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A B S T R A C T   

Increased focus on restoring forest structural variation and spatial pattern in dry conifer forests has led to greater 
emphasis on forest monitoring strategies that can be summarized across scales. To inform restoration objectives 
with data sources that can characterize individual trees, groups of trees, and the entire stand, different remote 
sensing strategies such as aerial and terrestrial light detection and ranging (LiDAR) have been explored. Un
fortunately, high equipment and operational costs of aerial systems, along with limited spatial extent of 
terrestrial scanners, have restricted widespread adoption of these technologies for repeated forest monitoring. 
This study investigates applications of unmanned aerial system (UAS) imagery for Structure from Motion derived 
modeling of individual tree and stand-level metrics. Specifically, we evaluate how flight parameters impact UAS 
extracted height and imputed DBH accuracies against field stem-mapped values. In total, 30 UAS image datasets 
collected from combinations of three altitudes, two flight patterns, and five camera orientations were assessed. 
Tree heights were extracted using a variable window function that searched UAS-derived canopy height models, 
while DBH was sampled from point cloud slices at 1.32–1.42 m using a least squares circle fitting algorithm. The 
sample trees were then filtered against National Forest Inventory data from the study region to ensure reasonable 
matching of extracted heights and diameters. The matched values were used to create a height to diameter 
relationship for predicting missing DBH values. Extracted and imputed tree values were compared against stem- 
mapped values to determine tree commission and omission rates, the accuracy and precision of extracted tree 
height, DBH, as well as overstory and understory stand density. Finding that, 1) tree extraction accuracy and 
correctness was maximized (F-score = 0.77) for nadir crosshatch UAS flight designs; 2) extracted tree height R2 

with stem-mapped values was high (R2 ≥ 0.98) for all UAS flight parameters, but the quality (mean error = 0.79 
cm) and quantity (~10% of all trees) of extracted DBH values was maximized for lower altitude, nadir crosshatch 
acquisitions; 3) the distribution of predicted DBH values most closely matched field observed values for off-nadir 
crosshatch flight designs; 4) using either off-nadir or crosshatch flight designs at lower altitudes maximized 
correlation (r > 0.70) and accuracy (basal area within 2 m2 ha− 1) of stand density estimates. This study dem
onstrates a novel UAS-based inventory strategy for estimating individual tree structural attributes (i.e., location, 
height, and DBH) in dry conifer forests, without the need for in situ field observations.   

1. Introduction 

The increasing focus on restoration of forest structural variation and 
spatial pattern (Tinkham et al., 2017; Addington et al., 2018) in dry 
conifer forests has led to a greater emphasis on forest monitoring stra
tegies that can be summarized across scales (Cannon et al., 2018). At 

fine spatial scales, restoration objectives in these forested systems 
emphasize creating a variable matrix of groups and openings, while also 
reducing the prevalence of small trees that have established in the 
absence of an intact frequent fire regime (Allen et al., 2002). Promoting 
variable density tree groups with openings between groups can increase 
forest resilience to fire (Ziegler et al., 2017a). Fine scale restoration 
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objectives also include retention of dense groups and patches of older 
trees for tree squirrels, snags for woodpeckers and secondary-cavity 
nesting species, and logs for invertebrate species and small mammals 
(Reynolds et al., 2013). At broader spatial scales, restoring heteroge
neity within stands and in-between stands is critical for moving dry 
conifer forest systems towards historical conditions that balanced 
resilience to disturbance with providing a diversity of habitat structures 
(North et al., 2009). To inform these restoration objectives with data 
sources that can be summarized across scales from groups of trees to 
entire stands, different strategies such as light detection and ranging 
(LiDAR) have been explored. 

In the past 30 years, research focused on forest structure modeling 
has investigated using both aerial LiDAR (ALS) and terrestrial LiDAR 
(TLS) to acquire three-dimensional point returns to estimate first-order 
properties like a tree's location, height, and stem diameter (Hopkinson 
et al., 2004; You et al., 2016), as well as derive second-order properties 
like basal area and timber volume per hectare (Nilsson, 1996; Tinkham 
et al., 2016). ALS datasets commonly range from 0.5–40 points m− 2 and 
have been widely tested across a range of forest types, densities, and 
complexities for assessing individual tree characteristics (Wilkes et al., 
2015; Kandare et al., 2016). Single tree detection accuracies from ALS 
point cloud-derived canopy height models (CHM) range from 40 to 94%, 
with detection rates decreasing as forest complexity and density increase 
(Falkowski et al., 2006; Silva et al., 2016; Sačkov et al., 2019). Most 
omitted trees from these techniques tend to occupy lower portions of the 
forest canopy where they are partially/fully occluded by the crowns of 
taller trees. The use of TLS is newer in the field of forestry but can 
provide ultra-high density (25–100 thousand points m− 2; Saarinen et al., 
2017) point clouds for sampling individual trees or plots. Despite limited 
spatial extent, TLS observations are now an established forest sampling 
tool with many studies highlighting the technological potential for 
characterizing individual tree stem characteristics. TLS has been found 
to detect 20 to >90% of trees, with accuracies varying across forest 
density and scan design (Maas et al., 2008; Heinzel and Huber, 2016); 
various stem extraction methods have been shown to achieve diameter 
at breast height (DBH; 1.37 m) precisions of 1.5–3.5 cm RMSE. When 
applied together, the fusion of ALS spatial extent and TLS resolution has 
been able to generate comprehensive structural data of forest stands 
(Paris et al., 2017). Unfortunately, the high equipment and operational 
costs of ALS, along with limited TLS spatial extent, have restricted their 
widespread adoption in forest monitoring (Cook, 2017). This highlights 
a need for more cost and time efficient methods of acquiring tree level 
overstory and understory forest structural characteristics to inform 
management strategies. 

The same techniques developed for characterizing individual trees in 
ALS and TLS point clouds are finding new applications with LiDAR 
sensors mounted on unmanned aerial systems (UAS; Brede et al., 2017; 
Sankey et al., 2017; Dalla Corte et al., 2020; Neuville et al., 2021). These 
UAS-LiDAR systems are actively undergoing development for direct 
characterization of individual trees to fill an intermediate spatial extent 
between ALS and TLS systems. Attempts to extract DBH values from 
UAS-LiDAR datasets have ranged from 18 to 82% of trees, with com
parisons to field observed DBHs having correlations of 0.24 to 0.98 and 
RMSE of 3.46 to 25.0 cm (Brede et al., 2017; Dalla Corte et al., 2020; 
Neuville et al., 2021). This wide range in DBH extraction success follows 
a gradient in forest complexity and differences in acquisition parame
ters, with leaf-on conditions in deciduous forest systems causing large 
increases in errors. Common UAS systems can cost $1,000–20,000 with 
compatible LiDAR systems costing $70,000-95,000, but this active area 
of development is driving competition with proposed LiDAR systems 
that have not been thoroughly tested costing closer to $25,000 (Torresan 
et al., 2018). 

Similar estimations of tree locations, height, and DBH have been 
attempted through structure from motion (SfM) photogrammetry, 
which uses a camera's properties and different image viewpoints to solve 
for the three-dimensional location of co-occurring pixels (Forsman et al., 

2016). Testing of terrestrial SfM for stem detection has found similar 
detection rates to TLS, with small stand (<100 trees) demonstrations 
extracting 60%–98% of tree locations (Liang et al., 2014; Mokroš et al., 
2018). Additionally, terrestrial SfM DBH measurement precision only 
decreases slightly over TLS to 5.1–7.2 cm RMSE (Forsman et al., 2016; 
Piermattei et al., 2019). The low cost of UAS has made applying SfM to 
imagery collected above the forest canopy a viable alternative to ALS 
(Dandois and Ellis, 2013; Thiel and Schmullius, 2016). 

Improving sensor technology has enabled UAS-SfM point clouds with 
data densities in excess of 1000 points m− 2 (Creasy et al., 2021). These 
high data densities enable generation of finer resolution CHMs 
compared to ALS, improving detection rates of suppressed and inter
mediate trees. In some instances, secondary forest parameters like basal 
area have been modeled from extracted tree densities based on local 
relations between density and basal area (Belmonte et al., 2020). The 
relatively high precision of these efforts suggests these strategies could 
be applied to monitor dry conifer forest restoration objectives. The 
rapidly expanding use of SfM-based photogrammetry in forestry is a ripe 
area for evaluating how UAS image acquisition strategies impact derived 
estimates of forest structure. Early exploration of flight parameters has 
focused on how photo overlap, flight height, and ground sampling dis
tance impact image alignment and point cloud reconstruction quality 
(Dandois et al., 2015; Nesbit and Hugenholtz, 2019). While research has 
started to evaluate how flight parameters impact structural measure
ments like tree height and crown diameter (Frey et al., 2018), knowl
edge gaps remain regarding other structural attributes. Particularly, the 
impacts of UAS flight altitude and pattern along with camera angle 
(Fig. 1) have received little attention for their implications on individual 
tree parameter assessment. 

Most UAS forest photogrammetry studies utilize conventional 
serpentine flight patterns (Fig. 1A) and nadir (0◦ or perpendicular to the 
ground; Fig. 1D) camera view angles for generating point clouds. Nesbit 
and Hugenholtz (2019) found that creating a crosshatch flight (Fig. 1C) 
by adding a second serpentine flight pattern (Fig. 1B) of off-nadir 
(20–35◦) UAS images to a nadir serpentine dataset improved digital 
terrain model precision. Additionally, adding 15◦ oblique imagery to 
nadir imagery datasets in deciduous and coniferous forest leaf-on and 
leaf-off conditions increased understory point cloud density (Díaz et al., 
2020). The use of off-nadir 45◦ camera angles provided reliable stem 
reconstruction of ~70% of trees in a leaf-off deciduous forest (Fritz 
et al., 2013); however, the authors speculated that altering the camera 
orientation during crosshatch flight paths to provide a diversity of 
camera orientations could further improve stem identification and DBH 
extraction. Hybrid SfM photogrammetry approaches that utilize both 
UAS and terrestrially collected images can provide RMSE of less than 1 
cm and 1 m for tree DBH and height, respectively (Mikita et al., 2016). 
While being highly precise, the smaller extent of terrestrial image 
collection limits such direct tree observations through data fusion. 

Since preliminary testing of crosshatch and off-nadir UAS data 
acquisition methods indicate improved point density in the lower can
opy and stem region (Díaz et al., 2020), it is logical to more thoroughly 
investigate the impact of these variables on extracted tree parameters 
like DBH. However, as it is unlikely UAS point clouds generated from 
images acquired above the forest canopy will directly characterize DBH 
of all trees, other techniques of filling missing DBH values are needed in 
order to directly summarize basal area or apply common allometries of 
tree volume and biomass. Imputation of missing values in forest in
ventories commonly occurs by using paired DBH and height values to 
calibrate regional relationships of DBH predicting height in order to fill 
in missing heights within the inventory (Weiskittle et al., 2011). Simi
larly, these regional relationships have been directly applied to predict 
DBH from remotely sensed height for tree biomass estimation (Tinkham 
et al., 2016). Merging these strategies to ensure correctly extracted DBH 
and height observations from UAS point clouds meet regional expecta
tions could enable reliable prediction of missing DBH values without the 
need for in situ observations. 
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This study investigates the influence of UAS flight parameters on 
modeling individual tree and stand-level metrics from UAS developed 
height to DBH relationships through a series of tasks. First, we evaluate 
the impact of UAS flight altitude, camera angle, and flight path on UAS 
CHM individual tree detection rates and UAS-SfM point cloud extracted 
tree height and DBH accuracy. Next, a regional height to DBH rela
tionship is applied to filter UAS extracted tree height and DBH obser
vations, which are then used to develop a local height to DBH model to 
predict missing UAS DBH values. Finally, we evaluate the effect of flight 
parameters on the precision of plot and stand level estimates of over
story (>5 m tall) basal area (m2 ha− 1) and trees per hectare, along with 
understory trees per hectare. 

2. Methods 

The study workflow (Fig. 2) consisted of four components: 1) data 
collection, 2) tree extraction, 3) data filtering and modeling, and 4) 
analysis and validation of model output. First, UAS imagery and stem 
map data collected in the field. Second, UAS imagery was processed to 
generate point clouds and CHMs. Third, tree heights and DBHs were 
extracted from UAS datasets. These extracted heights and DBHs were 
spatially paired, filtering against a regional height to DBH relationship, 
and used to model missing DBH values. Fourth, commission and omis
sion errors were calculated for extracted trees, and the accuracy and 
precision of tree height, DBH, and overstory and understory stand 
density. 

2.1. Study area and field data 

This study was conducted in the Manitou Experimental Forest, about 
40 km northwest of Colorado Springs, Colorado. A 1 ha (100 × 100 m) 
stem map of ponderosa pine (Pinus ponderosa var. scopulorum Dougl. Ex 
Laws.) dominated forest was established for validation (Fig. 3). All trees 
>1.37 m tall (n = 890) were mapped and inventoried using a grid of 
survey points distributed across the site with observations of tree height 
and DBH recorded in August 2018. The site exhibits a multi-aged forest 
structure, due to regeneration pulses following a shelterwood style 
harvest in the 1880's and pine beetle disturbance in the 1980's (Boyden 
et al., 2005). The inventory demonstrates a stand structure with 
increased density beyond historical levels within the region (Battaglia 
et al., 2018), with enough overstory shading to allow five Douglas-fir 
(Pseudotsuga menziesii (Mirb.) Franco var. glauca (Beissn.) Franco) and 
two blue spruce (Picea pungens Engelm.) to establish in the understory. 
The shade intolerance of ponderosa pine and the systems disturbance 
regime typically lead stands to develop a matrix of spatially aggregated 
tree clumps of a single age group (±10–20 year) that are all similar in 
height (Ziegler et al., 2017b). Similar spatial partitioning of tree sizes 
can be seen within the study site datasets (Fig. 3). Dividing the stand into 
two strata at a 5 m tall breakpoint shows 374 trees ha− 1 and 24.32 m2 

ha− 1 of basal area in the overstory tree stratum (5 to ~25 m tall) and 516 
trees ha− 1 in the understory tree stratum (< 5 m tall; see inset of tree size 
distributions in Fig. 2). We selected the 5 m threshold as it roughly 
corresponds to a 10 cm DBH, a common regional forest inventory 
breakpoint for describing overstory and understory forest densities, 

Fig. 1. Flight pattern for N-S serpentine (A), E-W serpentine (B), crosshatch (C) and camera orientation along a flight line depicting multiple camera angle sce
narios (D). 

Fig. 2. Integrative workflow of the data collection and processing, tree matching, and analysis steps used to assess accuracy of UAS extracted tree- and stand-level 
characteristics. (2-column figure). 
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where the understory includes what is commonly referred to as sapling 
or advanced regeneration. 

2.2. Regional field data 

For development of a regional height to DBH relationship, we ac
quired USA Forest Service Forest Inventory and Analysis (FIA) data 
(Tinkham et al., 2018) for 6693 plots in the state of Colorado. We 
filtered plots to only retain those containing >70% ponderosa pine basal 
area and with a site index within ±2 m of the study area's site index, 
leaving 92 plots with 196 trees. We fit a power function to predict DBH 
as a function of height using the nlme package (Pinheiro et al., 2018) in 
the R statistical program. We generated 90th percentile prediction 
bounds for the model (see inset model graph in Fig. 2) to filter UAS 
extracted DBH values that were matched with UAS extracted heights. 

2.3. UAS image collection 

We conducted a total of 30 UAS flights over the 1 ha study area in 
July 2019, collecting approximately 7140 images in 4.66 h of in-air 
flight time. The imagery was collected with a Da-Jiang Innovations 
(DJI) Phantom 4 Pro UAS, with a 1 in. 20 MP (5472 × 3648 pixels) metal 
oxide semiconductor red-green-blue (RGB) sensor at a fixed 8.8 mm 
focal length. Flights were conducted at three altitudes above ground 
level (65, 90, and 115 m). Images were captured over a 110 × 110 m size 
grid centered on the 1 ha study area with 90% front and side overlap at a 
speed of 4 m sec− 1 to accommodate the systems minimum interval of 2 s 
between image captures. The sensor captured images in jpeg format 
using a manual focus set to infinity, image dimensions set to 3:2, 

apertures ranging from 4.0–5.6 (F-stop), shutter speeds ranging from 1/ 
100th - 1/500th of a second, and an ISO value of 100. Altizure (version 
4.6.8.193; Shenzhen, China) for Apple iOS was used to acquire nadir 
imagery using separate North-South (NS) and East-West (EW) camera 
orientations at each altitude for a total of six nadir image acquisitions. 
Then Pix4D Capture (Pix4D S.A., Laussanne, Switzerland) was used to 
acquire off-nadir imagery (20, 25, 30, and 35◦) using separate NS and 
EW camera orientations at each altitude, a total of 24 off-nadir acqui
sitions. These off-nadir camera angels were utilized based on previous 
observations by Nesbit and Hugenholtz (2019) who found this range of 
angles minimized distortion errors in digital elevation models. 

2.4. UAS image SfM processing and filtering 

We utilized Agisoft Metashape to process the imagery from the 30 
flights following the workflow outlined by Tinkham and Swayze (2021). 
This was done by first finding matching tie points and aligning the 
photos, generating the sparse point cloud, georeferencing the imagery, 
and then creating dense RGB point clouds. These consisted of 15 
serpentine NS and 15 crosshatch SfM point clouds distributed across 
three altitudes and five camera angles. The Metashape SfM processing 
included ten ground control points collected using a Trimble GeoXT 
(Trimble Inc., Sunnyvale, CA, USA) with SBAS real-time correction ac
curacies of <1 m. Camera lens calibration was automatically completed 
during the align photos step, with generic preselection enabled, refer
ence preselection set to source, and adaptive camera model fitting 
enabled. Post-image alignment, ground control points were each located 
in a minimum of thirty images. Geolocation information from the UAS 
images was disabled, and image alignments were optimized using the 

Fig. 3. Study area shown in the top row with 2.1 cm resolution orthomosaic image and 10 cm resolution canopy height model both generated from 90 m altitude 
UAS serpentine acquisition with nadir camera angle. Maps are overlaid with stem mapped trees to portray tree spatial arrangement and alignment with UAS data. 
Bottom row shows oblique view of SfM point cloud cross-section (15 × 100 m) for the bounding box overlaid on the maps. (2-column figure). 
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focal length (f), principal point coordinates (cx, cy), radial distortion 
coefficients (k1,k2,k3), and tangential distortion coefficients (p1, p2) 
with adaptive camera fitting enabled. After manual referencing and 
image optimization, ground control points with errors greater than 1 m 
were removed, leaving six final ground control points for the build dense 
point cloud step. Post-optimization, Metashape reported total XYZ errors 
ranging from 0.401 to 0.993 m. The build dense cloud step was 
parameterized with Quality set to High and depth map filtering set to 
Mild. Previous assessment of Metashape processing parameters in 
similar forest structures (Tinkham and Swayze, 2021) demonstrated that 
these setting provide the most accurate reconstructions of all size trees. 
The full suite of Metashape processing parameters is depicted in Table 1. 

After the SfM processing, dense point clouds were filtered to remove 
erroneous points below ground and above the canopy and classified into 
ground and non-ground using LAStools version 1.2 (http://lastools.org). 
Following point filtering and classification, the point clouds were 
normalized using a 0.25-m resolution DTM interpolated from the clas
sified ground points, and the normalized point clouds were rasterized 
into 10 cm resolution CHMs. To prepare the SfM point cloud data for 
DBH extraction, the 30 normalized point clouds were copied into a 
single “hyper-cloud” file. From the hyper-cloud (900+ million point) 
vertical sections of the stem (0.5–5 m) and canopy (24–27 m) were 
extracted to identify a threshold for spectrally identifying stem points. 
The vertical range of these point cloud slice sizes was decided on to 
provide relatively pure values of canopy and stem in the hyper-cloud, 
from these slices 60 random sample locations were then manually 
extracted using CloudCompare version 2.10.1, visually ensuring that 
pure stem and canopy points were obtained. The extracted sample points 
(>800,000 points in each class) were imported into the R statistical 
programming language (R core Team, 2019) using the lidR package 
(Roussel and Auty, 2019), where a green:red ratio index (NGRR; Eq. (1)) 
was calculated on each point to determine the distribution (Fig. 4A) of 
stem and canopy NGRR values. Based on the distributions, each of the 30 
point clouds were segmented to only include points with NGRR values 
below the 90th percentile of the sample stem points (− 0.0152), pro
ducing 30 point clouds only containing points with stem reflectance 
characteristics. For each of these stem point clouds, a 10 cm tall slice 

(1.32–1.42 m) was extracted and compressed to a height of 1.37 m to 
represent the DBH region on the trees. An example of this process on a 
single point cloud stem is displayed in Fig. 4C. These DBH slices were 
later used to extract individual tree DBH values. 

NGRR =
DNgreen − DNred

DNgreen + DNred
(1)  

2.5. Tree location and height extraction 

All 30 SfM-derived 10 cm resolution CHMs were analyzed to detect 
individual tree locations and heights using a local maximum variable 
window function (Popescu and Wynne, 2004) from the R ForestTools 
package (Plowright, 2018). The local maximum function searches each 
CHM to identify local maximum heights within a variable radius moving 
window based on the rasterized tree heights, assigning a point to loca
tions with defined maximums. The function was parameterized using a 
linear equation (Eq. (2)) to determine the window radius based on 
research by Creasy et al. (2021), who found similar parameters for 
optimizing tree detection across all tree sizes in similar forest systems. 

variable window radius = Tree Height × 0.1 (2)  

where the variable window radius is in meters and Tree Height is in meters 
and corresponds to raster cell values in the CHM. The algorithm was 
parameterized to extract locations and maximum heights of trees >1.37 
m tall in the 30 CHMs. The outputs from the tree location and height 
extraction step included x and y locations paired with a height estimate 
in meters, here on referred to as extracted tree heights. 

2.6. Tree DBH extraction 

The DBH point cloud slices were analyzed using the R TreeLS 
package (Conto, 2019), following a workflow presented in Conto et al. 
(2017). The point cloud slices were rasterized so a Hough Transform 
circle search algorithm could be used to identify candidate DBH loca
tions with a minimum density setting of 0.001. At each candidate DBH 
location, a least squares circle fitting algorithm was used on the DBH 
point cloud slice to estimate DBH. This step utilized a random sample 
consensus approach to identify points to keep by iteratively fitting least 
squares circles to candidate DBH locations until the sum of squared 
distances between the circle and points was minimized, with a tolerance 
of 0.025 and confidence level of 0.99. For candidate DBH locations that 
successfully fit a circle, the process generated estimated x and y co
ordinates and DBH values, here on referred to as extracted tree DBHs. 

2.7. Matching extracted values with field observations 

For each UAS acquisition the extracted tree DBHs were matched with 
extracted tree heights through a multi-stage filtering process. We first 
predicted DBH values for each extracted tree height using the regional 
FIA height to DBH relationship. We then compared FIA predicted DBH 
values with extracted tree DBHs, identifying matches by iteratively 
buffering a FIA predicted DBH value using a 4 m radius to account for 
tree lean and to identify candidate extracted tree DBHs. The candidate 
extracted tree DBH with the smallest difference to the FIA predicted DBH 
was assigned to the extracted tree height. Once all extracted tree DBHs 
had been assigned to an extracted tree height, the paired extracted tree 
heights and DBHs were filtered to only keep extracted tree DBHs con
forming to the 90th percentile prediction bounds of the regional FIA 
height to DBH relationship. The outputs from the matching and 90th 
percentile filtering process are here after referred to as paired extracted 
tree values. 

The 30 paired extracted tree value datasets were then each matched 
with the field observed tree values. After selecting candidate stem map 
trees within 4 m of a paired extracted tree value, the difference between 
field observed and extracted tree heights was calculated. The spatial 

Table 1 
Agisoft Metashape processing parameters for SfM photogrammetry 
reconstruction.  

Parameter Setting 

Align Photos  
Accuracy Highest 
Generic Preselection Yes 
Reference Preselection Source 
Reset Current Alignment No 
Key Point Limit 40,000 
Tie Point Limit 4000 
Apply Mask To None 
Exclude Stationary Tie Points Yes 
Guided Image Matching No 
Adaptive Camera Model Fitting Yes  

Optimize Alignment  
Fit F Yes 
Fit cx, cy Yes 
Fit b1, b2 No 
Fit K1, K2, K3 Yes 
Fit K4 No 
Fit p1, p2 Yes 
Fit Additional Corrections No 
Adaptive Camera Model Fitting Yes  

Build Dense Cloud  
Quality High 
Reuse depth maps Yes 
Depth Filtering Mild 
Calculate point colour Yes 
Calculate point confidence No  
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buffer in tree matching was used to account for the effects of tree lean 
and geolocation errors in both the UAS point clouds and stem mapped 
tree locations. A successful match required <2 m height error; after a 
successful match the paired fielded observed and extracted heights were 
removed from the pool of candidates for further matching. This 
matching was repeated until all paired extracted tree values were either 
matched to a stem map tree or were marked as omissions (having no 
match within 4 m and < 2 m height difference). True Positive, False 
Negative, and False Positive rates were calculated for paired extracted 
tree values and stem mapped trees. The quality of each dataset was 
summarized by calculating recall, precision, and F-score using eqs. (3), 
(4), and (5), respectively. 

Recall =
True Positive

True Positive + False Negative
(3)  

Precision =
True Positive

True Positive + False Positive
(4)  

F − score = 2×
Recall × Precision
Recall + Precision

(5) 

The correctness of the number of extracted trees is described by 
recall, precision is a measure of extracted tree correctness, and F-score is 
overall accuracy of the method, which incorporates both precision and 
recall. In the event of perfect tree extraction, all three metrics would be 
equal to 1. 

2.8. DBH prediction and stand parameter estimation 

For each dataset, we used the paired extracted tree value estimates of 
DBH and height to develop a local predictive model of DBH as a function 
of height using a power equation. We applied these predictive models to 
the extracted tree heights not matched with an extracted DBH value and 
merged these with the paired extracted tree values to generate a com
plete dataset of UAS estimated heights and DBHs for each of the 30 
datasets. Mean error (ME) and root mean square error (RMSE) of the 
final extracted height and DBH values were determined for the 30 SfM 

extracted datasets to describe the bias and precision of extracted values. 
To assess the accuracy of stand-level density metrics, the field 

observed trees were divided into a 20 × 20 m grid of plots and sum
marized as trees ha− 1 (TPH) for trees >5 m tall and ≤6 m tall for each 
plot and across the entire study area. Additionally, basal area (m2 ha− 1) 
was similarly summarized for trees >5 m tall. For each UAS dataset, we 
also summarized identical TPH and basal area metrics from the paired 
extracted tree values. We determined correlation and RMSE by 
comparing the observed and extracted TPH and basal area at the 20 ×
20 m plot level, while the absolute error was summarized at the stand 
level (1 ha) for each metric. 

2.9. Assessment of altitude, pattern, and camera angle 

We used multiple linear regression to determine the influence of 
tested UAS flight parameters (camera angle, flight altitude, and flight 
pattern) on tree extraction performance metrics (F-score, precision, and 
recall). Additional models were generated to describe how flight pa
rameters impacted the correlation, ME, and RMSE of extracted tree 
heights and DBH values. The main effects of altitude, camera angle, and 
flight pattern were evaluated for interactions in all regression models 
through a forward and backward AIC stepwise selection algorithm to 
determine the best variable subset that minimized the AIC value. In all 
models, flight pattern was coded as serpentine = 0 and crosshatch = 1. 
Modeling was performed using the lm and stepAIC functions of the stats 
(R Core Team, 2019) and MASS R packages (Venables and Ripley, 
2002). All main effects were kept in the final model regardless of if they 
were statistically significant or not. 

3. Results 

3.1. Point cloud comparison 

Inspection of the point clouds across the different acquisition pa
rameters revealed increased point density at lower altitudes and for the 
crosshatch flight pattern compared to the serpentine (Table 2). Camera 

Fig. 4. DBH extraction process, showing (A) distributions of stem (brown) and canopy (green) NGRR point values, with vertical lines at the 90th percentile of stem 
(brown; − 0.0152) and 10th percentile of canopy (green; 0.0451), (B) example stem point cloud following NGRR segmentation, (C) 10 cm DBH slice (1.32–1.42 m) 
with thinned ground points, and (D) top-down view of stem segment with stem points colored red. (1.5-column figure). (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.) 
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angle also had a general trend of increasing point density as alignment 
approached nadir. Along with this, the inclusion of crosshatch or off- 
nadir imagery appears to have increased the vertical range within the 
point clouds compared to nadir serpentine acquisitions (Fig. 5). Across 
all acquisitions, there were only minor variations in the density of 
ground points and stem slice points (Table 2). Ground point density 
varied from 11.8 to 15.8 points m− 2, with only small differences iden
tified between the flight patterns and with the 35◦ camera angle having 
decreased density compared to the other camera angles. While the count 
of stem slice points varied from ~3800 to 29,500, only acquisition 
altitude demonstrated a significant effect with increasing stem points at 
lower altitudes. Although not significant, visual inspection showed more 

complete and reliable appearing stem cross-sections in the point cloud 
for crosshatch and off-nadir acquisitions compared to the base nadir and 
serpentine acquisition (Fig. 5). Additionally, the Metashape estimated 
horizontal alignment error was greater for the highest acquisition alti
tude and although not significant, there was an increasing level of 
variation the further from nadir the camera angle became (Table 2). 
Conversely, the total alignment error was not impacted by altitude but 
did see errors increase as camera angle departed from nadir. 

3.2. Extracted tree detection performance 

Extraction quality metrics (F-score, precision, and recall) for trees 

Table 2 
Influence of UAS acquisition parameters on the number of images, density of overall, ground, and stem slice points, and horizontal and total alignment error. Letters 
identify significant (α = 0.05) differences within the acquisition parameter using Tukey's HSD test.   

Images Overall Points m− 2 Ground Points m− 2 Stem Slice Points Horizontal Error (m) Total Error (m) 

All Flights 242.7 (93.0) 2272.3 (1351.2) 15.2 (0.8) 12,718 (6326) 0.51 (0.18) 0.80 (0.13)  

Flight Patterns       
Crosshatch 320.5 (63.4) b 2627.3 (1545.2) b 15.4 (0.3) b 14,055 (5542) 0.50 (0.17) 0.81 (0.11) 
Serpentine 164.9 (30.8) a 1917.3 (1060.3) a 14.9 (1.1) a 11,381 (6953) 0.52 (0.19) 0.80 (0.15)  

Altitudes       
65 287.1 (103.1) b 3961.3 (769.2) c 15.4 (0.6) 18,808 (5342) b 0.42 (0.17) b 0.79 (0.14) 
90 215.2 (76.9) a 1783.7 (455.0) b 15.3 (0.4) 9153 (3802) a 0.40 (0.08) b 0.80 (0.12) 
115 225.7 (89.5) a 1072 (221.4) a 14.9 (1.1) 10,193 (4852) a 0.70 (0.08) a 0.83 (0.14)  

Camera Angle       
0 296.5 (120.3) b 2598.2 (1417.9) b 15.8 (0.1) b 13,225 (5905) 0.44 (0.13) 0.67 (0.15) b 
20 222.8 (75.0) a 2346.4 (1285.4) ab 15.4 (0.3) b 11,548 (4362) 0.52 (0.16) 0.80 (0.13) b 
25 240.3 (101.6) a 2337.5 (1473.9) ab 15.3 (0.3) b 12,948 (4440) 0.48 (0.18) 0.81 (0.06) b 
30 225.3 (76.2) a 2137.4 (1510.9) ab 15.2 (0.3) b 10,473 (6063) 0.50 (0.20) 0.85 (0.11) b 
35 228.3 (97.0) a 1942.2 (1476.4) a 14.2 (1.4) a 15,396 (10,250) 0.59 (0.24) 0.90 (0.06) a  

Fig. 5. Visualization of serpentine (left) and crosshatch (middle) point clouds from the 65 m acquisitions at nadir (top) and 30◦ off-nadir (bottom). The point clouds 
are accompanied by DBH slices where DBH points are colored red and classified ground points are colored blue. Point cloud distributions (right) are shown for the 
serpentine (red) and crosshatch (blue) acquisitions at the same camera angles. (2-column figure). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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>1.37 m tall varied in their relationship with UAS camera angle and 
flight pattern according to multiple linear regression (Table 3). Overall 
performance of correct tree detection and matching as described by F- 
score was significantly increased by ~4% for crosshatch flight patterns 
compared to serpentine. F-score values for extracted tree locations 
varied from 0.429 to 0.771 with a decreasing trend as camera angle 
increased, with average scores varying from 0.739 to 0.626 for nadir and 
35◦ off-nadir flights, respectively (Fig. 6). Across testing, crosshatch 
flight patterns paired with nadir camera angles provided the highest SfM 
tree extraction F-scores. 

The proportion of extracted trees that matched field observed trees, 
summarized as precision, significantly decreased as camera angle 
increased (Table 3). Average extracted tree location precision varied 
from 0.942 to 0.669 at nadir and 35◦ off-nadir (Fig. 6). Capturing the 
correct number of trees as described by recall only showed weak vari
ation with flight pattern (P = 0.1010). Recall for crosshatch flight pat
terns averaged 0.627 while serpentine patterns averaged 0.59, 
suggesting crosshatch patterns were slightly closer to the correct number 
of trees compared to serpentine flights (Fig. 6). 

3.3. Extracted tree height and DBH assessment 

Coefficients of determination between paired extracted tree heights 
and field observed tree heights exceeded 0.98 for all datasets (Fig. 7). 
Camera angle and flight pattern both significantly impacted height er
rors, with nadir camera angles underpredicting by 0.14 m on average, 
while 20–35◦ camera angles overpredicted heights by 0.17–0.12 m 
(Table 4). Crosshatch flight patterns also resulted in increased mean 
height errors by 0.06 m compared to serpentine patterns. The precision 
of extracted heights averaged a RMSE of 17.9% for nadir camera angles 
and significantly increased as camera angle increased from 20 to 35◦

(Table 4). 
Across the 30 datasets, the number of extracted tree DBHs equaled 

14.2–47.8% (avg: 31.1%) of the field observed trees. After filtering the 
extracted tree DBHs with the FIA regional 90th percentile prediction 
bounds, 4.2–11.5% (avg: 8.0%) were retained as conforming to the ex
pected height to DBH relationship. This translates to 37–103 trees kept 
for modeling the local height to DBH relationships. Of the tested alti
tudes, the 65 m flights had a greater proportion of extracted and retained 
(39.6 and 10.1%, respectively) DBH values following FIA regional 
filtering compared to higher altitude flights (25.8 and 7.2%, 28.0 and 
7.1% for 90 and 115 m, respectively). Similarly, crosshatch flights had 

greater rates of extraction and filter retained DBH values (avg: 31.9 and 
8.4%) compared to serpentine flights (avg: 27.3 and 6.5%). 

For all flights the R2 between extracted tree DBHs and field observed 
values ranged from 0.307 to 0.784. Filtering extracted tree DBHs 
through the regional FIA relationship improved R2 with field observed 
DBHs to a range of 0.759 to 0.846 for all UAS datasets. The filtered 
extracted tree DBH R2were significantly higher for crosshatch flight 
patterns compared to serpentine flights (Fig. 8), along with significantly 
increasing R2 as camera angle increased. 

For the filtered extracted tree DBHs there was constant over
estimation bias that varied with camera angle and flight pattern 
(Table 4). Nadir acquisition DBH values had a mean error (bias) of 0.79 
cm, with this increasing 0.64 cm for every 10◦ increase in camera angle. 
Similarly, DBH bias was on average 0.55 cm greater for crosshatch flight 
patterns compared to serpentine flights. Additionally, the RMSE of 
extracted and matched DBH values was 41.3% for nadir flight patterns 
and increased for off-nadir datasets by 8.95% for every 10◦ increase in 
camera angle. 

3.4. Distribution of UAS heights and DBHs 

Across the datasets, the distributions of paired extracted tree heights 
closely followed the distribution of field observed heights (Fig. 9). The 
small underprediction bias present in the nadir serpentine flights 
(Table 4) carries through during comparison of distributions (Fig. 9). 
However, crosshatch flight patterns and off-nadir camera angles pro
vided closer visual approximations of the field observed tree height 
distribution. The distributions of predicted tree DBHs from the UAS 
relationship between extracted heights and DBHs shows an underrep
resentation of smaller diameter trees for serpentine acquisitions (Fig. 9). 
Visual fit of the distribution for both flight patterns improved for off- 
nadir camera angles. 

3.5. UAS basal area and TPH accuracy 

Overall, UAS 20 × 20 m plot-level estimates of overstory basal area 
per hectare, overstory TPH, and understory TPH had high (>0.7) cor
relation with field observed values, with the exception of acquisitions 
using 35◦ off-nadir camera angles where correlations averaged less than 
0.5. For overstory basal area per hectare the best acquisitions exceeded 
correlations of 0.8 and were at lower flight altitudes (65–90 m) with off- 
nadir camera angles. More than 40% of acquisitions had overstory TPH 
correlations exceeding 0.8, with the top eight acquisitions also 
exceeding 0.9 correlations for understory TPH. All the best performing 
acquisitions for TPH used either crosshatch or off-nadir flight designs. 

Camera angle significantly impacted the precision (RMSE) of plot- 
level estimated overstory (>5 m tall) basal area per hectare and over
story trees per hectare (Fig. 10). Each 10◦ increase in camera angle 
resulted in a 3.2 and 6.4% RMSE increase of plot-level overstory TPH 
and BA, respectively (Table 5). Assessment of basal area for the entire 1 
ha study site provided overestimation errors of 1–6 m2 ha− 1 (or 
4.1–24.7%). Study site basal area errors were on average smaller for 
crosshatch compared to serpentine flight patterns and tended to increase 
with increased camera angles. 

4. Discussion 

This study evaluated the impact of UAS flight altitude, camera angle, 
and flight path on: 1) UAS SfM individual tree detection rates; 2) 
extracted tree height and DBH errors; 3) local UAS-based models to 
predict individual tree DBH; and 4) estimates of UAS-based plot- and 
stand-level overstory and understory density metrics. We found that, 1) 
tree extraction accuracy and correctness was maximized for nadir 
crosshatch UAS flight designs; 2) extracted tree height precision and 
accuracy was high for all UAS flight parameters, but the quality and 
quantity of extracted DBH values was maximized for lower altitude, 

Table 3 
Multiple linear regression of UAS acquisition parameter influence on the reli
ability of extracted trees, where flight pattern was coded as serpentine = 0 and 
crosshatch = 1.  

Parameter Coefficient Standard 
Error 

t-value P-value Adj. R2 

Response = F-score 0.1660 
Intercept 0.7942 0.0639 12.426 <0.001  
Altitude (m) − 0.0004 0.0006 − 0.684 0.5002  
Angle 
(degrees) 

− 0.0023 0.0011 1.815 0.0811  

Flight Pattern 0.0337 0.0185 − 2.080 0.0475  
Response = Precision 0.1466 

Intercept 1.0470 0.1312 7.978 <0.001  
Altitude (m) − 0.0007 0.0013 − 0.536 0.5967  
Angle 
(degrees) 

− 0.0053 0.0022 − 2.373 0.0253  

Flight Pattern 0.0108 0.0381 0.283 0.7796  
Response = Recall 0.0655 

Intercept 0.5867 0.0449 13.064 <0.001  
Altitude (m) 0.0001 0.0005 0.286 0.7777  
Angle 
(degrees) 

0.0006 0.0008 0.772 0.4470  

Flight Pattern 0.0221 0.0130 1.700 0.1010  

Significant parameters (α = 0.05) indicated in boldface. 
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Fig. 6. Visualization of multiple linear regression response variables (A) F-score, (B) precision, and (C) recall against predictors of altitude, camera angle, and flight 
pattern. (1-column figure). 
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nadir crosshatch acquisitions; 3) the distribution of predicted DBH 
values most closely matched field observed values for off-nadir cross
hatch flight designs; 4) the use of either off-nadir or crosshatch flight 
designs at lower altitudes maximized precision and accuracy of stand 
density estimates. 

4.1. Tree location extraction 

Our best acquisitions for tree extraction accuracy and correctness (F- 
score = 0.77) is in the middle of extraction rates found for 30 sites using 
UAS-based singe tree detection (Mohan et al., 2017). However, our 
study includes all trees >1.37 m tall whereas most studies only include 

Fig. 7. Observed versus extracted height and DBH values for the best serpentine and crosshatch acquisitions (both 65 m altitude). (1-column figure).  
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dominant and codominant overstory trees, likely meaning our overstory 
extraction rate should be on the higher range of that reported in the 
literature. These relatively high tree extraction rates for open-canopy 
ponderosa pine systems are attributed to the general segregation of 
different size trees (Fig. 3). Within more shade tolerant forest systems 

with multiple overlapping canopy layers, the local-maximum extraction 
methods used in this study are known to miss most suppressed trees 
(Jeronimo et al., 2018). In comparison with a study conducted at the 
same study site, we saw a 0.19 increase in F-score across all tree sizes 
with the only difference being the use of 0.10 cm CHM as opposed to a 
0.25 cm CHM by Creasy et al. (2021). This suggests that CHM resolution 
should be further investigated to determine its impact on tree extraction 
rates. 

Linear regression across the 30 UAS extracted tree datasets suggests 
some flexibility in flight parameters for maximizing F-score, precision, 
and recall (Table 3). UAS acquisitions conducted using a crosshatch 
flight pattern paired with nadir a camera angle maximized tree detection 
results (Fig. 6). The indication of a nadir flight angle is counter to what 
has been seen in previous studies (Nesbit and Hugenholtz, 2019) that 
suggested 20–35◦ off-nadir imagery improves systematic SfM block 
bundle adjustment errors. We speculate that the consumer-grade GPS 
equipped in the DJI Phantom 4 Pro paired with the difficulty of iden
tifying ground control points in off-nadir images led to greater miss- 
alignment errors compared to the nadir acquisitions. Further testing of 
off-nadir flight designs should explore using UAS platform with real time 
kinematic geolocation accuracy to reduce error through manual ground 
control point georegistration (Tomaštík et al., 2019). 

4.2. UAS extracted height and DBH 

The high extracted tree height R2 (>0.98) found in this study exceed 
what has previously been reported in ponderosa pine dominated forests 
(0.92–0.95; Belmonte et al., 2020). Our improved height correlations 
compared to Belmonte et al. (2020) may be attributed to their 15 cm 
resolution imagery as opposed to the finer resolution used in this study 
(1.8 and 3.2 cm at 65 and 115 m, respectively), with our finer resolution 
imagery likely capturing more canopy detail. Additionally, we had 
generally small tree height biases (<±0.15 m) in all acquisitions, in line 
with, or slightly better than, accuracies reported in both UAS-SfM and 

Table 4 
Multiple linear regression of UAS acquisition parameter influence on bias (ME) 
and precision (RMSE) of extracted tree heights and DBHs meeting FIA 90th 
percentile prediction bound filtering, where flight pattern was coded as 
serpentine = 0 and crosshatch = 1.  

Parameter Coefficient Standard 
Error 

t-value P-value Adj. R2 

Response = Height ME (m) 0.4648 
Intercept 0.038 0.103 0.364 0.7189  
Altitude (m) − 0.001 0.001 − 1.346 0.1900  
Angle 
(degrees) 

0.008 0.002 4.668 <0.001  

Flight Pattern 0.064 0.030 2.140 0.0419  
Response = Height RMSE (%) 0.1256 

Intercept 15.466 1.215 12.731 <0.001  
Altitude (m) 0.016 0.012 1.272 0.2148  
Angle 
(degrees) 

0.048 0.021 2.315 0.0287  

Flight Pattern − 0.153 0.353 − 0.434 0.6679  
Response = DBH ME (cm) 0.3555 

Intercept 1.035 0.970 1.067 0.2958  
Altitude (m) 0.001 0.010 0.081 0.9364  
Angle 
(degrees) 

0.064 0.016 3.903 <0.001  

Flight Pattern 0.545 0.281 1.938 0.0635  
Response = DBH RMSE (%) 0.0548 

Intercept 53.487 26.750 2.000 0.0561  
Altitude (m) − 0.138 0.269 − 0.512 0.6127  
Angle 
(degrees) 

0.895 0.454 1.970 0.0595  

Flight Pattern − 5.689 7.762 − 0.733 0.4702  

Significant parameters (α = 0.05) indicated in boldface. 

Fig. 8. Visualization of multiple linear regression of coefficient of determination between extracted and observed DBH values against predictors of altitude, camera 
angle, and flight pattern. (1-column figure). 
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UAS-LiDAR studies (e.g., − 0.13 to − 0.38 m in Krause et al., 2019 and −
0.69 m in Dalla Corte et al., 2020). Like in this study, assessment of 
remotely estimated tree heights is consistently done by comparison with 
field measurements from laser rangefinder that have expected RMSEs of 
~10% (Vastaranta et al., 2009). In this context, UAS-derived tree 
heights have potential to be as precise if not more precise than their field 
derived counterparts. Previous work comparing independent UAS-SfM- 
derived surface models at the same time point in vegetation free areas 
found a median elevation difference of 0.03 m, with 50% of elevation 
differences being <0.05 m (Goetz et al., 2018). This study found errors 
ranging from 0.001 to 0.33 m were strongly explained by distance to 
ground control points, image acquisition height, and number of image 
view angles of the same location. To better understand the reliability of 
UAS-derived tree heights, future work should explore the stability of 
independent UAS acquisitions of the same stand as this would reveal any 
errors propagating from the SfM algorithm and inform the potential for 
repeat acquisitions for tree growth monitoring. 

This study's highest extracted tree DBH rates (>40%) were achieved 
with crosshatch flight patterns using moderately off-nadir camera angles 
(25–30◦) that provided more complete stem reconstruction (Fig. 5). 
Previous work has demonstrated how the increased overlap of cross
hatch flight designs improves image registration and provides increased 
point densities beneath the dominant forest canopy (Dandois et al., 
2015; Seifert et al., 2019). However, even our best extraction rate 
(47.8%) falls below that of Fritz et al. (2013) who extracted 70% of DBH 
values using off-nadir UAS datasets in a leaf-off deciduous forest. These 
results also fall in the middle of what has been achieved for UAS-LiDAR 
DBH extraction, which has varied between 18 and 82% of tree stems 
(Brede et al., 2017; Neuville et al., 2021). Our lower extraction rates are 
likely due to occlusion caused by the persistent coniferous canopy, 
resulting in lower point densities within the DBH point cloud slices than 
was seen in Fritz et al. (2013). However, incomplete extraction of DBHs 
was expected, with the hope that enough DBH values would be available 
for UAS modeling of the missing DBH values. It was important to 

consider that this study and Fritz et al. (2013) occurred in open-canopy 
ponderosa pine and leaf-off deciduous forests conditions, respectively, 
these forest conditions are expected to be more conducive to DBH 
extraction with this strategy likely breaking down in more closed canopy 
coniferous or leaf-on deciduous settings. 

Filtering of the extracted heights and DBHs that were spatially 
matched with the FIA regional height to DBH relationship removed a 
substantial component of falsely extracted DBH values. Despite 
extracting an average of 31.1% of DBHs, only 8.1% of DBH values on 
average were retained through the filtering process. In considering just 
overstory forest structure (tree >5 tall), the best DBH extraction flight 
(65 m altitude; crosshatch; 25◦ camera angle) retained 20.5% of DBHs 
through the filtering process. Coefficients of determination for unfiltered 
extracted DBHs varied widely (0.307–0.784) with field observed DBHs 
across the flight designs. However, the filtering process increased R2 to 
0.759–0.846, with these tending to be strongest for crosshatch and off- 
nadir flight designs (Fig. 8). These R2 values exceed the 0.484 ach
ieved by Fritz et al. (2013) using UAS-SfM and the R2 of 0.06 to 0.29 
reported by Neuville et al. (2021) using UAS-LiDAR for direct DBH 
extraction. However, similar results have been achieved by Brede et al. 
(2017), with R2 = 0.96 when comparing DBH values from UAS-LiDAR 
and TLS observations. Additionally, these accuracies fall in line with 
R2 values reported for UAS-SfM DBH values predicted using pre-existing 
local height to DBH relationships (González-Jaramillo et al., 2019). This 
filtering process was able to remove erroneously extracted DBH values 
that likely resulted from partially reconstructed stems or branches 
within the point cloud slice, leaving an average of 72 UAS extracted 
DBHs in each dataset from which to generate a UAS-based height to DBH 
relationship. Future efforts should integrate nadir and off-nadir imagery 
to explore if the benefits of nadir flights for image alignment can be 
combined with the oblique view angles of tree crowns and stems to 
provide the best of both strategies for DBH extraction and modeling. 

Potential sources of error in extracting individual tree locations and 
DBH values could result from image alignment and point cloud 

Fig. 9. Distributional comparison of (top) extracted tree heights and (bottom) modeled UAS DBH values from 65 m altitude acquisitions against field observed 
heights and DBHs. (2-column figure). 
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Fig. 10. Visualization of multiple linear regression of the response variable (A) overstory basal area RMSE (%), (B) overstory TPH RMSE (%), and (C) understory TPH 
RMSE (%) against predictors of altitude, camera angle, and flight pattern. (2-column figure). 
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positional accuracy. The relatively small alignment errors visually 
observed in the stem point cloud slices (Fig. 5) likely propagate into the 
DBH extraction process and contribute to the relatively high number of 
DBH values that are filtered out by the regional height to DBH rela
tionship. Similarly, the observed horizontal errors in the point cloud 
location (Table 2) could contribute to false or omitted matches between 
the extracted tree values and the stem mapped trees. However, the use of 
a 4 m buffer during the tree matching process was designed to account 
for small geolocation errors in the extracted and stem mapped trees, 
along with errors introduced due to tree lean off-setting the extracted 
tree locations. 

4.3. Local UAS height to DBH relationships 

The filtered pairs of extracted tree heights and DBHs provided a large 
enough sample dataset to create UAS-based height to DBH relationships 
for estimating missing DBH values associated with each UAS extracted 
tree height. The UAS predicted DBH values tended to overestimate di
ameters for smaller trees and underestimated the largest diameters 
(Fig. 9). Errors at the DBH distribution tails are somewhat expected as 
these values are less represented in the extracted data pairs and likely 
present unaccounted for variation in local growing environments. 
Particularly for smaller trees growing in dense environments or beneath 
the crowns of mature trees, they often allocate greater resources to 
height growth compared to DBH growth (Barrett, 1982). This is at least 
partially supported by other studies that have found UAS estimates of 
crown diameter and area to improve predictions of DBH compared to 
height only models (Iizuka et al., 2018). Our local UAS-based modeling 
of DBH could be improved by exploring other UAS-based predictors in a 
multiple linear regression capable of accounting for density by including 
metrics like delineated crown area/volume or extracted local stem 
density. 

4.4. Estimations of plot- and stand-level metrics 

Across all metrics of forest density (overstory and understory TPH 
and overstory basal area per hectare), the best performing acquisitions 
had plot-level correlations exceeding 0.8 with field observed density 
metrics. Of the tested UAS datasets, 40% had correlations exceeding 0.8 
for overstory TPH (>5 m tall) and field observed TPH, with the strongest 
correlations coming from crosshatch and off-nadir flight designs. How
ever, acquisitions with a 35◦ camera angle had correlations <0.5. Our 

strength in estimating overstory TPH aligns with previous studies 
(Bonnet et al., 2017), and indicates that the relative trend in overstory 
tree density was captured. However, the best performing models failed 
to identify two trees in each 0.04 ha plot on average, resulting in an 
underestimation bias of 13% or ~50 TPH. 

Similar high correlations (>0.8) were found for estimates of under
story TPH for all but the serpentine 35◦ off-nadir acquisitions. The best 
correlation values exceeded 0.9, with all of these being 65 m altitude 
acquisitions using either off-nadir or crosshatch flight designs. However, 
the underestimation bias of understory tree density was larger at an 
average of 4 trees per plot, equivalent to 20% or ~100 TPH at the stand 
level. This increased negative bias for understory trees aligns with the 
decreased probability of detecting understory trees using single tree 
detection strategies described in other studies (Creasy et al., 2021). 

Across the 30 UAS datasets, the four top correlations exceeded 0.8 for 
estimates of overstory basal area per acre and were acquired at 65 m 
altitude with either off-nadir or crosshatch flight designs. For these high 
correlation datasets plot-level basal area per hectare RMSE was 27–37%. 
However, when summarized at the stand scale 43% of datasets esti
mated overstory basal area per hectare to within 10% (2.3 m2 ha− 1). 
This high accuracy at the stand level is similar to that reported by Bel
monte et al. (2020) who evaluated basal area in pre- and post-treatment 
ponderosa pine. This indicates that while the relative trend and stand 
average basal area per hectare were accurately captured, within-stand 
variation was spatially misaligned. Visual inspection of plot-level basal 
area per hectare residuals showed that the largest error terms were 
spatially correlated in neighboring plots, such that large positive errors 
were next to large negative errors. The authors take this spatially cor
relation in errors to indicate that small location differences between 
extracted and stem mapped trees might explain the relatively large plot- 
level RMSE. 

Ranking acquisitions based on having high plot-level correlations 
along with minimizing stand-level error for all density metrics places 
seven 65 m altitude acquisitions in the top 10 datasets, with this 
including all five crosshatch datasets. This suggests that individual tree 
assessment for describing plot- and stand-level forest structure in pon
derosa pine systems is best described through lower altitude UAS flights 
using either off-nadir or crosshatch flight designs. Our high correlation 
and precision in modeling overstory forest structure has potential as a 
tool in guiding development of ponderosa pine silvicultural pre
scriptions that typically aim to increase horizontal and vertical forest 
heterogeneity. 

4.5. Tree-based UAS monitoring applications 

The increased focus on spatial heterogeneity management objectives 
within dry conifer forests has elevated the need for monitoring strategies 
capable of describing the matrix of trees, groups of trees, and openings 
that comprise a stand (Tinkham et al., 2017). This study's demonstrated 
UAS individual tree extraction workflow could provide near-complete 
tree lists of locations, heights, and DBHs within low and moderate 
density (<1000 TPH) conifer forest systems. Having spatially informed 
tree-level characteristics could enable silvicultural prescription devel
opment for a range of restoration, resilience, and wildlife focused 
objectives. 

Such tree lists would be a valuable resource for land managers 
planning and implementing spatially explicit silvicultural prescriptions 
and would enable managers to map explicit locations for tree retention 
and planned openings for use by marking crews. Implementing matrices 
of openings and tree groups through dry conifer restoration has been 
found to limit crown fire spread (Ziegler et al., 2017b) and reduce beetle 
mortality intensity by fragmenting continuity between susceptible hosts 
(Fettig et al., 2007). Such management strategies often target removal of 
understory and suppressed trees, and while our understory estimates do 
not reflect exact density levels, the results capture relative understory 
densities across the stand which could guide thinning objectives that 

Table 5 
Multiple linear regression of UAS acquisition parameter influence on summa
rized extracted tree density metrics, where flight pattern was coded as serpen
tine = 0 and crosshatch = 1.  

Parameter Coefficient Standard 
Error 

t-value P- 
value 

Adj. R2 

Response = Understory TPH RMSE (%) 0.0745 
Intercept − 96.98 145.82 − 0.665 0.5119  
Altitude (m) 1.11 1.47 0.759 0.4547  
Angle 
(degrees) 

4.78 2.48 1.929 0.0647  

Flight Pattern − 43.09 42.31 − 1.018 0.3179  
Response = Overstory TPH RMSE (%) 0.1609 

Intercept 26.09 6.79 3.843 0.0007  
Altitude (m) 0.05 0.07 0.682 0.5013  
Angle 
(degrees) 

0.32 0.12 2.814 0.0092  

Flight Pattern − 0.82 1.97 − 0.419 0.6788  
Response = Overstory Basal Area Hectare RMSE (%) 0.2608 

Intercept 17.69 12.11 1.460 0.1563  
Altitude (m) 0.17 0.12 1.423 0.1666  
Angle 
(degrees) 

0.64 0.21 3.134 0.0042  

Flight Pattern − 4.14 3.52 − 1.178 0.2496  

Significant parameters (α = 0.05) indicated in bold. 
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target understory trees (Allen et al., 2002). While not all trees were 
successfully extracted from the UAS data, the presented methods cap
ture both the relative local trends and stand-level averages that are 
necessary for informing a broad range of thinning and restoration 
(Almeida et al., 2019) actions in lower density forests (< ~1000 tree 
ha− 1) like temperate and montane pine dominated systems. 

While the presented UAS methods have potential to characterize 
stand wide tree lists of locations, heights, and DBHs, these approaches 
have only been tested at a small scale (1 ha) in a relatively open-canopy 
ponderosa pine forest. For such approaches to be fully operationalized in 
land management, further testing needs to be conducted across a 
broader range of forest structure and species compositions. Further 
testing will help identify the range of forest conditions that UAS tree- 
based monitoring can be used to reliably inform management decisions. 

5. Conclusions and suggestions 

This study demonstrates a novel UAS-based inventory strategy for 
estimating individual tree structural attributes (i.e., location, height, 
and DBH) in dry conifer forests. We found that a crosshatch flight 
pattern (1) maximized UAS SfM individual tree detection rates and (2) 
minimized extracted tree height and DBH errors. Additionally, we found 
that combining crosshatch with off-nadir camera angles (3) improved 
UAS-based modeling of individual tree DBH and (4) provided the best 
representation of plot- and stand-level density metrics. Our filtering of 
UAS extracted DBH samples with national forest inventory data appears 
to provide a route for modeling individual tree DBH values, without the 
need for in situ field observations. Despite the high accuracy of modeled 
stand basal area estimates, individual tree DBH accuracy decreased for 
both the smallest and largest trees. Future work should explore how 
other UAS derived attributes like stem density, crown area, and relative 
height compared to neighboring trees could account for competition 
impacts on modeled individual tree DBHs. The spatial tree list of heights 
and DBHs provided by this study's UAS individual tree extraction 
workflow could provide the tree-level characteristics needed for silvi
cultural prescription development for a range of restoration, resilience, 
and wildlife focused objectives. 

Operationalizing UAS-based individual tree inventories will require 
balancing data precision against characterizing broader extents 
(10s–100s ha). The crosshatch data acquisition conducted in this study 
doubled the data acquisition time, image storage requirements, and 
processing time to gain an estimated 5–10% improvement in UAS 
derived inventory products. The largest benefit of the crosshatch flight 
pattern came from an ~30% increase in the number of DBH values 
successfully extracted and matched with UAS derived tree heights 
compared to the serpentine pattern. However, the results make it clear 
that it is unrealistic to expect above canopy UAS acquisitions to capture 
all DBH values; i.e., UAS-based individual tree inventories might see 
efficiency gains by flying entire stands with serpentine patterns and then 
sample portions of a stand with a crosshatch pattern to improve DBH 
extraction rates. Work is needed to understand what proportion of a 
stand needs to be sampled with the crosshatch pattern to ensure enough 
DBH values are extracted to impute the missing DBH values. 
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