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Abstract: Unmanned aerial vehicles (UAV) allow efficient acquisition of forest data at very high
resolution at relatively low cost, making it useful for multi-temporal assessment of detailed tree crowns
and forest structure. Single-pass flight plans provide rapid surveys for key selected high-priority
areas, but their accuracy is still unexplored. We compared aircraft-borne LiDAR with GatorEye
UAV-borne LiDAR in the Apalachicola National Forest, USA. The single-pass approach produced
digital terrain models (DTMs), with less than 1 m differences compared to the aircraft-derived DTM
within a 145◦ field of view (FOV). Canopy height models (CHM) provided reliable information
from the top layer of the forest, allowing reliable treetop detection up to wide angles; however,
underestimations of tree heights were detected at 175 m from the flightline, with an error of 2.57 ± 1.57.
Crown segmentation was reliable only within a 60◦ FOV, from which the shadowing effect made
it unviable. Reasonable quality threshold values for LiDAR products were: 195 m (145◦ FOV) for
DTMs, 95 m (110◦ FOV) for CHM, 160 to 180 m (~140◦ FOV) for ITD and tree heights, and 40 to 60 m
(~60◦ FOV) for crown delineation. These findings also support the definition of mission parameters
for standard grid-based flight plans under similar forest types and flight parameters.
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1. Introduction

Changes in forest canopy structure due to natural disturbances, such as storms and hurricanes,
can be monitored with high accuracy from active remote sensors such as LiDAR [1]. The most
common LiDAR data, able to perform large area ecosystem characterization, are acquired from aircraft
platforms that demand a high operating cost and dependence on specialized companies and require
medium-term planning, which often leads to long delays in data becoming available to decision makers.
These shortcomings considerably burden its efficacy for rapid response to natural disasters, which is a
significant drawback for practical applications of airborne LiDAR [2]. In contrast, unmanned aerial
vehicles (UAV) are autonomous alternatives that allow rapid logistical planning and data collection
over relatively large areas (hundreds to thousands of hectares) [3]. One of the main limitations of
battery-powered UAV systems is the low flight efficiency due to their dependence on battery capacity [4].
It is, thus, of critical importance to develop sampling methods based on UAV single-pass surveys,
which allow rapid large area assessment by concentrating in sampling locations of timely interest
only. While airborne LiDAR sampling has been widely developed for very large area assessments [5],
no study has yet tested the efficiency of single-pass flight sampling designs, more suited for UAVs.

Many studies have proven the usefulness of LiDAR for monitoring forest health [6],
natural disturbances such as wildland fire assessment [7–9], and meteorological disaster damages from
storms and hurricanes [1,10,11]. Airborne LiDAR data acquired from aircrafts has the main advantage
of scanning large areas in a short period of time, which allows surveys of entire landscapes with millions
of hectares of area [1,12,13]. Only recent developments in LiDAR sensor miniaturization have allowed
mature UAV-LiDAR systems [14–19]. UAV-LiDAR can collect only a few hundred or thousand hectares
per day, but they are less expensive and allow greater autonomy, rapid planning and response, and more
frequent data collection [20,21]. UAV-LiDAR can produce much higher return (or point) densities
than aircraft-borne LiDAR, similar to those on terrestrial platforms [22–24], providing high-accuracy
measurement of individual trees and understory vegetation [15,23,25,26]. UAV-LiDAR systems can,
thus, greatly focus a monitoring approach by allowing for low-cost multi-temporal surveys with high
spatial and temporal resolutions [20,27].

The characteristics of airborne LiDAR data follow the planning and design of the flightline,
which influence point cloud properties such as pulse density (number of pulses/m2) [13,28].
Usually, grid-mode LiDAR data collection uses an overlapping approach, which allows collecting
homogeneously distributed high density point clouds [23,29]. One potential method to make UAV
flights more efficient in terms of the area collected is to use single-pass flights, which consist of rapid
surveys without overlaps, where the point cloud density is still higher than those resulting from
traditional aircraft LiDAR surveys. Single-pass methodologies have been used in high altitude aircraft
surveys in Amazon studies [30–32]. These methods have also been used in UAVs to investigate
point cloud generation, accuracy assessment, and applicability for forest change detection [20,21].
However, these works restricted scanning angles to a maximum of 30◦, and thus, nothing is known on
whether reliable information can be collected by single-pass surveys covering larger swaths of land,
farther from the flightline. The efficiency of a single-pass UAV-LiDAR approach as a survey method
and its feasibility towards wider angles is still unexplored.

The scan angle can severely impact forest structure metrics estimates, for example, leaf area
index (LAI), gap fraction [33], foliage profile retrieval [34], and measurements of tree location, height,
and crown width [21]. As the distance between the sensor and target is increased, generally less
information is acquired, not only due to the shadowing effect on the far side of the trees [21], but also
the increased effect of pitch/roll errors in combination with long scan ranges [35]. Thus, when the
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forest canopy is horizontally distant from the flight line, relatively lower density LiDAR returns are
expected [36].

Here, we investigated the potential of single-pass UAV-LiDAR data to measure canopy structure
information relevant to natural disaster assessments. More specifically we investigated the optimal scan
angle and distance from the flightline for which the GatorEye UAV-LiDAR system would be capable
to provide products of a reliability comparable to those provided by aircraft-LiDAR systems using
grid-mode. We compared parameters such as the density of total returns and ground returns, and the
differences between Digital Terrain Model (DTM), Canopy Height Model (CHM), tree individualization
height, and crown area, in a longleaf pine forest.

2. Materials and Methods

2.1. Study Area

The study area is in the Apalachicola National Forest, a public land in the sandhills of Florida
Panhandle, that covers approximately 233,000 hectares in northwestern Florida, USA (Figure 1).
Located in a humid subtropical climate zone and flat topography, the Apalachicola National Forest
is managed in accordance with the Forest Service management plan (USDA Forest Service 1999).
It abounds with cypress, oak, and magnolias trees and is one of the few remaining large and contiguous
areas of longleaf pine (Pinus palustris Mill.) in the United States [37]. For planning LiDAR missions,
we focused on an area that received mild impact from Hurricane Michael in 2018 [38,39], presenting few
damaged and fallen trees verified in prior field works, so we could establish and test the methodology
in a multi-temporal approach.
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polygons in the satellite image are the eight GatorEye UAV-LiDAR single-pass survey locations. Each 
box (1 to 8) corresponds to a location and is colored with the canopy height models (CHM). Dashed 
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Figure 1. Location of study sites in north of the State of Florida, southeastern region of the United States
at the Apalachicola National Forest (Sentinel-2 true color composite satellite image). The red polygons
in the satellite image are the eight GatorEye UAV-LiDAR single-pass survey locations. Each box (1 to 8)
corresponds to a location and is colored with the canopy height models (CHM). Dashed strips are each
flightline and the green boxes are the plots (130 m × 430 m), in a total of 43 plots.
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2.2. LiDAR Data

Two (UAV and aircraft) LiDAR datasets (Figure 2) were collected for the study area within a
1.5-year span, using different types of sensors: (i) a Piper PA-31 Navajo outfitted with a Riegl VQ-1560i
LiDAR system; and (ii) the GatorEye UAV-LiDAR system, composed of the Phoenix LiDAR sensor
suite, onboard the DJI Matrice 600 Pro hexacopter multi-rotor RPAS, with L1/L2 dual-frequency GNSS
(PPK mode—Post Processing Kinematic). This system consists of a Velodyne VLP-16 dual-return laser
scanner head, capable of 600,000 pulses per second, with Phoenix live and post-processing software [40]
(more details in Table 1).
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Table 1. Aircraft and UAV system parameters for this data collection.

Parameter Aircraft LiDAR GatorEye UAV-LiDAR

System Riegl VQ-1560i Velodyne VLP-32c
Number of Lasers 1 32

Altitude (AGL meters) 1600 80
Approx. Flight Speed (m/s) 82.3 12
Scanner Pulse Rate (kHz) 2000 0.6

Swath Width (m) 1848 420
Swath Overlap (%) 30 0

Field of view—FOV (degree) sideways 60 180
Sensor Scan Angle (degrees) front-back 0 −25 to +20

Returns per Square Meter (average) 22 105
Maximum Number of Returns per Pulse 7+ 2

The aircraft LiDAR data were obtained from the “FL Panhandle LiDAR Project,” conducted between
3 March and 10 May 2018, which flew over 26 counties, and had the primary purpose to support
Northwest Florida water resource planning, flood control, and the Federal Emergency Management
Agency’s Risk MAP program. Aircraft’s point cloud has a vertical accuracy of 15.1 cm and a horizontal
accuracy of 18.2 cm at 95% confidence level.

In November 2019, using the single-pass flight plan, we flew over eight areas with the GatorEye
UAV-LiDAR. Missions were planned in UGCS software. Each of the eight mission were one flight,
fully autonomous from take-off to landing. These missions were used to select the areas of interest
from the aircraft survey. GatorEye’s point clouds accuracy is around 5 cm. Relative accuracy among
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a collected point cloud is higher, due to postprocessing alignment using the point clouds and flight
trajectories, enabling extremely well-matched point clouds for multitemporal datasets.

2.3. Data Processing

Data processing involved point cloud preprocessing, plots allocation, and generation of LiDAR
products and metrics to perform sensor comparison (Figure 3). A total of 82 aircraft LiDAR tiles were
overlaid with corresponding GatorEye missions and used to perform the analysis. The GatorEye
single-pass was acquired within a range of 180◦, which corresponds to a width of approximately
215 m of scanned area (each side) from the flightline. With this information and the flightline vectors
shapefiles, polygons with 215 m buffers were created and used to clip the original aircraft point
clouds corresponding to the eight GatorEye missions, using the package lidR, function “clip_roi.”
After merging and clipping the point clouds, we derived eight final point clouds for each sensor,
which we will refer to as LiDAR missions henceforth.
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and, in blue, aircraft LiDAR data pre-processing.

As the LiDAR surveys were acquired in different datums (horizontal and vertical), the first step
was to reproject the datasets to the same projection. For horizontal reprojection, we used the GatorEye
coordinate reference system (UTM WGS-84) as reference and reprojected all the NAD83 (2011) aircraft
point clouds. For the vertical reprojection, the Florida Permanent Reference Network datasheet from
the Carabelle site was used as a reference for the reprojection. This reprojection was accomplished by
identifying the difference between the reference height (either geoid or ellipsoid) from each dataset,
and adding this value (28.689 m) to the point cloud to be converted, using the Quick Terrain Modeler
software v8.2.0. In this step, the reference sensor was from the aircraft, and the datum ITRF 2014
(ellipsoid height) from the UAV was transformed to NAVD88 (orthometric height—geoid).

The comparisons between point clouds were performed at the plot level. Within the eight LiDAR
missions, we allocated 43 rectangular plots (130 m × 430 m), in a way that the center of the rectangle
was placed over the flightline and extending approximately 215 m to each side. Four to six plots were
produced for each mission. Each plot was set up to cover forested areas where there was no overlap
from the UAV scan, avoiding the few areas with overlap.
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For each plot we processed the LiDAR data and compared the results between sensors using
rasters and point cloud products. The initial processing was done with the software lastools [41].
The first step of the point cloud processing was the ground classification using lasground with the
default parameters of the algorithm, the “wilderness mode,” and computing height. With the ground
returns, we generated the 1-m resolution digital terrain model (DTM) and we derived the normalized
point cloud, using lasheight, by the difference between DTM and non-ground returns elevation.
Finally, the normalized point clouds were used to create the canopy height model (CHM), using the
grid_metrics function from the “lidR” [42] package, in the R environment [43], computing the highest
elevation value for each pixel.

2.4. Data Analysis

Point cloud density, ground returns, and returns profiles along with the distance to the flightline
and scan angle were used to compare each sensor. For density and ground returns, we used the function
“grid_density,” from the lidR package, to rasterize total returns and ground returns and obtain the
respective density in a one-meter resolution pixel. To produce the returns density profile, returns were
aggregated into one-meter vertical height classes, from which the returns density (returns per square
meter) along the height were calculated.

We performed a pixel-based comparison between sensors using the DTMs and CHMs by
subtracting the aircraft from GatorEye’s raster and plotting the pixel value differences as a function
of the flightline distance and scan angle. This step was performed using the R package “raster” [44],
where the method was first applied to the raster DTMs to find the elevation difference between them.
This difference was then applied to the CHMs in order to remove the ground elevation differences
in the CHM. This meant that when we calculated the difference between the CHMs, that difference
was only due to canopy height and not due to any ground elevation dissimilarity. In this analysis we
evaluated the pixel differences and empty values.

To understand how these empty values are spread throughout the canopy height layers and its
distribution along flightline distance and scan angle, we stratified the point cloud into four vertical
strata (0–5 m, 5–15 m, 15–25 m, and 25–35 m) and, for each stratum, we analyzed the absence of returns
per voxel. Voxel size was 1 m × 1 m × strata height, in meters.

For individual tree detection and crown delineation (ITDD), we generated a smoothed CHM with
a 3 × 3 matrix using the function “focal” from the raster package and with the function “median” as an
argument, and applied smoothing filters to help eliminate spurious error and limit the number of local
maxima detected, thus increasing the accuracy of the algorithm [45]. We used an algorithm inspired
by [46], which is based on a local maximum filter and a defined window size (ws), implemented in the
lidR package, by the function lmf with a minimum height filter of 8 m and a 2 pixels ws. After detecting
trees, their crown boundaries were delimited using the Voronoi tessellation-based algorithm developed
by [47], also implemented in lidR and applied in the original CHM. After obtaining the crown
delineation, we calculated individual tree crown area per plot. The main result aimed in this step is
the understanding of the optimal scan angle and distance to the flightline that provide reliable crown
delineation and its possible approaches.

3. Results

3.1. Point Cloud Comparison

The UAV-LiDAR shows a decreasing return density as the scanning angle increases and the pulses
are further from the flightline, starting from 270 returns m−2 at angles close to nadir, and fewer than
10 returns m−2 at 210 m of distance from flightline. The aircraft resulted in the same return density
average along the profile (Figure 4A). Along the flightline distance, a similar trend in an inverse order
is observed for the absence of ground returns within the plots, which fluctuated from 0.16% to 2.1% for
GatorEye and remained stable between 0.21% ± 0.02% (mean ± standard deviation) for the aircraft
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(Figure 4B). As the distance increases from the flightline, the ground classifier algorithm for the UAV
LiDAR classified tree returns as ground (Figure 5). This pattern can be seen clearly in flat topography
such as the Apalachicola National Forest.
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Figure 5. (A) Example of one rectangle plot (130 m× 430 m) showing GatorEye UAV-LiDAR and aircraft
LiDAR ground returns along flightline distance, and misclassification for GatorEye in wide angles
(highlighted by the black circle). (B) Ground return profile analysis (Red = UAV, Blue = aircraft), and the
abrupt increase in the GatorEye ground elevation return after 200 m from the flightline. Rectangle plots,
scales, and profile analysis charts were captured from the Quick Terrain Modeler software.
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Besides the differences in point cloud density, both sensors have shown similar behavior patterns
for the returns profiles (Figures 6 and 7), which are basically defined by first returns, except the ground
returns, in which the high-density returns are shared with the second return (Figure S1). This pattern
is most apparent within a 120 m distance of the flightline, where the relative return density curve
starts to change between heights of 5 to 15 m. After this threshold, the GatorEye curves start to flatten,
and aircraft return density keeps the same pattern across all flighline distances (Figure 7). The GatorEye
point cloud had a higher return density within 1 m height, where it observed more than 50 pts·m−2

up to 30 m distant from the flightline, compared with the aircraft LiDAR’s average of 1.25 pts·m−2,
which is more than 40 times the average density for the same height and distance (Figure 6). This is the
major difference between sensors as seen in the 12 first charts of Figure 7, where the proportion of
returns close to the ground is always greater in the GatorEye system. The behavior shown in Figure 6
reinforces the disparity in return density between the sensors, also shown in Figure 4A, with the added
context of how these returns are spread throughout the canopy height.
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Figure 6. Returns density profile behavior per flightline distance. (A) GatorEye UAV-LiDAR profile in
red tint color palette and the aircraft LiDAR in blue dashed. The red tint curves grow from left to right,
with a respective distance of 210 m to 30 m. (B) Magnified aircraft system profile of the blue dashed
line from the left chart.

3.2. Raster Comparison

Compared to the DTM derived from aircraft sensor data, GatorEye single-pass derived DTM
presented underestimated mean ground elevation by 0.29 ± 0.17 m at 5 m flightline distance and then
followed no trend until 140 m, where the difference between sensors mean pixel value was found to
be −0.02 ± 0.37 m, growing to 0.02 ± 0.39 at 145 m, 0.35 ± 0.71 m at 170 m, 0.94 ± 1.17 m at 195 m,
and 1.56 ± 2.34 m at 200 m from the flightline. After this, GatorEye overestimation became much
higher, as much as 9.20 ± 5.04 m at 215 m (Figure 8A). In the 1 m pixel resolution, CHM analysis
sensors presented differences of the mean pixel value of about 0.25 ± 1.13 m at 5 m flightline distance
and −0.98 ± 1.29 m at 95 m. GatorEye begins to underestimate the canopy height at 120 m compared to
the CHM derived from aircraft sensor data, with 1.62 ± 1.45 m differences. This underestimation trend
continues with differences of 2.57 ± 1.57 at 175 m, 3.35 ± 1.96 at 200 m, and 9.03 ± 5.07 at 215 m distance
from the flightline (Figure 8A). The aircraft CHM did not present empty pixels, while the percentage
of empty pixels in the GatorEye CHM increases exponentially with flightline distance. At 100 m,
the percentage of empty pixels start to increase from around 0% to around 2% at 120 m, and then to
greater than 40% at 200 m (Figure 8B).
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Figure 7. GatorEye UAV-LiDAR (red) and aircraft LiDAR (blue) relative return density along the
distance from the flightline. Each chart is titled with the respective distance from the flightline that the
point cloud was filtered, varying from 10 to 210 m. The X axis brings the relative returns density that
floats from 0 to approximately 3%. The Y axis presents the height of the canopy, ranging from 0 to
almost 40 m.

By separating the GatorEye empty voxels by height strata (Figure 9), we see how the missing
values are spread along the canopy layers. We determined that the first strata of the canopy (0 to
5 m) and the top strata (25 to 35 m) show fewer empty voxels near the flightline as opposed to the
intermediate layers. While the first three strata show an abrupt increase in rate of empty voxels after
100 m, the top strata presented the slowest rate of increase and fewer empty voxels overall.

3.3. Individual Tree Detection and Crown Delineation

Since the study area was damaged, however lightly, by Hurricane Michael, the number of tree
detection between sensors in this multi-temporal approach was expected to show some differences,
which were well captured from the single-pass survey, as shown in Figure 10 (A1,A2 vs. B1,B2),
where both sensors could find many of the same trees, but fewer individuals were observed from the
GatorEye ITD. This figure also illustrates smaller crowns at wide angles, far from the flightline, and the
absence of returns that resulted in empty CHM pixels (Figure 10, A2 vs. B2 and A4 vs. B4).
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Figure 10. (A) GatorEye UAV-LiDAR post-hurricane Michael (low impact area) and (B) aircraft LiDAR
pre hurricane CHM with trees detected. (A1,A2,B1,B2) Tree detections locations and crowns delineation.
(A3,A4,B3,B4) point clouds corresponding to each location.

The comparison in all 43 plots did not bring an accurate value for the single-pass tree detection
(Figure 11A), but allowed finding maximum angles thresholds to obtain the tree heights and crown
area, assuming that the aircraft survey is the most reliable because of the type of data collection in a
grid mode. Aircraft LiDAR presented consistent values of tree heights and crown area varying from
12.5 m to 27.5 m (Figure 11B) and from 25 m2 to 40 m2 (Figure 11C), respectively. The GatorEye found
similar tree height ranges up to the flightline distance interval of (160, 180) m (Figure 11B) and similar
crown area ranges up to the interval of (40, 60) m (Figure 11C).
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4. Discussion

The results of this paper allow us to determine which LiDAR products and at which distance
the UAV-borne single-pass approach is able to provide similar quality products compared with the
complete area and overlapping data collection methods used by aircraft-borne LiDAR. The products we
analyzed include digital terrain and canopy height models (DTM and CHM), a detailed representation
of forest structure, and individual tree detection and crown delineation (ITDD). To the best of our
knowledge, this is the first study to explore, in detail, the single-pass approach as a method for
obtaining LiDAR-derived products.

We found that the return density profile shape follows a similar pattern for each sensor (Figure 6,
Figure 7 and Figure S1A). The same result was highlighted by [22], in their comparison between
GatorEye UAV-LiDAR and aircraft LiDAR, but in an Amazon forest. In our research, the dual return
LiDAR sensor presented a return density profile basically defined by first returns, except the ground
returns, in which the high-density returns are shared with the second (last) return (Figure S1C).
This pattern was also observed in the aircraft LiDAR point cloud, even if the sensor can produce 7+

returns. There were only a few third and fourth returns compared to first and second returns for the
aircraft system (Figure S1B). Nevertheless, our results about the behavior of returns number density in
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areas of longleaf pine were quite different from those presented by [22] in the Amazon, where second
returns were more representative along canopy height (5–25 m), with much fewer ground returns.
In areas with dense vegetation the percent increase of second and third returns is observed [21].
The results described in this study should vary among forest ecosystem types, which vary in stem
density and leaf area density.

Unlike the single-pass approach, in a grid mode, UAV-LiDAR point clouds can achieve 60 pts·m−2 [26],
160 pts·m−2 [48], 380 pts·m−2 [22], and up to 1400 pts·m−2 [23], while aircraft LiDAR density ranges
between 5 and 30 pts·m−2 [25,29,49]. Our results showed that the single-pass survey can still achieve more
dense point clouds compared to aircraft, from 270 to 80 pts·m−2 within 120 m and around 20 pts·m−2

up to 175 m distant from the flightline, corresponding respectively to 120◦ FOV (around 60◦ scan angle
view—Figures S2 and S3) and 150◦ FOV, with high allocation of returns close to the surface, reaching more
than 40 pts·m−2 close to the flightline. Accurate ground returns are achieved up to 170 m from the
flightline, where only around 0.5% of the scanned area is not covered by ground returns.

The main limitation to produce reliable DTMs is the ground returns density [28], and because of
the high rate of returns that hit the ground, the DTM from single-pass is accurate up to around 195 m
from the flightline (approximately 145◦ FOV, Table S1), with at least 1 m of agreement (0.94 ± 1.17),
compared to aircraft DTM at 1 m resolution. These results are similar to [22], which showed a 99%
agreement between the DTMs from both systems. In the CHM high-resolution (1 m × 1 m) pixel
level comparison, sensors presented differences throughout the scanned area. GatorEye heights were
underestimated from −0.98 ± 1.29 m at 95 m, 1.62 ± 1.45 m at 120 m, 2.57 ± 1.57 at 175 m, 3.35 ± 1.96
at 200 m, and 9.03 ± 5.07 at 215 m. These findings demonstrate that this kind of comparison, at the
pixel level in a multi-temporal approach, is not recommended at fine scales, such as 1-m sized pixels or
smaller. These differences are likely due to natural canopy changes over time, which is even greater
after a hurricane, which can cause large differences in canopy shapes. Moreover, in these divergences
between sensors, analyzing only the GatorEye CHM, our results show less than 2% of empty pixels up
to 120 m from the flightline, which assures the high return density up to this distance, as a signal of
accuracy of GatorEye CHM using the single-pass approach. At a further distance from the flightline,
the number of empty pixels increases and heights tend to be underestimated due the increased lack of
data, caused by the shadowing effect on the far side of the trees [21].

To understand how the GatorEye CHM missing values are spread along the canopy’s layers,
we stratified the point cloud through vertical strata and determined that the top layer of the forest,
represented by the 25–35 m strata, is the least affected, with less than 5% of empty voxels up to 175 m
from the flightline. The accuracy of the CHM highest values can assure the reliability of canopy first
layer treetop detection up to this distance (175 m and around 140◦ FOV). On the other hand, we saw
an increase of empty voxels in middle height strata, caused by the occlusion effect of canopy height,
highlighting that ITDD of understory trees are not as effective as overstory trees [50]. Further from the
flightline the CHM top height strata get close to 10% of empty pixels, which can lead to under-detection
of treetops, even in the overstory, resulting in an under-segmentation error [51]. The difference in
the number of trees detected between sensors were not the focus of this study, as we did not have a
ground truth to validate and our study area experienced (even with low impact) a hurricane between
surveys. We could find the maximum distance and scan angle that allowed getting reliable tree heights
(around 180 m and 140◦ FOV, Figure 11B), which is directly related to the CHM top layer accuracy
determined in this study, and to which we can assume reliability of tree detection. We identified
reliability of the tree’s crown area until the interval distance of 40 m to 60 m, corresponding to around
60◦ FOV. After this, shadow effects increase, and crown points decrease [21], affecting the performance
of crown delineation, with trees beginning to appear to have less crown area when compared to those
close to the flightline. This suggests that the single-pass approach is not recommended for obtaining
crown metrics, except when using very narrow angles, which means less than 60 m from the flightline
(Figure 11C and Figure S3, Table S1).
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Spatial information of hurricanes’ disturbance of a forest are essential for managers and scientists
to perform efficient management practices. Remote sensing plays an important role in providing this
spatial information, especially in conditions that are very difficult to access with field crews. Single-pass
surveys can be more than 10 times faster than a grid-mode approach, depending on the characteristics
of the flight plan, and rapid surveys allow rapid response after a natural disaster, with enough accuracy
to provide valuable information for forest operations such as timber salvage, fuel hazards reduction,
etc. Though an in-depth hurricane damage assessment was not the objective of this work, we could
understand the accuracy thresholds for a variety of LiDAR products, showing the possibility of this
flight design as an option for post disaster management. Our results showed that this analysis is
pertinent, for example, in the identification of fallen trees, clearly noticed between pre- and post-images,
as shown in Figure 10 (A1 × B1 and A3 × B3), but this should be limited to 175 m from the flightline.

The flightline distance’s thresholds found for each LiDAR product described in this work can be
recommended as an optimum distance between flight lines in a grid-mode flight plan for obtaining the
respective desired product, even disregarding the overlap of LiDAR pulses that increases the point
density. For example, if the purpose of the LiDAR mission is to obtain just a DTM, a grid-mode can be
planned with 195 m between flightline.

UAV-LiDAR point clouds’ attributes vary based on flight parameters, with flight altitude being
the most important variable reporting significant effects to point cloud density [24]. Changing the
flight altitude should not significantly influence the DTM, but will affect the frequency of returns per
crown, resulting in changes of CHM, ITD, and crown area [13]. With higher altitudes, an even wider
angle of reliable LiDAR product is expected, but with decreased point cloud density. While lower flight
heights would decrease the effective angle, they result in a higher return density per square meter.
The results obtained in this study can be extended and used for similar flight designs and forest types.

5. Conclusions

In our research, we measured the efficiency of single-pass UAV LiDAR derived products in relation
to flightline distance and scan angle, and, according to our flight parameters and for a predominant
longleaf pine environment, the quality the LiDAR products achieve at wide angles.

The single-pass UAV survey can still achieve more dense point clouds compared to aircraft up
to 175 m from the flightline. Accurate ground returns are achieved up to 170 m from the flightline,
where only around 0.5% of the scanned area is not covered by ground returns. Besides the differences
in point cloud density, in general, both sensors have shown similar behavior patterns for the returns
profile. In general, UAV-LiDAR single-pass derived DTM presented overestimated mean value,
with less than 1 m differences compared to the aircraft-derived DTM up to 195 m from the flightline.
On the other hand, CHM showed underestimated mean value, with less than 1 m differences up to
95 m from the flightline (110◦ FOV). UAV-LiDAR single-pass could detect reliable tree heights up
to 140◦ FOV, but as it gets farther from the flightline, tree crowns appeared smaller than the actual
size. This suggests that the single-pass approach is not recommended for obtaining crown metrics,
except when using very narrow angles, which means less than 60◦ FOV or approximately less than
60 m from flightline.

An important contribution of these results is not only to demonstrate the capabilities for rapid
assessment, but also for designing more efficient flight plans in grid mode, by covering larger areas in the
same mission. This methodology is a valuable tool for comparing the results from older LiDAR missions.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/24/4111/s1,
Figure S1: (A) GatorEye (red) and Aircraft (blue) LiDAR points density profile (pts·m−2). (B) Points density profile
for all returns for aircraft (1–4) and (C) for GatorEye (2). Figure S2: Relation between distance from flightline and
scan angle, combining 10 thousand sample points from each of the 43 plots. Figure S3: Relation between distance
from the flightline and scan angle. Black line is the mean value of the observed angles and grey lines are plus and
minus the standard deviations. Red lines show the main thresholds found, at 40 m, 60 m, 95 m, 120 m, and 175 m,
and the corresponding approximated angle, 30◦, 40◦, 55◦, 60◦, and 70◦, respectively. Table S1. GatorEye’s products
best quality thresholds for the single-pass approach.

http://www.mdpi.com/2072-4292/12/24/4111/s1
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developed for unmanned aerial vehicles—The review and accuracy. Int. Arch. Photogramm. Remote Sens.
Spat. Inf. Sci. ISPRS Arch. 2016, 42, 87–95. [CrossRef]

36. Baltsavias, E.P. Airborne laser scanning: Basic relations and formulas. ISPRS J. Photogramm. Remote Sens.
1999, 54, 199–214. [CrossRef]

37. Brockway, D.G.; Outcalt, K.W.; Tomczak, D.J.; Johnson, E.E. Restoration of Longleaf Pine Ecosystems;
General Technical Report; U.S. Department of Agriculture, Forest Service, Southern Research Station:
Asheville, NC, USA, 2005; Volume 83, pp. 1–34.

38. Zampieri, N.E.; Pau, S.; Okamoto, D.K. The impact of Hurricane Michael on longleaf pine habitats in Florida.
Sci. Rep. 2020, 10, 8483. [CrossRef]

39. Peter, J.; Anderson, C.; Drake, J.; Medley, P. Spatially quantifying forest loss at landscape-scale following a
major storm event. Remote Sens. 2020, 12, 1138. [CrossRef]

40. Broadbent, E.N.; Zambrano, A.M.A.; Omans, G.; Adler, A.; Alonso, P.; Naylor, D.; Chenevert, G.; Murtha, T.;
Vogel, J.; Almeida, D.R.A.; et al. In Prep. The GatorEye Unmanned Flying Laboratory: Sensor Fusion
for 4D Ecological Analysis through Custom Hardware and Algorithm Integration. Available online:
http://www.gatoreye.org (accessed on 10 September 2020).

41. Isenburg, M. LAStools—Efficient LiDAR Processing Software. (Version 191111 Licensed). Available online:
http://rapidlasso.com/LAStools (accessed on 9 August 2020).

42. Roussel, J.; Auty, D. Airborne LiDAR Data Manipulation and Visualization for Forestry Applications; R Package
Version 3.0.4; 2019; Available online: https://cran.r-project.org/package=lidR (accessed on 9 August 2020).

43. R Core Team. A Language and Environment for Statistical Computing. In R Foundation for Statistical
Computing; Vienna, Austria; Available online: https://www.R-project.org/2020 (accessed on 9 August 2020).

44. Hijmans, R.J. Raster: Geographic Data Analysis and Modeling; R Package Version 3.4-5; 2020; Available online:
https://CRAN.R-project.org/package=raster (accessed on 9 August 2020).

45. Lindberg, E.; Hollaus, M. Comparison of Methods for Estimation of Stem Volume, Stem Number and Basal
Area from Airborne Laser Scanning Data in a Hemi-Boreal Forest. Remote Sens. 2012, 4, 1004–1023. [CrossRef]

46. Popescu, S.C.; Wynne, R.H. Seeing the trees in the forest: Using lidar and multispectral data fusion with
local filtering and variable window size for estimating tree height. Photogramm. Eng. Remote Sens. 2004,
70, 589–604. [CrossRef]

47. Silva, C.A.; Hudak, A.T.; Vierling, L.A.; Loudermilk, E.L.; O’Brien, J.J.; Hiers, J.K.; Jack, S.B.;
Gonzalez-Benecke, C.; Lee, H.; Falkowski, M.J.; et al. Imputation of Individual Longleaf Pine (Pinus palustris
Mill.) Tree Attributes from Field and LiDAR Data. Can. J. Remote Sens. 2016, 42, 554–573. [CrossRef]

48. Wu, X.; Shen, X.; Cao, L.; Wang, G.; Cao, F. Assessment of individual tree detection and canopy cover
estimation using unmanned aerial vehicle based light detection and ranging (UAV-LiDAR) data in planted
forests. Remote Sens. 2019, 11, 908. [CrossRef]

49. Rex, F.E.; Silva, C.A.; Dalla Corte, A.P.; Klauberg, C.; Mohan, M.; Cardil, A.; Silva, V.S.D.; de Almeida, D.R.A.;
Garcia, M.; Broadbent, E.N.; et al. Comparison of Statistical Modelling Approaches for Estimating Tropical
Forest Aboveground Biomass Stock and Reporting Their Changes in Low-Intensity Logging Areas Using
Multi-Temporal LiDAR Data. Remote Sens. 2020, 12, 1498. [CrossRef]

50. Hamraz, H.; Contreras, M.A.; Zhang, J. Forest understory trees can be segmented accurately within sufficiently
dense airborne laser scanning point clouds. Sci. Rep. 2017, 7, 1–9. [CrossRef] [PubMed]

51. Yin, D.; Wang, L. Individual mangrove tree measurement using UAV-based LiDAR data: Possibilities and
challenges. Remote Sens. Environ. 2019, 223, 34–49. [CrossRef]

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.5194/isprs-archives-XLII-2-W2-87-2016
http://dx.doi.org/10.1016/S0924-2716(99)00015-5
http://dx.doi.org/10.1038/s41598-020-65436-9
http://dx.doi.org/10.3390/rs12071138
http://www.gatoreye.org
http://rapidlasso.com/LAStools
https://cran.r-project.org/package=lidR
https://www.R-project.org/2020
https://CRAN.R-project.org/package=raster
http://dx.doi.org/10.3390/rs4041004
http://dx.doi.org/10.14358/PERS.70.5.589
http://dx.doi.org/10.1080/07038992.2016.1196582
http://dx.doi.org/10.3390/rs11080908
http://dx.doi.org/10.3390/rs12091498
http://dx.doi.org/10.1038/s41598-017-07200-0
http://www.ncbi.nlm.nih.gov/pubmed/28754898
http://dx.doi.org/10.1016/j.rse.2018.12.034
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Study Area 
	LiDAR Data 
	Data Processing 
	Data Analysis 

	Results 
	Point Cloud Comparison 
	Raster Comparison 
	Individual Tree Detection and Crown Delineation 

	Discussion 
	Conclusions 
	References

