). Based on the accuracy assessment, the supervised classification using just the RGB bands
provided a decent classification (Table 2), however, it was not as accurate as the supervised “maximum
likelihood” classification that incorporated the NDVI of the smaller NIR study site (Figure 8C).
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Figure 8. UAV imagery shows the study area in the Manila Dunes (A) and compares the results of
pixel-based supervised maximum likelihood vegetation classification using only RGB orthoimage (B)
with the results of same supervised classification methods; however, incorporating a NIR band and
texture from the normalized difference vegetation index (NDVI) (C). The green features in Figure 8B
are mixed conifer forest, and the purple features are invasive mat vegetation.

Table 2. Supervised classification accuracy assessment on the normalized difference vegetation index
(NDVI) NIR image and the RGB image.

Image No. of Random Points Correctly Identified Percent Accurate

NIR/RGB composite image 130 75 58%
Only using RGB image 160 86 54%

We mapped the dominant invasive/native species and major land-use/cover types within a subplot
of dune habitats using the object-based image analysis techniques (Figure 9). Of the species, European
beach grass, ice plant, and European sea rocket were the leading invasive species, while toyon,
buckwheat, and coyote brush were the dominant native species (Figure 9). European beach grass
outcompetes other species and is widely distributed across the dunes.
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4. Discussion

This study describes a new approach to coastal dune mapping, with the use of both UAV
photogrammetry and KAP. We had limited the flights to a small plot at the FOD premise due to
permission constraints of UAV flights at the border of the Bureau of Land Management (Northern
Humboldt Bay) and private properties at the Southern Humboldt Bay. The study area is a part of the
Manila Dunes, which extend 9.6 km. The vegetation and dune morphodynamics are fairly homogenous
across the landscape, and therefore, our findings and methodology are applicable for monitoring wider
areas of Humboldt Bay. We found the presence of invasive species, vegetation density, and established
trails contribute to the stabilizing of dunes.

Decision trees similar to the one constructed for this study are useful across various fields of study,
such as: determining age structures of heathland vegetation [26], mapping fragmented sand dunes
landscapes [27], and habitat type classifications [28]. With the use of both RGB imagery and RGB-NIR
imagery, we were able to include vegetation vigor in our analysis of vegetative cover. For example,
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Mbolambi [29] performed a decision tree classification using the Red and NIR multispectral bands for
delineating habitat conditions of vegetation (i.e., intact vegetation, alien vegetation, and degraded
vegetation). The dune movement estimates from the erosion deposition classification indicated fewer
areas of erosion than deposition. This erosion and deposition predictive decision tree model was able
to provide an estimate of the dune movements while considering additional environmental factors
such as the vegetative cover, wind direction, and social trails.

High-resolution DSM derived through UAV and Lidar are widely used for detecting sand dune
migrations [30,31], elevation changes [5,32], and coastal erosion [5]. However, it is challenging
using two different sensors (for example, UAV and Lidar) for estimating dune migrations due to
varying spatial and spectral resolutions, which need intensive geospatial processing for co-registration,
resampling, and preprocessing. Therefore, this study used two UAV imageries acquired in 2018 and
2019 in September with fairly even spatial resolutions. Our dune migration results are useful to
monitor the area for coastal erosion, and the methodology can be applied for a large area of Humboldt
Bay using Lidar data. The UAV data was limited to a small area due to permission issues from the
landowners, FAA permitting issues, and limited battery life for longer flights.

Coastal sand dunes are constantly shifting due to coastal erosion and the continual movement
of the dunes by the wind [33–35]. Wind direction data with a higher spatial resolution may give us
more site-specific data that could benefit in further research for a wider area. This study did not use
wind data for the analysis (Figure 4), but we observed 12 MERRA-2 images to find the historical wind
directional data to delineate the aspect direction for the model. Furthermore, wind data provides a
general indication of the average wind conditions in the region, which relates with the tidal influences
on this coastal region.

When looking at dune movements seen around the two different trails, social and established,
the dunes around the established trails were more stable (located at comparatively higher elevations
along the ridge) and did not move as much as the dunes near social trails within the one-year period of
this analysis (Figure 3). The differences between the stability of the two trails could be a combination of
identified factors: that the established trails were planned and created with the location and site stability
in mind and that social trails can be found in places that have lower elevation paths, where users
can easily make the shortcut to the beach without hiking. RGB data covers a larger area; using only
the RGB bands results in a less accurate classification compared to the texture analysis classification,
which incorporates both the NIR and RGB bands. Since a NIR band is necessary to calculate the NDVI,
the smaller study site covered by the NIR provides a more accurate classification by incorporating
spectral and vegetation textures into the classification.

Supervised classification distinguished between sand and vegetation, though not necessarily
different types of vegetation (Figure 6). High dimensionality of dune habitats creates a salt
and pepper effect resulting from traditional pixel-based image classification [36]. For example,
Madurapperuma et al. [3] received a lower accuracy for beach grass and sand land-use classes due to
the high microtopographic variation of the dune ecosystem. We were able to acquire adequate ground
reference points (130 points) using geotagged photos to map native/invasive species distributions.

High-resolution UAV and KAP data were useful to capture microtopographical variations of
the dune habitats, accounting for the high spatial and temporal resolutions. Although the KAP
images acquired for a subplot of the main study area would be useful to have four bands (RGB and
NIR), especially for the vegetation analysis, KAP is very reliable for coastal mapping, especially for
developing countries, with the advantages of low costs, high resolutions, limited regulations, and easy
flying during high wind velocities [7,37]. Understanding where dune erosion is emerging and being
able to map invasive/native species habitats is crucial for the FOD in order to implement the best
land management practices and meet their goals of the ecological restoration of native plant habitats,
controlling invasive plant populations, and the conservation and preservation of the coastal land.
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5. Conclusions

Developing a long-term monitoring program will aid land stewardship and restoration efforts by
the Friends of the Dunes Land Trust. Finally, a developed workflow for an expedited and accessible land
cover classification method can be applied to any type of imagery with a variety of management goals
in mind. Using aerial imagery collected with low-cost consumer-grade UAV, our goal was to estimate
dune movements in relation to trails, vegetation, and topographical factors. In addition, we mapped
the invasive species habitats, which is useful for the FOD land trust managers to implement the best
land management practices via the ecological restoration of native plant habitats and controlling
invasive plant populations.

Social trails have arisen from lower elevation areas than established trails, which make the
ecosystem fragile and vulnerable to the trampling of native plant habitats. This indicates that there
may be a greater amount of dune movements along the social trails than the established trails.
This information could be used by the FOD to further educate visitors on the impacts of social trails
on dune habitats while also helping inform the FOD of where the expansion of established trails
may be viable and less intrusive to the ecosystem. With the use of the decision tree, we were able to
determine areas that are more likely to experience erosion (elevation loss) and sediment deposition
(elevation gain). Utilizing this method may be useful for future planning decisions due to the ability to
determine the erosion and deposition risks that could have an effect on the infrastructures installed
on FOD property. This information could be vitally important to the FOD in the implementation
of conservation plans. The variety of small, mixed vegetation types throughout the dunes causes
difficulties in classifying individual plant types when using object-based methods. Object-based image
classification works the best when the features to be identified have distinct shapes, i.e., sparse dune
mat invasive/native vegetation throughout the landscape.
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