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Mangrove forests have adapted to sea level rise (SLR) increases by maintaining their forest floor elevation via 
belowground root growth and surface sediment deposits. Researchers use surface elevation tables (SETs) to moni-
tor surface elevation change (SEC) in mangrove forests, after which this information is used to assess SLR resil-
iency or to dictate active forest management for vulnerable systems. This method requires significant 
investments in terms of time and human resources and is limited in the number of points it can measure per 
plot. We use a low-cost, portable terrestrial laser scanning (TLS) system to assess SEC for three mangrove forests 
on Pohnpei Island (Federated States of Micronesia). Cloth simulation filtering was used for ground detection, 
after which results were refined by filtering points using angular orientation. Digital elevation models then were 
generated via kriging interpolation for data collected in 2017 and 2019, after which the heights of 
corresponding points were compared across years. Extreme elevation changes, due to disturbances such as foot-
prints or fallen logs, were removed using interquartile range analysis. The TLS-obtained average SEC ranged 
between −6.92 and +6.01 mm, which exhibited an average consistency of 72% when compared to simulta-
neously collected SET data (root mean square error = 1.36 mm). We contend that this approach represents an 
improvement over the manual method, where very few points typically are used, that is, ffi 36 points 
vs. ffi 30,000 points in the case of TLS, and could contribute to improved monitoring and management of these 
rapidly changing forest environments. 

Sea level rise (SLR) is one of the greatest threats that man-
groves will face in the 21st century (Ward et al. 2016; Friess 
et al. 2019). Mangrove forests have kept up with or paced pre-
vious increases in SLR rates by maintaining their forest floor 
elevation. This is accomplished through root growth, sedi-
mentation, resistance to soil compaction, and peat develop-
ment (Krauss et al. 2014). Today, these processes are 
threatened by various human activities such as altered hydrol-
ogy, sedimentation rates, or deforestation (Cahoon and 
Reed 1995; Krauss et al. 2010; Lang’at et al. 2014; Sasmito 
et al. 2016). As a result, efforts have increased to monitor sur-
face elevation changes (SEC) in mangrove forests to develop 
more effective and robust conservation or restoration strate-
gies on a global scale (Webb et al. 2013). For example, surface 
elevation of mangroves keeping up with or pacing SLR will 
result in forests that are more resilient to climate change and 
should be prioritized in overall conservation approaches such 
as implementation of no take zones or development of sus-
tainable harvest practices (Krauss et al. 2010). Surface eleva-
tion of mangroves that are not keeping up well with SLR are 
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more vulnerable to climate change and may require manage-
ment actions such as the addition of sediments or out plant-
ing of mangrove trees (MacKenzie et al. 2016). 

SEC is commonly measured in mangroves using surface ele-
vation tables (SETs) or rod SETs (rSETs). SETs and rSETs are alu-
minum pipes or stainless-steel rods, respectively, driven 
through the mangrove sediment/peat to a point of refusal. 
The elevation of the forest floor is then measured relative to 
the top of the pipe/rod over time, typically at 9 points in 4 dif-
ferent directions from the pipe center for a total of 36 measure-
ments per SET/rSET (Cahoon et al. 2002; Lynch et al. 2015). 
Once installed, each SET/rSET can provide a short-term (years 
to decades) assessment of whether the forest floor is building 
elevation or subsiding (Cahoon et al. 2002). This approach 
integrates aboveground processes occurring on the mangrove 
surface (sedimentation/accretion, erosion) with deeper below-
ground process such as root growth or peat collapse and pro-
vides an estimate of SEC at sub-cm resolutions (mm yr−1). 
However, field-campaigns for collecting SET/rSET data are time 
consuming, labor intensive, and prone to human error as pins 
are manually set in presumably the same location at each time 
point. Furthermore, the number of points used for assessing 
the elevation change are relatively few, approximately 
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36 points per SET/rSET. All of these factors can result in a high 
standard error for the elevation change measurements using 
SET/rSETs. Error associated with repetitive SET/rSET 
remeasurement alone is 1.0–1.5 mm, and this can be com-
pounded to 1.3–4.3 mm in wetland soils (Cahoon et al. 2002). 
The large standard error range decreases the reliability of the 
results obtained using the SET/rSET-based approach. 

We propose an approach using a portable and rapid-scan 
terrestrial laser scanning (TLS) system (Compact Biomass Lidar 
[CBL]; Kelbe et al. 2015) to estimate SEC in mangrove forests. 
This approach is expected to be far more accurate than 
SET/rSETs, because it measures significantly more points 
(30,000–100,000) across a greater area of � 10 m radius 
(2–5 m radius plots, after data preprocessing) and reduced 
human bias or error as points are remeasured each time point 
via a laser return. 

The application of TLS or CBL systems has increased rap-
idly in recent years for tasks including topographical surveys 
(e.g., Gallay et al. 2015), investigation of small-scale landslides 
(e.g., Wang et al. 2013), and collecting forest inventory mea-
surements (e.g., Dassot et al. 2011; Kelbe et al. 2013; Rouzbeh 
Kargar et al. 2019). TLS are also being used more often to cre-
ate high-resolution, small-scale (< 0.5 ha) digital elevation 
models (DEMs) for digital soil mapping (McBratney et al. 2003), 
natural hazard assessment (Arnone et al. 2016), and ecological 
species distribution studies (Guisan and Zimmermann 2000). 
The rapid growth in TLS use is due to the higher accuracy and 
detailed measurements that TLS can provide in forest systems 
with complex aboveground structures (e.g., mangroves) com-
pared to airborne laser scanners (ALS) (McMahon et al. 2015; 
Baltensweiler et al. 2017). For example, Su and Bork (2006) 
reported an overestimation of 0.2 m in ALS-derived DEMs 
compared to TLS that was attributed to complexity in vegeta-
tion structure. Fan and Atkinson (2015) also found that areas 
with higher surface structural complexity introduce larger root 
mean square error (RMSE) values (� 2–17 mm). These errors 
can be significantly reduced in close-range, fine-scale TLS 
scans. The trade-off with higher point densities and detailed 
measurements of TLS is that laser pulse scans can be obscured 
(reflected/absorbed) by obstacles, resulting in irregular point 
distribution and shadowing (occlusion) effects in the 3D point 
clouds that require more complex separation of ground and 
nonground returns compared to ALS data (Panholzer and 
Prokop 2013). Multiple TLS scans with different “viewsheds” 
are therefore typically required to form a single mega-point 
cloud to alleviate these concerns (Milan et al. 2007). 

Another challenge when working with dense scans gener-
ated by TLS is detecting ground points. Current interpolation 
methods for detecting ALS ground points include minimum 
height filtering (Lee and Younan 2003), triangulated irregular 
network (TIN; Axelsson 2000), and cloth simulation filtering 
(CSF; Zhang et al. 2016). The interpolation (cell) resolution 
typically is based on point density and distribution, horizontal 
accuracy, and terrain complexity (Hengl 2006). For higher cell 

resolutions generated by TLS, the ground filtering method 
becomes more complex (Hseih et al. 2017), and the interpola-
tion method used for generating the DEM from the detected 
TLS ground returns can impact the accuracy of the resulting 
elevation model. Of the different interpolation techniques 
used for DEM generation (e.g., linear interpolation, inverse 
distance weighting, kriging interpolation), kriging interpola-
tion appears to be the most accurate (Oliver and Webster 1990; 
Meijering and Unser 2003). This is because kriging interpola-
tion considers point weights that depend on the overall spatial 
arrangement of the points and, as a result, is more resilient to 
noise and typically produces more accurate DEMs, at the cost 
of increased processing requirements (Barbarella et al. 2017). 

In this study, we compared the accuracy and effectiveness 
of a low-cost, rapid-scan TLS to standard SET measurements in 
quantifying SEC in three mangrove forests of Pohnpei Island 
in the Federated States of Micronesia. These forests are consid-
ered to be structurally complex with tertiary root and trunk 
structures (Krauss et al. 2003; Krauss et al. 2010). The CBL was 
used to generate DEMs in 2017 and 2019 at the same time 
periods that SETs were manually measured. CBL-generated 
DEMs and SET measurements were then compared between 
time points to quantify changes in the surface elevation of the 
forest floor with each respective method. In addition, the lidar 
(CBL) used in this study addresses the limitations of higher-
cost scanners, for example, long scan time, power require-
ments, portability, and so on. The CBL generates rapid-scan 
(30 s per scan), but low-density data, due to higher angular 
step-width and lower pulse frequency, when compared to 
higher-cost, longer scan-time commercial scanners. The mini-
mum angular step-width of CBL is 4.36 mrad (mrad), resulting 
in a lidar point cloud with lower associated point density 
when compared to higher cost systems, for which the mini-
mum angular step width can be as small as 0.02 mrad (Kelbe 
et al. 2015). The minimum angular step width defines the 
angular (degree) intervals at which the scanner collects the 
data. As a result, our approach needs to be robust to issues cau-
sed by low-density data and complex structural environments. 
We hypothesize that by combining the lidar point clouds col-
lected with different viewsheds in each plot and using a point 
filtering approach based on the angular orientation of the 
lidar points, we can evaluate the changes in mangrove forest 
floor elevation and increase the reliability and accuracy of the 
results compared to current SET/rSET methods. 

Methods and materials 
Study sites 

Research was conducted in mangrove forests on the West-
ern Pacific island of Pohnpei, one of the eastern most island 
states in the Federated States of Micronesia and in the Caro-
lina island chain (6�50059.9900N, 158�12060.0000E). Pohnpei is a 
35,000 ha, 782 m high volcanic island that receives large 
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amounts of unevenly distributed rainfall, ranging from 3500 
to 5000 mm yr−1 (Krauss et al. 2003, 2007). 

Mangrove forests represent approximately 16% of the land 
area of Pohnpei and can be divided into fringe, riverine, and 
interior hydrogeomorphic zones (Ewel et al. 1998a, 1998b). 
Sonneratia alba J. Smith, Bruguiera gymnorrhiza (L.) Lamk., and 
Rhizophora apiculata BL are commonly found in all zones 
(Krauss et al. 2010). Average stand heights range from 15 to 
27 m, with trees in interior and riverine zones generally being 
taller than trees in fringe zones (Ewel et al. 2003). 

Surface elevation tables 
SETs were installed in 1998 in the Enipoas and Sapwalap 

mangrove forests to calculate SEC (Krauss et al. 2010). Alumi-
num pipes (7.6 cm in diameter) were driven into soil until 
refusal using a manual slammer, a notched, SET insert tube 
was attached to the top of the pipe and the entire above-
ground portion of the SET was backfilled with cement. During 
each measurement, a portable SET table was attached to the 
insert tube. Nine fiberglass pins were then slid through nine 
holes in the SET table until they rested on top of the forest 
floor. The pin heights were then measured relative to the top 
of the SET table. The SET table was placed in four different 
directions relative to the aluminum pipe and releveled each 
time for a total of 36 measurements. Changes in the pin 
height relative to an initial starting point reflect the interac-
tion of erosion, vertical accretion, soil expansion (from root 
growth), and shallow subsidence (Cahoon and Reed 1995; 
McKee et al. 2007). Three SETs were installed in the riverine, 
fringe, and interior zones of the Enipoas and Sapwalap man-
grove forests for a total of 18 SETs, which were measured once 
a year from 1998 to 2004 and again from 2015 to 2019. 

The CBL 
In 2017 and 2019, we also scanned the surface elevation of 

eight 10-m-radius forest plots in Enipoas (n = 1) and Sapwalap 
(n = 7) using a low-cost, rapid-scan TLS (CBL; SICK LMS-151, 
SICK AG, Waldkirch, Germany) at low tide when the forest 
floor was completely exposed (see Fig. 1A). The low-cost CBL 
used for this project was built to address the limitations of 
higher-cost scanners in structural assessment of forest environ-
ments, such as low mobility and prolonged scan times (Van 
der Zande et al. 2006). The CBL allows rapid sampling of its 
surroundings, but this comes at the cost of its angular resolu-
tion and associated lidar point density being lower than typi-
cal higher-cost commercial systems (Kelbe et al. 2015). As a 
result, the algorithms developed for processing data need to 
be robust to issues caused by low-density lidar data. The CBL 
was mounted on a modified SET arm that allowed the CBL to 
be mounted to either SET or rSETs (Fig. 1B). Eight scans were 
collected in each plot, at 45� between-scan increments in a 
clockwise direction, with the starting point directed north-
ward. The scans were collected with the CBL in a downward 
facing position to capture as many lidar ground returns as 

possible; this is counter to typical TLS use where the scanned 
lidar “hemisphere” is directed toward the upward-facing for-
ests structures (Kelbe et al. 2013, 2015). The scanning scheme 
was consistent among all plots and no further adjustments 
were made, thereby minimizing data collection bias. 

The scanner in the CBL (SICK LMS-151 unit, SICK AG, 
Waldkirch, Germany) uses a 905-nm laser pulsing at 27 kHz. 
The scanning mirror operates in a 270� plane. The scanner is 
attached to a rotation stage, rotating through 180� , enabling 
scanning of a 270� × 360� “hemisphere,” though a 90� cone 
above the scanner remains unscanned. A maximum of two 
returns are digitized for each pulse. The specifications of CBL 
are presented in Table 1 (SICK AG Waldkirch: Nelson, 2009). 
Once the scans were complete, a photo in each cardinal direc-
tion (N, S, W, E) was also taken from each plot to help with 
interpretation of point clouds generated from the scans. 

Lidar scan registration and downsampling 
The first step in this work was to co-register the eight scans 

per plot using a combination of manual and automatic 
approaches. These point clouds cannot be registered accu-
rately by automatic algorithms due to the complex structures 
of the scanned area. In our first step, we aligned two consecu-
tively scanned or adjacent point clouds. This was done based 
on the structural tie points between the lidar point clouds 
using a pairwise registration technique, outputting a rigid 
transformation matrix (Zai et al. 2017). Afterward, we used the 
iterative closest point (ICP) algorithm to align the point clouds 
more accurately. The ICP finds the closest points between the 
two point clouds and determines the rotation and translation 
matrices, using the root mean square distance minimization 
approach (Besl and McKay 1992). It is important to mention 
that the first scan, which was directed northward, was consid-
ered as the reference point cloud, meaning that all other point 
clouds were registered in a manner as to be oriented north-
ward. This was done to ensure that the generated DEMs are 
oriented similarly. After registering all the scans per plot for 
2019 data, the resulting point clouds were aligned with those 
from 2017 in order to avoid any spatial and angular displace-
ment between the detected ground points. This mismatch can 
occur if the scanner is not perfectly level in the adjacent scans, 
which realistically could occur given the difficult data collec-
tion conditions (mangrove root complexity, care required not 
to disturb sediment, etc.). In addition, based on the possible 
structural variation in the plots between the 2 years, for exam-
ple, changes in forest floor elevation, and vegetation cover, 
there could be a spatial or angular displacement between the 
data collected in 2017 and 2019. We next downsampled the 
point clouds, since the areas closer to the scanner and directly 
at its nadir (0� zenith) are highly oversampled, due to the 
oversampling bias of the scanner in these regions, where the 
iterative mirror scans of the lidar crosses at the 0� zenith loca-
tion as it rotates through 180� . The downsampling algorithm 
that we used is based on the spherical sampling scheme of the 
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Fig 1. (a) Interior site in the Enipoas mangrove forest that shows the structural complexity and aboveground roots typical of the forest plots we scanned 
and (b) the CBL scanner mounted on the modified SET arm and attached to the insert tube of the SET pipe. Photo credit: R. MacKenzie, USDA Forest Service. 

TLS and considers higher weights for the points further from 
the scanner while assigning lower weights to points in closer 
proximity (Fafard et al. 2020). This approach maintains the 
structural attributes of the point cloud while effectively reduc-
ing oversampling and locational scan bias from our data. 

Denoising the point cloud 
Following the scan registration process, noise points in the 

data (i.e., outliers that do not relate to any structure in the 
lidar point cloud) were removed from the lidar point clouds. 
These outliers can affect the structural assessment accuracy 
and local point properties (e.g., point normal characteristics). 
We used the statistical outlier removal (SOR) algorithm (Rusu 
et al. 2008) for noise reduction. SOR is an algorithm which 
finds the mean distance of each point to all its neighboring 
points, and, with the assumption of a Gaussian distribution, 
the points with a mean distance outside a select threshold are 

Table 1. Specifications of CBL instrumentation. 

Range finder Time of flight and intensity 

Wavelength (nm) 905 

Measured range (m) 5–20 

Resolution (�) 0.25 

Range accuracy (mm) 30 

Scan duration (s) 33 

Weight (kg) 3.9 

Beam divergence (mrad) 15.0 

Minimum angular step width (mrad) 4.36 

Coverage (�) 270 × 360 

Maximum pulse frequency (kHz) 27 

labeled as outliers. This threshold is defined by the mean and 
standard deviation of the global distances between the points 
in the point cloud. The number of neighbors used for SOR 
analysis in this work was found by investigating the point 
density in manually detected structures, like stems, roots, and 
also some visible ground regions, that were located farther 
from the scanner but represented the geometric characteristics 
of these structures accurately. The number of neighbors for 
SOR assessment, which preserves these structures, was found 
to be five. Fig. 2 shows the point cloud for one of the plots 
after pre-processing (i.e., registration, downsampling, noise 
removal). 

Fig 2. The height map of a point cloud after preprocessing from a single 
plot in the Sapwalap mangroves, including scan registration, down-
sampling, and noise removal. The structural complexity of these data can 
be seen in the point cloud, for example, aboveground roots. 
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Ground detection 

Cloth simulation filtering 
The points in the lidar point cloud had to be divided or clas-

sified into ground and nonground returns in order to generate a 
plot-level DEM. We used the CSF algorithm for ground detec-
tion (Zhang et al. 2016). We chose this method to limit the 
number of parameters needed to be set by the user, which can 
aid in generalizing this methodology for other environments. In 
this method, the point cloud is initially turned upside down, 
and then a 3D polynomial, known as “cloth,” is fitted to the 
point cloud to detect the ground returns. The fit is evaluated by 
assessing the position of the cloth particles, which are con-
strained in a vertical direction. When a particle intersects with 
the lidar ground return, it is set as unmovable. Finally, the rela-
tive position of the particles is assessed by external and internal 
forces in the cloth to detect anomalies (e.g., a steep slope 
between two adjacent points or extreme elevation changes) 
(Zhang et al. 2016). This process yields the first output for 
refinement to accurately detect ground lidar returns. 

Angle-based filtering of ground returns 
Conventional ground detection algorithms do not typically 

provide very accurate ground returns, mainly due to the struc-
tural complexity and increased shadowing (occlusion) effects 
in TLS data. Additional postprocessing steps, like removing 
the aboveground points based on structural metrics, therefore 
may be required in order to generate accurate results using 
these algorithms on TLS data. We visually identified root 
points that were classified as ground in the plots where the 
aboveground roots had segments very close to the ground 
and/or were horizontally oriented, even after applying CSF 
and extracting ground returns. Next, we filtered the detected 
ground returns based on their angular orientation in order to 
remove these erroneous points (Fig. 3). This was done by 
extracting the facets of the point cloud (Dewez et al. 2016), 
which are planes fit to the points of the 3D point cloud. The 
FACTES plugin in CloudCompare software (Version 2.9.1) was 
used in this step. This plugin applies the Kd-Tree and Fast 
Marching algorithm to extract the facets (Bentley 1975; 
Sethian 1996). Kd-Tree is a method for segmenting the data 
by grouping points in k-dimensional space, and Fast Marching 
is a numerical technique for determining the associated 
boundary values. Both of these approaches segment the lidar 
point cloud into subsets, find the planar surfaces, and generate 
polygons from them. We found that the angular orientation 
of these points ranges between 12� and 23� by manually 
investigating the angular distribution of the roots close to the 
ground in eight plots. We can detect the true ground returns, 
with low errors of commission, by filtering out the 
roots (Fig. 3). 

Interpolating the ground points and generating DEMs 
We wanted to ensure that DEM interpolation was based 

upon areas within that scanned plot that had adequate TLS 

point densities and did not include areas that had low point 
returns or highly variable lidar point densities. We therefore 
limited our scanned plots to only include areas where the den-
sity of ground points was significantly higher, in terms of the 
range of two standard deviations from the mean of the ground 
lidar point density of the entire scanned plot, and performed 
interpolation only in this area of each plot. In the areas of low 
point density, the resultant DEM quality could be highly 
affected by the interpolation as low point densities in complex 
topography decrease the accuracy of elevation mapping in 
those regions. The resulting radii of interpolation ranged 
between 1.8 and 3.1 m among the various plots. The detected 
ground points then were interpolated to generate a DEM for 
each plot. We used the kriging interpolation technique in this 
study; kriging is a method of interpolation in which the inter-
polated values are modeled by a Gaussian process 
(Trochu 1993). Kriging predicts the value of a function at a 
given point by computing a weighted average of the values in 
the neighboring cells. It presumes that the distance between 
the points represents spatial correlation. Kriging uses semi-
variogram analysis to determine the value for each location, 
where the semivariance is calculated by measuring the disper-
sion of all observations that fall below the mean or target 
value of a set of data (Matheron 1963). As a result, in kriging, 
the weights depend on the overall spatial arrangement of the 
measured points, resulting in more robustness to noise points 
and outliers. We interpolated the ground returns to 1 × 1 cm  
(x, y) grid resolution (Fig. 4). 

Assessing the surface elevation change 

Elevation change assessment using nearest neighbor 
search 

A linear nearest neighbor search (NNS) technique was 
applied to the 2D grid of X and Y coordinates from the two 
DEMs (Zlot and Bosse 2009) in order to compare the exact 
same points from 2017 and 2019 data. NNS finds the point in 
a set which is closest to a specified input point. This closeness 
is typically evaluated via a dissimilarity function; the more 
similar the objects, the smaller the function values 
(Knuth 1973). Finally, the elevation (Z values) of the 
corresponding points of the two DEMs were subtracted to 
identify locations where either an elevation gain or loss has 
occurred between 2017 and 2019 and its associated value 
(Fig. 5). However, some extreme points were obtained during 
this elevation change assessment process. These points were 
found to be either a result of human interaction (i.e., foot 
prints) or fallen logs. This information was acquired by study-
ing the scanned plots from images, observations of the field 
crew, or examination of photos that were also collected. In 
these cases, the lidar can either consider the top of the log as 
the ground return, resulting in an extreme elevation gain, or 
after the log is removed, an extreme elevation loss will be 
recorded by the scanner. This can be reconciled against 
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Fig 3. The removal of incorrectly classified root points by filtering the facets of the point cloud using their angular orientation. 

standard SET rules for determining the soil surface in specific 
mangrove wetlands (Lynch et al. 2015). 

Removal of extreme elevation changes 
The points with extreme elevation change described above 

were removed using interquartile range (IQR) analysis. IQR is 
the difference between the first and third quartiles (Q1 and  Q3), 
or the medians of the lower and upper half of the data, respec-
tively (Wright 1996). Points that were further than 2 × IQR 
from the median of the data (Q2 or second quartile) were 
labeled as outliers. This wide range was chosen for 

Fig 5. The height map of the elevation changes between the DEMs gen-
erated from the 2017 and 2019 data from Sapwalap Fringe B. The nega-
tive values show elevation loss from 2017 to 2019, and the positive values 
represent elevation gain. It can be seen that there are extreme elevation 
changes in this DEM, which after studying the site, was found to be 
related to recently fallen logs in this plot. 

Fig 4. An elevation “heat map” of a DEM generated for the Enipoas Riv-
erine C plot from 2019 data. This DEM was created for a 2-m radius plot, 
due to the higher density of ground points within this area. 
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interquartile analysis, since only extreme elevation changes 
were flagged for removal. The average of the elevation 
change in each plot was then determined, and the consis-
tency was assessed by comparing the lidar-derived SEC with 
the field-measured elevation data, collected by SETs. 

Results 
The SEC was assessed in eight plots using the TLS point 

clouds and then compared to field-measured forest floor eleva-
tion changes based on the SET approach (Fig. 6; Table 2). Sur-
face elevation change determined from CBL scans were 
typically within 1 mm (0.2–1.1 mm) of the SET measure-
ments. The only exceptions were Sapwalap Riverine A 
(4.3 mm) and C (2.2 mm) and Sapwalap Interior B (2.6 mm). 
This was due to elevation changes measured with the CBL that 
were not captured by the 36 SET pin measurements 
(i.e., Fig. 5). Standard error from CBL surface elevation mea-
surement was also 10–70× lower than SET-based elevation 
change measurements. 

The consistency metric used in this study was found using 
the following equation: 

Surface Elevation Change Evaluation Using Lidar 

where Lidar value is the average of elevation change found by 
the TLS in each plot, and the Field value is the average eleva-
tion change collected by the SETs in that plot. It is worth not-
ing here that a coordinate-based, point-to-point comparison 
between the TLS and SET approaches would have been more 
ideal; however, the traditional SET-based approach does not 
record the within-plot coordinate of each reading. Even if one 
could determine the exact x,y coordinates of the pins, there 
may not be an exact lidar hit at that point, especially across 
years, which would be needed for a direct comparison. The 
SET/rSET-based approach yields a plot-level assessment of ele-
vation change, which could be construed as a significant bene-
fit of the TLS-based approach, that is, that researchers/ 
practitioners are provided with spatially explicit, within-plot 
elevation change data driven by the large number of points 
analyzed using the TLS vs. only 36 SET points. The calculated 
consistency ranged between 56% and 92%, with an average of 
72%, and an RMSE of 1.36 mm. The consistency was affected 
by the complexity of the scene, like root structures, which 
affect the ground detection accuracy. The consistency was 
lower in plots where the roots’ structures contained higher 
complexity closer to the ground, which decreased the accuracy 
of ground detection. As the accuracy of ground detection 
decreases, interpolation introduces more error. These errors 
could not be avoided due to the very complex structure of 
these mangrove forests and the confusion caused by factors 

Fig 6. Per plot average elevation change and standard error obtained using TLS and SET. It can be seen that the standard error is lower for the TLS com-
pared to the SET in all the measured plots. 
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Table 2. Per plot average elevation change acquired by TLS- and SET-based methods. 

Plot name Dominant species Method Average elevation change (mm) Standard error (mm) 

Enipoas Riverine C Bruguiera gymnorrhiza (64%) TLS −6.92 0.08 

Rhizophora apiculata (33%) SET −6.0 2.64 

Sapwalap Fringe B R. apiculata (60%) TLS 2.97 0.06 

SET 3.36 0.57 

Sapwalap Fringe C R. apiculata (60%) TLS −1.44 0.15 

SET −2.45 1.33 

Sapwalap Riverine A R. apiculata (67%) TLS −1.62 0.25 

SET 2.68 18.55 

Sapwalap Riverine B R. apiculata (67%) TLS −1.14 0.10 

SET −0.90 1.78 

Sapwalap Riverine C R. apiculata (67%) TLS −3.10 0.22 

SET −5.29 13.94 

Sapwalap Interior A R. apiculata (60%) TLS 6.01 0.08 

SET 5.59 2.11 

Sapwalap Interior B R. apiculata (60%) TLS 4.72 0.10 

SET 7.28 3.66 

like human interaction, for example, footsteps, and fallen logs 
in the studied plots. 

Table 2 shows that there was an average increase in the 
RMSE of 0.06 mm in the plots where R. apiculata is the domi-
nant species. This increase in RMSE was attributed to the 
higher structural complexity of these species, thereby making 
the ground detection results less accurate. 

Discussion 
The methodology presented in this study significantly 

decreases the labor and time requirements of SEC data collec-
tion using CBL (minutes vs. hours) compared to more tradi-
tional SET/rSETs used around the world (Webb et al. 2013). 
CBL also appears to increase the accuracy of SEC measure-
ments by measuring a greater number of points within the for-
est plots and also reduces human error associated with SET 
measurements. For example, the SET method uses 36 points 
per plot for SEC measurement, all of which are assessed by 
lowering the pins down until they are resting on the forest 
floor surface. This approach introduces significant bias and 
error, in terms of when exactly an operator deems the SET 
pins to have made full contact with the underlying surface or 
if the operator pushes the pins into the sediment. The TLS-
based approach, on the other hand, is completely automated 
(unbiased) in its 3D scanning operation and yields upwards of 
30,000 elevation points per plot. This can increase the repeat-
ability and reliability of the presented approach when com-
pared to SET. This also results in significantly lower error 
(Table 2). 

The use of CBL for SEC measurements also significantly 
expands localized SET plot measurements to a larger plot-level 
scan radius, DEMs’ radius values ranging from 1.8 to 3.1 m, 

only restricted by the lidar scanner engineering specifications. 
This allows the CBL to capture changes in elevation that the 
SET pins can miss. This was evident by the large differences 
we observed between SEC measurements made in Sapwalap 
Riverine A and C and Sapwalap Interior C. 

Although potentially more efficient, there are drawbacks 
using TLS to assess the SEC in mangrove forests. The main 
drawback is that TLS measurements can only be performed 
when the forest floor is exposed (e.g., low tide, after significant 
rainfall events); since the 905-nm laser of the TLS used in this 
work cannot penetrate the water, the submerged ground sur-
face cannot be detected. Future efforts should include using 
lidar systems with the laser in a wavelength range which can 
penetrate water, so that the measurements can be done 
throughout the year. However, one should consider the 
impact of the system wavelength on the power returned to 
the lidar sensor from objects such as vegetation cover, roots, 
and stems. 

The novel use of a low-density TLS to assess SEC in struc-
turally complex mangrove forests proved to be an effective 
and efficient method. Previous studies also were successful in 
evaluating land surface dynamics using TLS data. Bodin 
et al. (2008) evaluated changes in the structure of rock glaciers 
via assessment of internal deformation of ice and debris mix-
tures using high point density TLS data, approximately 2500 
points per second. The sub-decimeter resolution of the scan-
ner used by Bodin et al. (2008), in theory, leads to increases in 
the accuracy of derived DEMs. On the other hand, the lower-
density data acquired by CBL, at millimeter resolution, 
introduces challenges to ground detection and associated 
assessment of mangrove forest structure and elevation 
changes, while decreasing the cost and time of data collection. 
Additional steps therefore are needed alongside the typical 
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ground detection techniques, in order to address this issue. In 
this work, we presented an angle-based lidar point filtering 
approach to improve the ground detection and elevation 
change assessment. The performance of this approach deterio-
rates when the complexity of the aboveground root structures 
increases, especially when these roots are located in close 
proximity to the ground and oriented horizontally, which 
introduces confusion in ground detection algorithms. Su and 
Bork (2006) studied the effect of vegetation density and struc-
ture on DEM accuracy and found that where the structural 
attributes of the vegetation were more complex, for example, 
the slope gradient of the vegetation components were either 
steep or variable, the accuracy of DEM decreases. They 
observed a maximum overestimation of 0.2 m in the lidar-
derived DEMs, where the vegetation exhibited higher struc-
tural complexity. In another study, Fan and Atkinson (2015) 
found that the RMSE value for DEM accuracy assessment is 
highly dependent on the surface complexity. They found 
RMSE values in the range of approximately 2–17 mm. The 
areas with more complex surface structural attributes, rough-
ness in the case of their study, provided the highest RMSE 
value, while smoother surfaces were associated with the lower 
RMSE values. The aboveground mangrove roots caused the 
same problem in our data, and the angle-based filtering was 
used to address this issue. 

In a more recent work, Stovall et al. (2019) evaluated the 
ability of a TLS to detect the hummocks in black ash wetlands 
in Northern Minnesota. They used the slope analysis of the 
TLS points for detecting the hummocks, similar to what was 
done in our work to filter the root points, and acquired good 
results (91% accuracy) in retaining the hummocks by 
thresholding the surface model elevation and slope. The 
authors rasterized the ground-classified points and did not 
interpolate empty cells, and regardless, acquired smooth sur-
face models. This was attributed to the specifications of the 
TLS they used, the Faro Focus 120 3D phase-shift TLS, and also 
the structural attributes of the study site. The Faro Focus 
120 3D phase-shift TLS provides much denser data when com-
pared to the CBL, being able to collect up to 976,000 points 
per scan (Castro et al., 2018), while the CBL collects up to 
approximately 300,000 points per scan in natural environ-
ments. In addition, the beam divergence in the Faro Focus 
120 3D is 0.19 mrad, which provides a higher resolution com-
pared to the 15-mrad beam divergence of the CBL, while the 
range accuracy for the Faro Focus 120 3D is as low as 2 mm 
(at ranges < 120 m), while the range accuracy for the CBL is 
specified as 30 mm (at ranges < 50 m) (Kelbe et al. 2015). The 
Faro Focus 120 3D therefore in effect yields a denser lidar 
point cloud and enables more accurate structural assessment 
of the targets. However, as mentioned earlier, the low-cost 
CBL system boasts a reduction in both collection time, that is, 
based on a scan duration of 33 s for the CBL compared to a 
few minutes for Faro Focus 120, and cost of data acquisition 
(Faro Laser Scanner Focus 3D Manual, Lake Mary, 

Florida 2013). Furthermore, the study site in our work 
(i.e., mangrove forests) theoretically introduces additional 
structural complexity when compared to black ash wetlands. 
The aboveground roots in mangrove forests make the detec-
tion of aboveground structures and also ground detection 
more challenging, while the black ash forests do not contain 
any aboveground structures, other than vegetation and tree 
stems. Another confounding factor is that Stovall et al. (2019) 
logically planned their TLS campaign to coincide with the 
period when the vegetation cover was minimal (leaf-off for 
deciduous trees) and when there was the least likelihood of 
aboveground water. This in effect reduces forest structural 
complexity, and as a result makes it difficult to generalize such 
a method to other forest environments, such as mangroves. 
Although the detection of hummocks and mangrove roots 
seem to be similar problems, hummocks exhibit higher eleva-
tion differences relative to the bare ground points, when com-
pared to mangrove roots that are located close to the ground, 
and confuse the ground detection algorithm. The angular ori-
entation of the hummocks also is much different when com-
pared to the lower mangrove roots; hummocks are mostly 
vertically oriented and as a result can be detected via slope 
analysis of the surface model. Near-ground mangrove root sec-
tions with a horizontal orientation (12�–23�), on the other 
hand, make ground vs. nonground lidar point classification 
significantly more challenging. Finally, we opted for a robust 
interpolation approach, that is, kriging interpolation, to 
increase the accuracy of surface model and minimize the 
impact of mangrove root occlusion effects. Although the inter-
polation approach from Stovall et al. (2019) resulted in a 
smooth surface model, we were required to boost the robust-
ness of our approach, given the lower point density generated 
by the CBL scanner, albeit at the trade-off benefits of mobility, 
scan time, and instrument cost. 

The DEM generation and evaluation approach presented in 
this work also can be used in areas where mangrove tree densi-
ties are even higher, unlike the more traditional ALS 
implementations where canopy cover can adversely affect the 
performance of the ground detection algorithms (Spaete 
et al. 2011). Spaete et al. (2011) studied the impact of vegeta-
tion and canopy cover on lidar-derived DEMs and found that 
tree species with steep stem/branching angles and higher can-
opy density resulted in higher RMSE values for DEM accuracy 
assessment (0.220 m). Low-angle and low-density canopy spe-
cies, for example, low sagebrush, on the other hand, yielded 
lower RMSE values for DEM evaluation (0.072 m). In other 
studies, vegetation-related errors of up to 1 m have been 
reported when the ALS DEM data were used to model struc-
tural attributes of forest environments, for example, coastal 
saltmarsh areas (Rosso et al. 2006) and scrubland areas 
(Palamara et al. 2007). We encountered similar problems 
when we tested out the effectiveness of the CBL to measure 
elevation change Distichilis dominated salt marsh systems in 
the Chesapeake Bay (Kargar, unpubl. data). 
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It is important to note that such a TLS-based method can 
also improve satellite-based forest ecosystem assessments, spe-
cifically by aiding calibration of airborne and spaceborne 
remote sensing data. As an example, Alsaaideh et al. (2013) 
used Landsat Enhanced Thematic Mapper plus (ETM+) and 
coincident DEMs to detect mangroves in six islands, located 
in southern Japan. Although they reported high classification 
accuracies (89.3%–93.6%), they mentioned that improve-
ments in DEM accuracy can improve the results of mangrove 
detection via satellite imagery. In another study, Takaku 
et al. (2004) evaluated the DEMs acquired by the Panchro-
matic Remote Sensing Instrument for Stereo Mapping 
(PRISM), carried on the Advanced Land Observing Satellite. 
The authors assessed the accuracy of DEMs for various land 
covers, for example, an urban area, paddy field, forest area, 
and a truck farm. The results show that the RMSE values for 
the forest area is higher than for other land covers, 5.204 m 
and < 5.0 m, respectively. The higher RMSE in the forest area 
was attributed to lidar occlusion effects, which made the 
detection of height edges challenging. An approach like the 
one presented in our work, for which the DEM accuracy RMSE 
values are on the millimeter order, can be used to calibrate 
DEMs generated using satellite and airborne data, and to 
increase the accuracy and reliability of those models. In addi-
tion, mangroves contain complex aboveground root structures 
which affect the performance of ground detection, while in a 
less complex forest environment, the accuracy of DEM assess-
ment likely will increase. One important consideration in our 
approach is related to our objective to generalize the approach 
for any potential mangrove plot, regardless of the species com-
position and plot-specific structural attributes. It is of course 
expected that more complex root structures, that is, frequency 
and density of roots closer to the ground, may result in a 
decrease in ground detection accuracy. However, our aim 
was to develop a unified approach for mangrove plots, with-
out the need to parameterize models for factors like species, 
root variability, and so on, thereby generalizing this 
approach when working with low-density 3D point cloud 
data, even when species classification  may be challenging.  
For example, information on the dominant species in each 
of the plots is listed in Table 2. R. apiculata arguably has the 
highest level of structural complexity, that is, more dense 
and complex root shapes. An average increase of 0.06 mm in 
the standard error values in R. apiculata-dominant plots was 
attributed to the higher structural complexity of this species. 
A future improvement may involve incorporating relevant 
species-specific parameters into 3D algorithms and building 
upon the method we have developed in this study. Future 
work can also include an increase in the number of plots to 
improve the statistical validity of the results and an improve-
ment in the ground detection accuracy by incorporating 
more structural metrics of the lidar point clouds during gro-
und filtering, other than the angular orientation of the lidar 
points used in this work. 

Conclusions 
We presented an approach to assess SEC in mangrove for-

ests, which are regarded as forest environments with complex 
root structures, using a low-cost, portable, and rapid-scan TLS 
system. The complex aboveground root mass in mangroves 
can introduce errors to ground detection algorithms and sub-
sequently decrease the accuracy of SEC assessment. We 
reduced the impacts of occlusion effects and low-density data 
by registering eight scans in each plot. We used the angular 
orientation of facets/points for filtering ground from non-
ground lidar returns during preprocessing in order to improve 
the accuracy of ground detection, which can be used in envi-
ronments where the structural complexity of the data intro-
duces challenges to existing ground detection techniques. We 
evaluated the changes in DEM elevation between two sets of 
data, from 2017 and 2019, to estimate the elevation changes 
in these mangrove forests. We observed a 72% consistency 
between the traditional SET-based and the novel TLS-based 
approaches, while the latter approach exhibited a significantly 
lower standard error range. However, the structural complex-
ity of the plot, for example, low-lying and horizontally ori-
ented aboveground roots, can introduce challenges and 
impact the performance of this approach. We concluded that 
the TLS can address issues associated with SET/rSETs such as a 
limited number of observed elevation locations per plot and 
operator objectivity and can provide more accurate and con-
sistent estimation of forest floor dynamics. This approach can 
lead to a more accurate/precise assessment of SEC that can be 
used to identify mangroves that are more resilient or vulnera-
ble to increased rates of SLR. This information can then be 
used to help develop and guide more effective management 
for mangrove forests and the many ecosystem services that 
they provide. A potential improvement in the accuracy and 
precision of SEC assessments in mangrove forests will also 
likely contribute to enhanced, better calibrated satellite-based 
forest information products and enhance our ability to moni-
tor the impact of climate change on global mangrove ecosys-
tems. Future work should incorporate improved ground 
filtering approaches, by using additional structural parameters 
other than the angular orientation method used in this work, 
and also extend this approach to structural assessment in 
other forest environments. 
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