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Abstract: The reliability of forest management decisions partly depends on the quality and extent
of the data needed for the decision. However, the relatively high cost of traditional field sampling
limits sampling intensity and data quality. One strategy to increase data quality and extent, while
reducing the overall sample effort, is using remote sensing-based data from unmanned aerial vehicles
(UAV). While these techniques reliably identify most tree locations and heights in open-canopied
forests, their ability to characterize diameter at breast height (DBH) is limited to estimates of a
fraction of trees within the area. This study used UAV-derived DBHs and explanatory variables to
test five model forms in predicting the missing DBHs. The results showed that filtering UAV DBHs
using regionally derived height to DBH allometries significantly improved model performance. The
best predicting model was slightly biased, with a 5.6 cm mean error and a mean absolute error of
6.8 cm. When applied across the stand, the number of trees was underestimated by 26.7 (3.9%),
while the basal area and quadratic mean diameter were overestimated by 3.3 m2 ha−1 (13.1%) and
1.8 cm (8.3%), respectively. This study proposes a pathway for remotely sensed DBHs to predict
missing DBHs; however, challenges are highlighted in ensuring the model training dataset represents
the population.
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1. Introduction

The reliability of forest planning and management decisions depends on the quality
and intensity of forest inventory data available to inform decision-making [1]. Traditionally,
forest inventories of critical parameters such as a tree’s diameter at breast height (DBH;
1.37 m above ground in United States) and total height have involved the collection on fixed
area or variable radius plot networks [2]. These plot networks attempt to capture a repre-
sentative sample of the population, to summarize standard metrics used in silvicultural
prescription development, such as trees ha−1, basal area (m2 ha−1), DBH distributions, and
quadratic mean DBH (Dq [2]). Regional inventory strategies often use a sub-sample of
attributes, such as tree total height, to maximize efficiency of the time and expense of a
forest inventory. The missing observations of tree height are often subsequently estimated
through tree-level allometric relationships [3]. The most common of these allometric rela-
tionships utilize non-linear relationships to predict dependent variables (i.e., total height)
from one or more independent variables (i.e., DBH [4]).

The development and application of allometric relationships for describing forest
structure require three things. First, training data that represents the range of conditions
desired for model prediction [5]. Second, that explanatory variables correlated with the
dependent variable of interest can be reliably collected. Finally, a model form that captures
the generalized relationship between the dependent and independent variables [6]. When
developed to fill sub-sampling data voids, allometric relationships typically draw on
large, distributed samples (i.e., n ≥ 100) with explanatory variables that encompass abiotic
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(e.g., geographic location or Site Index) and biotic (e.g., trees ha−1, stand basal area, or
basal area of larger DBH trees) conditions.

Since the 1990s, evaluation of three-dimensional remote sensing approaches (e.g., airborne
light detection and ranging (LiDAR) and structure from motion (SfM)) have demonstrated
their ability to characterize forest attributes, from individual trees to stands and water-
sheds [7–9]. At the tree level, these studies focused on identifying primary attributes
such as tree location, height, and crown area [10]. Applications of airborne LiDAR [11,12]
and SfM photogrammetry [13,14] to remotely sense tree heights in conifer forests have
achieved average precisions within 0.1 to 1 m. By tailoring individual tree detection
strategies to a study site’s forest structure, they can successfully identify more than 90%
of trees in a stand [15,16], with most omitted trees occupying the lower canopy stratum.
Secondary tree attributes can be reliably derived from detected tree heights and crown
areas, such as stem volume [12] and crown base height [17], through parametric and
non-parametric regression.

The application of tree-level remote sensing techniques has recently been extended
within the unmanned aerial vehicle (UAV) SfM literature, to evaluate the extraction of
individual tree DBH values from these point clouds [18]. By applying a least-squares circle
fitting approach, Swayze et al. [14] estimated ~10% of DBHs in a ponderosa pine (Pinus
ponderosa Lawson & C. Lawson var. scopulorum Engelm.) dominated stand, to a mean error
of 0.6 cm. Successful DBH estimation from UAV point clouds relies on either an iterative
parameter tuning strategy during DBH extraction [19] or a post-extraction data filtering
strategy [14]. These techniques help to overcome known DBH extraction issues, where
some unreliable values are identified and removed. These strategies can substantially
improve the relationship of extracted to observed DBH values, with Swayze et al. [14]
increasing their R2 by >0.3 after filtering. These strategies for improving DBH extraction
have implications for the data processing intensity and potential transference of methods,
as they either rely on site-specific tuning or access to outside data sources. However, when
brought together, these advances in 3D remote sensing data collection and processing
make it possible to remotely characterize the location and height of over 90% of trees while
capturing a sample (e.g., 10 to 50%) of tree DBHs.

The potential in open-canopied forests for extensive and reliable UAV surveys of tree
heights that are spatially tied to samples of DBH values demonstrates the possibility of
adapting inventory allometry strategies to estimate missing DBH values. Various modeling
approaches exist for filling in these missing values, based on how the DBH sample relates
to the potential independent UAV-derived explanatory variables. Traditional linear and
non-linear parametric modeling strategies [20] have been suggested to use UAV-derived
tree height, crown area, and competition indices (i.e., trees ha−1 or relative tree height to
neighbors) as predictors. Generally, the performance of allometric relationships is depen-
dent on three criteria, the predictive stability of the relationship being modeled, the size
of the model development sample, and the representativeness of the model development
sample for the environment it will be used to predict.

This study evaluated how the extraction and filtering of UAV point cloud sample
DBH data impact the model fit and subsequent prediction of tree and stand-level DBH-
derived parameter accuracy. We used UAV-derived DBHs and explanatory variables to
build models, before and after filtering the detected DBH values by a regional allometric
equation’s prediction bounds of height to DBH. Specifically, we evaluated five models
in the form of simple linear, multiple linear, and three non-linear model structures. The
accuracy of the modeled DBH values was determined compared to a 4 hectare stem map in
a ponderosa pine-dominated forest.

2. Materials and Methods
2.1. Study Area and Field Data

The study occurred at the Manitou Experimental Forest, part of the Pike-San Isabel Na-
tional Forest in Colorado, United States. We collected data in a ponderosa pine-dominated
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stand that has not seen significant disturbance since selective logging in the 1880s (Figure 1).
Stand development saw a minor mountain pine beetle (Dendroctonus ponderosae Hopkins)
outbreak in the 1970s, resulting in a multi-aged stand structure. Subsequent regeneration
and increases in canopy cover have allowed a minor component of Douglas-fir (Pseudot-
suga menziesii (Mirb.) Franco var. glauca (Beissn.) Franco) and blue spruce (Picea pungens
Engelm.) to become established in the understory. The 4 hectare study area was stem
mapped to collect the location, DBH, and total height of all trees >1.37 m tall in July 2018.
Tree locations were determined based on distance and azimuth to a previously established
grid of monuments. The stand was 99.9% ponderosa pine by basal area with a Dq of
21.8 cm and a density of 457 trees ha−1 and 17 m2 ha−1. Tree sizes tended to center around
an understory canopy stratum of 340 trees ha−1 with a Dq of 8.2 cm and an average height
of 4.1 m, and an overstory canopy stratum of 117 trees ha−1 with a Dq of 40.6 cm and an
average height of 19.6 m.
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Figure 1. Study area extent is shown using UAV-derived orthophoto (left) and UAV-derived canopy
height model (right) from a structure from motion point cloud.

2.2. UAV Data Acquisition and Processing

UAV imagery was collected using a DJI Phantom 4 Pro (Dá-Jiang Innovations Science
and Technology Co. Ltd., Shenzhen, China) equipped with a 20 megapixel metal oxide
semiconductor red-green-blue camera at a fixed 8.8 mm focal length. Flight planning and
control used Altizure version 4.6.8.193 (Everest Innovation Technology Limited, Shenzhen,
China) for Apple IOS, to pre-program the UAV serpentine flight paths. The UAV acquisition
happened in August 2019 at a speed of 4 m s−1 and an altitude of 90 m above ground level,
using a nadir camera orientation, with 90% forward and side image overlap. The camera
was set to infinite focus, 5.6 aperture, and 1/500 s shutter speed for image acquisition.
Photos were captured and geotagged to a manufacturer-stated vertical and horizontal
accuracy of ±0.5 m and ±1.5 m, respectively.

The UAV imagery was processed in Agisoft Metashape (Agisoft LLC, St. Petersburg,
Russia) using the routine outlined by Tinkham and Swayze [21] to produce an SfM point
cloud for optimized tree detection. The SfM-derived point cloud was filtered to identify
ground points, to create a 0.1 m digital terrain model using the lidR package [22] in the
R statistical programming language [23]. The digital terrain model was used to height
normalize the point cloud and derive a canopy height model (CHM) at 0.1 m resolution
(Figure 1). All Metashape processing parameters are available in Supplementary Material
Table S1.
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2.3. UAV Tree Parameter Extraction

Extraction of individual tree parameters from the UAV SfM dataset followed Swayze
and Tinkham [24]. The CHM was scanned using a variable window filter from the R
ForestTools package [25] to detect tree locations and heights by applying Equation (1):

Window Radius = CHM × 0.1 (1)

where Window Radius and CHM values are in meters. The function iteratively evaluates
each pixel in the CHM, to determine if the pixel is the tallest location in the window radius.
The pixel considered the tallest location in the search window is classified as a detected tree.
The tree is assigned the pixel’s value and centroid as its height and location, respectively.

The detected location of each tree is passed to the marker-controlled watershed func-
tion of the R ForestTools package, to delineate individual tree crown extents. This func-
tion works from the assigned top-of-canopy locations down through lower CHM values,
adding pixels to a tree’s crown extent until either a minimum pixel height value is reached
(i.e., 1.37 m) or pixel values increase toward another identified tree location. This approach
to crown delineation produces more natural-appearing crown shapes compared to other
algorithms in ponderosa pine forests [15]. This processing results in a dataset linking
unique tree identifiers with tree location, height, and polygons of crown extent.

Local competition metrics, including the distance to the nearest neighbor, trees ha−1

within a 5 m radius, and the relative tree height within a 5 m radius, were calculated for
each tree and used in the subsequent DBH modeling. A 5 m radius was selected as it
represents a distance slightly less than the point at which two mature ponderosa pine trees
in the region would begin to have interlocking crowns, representing a proxy for direct
competition. The relative tree height within a 5 m radius was estimated using Equation (2):

Relative Height = Height/HeightMax × 100 (2)

where Height is the height of the subject tree and HeightMax is the height of the tallest tree
within a 5 m radius of the subject tree.

We used each crown polygon to extract a tree-level point cloud, to detect individual
tree DBH values following the steps detailed by Swayze and Tinkham [24]. A slice of
the point cloud from 1.2 m to 1.4 m was extracted and compressed to a single height of
1.3 m. The rest of the DBH detection process was completed using the R TreeLS package [26].
The compressed point cloud slice was rasterized and evaluated using a Hough Transform
circle search algorithm to identify candidate DBH locations with a sufficient point density.
Although rare, the process could identify more than one circular object (or candidate DBH)
within a single crown’s area. A least-squares circle fitting algorithm was used on the point
cloud slice at each candidate DBH location to estimate DBH. The candidate DBHs that
successfully fit a circle resulted in a dataset of one or more stem location, and the DBH
values aligned with each SfM tree height.

2.4. Matching of Tree Observations

We filtered the SfM dataset of tree crown locations with heights and one or more
potential DBH values following methods adapted from Swayze et al. [14]. This filtering
used local Forest Inventory and Analysis (FIA) data [27] from the study region to develop
Equation (3) as a model representing the regional height to DBH relationship. This model
used FIA data from Colorado with greater than 70% ponderosa pine by basal area, densities
exceeding 10 m2 ha−1 basal area represented untreated conditions, and site indices within
3 m of the study site’s estimated site index of 22 m at a base age of 100 years were used to
maintain a similar height to DBH relationship. Based on the results from Swayze et al. [14],
the model was fit as a second order polynomial using the stats R package [23]. Subsequently,
Equation (3) was applied to predict a regionally expected DBH value for each tree height.
For trees with multiple SfM-derived DBH values, we compared each estimate to the
predictions from Equation (3) and retained the SfM-derived DBH with the smallest error.



Forests 2022, 13, 2077 5 of 13

At this point, an unfiltered version of the one-to-one matched SfM height and DBH values
was set aside, while another version was filtered against the 90th percentile prediction
bounds of Equation (3). If a SfM-derived DBH was outside these bounds, we removed it
from the dataset used for further analysis. This process resulted in a dataset with the height
for all identified trees and a subset of DBH values meeting regional observations of tree
growth form.

DBH (cm) = 1.6121 × Height (m) + Height (m) 0.0276 (3)

The SfM extracted tree locations were spatially matched with the stem mapped trees
through an iterative selection process. Whereby the height difference between the stem
mapped tree and all SfM identified trees within a 4 m buffer was assessed. If the minimum
height difference within the radius was less than 4 m, the stem map and SfM tree were
considered True Positive matches and removed from further matching. If the minimum
height error exceeded 4 m, the stem map tree was considered a False Negative, and the
candidate SfM trees went through further matching. After classifying all stem map trees as
True Positive or False Negative, we classified any unmatched SfM trees as False Positives.
We then calculated the True Positive, False Positive, and False Negative tree extraction
rates and an F-score (Equation (4)), which provides a single metric of overall tree extraction
success at matching the stem map.

F − score = 2 ×

(
True Positive

True Positive + False Negative ×
True Positive

True Positive + False Positive

)
(

True Positive
True Positive + False Negative +

True Positive
True Positive + False Positive

) (4)

2.5. DBH Model Fitting and Evaluation

We developed five different models using the SfM extracted height, crown area, and
competition metrics as independent variables, and the SfM-derived DBH before and after
filtering as dependent variables, resulting in a total of 10 unique predictive models. Prior to
model development, all variables were tested for collinearity, with no variables exceeding
r = 0.34. The first model was a simple linear model relating SfM extracted tree height
to SfM DBH (Equation (5)). Then three non-linear models used combinations of UAV
height, crown area, and trees ha−1, including a polynomial (Equation (6)) and two multiple
non-linear models (Equations (7) and (8)). The multiple non-linear model forms followed
the equations proposed by Cao et al. [20]. A multiple linear regression model was fit
with UAV tree height, crown area, and competition metrics as independent variables
(Equation (9)). The full model was reduced by identifying the variable subset, minimizing
the Akaike Information Criterion through stepwise selection. All models were fit using the
R stats package [23].

DBH = b1 + b2 × Height (5)

DBH = b1 + b2 × Height + b3 × Height2 (6)

DBH = b1 + Heightb2 + TPHb3 (7)

DBH = b1 + Heightb2 + Crown Areab3 + TPHb4 (8)

DBH = b1 + b2 × Height + b3 × Crown Area + b4 × Relative Height + b5 × TPH
+ b6 × Min Neighbor Distance

(9)

In Equation (4) through Equation (8), Height is the UAV extracted tree height in meters,
Crown Area is the UAV extracted crown area in square meters, TPH is the tree ha−1 of UAV
identified trees within a 5 m radius of the target tree, Relative Height is the height of the
target UAV tree divided by the tallest neighboring tree within a 5 m radius times 100, and
Min Neighbor Distance is the horizontal distance in meters between the target UAV tree
and the closest other UAV tree.

For each model developed, we then predicted the unknown DBH values based on the
SfM derived parameters and produced summaries of tree- and stand-level accuracy. The
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True Positive tree matches were used to determine the mean error (ME), mean absolute
error (MAE), and mean absolute percent error (MAPE) of the predicted DBH values. Stand
scale basal area and Dq were also summarized and compared to the stem map observations.
The tree level metrics were also summarized across 5 cm diameter classes for the model
providing the best tree and stand level predictions.

3. Results
3.1. Tree Extraction

Extraction of tree locations and heights from the SfM data resulted in an overall F-Score
of 0.74, but this varied across different tree height classes from 0.51 to 0.93 (Figure 2). Tree
extraction also resulted in a mixture of False Positive and False Negative rates that varied
across height classes. The SfM data extracted 1755 trees across all size classes, representing
an underestimation of 3.9% (or 26.7 trees ha−1) compared to the stem map observations
(1827 trees). The 1.37–5 m, 5–10 m, and 20–25 m height size classes had the best tree
extraction success, missing stem density by 3.3% (8.3 trees ha−1), −4.7% (3 trees ha−1),
and −4.1% (2.5 trees ha−1), respectively. Conversely, the worst extraction was in the
10–15 m and 15–20 m height size classes, where the False Negative and False Positive
rates were partially offset, resulting in underestimations of 21.2% (5.5 trees ha−1) and
29.5% (15.3 trees ha−1), respectively. Additionally, the overall mean height error was
0.04 m, and ranged from −0.63 m in the 5–10 m height class to 0.76 m in the 15–20 m
height class (Figure 3).
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Figure 2. Summary of SfM tree extraction across height classes using a variable window filter. Panels
represent (A) F-Score, (B) True Positive rate, (C) False Positive rate, and (D) False Negative rate.

Before filtering, the SfM DBH extraction process identified 965 values, representing
52.8% of the mapped trees. Comparison to the stem mapped DBH distribution showed that
the unfiltered SfM DBHs accounted for 4.0%, 112.4%, and 261.1% of stem mapped DBHs
in the size classes of <20, 20–40, and >40 cm, respectively (Figure 4). Within the largest
DBH size class, the unfiltered DBH values had a range greater than five times the stem
mapped values.

Filtering the SfM extracted DBH values with the regional FIA model prediction bounds
resulted in a dataset of 150 DBHs (Figure 4). The filtered DBHs represented 8.2% of all stem
mapped trees. The proportion of retained trees following filtering was not well balanced
across DBH classes, with 1.4%, 17.4%, and 36.0% of stems retained in the <20 cm, 20–40 cm,
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and >40 cm classes, respectively. The DBH extraction process did not identify any tree with
a diameter less than 12.5 cm, although approximately two-thirds of the stem mapped trees
had a DBH below this value (Figure 4).
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3.2. DBH Model Prediction Performance

Using the unfiltered SfM extracted DBH values (n = 965), only the simple linear and
multiple linear models could be resolved, resulting in model standard errors exceeding
31 cm (Table 1). Applying the three fit model forms to predict the missing DBH values
resulted in a positive bias, with mean errors exceeding 34 cm and mean absolute percentage
errors exceeding 1100% (Table 2). Integrating the predictions from these three models
produced an average overestimation error of 415% for the stand basal area and 131%
for Dq.
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Table 1. Model coefficients (b1, b2, etc.) for the five parametric model forms fit to the SfM DBHs
before and after filtering as the dependent variable. Values in parentheses are p values.

Parameter DBH = b1 +
b2Height

DBH = b1 + b2Height
+ b3Height2

DBH = b1+
Heightb2 + TPHb3

DBH = b1 + Heightb2

+ TPHb4 + CrownAreab3

Multiple Linear
Model

Unfiltered SfM DBHs
Adj. R2 0.004 (0.032) 0.026 (<0.001) - - -
SE 32.31 31.94 - - 306.8
Intercept 52.499 (<0.001) 42.321 (<0.001) - - 48.318 (<0.001)
Height −0.267 (0.032) 3.181 (<0.001) - - −0.9844 (0.002)
Height2 - −0.141 (<0.001) - - -
Trees ha−1 - - - - -
Crown Area - - - - 0.168 (0.156)
Relative HT - - - - 19.834 (<0.001)
NN Distance - - - - −1.689 (0.067)

Filtered SfM DBHs
Adj. R2 0.730 (<0.001) 0.742 (<0.001) - 0.804 *
SE 6.63 6.48 6.56 6.56 4.23
Intercept 5.729 (0.001) 11.648 (<0.001) 8.270 (0.518) 6.793 (0.663) 10.660 (<0.001)
Height 1.797 (<0.001) 0.634 (0.133) 1.172 (<0.001) 1.183 (<0.001) 1.407 (<0.001)
Height2 - 0.041 (0.005) - - -
Trees ha−1 - - −0.229 (0.980) −0.217 (0.983) −0.001 (0.085)
Crown Area - - - −0.530 (0.059) 0.105 (0.017)
Relative HT - - - - -
NN Distance - - - - -

* R2 for generalized linear model calculated following Lefcheck [28].

Table 2. Tree and stand scale Model prediction performance compared to the stem mapped observa-
tions. Stem mapping estimated 25.2 m2 ha−1 of basal area and a Dq of 21.8 cm.

Model Form DBH
ME (cm)

DBH MAE
(cm)

DBH
MAPE

Basal Area
(m2 ha−1)

Dq
(cm)

Unfiltered SfM DBHs
DBH = b1 + b2Height 35.1 36.0 1227.3 130.5 50.5
DBH = b1 + b2Height + b3Height2 34.8 36.5 1168.4 130.5 50.5
DBH = b1 + Heightb2 + TPHb3 - - - - -
DBH = b1 + Heightb2 + Crown Areab3 + TPHb4 - - - - -
DBH = b1 + b2Height + b3Crown Area
+ b4Relative HT + b5NNDistance 34.8 39.9 1199.8 128.6 50.1

Filtered SfM DBHs
DBH = b1 + b2Height 5.6 6.8 193.0 28.5 23.6
DBH = b1 + b2Height + b3Height2 7.3 8.5 273.9 30.5 24.5
DBH = b1 + Heightb2 + TPHb3 5.9 7.1 213.4 28.9 23.8
DBH = b1 + Heightb2 + Crown Areab3 + TPHb4 6.7 7.9 260.8 30.2 24.3
DBH = b1 + b2Height + b3TPH + b4Crown Area 6.8 7.8 245.9 29.8 24.2

Development of DBH predictive models using the SfM DBH observations after filtering
with the FIA prediction bounds (n = 150) produced models that had greater correlations
(i.e., R2) and reduced the model standard error by 80% compared to those developed
with the unfiltered SfM DBHs (Table 1). Additionally, all model forms were successfully
fit to the dataset, although the polynomial and non-linear models each contained one
non-significant (α = 0.10) parameter. Applying the five models developed from the filtered
SfM DBHs to predict the missing DBH values resulted in an average mean error of 6.5 cm,
which translates to an average mean absolute percentage error of 237% (Table 2). When
summarized at the stand scale, predictions from the filtered SfM DBH models overestimated
the basal area on average by 4.4 m2 ha−1 (17.4%) and Dq by 2.3 cm (10.5%).
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Although the simple linear form provided the worst model fit diagnostics of those
developed from the filtered SfM DBHs (Table 1), it resulted in the best predictive model
for both tree and stand level summarizations (Table 2). This simple linear model had an
overall positive bias at 5.6 cm and an absolute error of 6.8 cm (or 193%), but the accuracy
and precision varied across the DBH size classes (Table 3). The model’s predictive accuracy
transitioned from overestimating the smallest DBH size classes to underestimating the
largest size class (Figure 5). The relative precision across the size classes ranged from 383%
in the smallest size class (or 7.7 cm) to 7–15% in the three largest size classes (or 3–9 cm;
Table 3). The greatest individual tree errors were associated with underprediction and
occurred in cases where trees were associated with broken tops and thus had a relatively
small height relative to their DBH (Figure 5).

Table 3. Comparison of simple linear model DBH predictions (built from filtered SfM DBHs) against
stem mapped observations for all True Positive matches.

DBH Size Class (cm) True Positive Matches ME (cm) MAE (cm) MAPE

<5 591 7.7 7.7 383.3
5–10 247 6.2 6.2 92.2
10–15 95 5.0 5.5 45.6
15–20 28 5.3 6.3 36.3
20–25 24 4.5 6.4 28.5
25–30 43 8.6 9.7 35.3
30–35 51 8.1 8.3 25.6
35–40 86 5.1 5.7 15.5
40–45 78 1.7 3.3 7.8
45–50 55 −2.0 3.4 7.2
>50 56 −8.7 8.7 15.4

Overall 1354 5.6 6.8 193.0
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Figure 5. Stem mapped vs. best SfM predicted DBH values. Trees marked with triangles were
recorded as having broken or missing tops in the field. A simple linear regression (dashed line)
through all data points is provided for comparison to the 1:1 line (solid).

4. Discussion
4.1. UAV Extracted Trees and DBH Filtering

This study’s SfM tree extraction using the variable window filter estimated stand
density at 731.3 tree ha−1, an underestimation of 26.7 tree ha−1 (or 3.9%) compared to the
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stem map. This relatively low error level is in line with Hao et al. [29], who achieved a
mean error of 24 tree ha−1 in a young plantation of conifer trees. Our accuracy is also
a substantial improvement over Belmonte et al. [30], who underestimated stand density
by ~48% in a similar unmanaged ponderosa pine forest, when applying a pointwise tree
segmentation technique [31]. Additionally, the heights for the SfM extracted trees provided
an unbiased representation of the stem mapped values, providing similar height precision
and accuracy as other UAV 3-dimensional remote sensing studies [15,32].

Before data filtering, the detected SfM DBH values produced a robust (n = 965) but
biased sample, with DBH values exceeding the maximum field observed DBH by five
times. Of the detected DBH values, 25% were greater than the largest stem mapped
DBH value (Figure 4). Filtering the detected DBH values with the FIA height to DBH
model prediction bounds removed over 800 observations, with the remaining DBH values
(n = 150) conforming to the regional allometry. However, limited sample values less than
20 cm DBH were identified, including no values below 12.5 cm (Figure 4).

4.2. DBH Model Fitting and Prediction

Filtering the SfM DBH values substantially improved the model fit and prediction
statistics. Before filtering, all models had intercept values exceeding 40 cm. However,
models built from the filtered SfM DBHs produced intercept terms from 5.7 to 11.6 cm.
While intercept values of this size are still unrealistic for trees with total heights under
2 m, they represent a substantial improvement in the sample data’s ability to represent the
biological relationship between height and DBH.

All but one of the stand basal area predictions made using the filtered SfM DBH models
resulted in an estimate within 20% of the stem mapped value. This accuracy indicates a
strong potential to meet the common forest inventory design standard of an allowable
error of ±20% basal area at a 95% confidence level [33]. The two best-performing models
(simple linear and non-linear including trees ha−1) overestimated stand basal area by 13.1
and 14.7%, falling well within the United States Department of Agriculture Forest Service’s
precision standard. Additionally, when only looking at the basal area of trees greater than
12 cm DBH (regional threshold for overstory sampling), this over estimation was reduced
to 6.8% for the best model. Our basal area precision is in line with that achieved by Dalla
Corte et al. [34] in eucalypt plantations in Brazil of an 5.9 to 14.5% underestimation when
using height to DBH relationships developed from field observations.

Predictions of Dq from the models fit using the filtered SfM DBH values were all
overestimated by less than 2.7 cm, with the two best models overestimating the stem map
Dq by 1.8 and 2.0 cm (8.3 and 9.2%). Our Dq accuracies were similar to those achieved
by Sačkov et al. [35] of 6.9% from airborne LiDAR extracted trees when applying a height
to DBH model created from field observations. Additionally, our best-derived Dq values
aligned with those achieved through terrestrial LiDAR scanning samples of 1.96 cm in a
mixed conifer forest in Yunnan Province, China [36].

This study demonstrates the potential of UAV monitoring in conifer forests with less
than 60% canopy cover, to provide near census level tree lists of reliable height and DBH
values, representing a step towards precision forest management. These techniques provide
the ability to, not only reliably estimate stand metrics such as trees ha−1, basal area, and
Dq, but the added benefit of being able to summarize the spatial arrangement of trees
presents unique opportunities for silvicultural prescription development. Having a spatial
representation of tree size class distributions should facilitate the spatial objectives often
sought during the restoration of ponderosa pine-dominated forests [37–39].

4.3. DBH Modeling Limitations

The probability of detecting a DBH from a three-dimensional point cloud requires an
adequate density of points in the data slice used for circle fitting. This process is likely to
be limited in areas of increased canopy cover or where tree crowns extend close enough to
the ground to occlude the targeted stem section [14]. These limitations likely contributed



Forests 2022, 13, 2077 11 of 13

to our small sample size of trees with DBHs less than 20 cm (Figure 4) and potentially
were the root cause of the errors associated with small trees. Additionally, the increased
spread (or residuals) of predicted DBHs greater than 40 cm compared with the stem map
values (Figure 5) indicates that the best predicting model failed to account for covariates
driving variation in this portion of the population. One potential driver of this is that the
59 DBHs greater than 40 cm detected and retained after filtering failed to represent how
covariables such as stand density and crown area might explain variations in DBH for trees
at the upper end of the height sigmoidal curve for the stand.

Multiple strategies exist to improve the representativeness of the sample DBH dataset
for model development. Increasing the UAV flight extent will likely increase the sample
size across DBH size classes, capturing a greater range of tree growing conditions. With a
larger sample size available, the authors theorize that the height to DBH model forms that
consider covariates may improve the model prediction for mid and large size trees, where
stand density is known to impact the height to DBH relationships [40]. Targeting other data
sources could also increase sample representativeness and fill data voids such as those in
the under 20 cm DBH class. Terrestrial LiDAR or SfM sampling could augment the smallest
DBH size classes, with recent advances in these techniques achieving DBH mean errors of
less than 2 cm [41–43]. Adding targeted field samples to the model development dataset
could also fill these data voids. Better capturing the height to DBH relationship in the
smallest trees would likely shift the model intercept closer to zero and improve the relative
prediction accuracy for these trees. While this study presents a potential pathway for using
remotely sensed DBH values to predict missing DBHs, it also highlights potential challenges
in ensuring the model development dataset is representative of the population. As similar
techniques for creating near census level tree lists of height and DBH are proposed and
tested, it will be necessary to ensure that these techniques are robust to variations in site
productivity and forest composition.

5. Conclusions

This study demonstrates a potential methodology for taking remotely sensed samples
of DBH values and using them to model site-specific height to DBH relationships. This
strategy appears capable of providing near census level inventories of tree locations, heights,
and DBHs. Having such intensive inventory data of forest stands supports improved forest
management outcomes, as managers will be able to explicitly prescribe treatments at the
tree level. To fully realize a future of remote sensing assisted intensive forest inventories, it
will be necessary to ensure these methods are transferable and reliable across a range of
forest productivities and species compositions.
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