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Abstract: The generation of aerial and unmanned aerial vehicle (UAV)-based 3D point
clouds in forests and their subsequent structural analysis, including tree delineation and
modeling, pose multiple technical challenges that are partly raised by the calibration of
non-metric cameras mounted on UAVs. We present a novel method to deal with this
problem for forest structure analysis by photogrammetric 3D modeling, particularly in
areas with complex textures and varying levels of tree canopy cover. Our proposed method
selects various subsets of a camera’s interior orientation parameters (IOPs), generates a
dense point cloud for each, and then synthesizes these models to form a combined model.
We hypothesize that this combined model can provide a superior representation of tree
structure than a model calibrated with an optimal subset of IOPs alone. The effectiveness of
our methodology was evaluated in sites across a semi-arid forest ecosystem, known for their
diverse crown structures and varied canopy density due to a traditional pruning method
known as pollarding. The results demonstrate that the enhanced model outperformed the
standard models by 23% and 37% in both site- and tree-based metrics, respectively, and
can therefore be suggested for further applications in forest structural analysis based on
consumer-grade UAV data.

Keywords: UAV photogrammetry; IOPs; camera calibration; Zagros forest; pruning; pollarding

1. Introduction

Forests play a pivotal role in maintaining global biodiversity and climate regulation,
providing a wide array of ecosystem services that are crucial for sustaining nature and
the surrounding societies [1]. Structural forest attributes such as tree height, diameter,
and canopy cover are critical indicators of forest health and productivity [2,3]. As such,
accurately measuring the structure of forests, especially in fragile ecosystems, is critical for
their preservation and sustainable management [4]. Traditionally, these attributes have been
measured using ground-based conventional methods which, while accurate, are tediously
labor-intensive, time-consuming, and often limited in spatial coverage [5]. These limitations
underscore the need for more advanced and efficient methods of forest structural analysis.
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Geospatial tools like remote sensing and photogrammetry have emerged as powerful
means for the analysis of forest structures [6]. These are based on using sensors mounted
on platforms such as satellites, aircrafts, and unmanned aerial vehicles (UAVs) to collect
high-resolution imaging data across space and time.

Among these, UAV photogrammetry has shown great promise for small-scale data
acquisition and inventories due to its ability to capture high-resolution three-dimensional
data at a relatively low cost [7-9]. The UAV-based photogrammetry commonly involves
the capture of overlapping aerial images, which are then processed to create detailed 3D
models through a process known as structure from motion (5fM). These models allow for
extracting various structural attributes such as tree height [10], crown diameter [11], and
crown volume [12]. However, the precise application of UAV photogrammetry in forest
structural analysis is associated with challenges [13], which can be broadly categorized into
two groups of (1) those arising from UAV flight planning [14] and (2) those related to forest
texture and image processing [13].

While the first group of challenges can be mitigated by optimizing flight parameters
such as flight height and speed, as well as by conducting additional flights if necessary [15],
dealing with the second group is more complex. With their compound textures and
varying levels of canopy cover, tree formations within forest stands can pose significant
complications for image matching algorithms [16]. For instance, pruned trees with low
canopy cover can lead to problems in image matching, since matching involves identifying
common features between overlapping images to be linked followed by creating a 3D
model [17]. This matching relies heavily on the presence of distinct recognizable features
in the images, which is hindered by the scarcity of distinct features to be matched across
overlapping UAV images in presence of low canopy cover. This can confuse image matching
algorithms, leading to errors and inaccuracies in the resulting 3D models.

Furthermore, camera lens distortion in non-metric cameras mounted on consumer-
grade UAVs can exacerbate this problem due to typically higher lens distortion in such
cameras [18]. Since the texture of tree objects cannot be altered, it is imperative to at
least minimize the impact of lens distortion, which necessitates developing equations for
modeling lens distortion. Previous studies have proposed models to tackle this [19], but
selecting the best subset of calibration parameters requires careful consideration of the
specific analytical requirements and constraints.

Accurate camera calibration is a critical step in UAV photogrammetry, as inaccuracies
in interior orientation parameters (IOPs)—including focal length, principal point coordi-
nates, and lens distortion coefficients—can significantly degrade the accuracy of derived
3D models. The challenge raised by the use of non-metric cameras is the instability of their
IOPs, making the calibration process akin to solving an optimization problem that lacks a
global solution. Consequently, residual errors persist even after calibration [20].

Inaccurate calibration can introduce systematic errors during the bundle adjustment
process, where image observations are used to refine camera parameters and 3D point
positions. These errors may result in geometric distortions, such as scale inconsistencies
and spatial deformations, compromising the reliability of photogrammetric outputs [21].

However, the selection of appropriate calibration parameters is crucial, as different
subsets can variably impact the quality of 3D reconstructions. For instance, neglecting to
model certain lens distortions or inaccurately estimating focal length can lead to residual
errors that propagate through the data processing workflow, affecting the precision of
measurements [22].

Here, we propose a novel approach for addressing the challenges associated with lens
distortions in non-metric cameras used for UAV-based tree reconstructions. Rather than
directly calibrating the IOPs, our method explores various subsets of IOPs, generates a



Remote Sens. 2025, 17, 383

30f15

dense point cloud for each subset, and then synthesizes these individual models into a
combined model. The primary goal of our research is to evaluate whether this combined
model can improve the quality of the resulting dense point cloud as compared to a model
calibrated using a single optimal subset of IOPs.

To evaluate the effectiveness of our methodology, we focused on forest stands within
the semi-arid Zagros forests of Iran, known for their notably low crown density and
complex crown structure of single trees. These stands have continuously undergone
extensive structural changes due to a traditional pruning method known as pollarding
(see [23]), resulting in a considerably sparse canopy. The common UAV-based 3D modeling
techniques often yield suboptimal representations of such challenging forest structures. The
main objective of this study is to examine whether the fidelity of the photogrammetric point
clouds for these trees can be significantly improved by applying our proposed method to
address the challenges of camera calibration and thereby help in providing a clearer and
more accurate retrieval of their current structure. Our method relies on the tree canopy
due to the fact that we leveraged optical UAV imagery. This resulted in evaluating the
performance of the proposed method for the upper parts of the tree due to the limited
visibility of under-canopy structures, i.e., tree trunks, in the acquired UAV data.

2. Theoretical Background

Lens distortion causes an image to deviate from its theoretically correct location,
shifting it to its actual position [24]. Although lens aberrations are the most persistent
types, they do not affect image quality while significantly influencing image geometry. This
distortion is primarily composed of two elements of radial distortion and decentering distor-
tion [19]. Radial distortion originates from imperfections in the lens grinding process [25],
whereas decentering distortion is a result of inaccuracies in the placement of individual
lens elements within the camera cone, as well as other manufacturing defects [26].

The values for lens distortion are derived through camera calibration procedures in
the bundle adjustment process. These values are typically presented in a tabular format or
expressed as a polynomial. Radial distortion is represented in the form of a polynomial as
follows [19]:

r = kir® 4 kor® + kar’ + ... 1)

where r is defined as \/x2 + y2. The correction of Cartesian coordinate components x and y
of the distortion effects are calculated by [19,27]

ox = Ux = (kyr? +kor* + .. )x

T

2
Sy = 2y = (kyr? +lort +..)y. @
The corrected image coordinates can then be computed using as follows:
Xe=X—0x=(1—)x=(1-kr?—ksr*—..)x
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Decentering lens distortion is asymmetric about the principal point. When the value
is “one”, the radial line remains straight. This is referred to as the axis of zero tangential
distortion. The correction developed for lens distortion due to decentering is expressed
as [19,27]

ox = — (]11‘2 + ]2r4)sin(p0

4
dy = (J11% + Jor*) cospo. @
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Here, ]; and ], are the coefficients of the profile function of the decentering distortion,
while @ is the angle subtended by the axis of the maximum tangential distortion with
the photo x axis. This was termed the thin prism model [27]. This model was found
to be insufficient to fully account for the effects of decentering distortion. As a result,
the Conrady—-Brown model was developed to calculate the effects of decentering on the
xand y [19]:

2\ . 2
ox = (Jir* + Jort) [( - %)sm(po - %cosgoo}

(5)
Sy = (Jir? + Jor*) {ngin(po - (1 + ZrlzZ)coscpo}.

A revised Conrady-Brown model introduced further refinements to the computation
of decentering distortion [19]. This model is expressed as

ox = [Py (r? +2x%) + 2Pxy] [1 4 Par® + .. ]

6
dy = [P,(r? 4 2y?) + 2P1xy] [1 +Psr® +...]. ©

Parameters k1, k2, ... and P1, P2, ... are required to be estimated in order to correct
lens distortion. The parameters P1 and P2 typically refer to the tangential distortion
coefficients (for the x-and y-axis) used in the lens distortion model. Tangential distortion
arises due to misalignment between the lens and the image sensor. It causes an image to be
distorted in such a way that points appear shifted along a tangential direction relative to
the image center.

It is therefore crucial to understand which parameters are needed, as they vary based
on the camera and the site conditions, which calls for testing parameters under each
specific condition.

In the following, we tested several subsets of parameters, estimated the optimal value
for each parameter, and calibrated the camera accordingly. This will allow for generating
different models tailored to reconstruct different tree crown structures. We evaluated the
performance of the combined model and compared it to the best subset of parameters,
which helps us to understand the effectiveness of our approach.

3. Implementation
3.1. Study Area

We applied our method for addressing camera calibration challenges in forest sites
located in the Zagros forests of Iran. Zagros accounts for ca. 20% of Iran’s vegetation and
hosts three endemic oak species (Quercus brantii Lindl., Q. infectoria Olivier, and Q. libani
Olivier) along with a number of other sub-dominant species. These forests are subdivided
into three zones along the latitudinal gradient [28]. The northern region, where all three oak
species coexist, has been heavily used by locals as sources of fuel and forage, leading to the
widespread use of a traditional silvopastoral method known as pollarding [29]. Each family
owns a forest portion and cuts leafy branches from oak trees for livestock feed in winter.
As a result, forests undergo a severe manipulation of tree crowns, leading to sparse crowns
with numerous gaps and occasionally crooked branches [23]. The severity of these changes
varies over time, with trees having the smallest crown area in the first year of pollarding
and gradually increasing their crown to regain its shape [23]. The sparse tree crowns pose
challenges for 3D modeling using image-based methods [16], which was the reason we
selected these forests as a challenging case for 3D modeling by UAV photogrammetry.
Figure 1 shows the location of the study area and examples of variations in tree structures.
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Figure 1. Six managed study sites located in the northern part of Zagros forests. Each site features
a representative tree that exemplifies the general form of trees in that particular site. The figure
illustrates the diversity of trees in terms of crown area, a result of pollarding at various stages. This

diversity presents varying levels of complexity in 3D modeling.

3.2. Materials
3.2.1. UAV Imagery
We utilized a DJI Phantom 4 Pro multi-rotor UAV as a consumer-grade product for
aerial imaging. This device is equipped with a three-axis stabilization gimbal, a non-metric
sensor camera, and an 8.8 mm/24 mm lens that provides an 84° field of view. The flight
plans for various sites were tailored to the specific topographic conditions and tree cover of
each site, using the iOS version of Pix4DCapture installed on an iPad tablet. These flights
took place across all six sites from 14 to 16 June 2021. We maintained uniformity in flight
planning across all sites, conducting a Nadir cross-flight at a height of 80 m for each site.
We used a multi-frequency GNSS to precisely measure five ground control points (GCPs)
located at the corners and center of each site to ensure the accurate georeferencing of the
3D models generated from the UAV imagery. While five GCPs are considered the bare
minimum, this number was selected to reflect common practice in UAV imagery in dense
stands where both access and visibility are constrained. We assessed the georeferencing
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accuracy using LOOPCV with GCPs and obtained an RMSE of 4.2 cm for check points
(CPs) across all sites.

3.2.2. Reference Data

We quantified two primary structural tree attributes. Initially, we measured tree
heights utilizing accurate field inventory methods, which are widely recognized for their
precision in capturing tree attributes [30]. Subsequently, we generated 3D models of the
trees by integrating close-range photogrammetry (CRP) and the iPhone’s LiDAR technology,
adhering to the standards outlined in [16] for the assessment of tree crown attributes. The
iPhone’s LiDAR has been widely acknowledged for its accuracy in tree measurements [31].
Here, we further enhanced the precision by combining point clouds from LiDAR and
CRP. This integration helped generate a more reliable and accurate dataset. In conclusion,
we gathered a minimum of five tree height measurements and five 3D models of trees
for each site. After generating models for individual trees, we found that each tree was
reconstructed with at least 1 million points, i.e., ca. 10 times more than points within
UAV-based models. This higher point density makes it reliable to compare the results from
UAV models with these models.

3.3. Methods

We implemented our method by coding Python scripts, written within Agisoft
Metashape 2.1.1, which incorporate the parametric lens distortion model developed by
Brown [19,27]. We initially aligned the cameras and generated a sparse point cloud follow-
ing the capture of UAV images. We then established four distinct parameter subsets of the
lens distortion model as follows:

1. ki1, k2, k3, P1, P2 (the default and most used subset of parameters [32]);
2. k1,k2,k3,Kk4, P1,P2;

3. k1,k2,k3,k4,bl, P1,P2;

4. k1,k2,k3,k4,P1,P2,bl, b2.

To circumvent a blind search among parameters, which would result in a time-
consuming and complex process, we began with the default subset and then incrementally
added terms to increase the complexity of the models. In addition to the aforementioned
four subsets, we introduced additional distortion parameters as a fifth scenario by select-
ing “Fit additional corrections” (an option introduced by Metashape) that was added to
case 4. Subsequently, we performed a refinement of the sparse point cloud that achieved
the following:

e Removed all points visible in two or fewer images;

e Removed key points in such a way that the reprojection error was halved, followed by
an optimization of the camera parameters;

e Removed points in such a way that the reconstruction uncertainty was halved, fol-
lowed by an optimization of the camera parameters;

e Removed points in such a way that the projection accuracy was halved, followed by
an optimization of the camera parameters;

e  Repeated these steps until the stopping condition was met.

Our stopping condition was set at a reprojection error of 0.5 px, a reconstruction
uncertainty of 5 px, and a projection accuracy of 3 px, based on our prior knowledge and
as suggested in [32,33]. Finally, we generated a dense point cloud for each scenario and
merged all the obtained dense point clouds to form an enhanced point cloud. An overall
workflow of the above-mentioned steps is shown in Figure 2.
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Figure 2. The overall workflow of the implemented methodology.

3.4. Evaluation

We used distortion plots as a visual tool, illustrating the distortion inherent in a camera
lens with a primary function to deepen our understanding of the camera’s distortions. We
generated a distortion plot displaying the residuals of the lens distortion model for each
pixel. This was based on the assumption that each model targets a distinct aspect of the
lens, thus being instrumental in realizing the potential benefits of integrating multiple
models into a combined 3D model.

Furthermore, we compared the enhanced model with standard models to assess its
effectiveness. Initially, we evaluated models derived from five different scenarios (as
detailed in Section 3.3) for each site. The best model was selected per site, which was then
contrasted with the model created using the suggested method. The evaluation metrics
employed were based on both site- and tree-level assessments. An evaluation covering the
entire site was not possible due to the limited availability of reference trees at each site. Thus,
the site-based evaluation involved a comprehensive analysis of the entire site to quantify
the overall performance of the model. Meanwhile, the tree-based evaluation focused on
a selected number of trees, specifically examining two main structural attributes of tree
height and tree crown. This dual approach allowed for a more complete evaluation given
the constraints of the available reference data. We utilized the CaR3DMIC approach [16] to
assess the quality over the entire site. The CaR3DMIC is our newly suggested method to
evaluate 3D forest models solely by considering tree point clouds. It provides an accuracy
ranging between 0 and 1, where 1 indicates a model that perfectly mirrors reality.

While this approach ensures a fair evaluation of trees in terms of their structural
attributes, we supplemented our assessment with two additional evaluations. Firstly,
we compared the UAV-based 3D point cloud with the reference point cloud, which is
a combination of CRP and iPhone’s LiDAR, as described in Section 3.2.2. Secondly, we
compared the field-measured tree height with the tree height extracted from the UAV-based
model (also detailed in Section 3.2.2) by calculating the relative root mean square error
(rRMSE). The rRMSE, which quantifies the difference between observed and estimated
values relative to the observed mean, is calculated as

[1yn )2
rRMSE = ni Wi~ ¥1) x 100% )
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where y; represents the observed values (here, the reference value), ij; are the estimated val-
ues, 1 is the sample size, and ¥ is the mean of the reference values. Due to our small sample
size, the rRMSE values here are interpreted as indicative rather than statistically conclusive.

4. Results

Our approach was executed through the creation of five distinct camera calibration
scenarios. Initially, we selected the best model based on the evaluation metrics, as detailed
in Section 3.4. Following this, we compared the selected model and the enhanced model,
which was a combination of all five dense point clouds. Subsequently, a comparative
analysis was conducted amongst residuals of the five models (Figure 3 for Site 5 with more
details, and results of other sites can be seen in Figures 4-8).

s
7 // ////
7l
{2l

Figure 3. A visual comparison between the residuals of different lens distortion models for Site 5,
indicating that a model accurately models a specific part (for example, A and D in Models 2 and 5
and B and C in Model 4) and fails in another (for example, A and D in Models 1, 3, and 4 and B and C
in Models 1, 3, and 5). This suggests that the models are complementary to each other, collectively
providing a more accurate depiction of lens distortion.

Figure 4. A visual comparison between the residuals of different lens distortion models in Site 1.
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Figure 8. A visual comparison between the residuals of different lens distortion models in Site 6.

Figure 9 provides a visual comparison of two representative sample trees, while Table 1

lists the detailed numerical results of this comparison.

Vertical view

Side view

Tree 1

Tree 2
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Figure 9. Comparison between our enhanced model and the top-performing standard model. The

superiority of our method is visually evident in the quality of the models for two sample trees. The

upper section represents a tree with the smallest canopy, while the lower section depicts a tree with

the largest canopy from our studied sites.
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Table 1. Outcomes of assessing our proposed approach utilizing two distinct evaluation metrics
compared with the top-performing standard model.

Evaluation Metric

Site-Based Tree-Based fRMSE %)
Site Name
CaR3DMIC Crown Area Height
Standard Enhanced Standard Enhanced Standard Enhanced
1 0.70 0.89 24 16 6 6
2 0.74 0.86 21 9 15 13
3 0.68 0.88 15 3 7 6
4 0.69 0.84 39 23 14 9
5 0.66 0.79 18 9 5 3
6 0.70 0.84 12 3 3 2

As shown in Table 1, the enhanced model demonstrated superior performance in
both site- and tree-based evaluation metrics. When examining the rRMSE for tree height,
enhancements of the model were evidently not as effective as they were for the tree crown
area. However, one may note that the enhanced model still managed to return lower
rRMSE values compared to the standard models, indicating its overall improved accuracy.
Nonetheless, further investigation with additional reference data is suggested to validate
these findings across larger spatial domains.

5. Discussion

The retrieval of tree structural attributes has become increasingly common through
the use of remote sensing tools, which help facilitate the process and improve its efficiency.
Several studies have employed various tools, including both active and passive sensors,
to estimate different structural attributes such as DBH, tree height, and tree crown fea-
tures [34]. While active sensors have been widely used [35,36] due to their accuracy and
ability to overcome many of the challenges faced by passive sensors, there are studies
that have utilized passive sensor data such as UAV photogrammetry [10,37,38]. How-
ever, this approach comes with its own set of challenges, including the lens distortions of
non-metric cameras.

Previous research has shown that lens distortion causes an image to deviate from
its theoretically correct location, shifting it to its actual position [24]. Recognizing this
phenomenon, we enhanced the lens distortion correction process by employing different
models of lens distortion. Since each model has different errors in terms of distortion,
single or multiple models may have the error for a specific region. By using all models,
we aimed to balance the strengths and weaknesses of each dataset, acknowledging that
each contains areas of error. This combined approach seeks to improve overall point cloud
quality in challenging regions. To showcase the effectiveness of our suggested calibration
approach for non-metric UAV cameras, we focused on pollarded semi-arid tree stands, a
type of forest that represents unique challenges for photogrammetric 3D modeling. While
pollarding has also been reported in numerous studies [39-42], our selection of these sites
was driven by the photogrammetric complexity of the objects, which requires an approach
able to cope with single trees with a complex crown and branching structure. The low
texture of tree crowns in such forests complicates the common image matching process [43],
leading to an often noisy dense point cloud [44]. To address this, we proposed an approach
to produce a 3D point cloud by minimizing the impact of lens distortion, a significant
source of errors in 3D modeling [45,46].
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Our methodology was grounded on the premise that each model focuses on a unique
portion of the lens distortion. Consequently, the integration of these models would yield
a more comprehensive picture of lens distortion. As illustrated in Figure 3, the residual
distortions vary across all five models. This variation can be attributed to the differing
model complexities and their distinct responses to lens distortion. We improved the
quality of the point cloud by retaining only well-modeled points identified through filtering
reprojection error [47]. This demonstrates the effective exploitation of the benefits inherent
in each calibration scenario. While this approach improves performance compared to
the unenhanced version, the enhanced point cloud’s accuracy is still influenced by the
limitations of each model. In essence, our methodology leverages the strengths of each
model, thereby enhancing the overall accuracy of representing lens distortion.

Results demonstrated that a combination of the outputs of several camera calibration
methods can significantly reduce inaccuracies in dense aerial point clouds. This is a critical
aspect that other relevant studies [48,49] have overlooked, opting instead to produce
models using default parameters of the lens distortion model. Furthermore, one of the
main challenges in complex tree structures is the presence of numerous edges that result in
the distortion of crown edges [50]. Pollarded trees do not comprise a continuously textured
crown, which results in frequent gaps and fractions within their crown. Consequently, a
single pixel error at the edges can cause a significant change in elevation, often leading to
failure in reconstructing the tree crown. Similar situations may also occur in other forests
with sparse crown covers or areas affected by tree decline. In this study, we minimized most
errors in these regions by filtering out inaccurate points, particularly those from edge areas.
Additionally, we increased the likelihood of accurately reconstructing these regions with
precise points by applying different lens distortion correction approaches and combining
various models.

A crucial aspect of our approach is the use of control points. In bundle adjustment,
different lens distortion models indirectly affect the estimated values for exterior orientation
parameters (EOPs), resulting in different EOPs for each model [51]. This directly impacts
the georeferencing of the resulting photogrammetric products. Although the changes are
small, these become apparent when combining models. To address this issue, we propose
using control points when using data from a consumer-grade UAV without an RTK module,
which is commonly the most cost-effective mode for UAV imaging flight in the absence of
RTK-equipped UAV alternatives.

The proposed methodology has yielded some intriguing findings, as it appears that the
quality and density of the point cloud representing tree crowns are significantly enhanced.
This enhancement has a profound impact on the accuracy of measuring crown area, as
demonstrated in Table 1. However, the same does not apply to the estimation of tree height,
which showed little improvement when applying the method. This inconsistency can be
traced back to how tree height is defined, namely as the vertical distance from the ground
level to the tree top. When tree height is measured using a dense point cloud, we typically
use the highest point to represent the top of the tree, i.e., a point that is likely to be present
even in less accurate models. Consequently, an improved 3D model is not guaranteed to
have a significant influence on the estimation of tree height, while it may notably boost the
precision of tree canopy area estimation.

6. Conclusions

We introduced a novel approach for non-metric UAV camera calibration aimed at
mitigating the impact of the parameter selection of lens distortion models on the 3D
modeling of tree objects. Our proposed model, a combination of results from various
camera calibration scenarios, significantly improved the quality of 3D dense point clouds
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for single tree reconstruction. While this enhancement might not be significant in tree
height estimation, it proves to be extremely beneficial in measuring structures related
to the canopy. We tested our approach across a range of study sites, each presenting
unique challenges for photogrammetric UAV 3D modeling due to the numerous edges,
complex branching, and poor tree crown texture. Although we claim that our method is not
specifically designed for forests and can be applied to a wide range of cases that encounter
modeling errors due to camera distortion, we showcased here the results of the example of
pollarded tree stands due to the availability of reference data and their challenging nature.
Furthermore, we used control points to georeference the models and align them, a common
practice in dealing with errors found in semi-professional UAVs. This method could be
further improved by using UAVs equipped with an RTK module, which is less common for
many cost-effective applications. As a future direction, we suggest exploring the concept
of automatic dense cloud matching and alignment in the absence of control points for
co-registering the cloud points produced in the five scenarios introduced in this research,
as this approach could prove highly effective in close-range photogrammetry.
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