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ARTICLE INFO ABSTRACT
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6258209

In this study, we explore the application of videogrammetry for 3D reconstruction in complex forest
environments, aiming to enhance forest inventory measurement methods. Traditional techniques are often
labor-intensive and lack scalability in dense or challenging terrain. We assess the efficacy of videogrammetry
for generating 3D point clouds in complex forest environments, focusing on an Insta 360 Pro 2 setup with
six fish-eye cameras. Harnessing this lightweight and user-friendly technology, we aim to elevate the process
of data collection while delivering realistic visual representations of forest areas. Our approach enables the
estimation of key forest characteristics, such as tree distribution and Diameter at Breast Height (DBH). The
average errors for tree position and DBH measurements range from 5.2 cm to 18.8 cm and from 0.9 cm
to 1.9 cm, respectively. The reconstructed 3D tree information is structurally similar to data obtained with
Terrestrial Laser Scanning (TLS), with normally distributed Multiscale Model-to-Model Cloud Comparison
(M3C2) errors with a mean of 0 cm and a standard deviation of 15 c¢cm to 22 cm. Our method reduces the
need for manual data collection, thus supporting effective forest management and planning.
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for generating point clouds in forestry (Calders et al., 2020; Liang et al.,
2016b). However, the heavy weight of the equipment may make it
impractical for certain forest conditions, such as dense understory and
steep slopes. Additionally, using TLS requires expert knowledge and is
costly compared with other ground-based survey methods (Fassnacht
et al.,, 2024; Griebel et al., 2015). A more cost-effective and lighter
alternative to TLS is Mobile Laser Scanning (MLS), which addresses
some of the challenges of using TLS. However, similar to TLS, MLS

1. Introduction

Assessing a forest’s role in mitigating climate change, optimizing
protection against natural hazards, and supporting sustainable biodi-
versity management require extensive knowledge about the forest on
a large scale (Ferretti et al., 2024; Breidenbach et al., 2020). How-
ever, traditional inventory methods, which involve manually measuring
trees, are labor-intensive, do not refer to large forest areas, and might
be less accurate than data provided through modern equipment (Mat-

tamala et al., 2024; Apostol et al., 2007). To enable scalable forest
inventories, we need a reliable, practical, and replicable methodology
to estimate key forest features with minimal manual effort and opti-
mized costs (Malladi et al., 2024; Hyyppa et al., 2020; Liang et al.,
2016a).

Recent advancements in remote sensing technology, like Light De-
tection and Ranging (LiDAR), have made it possible to accurately assess
fundamental single tree and forest stand features from Terrestrial Laser
Scanning (TLS) point clouds, like DBH and tree position (Hristova et al.,
2024; Kiikenbrink et al., 2022; Mokros et al., 2018), tree species (Puliti
et al., 2024), biomass (Su et al., 2025; Bornand et al., 2023), and carbon
sequestration (Fasihi et al., 2024). TLS is considered the gold standard
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requires expert knowledge on data acquisition and processing, and it
may produce noisier point clouds than TLS (Cabo et al., 2018).

In recent years, there has been a surge in the popularity of cameras
and other passive digital sensors for point cloud generation and 3D
reconstruction (Pepe et al., 2022; Murtiyoso and Grussenmeyer, 2021;
Sun and Zhang, 2019). Mass-produced cameras, such as those found
in mobile phones, as well as low-resolution spherical cameras, are
favored for their availability, ease of use, lightweight design, and low
costs compared with TLS and MLS (Zhu et al., 2021; Bienert et al.,
2018). Additionally, videogrammetry, a method in which 3D models
are created from digital camera videos, has emerged as an efficient

Received 6 May 2025; Received in revised form 13 August 2025; Accepted 16 August 2025

Available online 8 September 2025

1574-9541/© 2025 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://www.elsevier.com/locate/ecolinf
https://www.elsevier.com/locate/ecolinf
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
https://doi.org/10.5281/zenodo.16258209
mailto:hristina.hristova@wsl.ch
https://doi.org/10.1016/j.ecoinf.2025.103398
https://doi.org/10.1016/j.ecoinf.2025.103398
http://creativecommons.org/licenses/by-nc-nd/4.0/

H. Hristova et al.

approach for point cloud generation (Pepe et al., 2022; Alsadik et al.,
2015; Kwiatek and Tokarczyk, 2014). With this approach, it is possible
to combine 3D structures from point clouds with Red Green Blue (RGB)
information from photographs, providing additional information for
data analysis. While low-cost videogrammetry has primarily been used
in the context of cultural heritage, its potential application to the forest
environment remains largely unexplored.

In this study, we address the effectiveness of videogrammetry in var-
ious forest environments characterized by high levels of structure and
heterogeneity. These conditions may present challenges in accurately
identifying and aligning key points in images. Our goal is to enable
the creation of a lifelike 3D representation of the forest for immer-
sive virtual environment experiences. These representations may also
enable the estimation of forest stand features, such as the occurrence,
density, and spatial distribution of trees, as well as the dimensions of
tree diameters and trunks. These features provide crucial information
for managing and planning forest ecosystems. They serve as the basis
for assessing biodiversity (e.g., by considering variations in structure,
deadwood, and habitat trees) and for understanding essential ecosys-
tem services like timber production (e.g., based on diameter, stem
length, and shape), carbon sequestration (e.g., by assessing changes
in diameter and yield between two data collections), and recreation
(e.g., based on tree density per hectare) (Knoke et al., 2021; Oettel
and Lapin, 2021; Blattert et al., 2017). Furthermore, this extensive
data, including tree coordinates, can guide single-tree-based harvesting
interventions. This approach applies to all silvicultural practices, but
is particularly relevant for continuous cover forestry, where felling
and tree extraction are based on selective harvesting (Mason et al.,
2022; Larsen et al., 2022). Identifying trees designated for removal is
crucial to prevent damage to the soil and the remaining trees. Providing
digital information in advance about the trees targeted for removal is
likely to streamline the overall workflow. A central focus of this study
is the acquisition of structural forest information while minimizing
data collection efforts and also gaining timely knowledge of the forest
environment to support management decisions and optimize the impact
of ecosystem management.

We propose a videogrammetry approach to reconstruct 3D point
clouds in forest environments, leveraging an Insta 360 Pro 2 acquisition
setup. In a recent study, Bruno et al. (2024) assessed the performance
of this spherical camera in indoor spaces. In contrast to indoor en-
vironments, forest areas are open and highly unstructured, marked
by significant occlusion. The current camera setup has primarily been
evaluated in narrow spaces in the presence of Ground Control Points
(GCP), where stereo photogrammetry principles support its strong per-
formance (Hasegawa et al., 2000). However, reconstructions in forest
environments require covering much greater distances and demand
larger baseline distances between camera lenses when using static
images (Dai et al., 2014). To tackle these challenges with a single-body
camera, we utilized videos captured while walking through a forest
plot. The complexity of forest scenes, combined with the absence of
GCP, further complicates reconstruction efforts. To our knowledge, this
specific scenario has not yet been investigated using the Insta 360 Pro
2 setup, and the camera’s potential applications in forestry have not
been explored.

Compared with more cumbersome alternatives (Hristova et al.,
2024; Forsman et al., 2016), the Insta 360 Pro 2 is a single-camera
setup that simplifies and enhances data collection in various forest
conditions. A stereo approach for forest acquisition recently introduced
by Hristova et al. (2024) employs two Ricoh Theta Z1 cameras placed
at a certain distance from each other. Despite its potential efficiency,
such a stereo system with a distance between the cameras of more than
60 cm could be less mobile and more challenging to use in dense forest
conditions (Hristova et al., 2024). In contrast, the Insta 360 Pro 2 offers
a single-camera solution that is user-friendly, enabling easy handling,
transportation, and use.

The key novelties and contributions of this work are fivefold:
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The proposed Insta 360 Pro 2 method is applicable to various
forest study areas differing in forest stand characteristics and tree
species.

We demonstrate that the 3D reconstruction of forest plots based
on multi-lens videos is feasible.

Our approach enables the generation of scaled reconstructions
directly from the captured videos, eliminating the need for GCP
and visually coded targets.

Our method facilitates the successful estimation of tree positions
and DBH from the generated point clouds with relatively small
errors.

Using the compact Insta 360 Pro 2 equipment helps to mini-
mize the amount of data acquisition time needed in the field,
enhancing the overall efficiency of forest inventories and reducing
manual work.

2. Materials and methods
2.1. Equipment

We captured videos using a spherical camera setup. Our setup
includes an Insta 360 Pro 2 camera, which is equipped with six fish-eye
lenses aligned horizontally, each providing a 200-degree Field of View
(FoV). Each lens is capable of capturing 4K videos. When the content
from each lens is stitched together, an 8K video is produced. This setup
captures the entire 360-degree FoV of the forest in a single video. The
Insta 360 Pro 2 camera was mounted on a Monopole backpack, as
shown in Fig. 1(b). This mounting method served three purposes: (1)
it kept the camera at a consistent height during data collection, (2) it
reduced motion blur in captured videos because it acted as a stabilizer,
and (3) it made data acquisition faster and more efficient.

2.2. Study area

We conducted the study in 2024 in the Teliu forest in Romania,
managed by a Common Ownership Association comprising approxi-
mately 650 forest owners. This association oversees a total area of
around 1200 hectares, subdivided into various parcels according to the
management plan. The stands feature a wide range of diameters (DBH
ranging from 2 cm to 75 cm) and include a variety of tree species, such
as beech, spruce, pine, oak, larch, hornbeam, and sessile oak. The forest
area is sampled using 85 plots, and TLS scans have been performed
across these plots.

We visited six of these forest plots and recorded videos using our
Insta 360 Pro 2 equipment. The selected plots displayed a variety of
tree species, ages, and management practices and reflected the overall
diversity of the area. Plot 1 featured mature beech trees, while Plot
2 included a combination of mature beech and conifer trees. Plot 3
contained a mix of sessile oak and beech trees, and Plot 4 featured a
mixture of young spruce, beech, and hornbeam trees. The dominant
tree species in Plot 5 was beech, and in Plot 6 it was pine. Snippets of
the forest plots and equipment are shown in Fig. 1.

Table 1 illustrates the variability in forest stand characteristics
across the six plots in our study, focusing on tree species composition,
DBH, and tree height distributions. Plots 1 and 2 contained the largest
trees in terms of both DBH and height, while Plot 4 had the highest
number of young trees. Additionally, Plot 4 was the densest among
all the plots, followed by Plots 5 and 6. Furthermore, Plots 5 and 6
exhibited a diverse composition of tree species. In all plots, except Plots
1 and 2, there was an understory layer present, which increased the
likelihood of occlusion.
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(a) (b)

Fig. 1. Impressions of the data collection and the study area in the forest region of Teliu, Romania (image source: Mihai Nita/Forest Design SRL). Images (a),
(c), and (d) represent the different forest conditions observed during data collection: a mature stand, a young stand, and a mixed stand, respectively. Image (b)

illustrates our camera setup.

Table 1

Tree species composition, Diameter at Breast Height (DBH) and height distributions (minimum, mean, maximum, and standard
deviation values), and number of trees per hectare for each plot in our study.

DBH (cm)

Height (m)

Composition Min Mean Max

St. Dev.

Number of trees

Min Max  St. Dev.
per hectare

Mean

Plot 1 100 Fagus sylvatica  20.5 42.4 60.3

10.3

31.3 35.3 38.7 1.7 310

58 Fagus sylvatica

Plot 2
0 42 Picea abies

5.8 36.4 74.2

14.7 6.8

35.4 42.9 5.7 550

56 Fagus sylvatica

Plot 3 42 Quercus petraea

1.8 17.3 35.9

8.8 2.4 17 23 5.7 890

66 Picea abies
32 Fagus sylvatica
1 Pinus sylvestris

1 Alnus incana

Plot 4 2.1 11.8 35.7

6.5 2.6

13.8 22.8 5.7 4,530

57 Carpinus betulus
15 Fagus sylvatica
11 Pinus sylvestris
9 Quercus petraea 2.2
6 Pinus nigra
1 Acer campestre
1 Prunus avium

Plot 5 15.9 65.7

16.1 3.3

13.6 29.4 6.6 1,060

87 Carpinus betulus
4 Quercus petraea
Plot 6 4 Picea ablef o4
2 Fagus sylvatica
2 Acer campestre

1 Prunus avium

14.1 32.1

4.7 3.7

16.2 19.7 3.5 1,170

2.3. Reference mobile TLS acquisition

For this research, we systematically collected high-resolution terres-
trial LIDAR data from across the study area in 2024, using the GeoSLAM
Horizon scanner. The GeoSLAM Horizon is a hand-held mobile TLS
that emits laser pulses and measures the time taken for these pulses
to return after striking objects in the environment. Its rotating mirror
provides a 360-degree FoV by emitting laser pulses in all directions
and capturing the reflected signals with integrated sensors. As the
scanner moves through the environment, it continuously gathers data
and generates a real-time 3D map using Simultaneous Localization and
Mapping (SLAM) technology. The GeoSlam Horizon scanner is designed
for outdoor scanning at distances up to 100 m with an accuracy of
1-3 cm. The resulting mobile TLS dataset achieved a point density of
approximately 1500 points per square meter, providing detailed spatial
information about the scanned environment.

2.4. Methodology

2.4.1. Multi-rig setup with constraints

Our approach involved creating point clouds from the data captured
by the six fish-eye lenses of the Insta 360 Pro 2 camera (Fig. 2). Similar
to Bruno et al. (2024), we designated one camera as the master and
the other five as slaves. In our approach, we constrained the multi-rig
system in the following way. First, we set the (, y, z) baseline distances
between the master and slave cameras, as per estimations in Bruno
et al. (2024). The baseline distances were computed via a multi-rig
camera calibration. Second, we considered the rotational angle between
the master camera and each slave camera. Each camera is positioned at
a 60-degree rotation around the z-axis of its neighboring camera. Both
the (%, y, z) distances and the rotational angles were specified in our
point cloud generation pipeline.
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Fig. 2. Methodology pipeline. (1) We process the captured videos as a set of 5 frames per second (fps) synchronized video frames, for which we mask out the
sky. (2) We calibrate the multi-rig system to find the proper distances between the cameras. (3) Given the multi-rig constraints, we proceed with the orientation
of the video frames, before (4) filtering the computed tie points using gradual selection. Finally, (5) we generate the dense point cloud.

2.4.2. Video frame selection

We generated point clouds using content from the six fish-eye
cameras by extracting a number of video frames. Each video frame
represented a camera position at a specific time. The number of video
frames we used was determined by the frame rate at which we ex-
tracted the frames. The frame rate affects (1) the distance between
each pair of consecutive camera positions and (2) the level of detail
in the resulting point cloud. A higher frame rate leads to more detail,
allowing more features to be matched between images and ensuring
successful camera orientation. However, a higher frame rate also means
smaller distances between consecutive camera positions, which can re-
sult in larger errors in depth estimation, according to photogrammetric
principles (Hasegawa et al., 2000).

We conducted tests on point cloud generation using three different
frame rates: 1, 5, and 10 fps. At 1 fps, the level of detail in the
point cloud was insufficient and required improvement, as illustrated
in Fig. 3. The optimal frame rate for capturing detail and ensuring
accurate camera orientation can vary based on factors such as forest
type, density, number of trees, and the complexity and occlusion of the
environment. Our findings indicated that utilizing a frame rate of only
1 fps could lead to frame misalignment during point cloud generation.

To address this issue, we opted for a frame rate of 5 fps, which
considerably enhanced the quality of the point cloud. However, it
is essential to note that increasing the frame rate also elevated the
computation time required for generating the point cloud. For example,
using a frame rate of 10 fps increased computation time by 2 to 3
times compared with 5 fps. Additionally, we observed that 10 fps often
led to incorrect reconstructions, where a tree stem appeared multiple
times within a single point cloud, as depicted in Fig. 4. This was
caused by increased errors in depth estimation as a result of decreased
distances between two consecutive video frames when 10 fps was used.
Through empirical evaluation, we determined that 5 fps offers results
with a good balance between computational efficiency and point cloud
quality.

In the forest, the uneven terrain and occasional poor lighting can
sometimes cause image blur. To prevent any incorrect image feature
matching caused by blur, we filtered out low-quality video frames.
As demonstrated by Sun and Zhang (2019), removing blurry images
improves the point cloud quality. After selecting the video frame rate,
we used the Image Quality Estimation feature in the Agisoft Metashape

software (AgiSoft, 2018) to assess image quality, and we filtered out
frames with a quality rating below 0.75. This resulted in the removal
of 5% to approximately 40% of the video frames, depending on the
plot.

2.4.3. Masking

To enhance the quality of the point cloud and minimize noise,
we developed a Python script that filtered out the sky in each video
frame by generating image masks. We created the masks by isolating
all pixels in the video frames with Hue Saturation Values (HSVs) falling
within a specific range corresponding to the color blue. Furthermore,
we eliminated pixels with the highest luminance (channel V in HSV),
ranging from 200 to 255. This removed the brightest regions in the
frames, belonging to the sky. The mask was generated for each fish-eye
video, specifically for the upper half, as the sky was only visible in that
portion. During our data acquisition, the weather was clear and sunny.
However, the mask computation can be adjusted for different weather
conditions by altering the color range during pixel filtering. Although
the masking algorithm is simple, a visual inspection of the generated
masks for all videos in our study revealed the efficiency of the filtering
procedure.

2.4.4. Camera orientation

The first step in generating a point cloud from video frames using
photogrammetry involves orienting the video frames according to the
different camera positions. An important part of this process is camera
calibration. We generated initial estimates of the camera parameters
through an auto-calibration step in Agisoft Metashape. The camera
parameters k,, p;, and p, were equal to O, as per findings by Bruno
et al. (2024).

Following the initialization of camera calibration, we proceeded
with the camera orientation step using the “medium” settings in Agisoft
Metashape, downsampling the original video resolution by a factor of
16. The calibration parameters remained adjustable during the camera
orientation process, enabling the bundle adjustment algorithm to derive
improved calibration estimates. For the feature extraction, we used
20,000 key points and 4000 tie points. We used the ‘“‘generic” prese-
lection option for computational efficiency, and we applied adaptive
camera settings.
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(a) 1 fps

(b) 5 fps

Fig. 3. Quality comparison between a point cloud generated using our videogrammetric approach with (a) 1 frame per second (fps) and (b) 5 fps. The snippets
shown in (a) and (b) were captured from the same viewpoint. Except for the difference in the frame rates, the two point clouds were generated with the same
settings. A larger number of video frames (5 fps) results in a higher level of detail in the point cloud.

(a) 5 fps

(b) 10 fps

Fig. 4. Quality comparison between a point cloud generated with (a) 5 frames per second (fps) and (b) 10 fps. The snippets shown in (a) and (b) were captured
from the same viewpoint. Except for the difference in the frame rates, the two point clouds were generated with the same settings. Using 10 fps resulted in an
incorrect stem reconstruction, making the same tree appear several times in the point cloud.

After completing the frame orientation, we used the gradual selec-
tion tool in Agisoft Metashape to filter out tie points. First, we removed
tie points with a high reconstruction uncertainty, i.e., above 100. This
helped us to filter out noise in the point cloud caused by distant objects
without losing too many points. Then, we removed tie points with a
reconstruction error above 0.8 and optimized the camera orientation by
rerunning the bundle adjustment algorithm. We repeated this process
three times to address any poor localization of the point projections.
Finally, we filtered out all tie points with a projection accuracy greater
than 10 and ran the bundle adjustment algorithm to optimize camera
locations. The three threshold values used in the gradual selection tool
were carefully chosen based on (1) standard practices to filter out noise
without removing too many tie points and (2) empirical testing.

2.4.5. Point cloud generation

Upon successful orientation, we generated a dense point cloud with
“medium” quality and “moderate” filtering parameters. The quality pa-
rameter “medium” denotes multi-view dense matching on sub-sampled
pixels of the original image, representing 1/16 of the original pixel
resolution. The filtering parameters pertain to the specific depth map
filtering strategies employed by the software. Snippets of the point
clouds generated using our pipeline! are visualized in Fig. 5. All the

1 The generated Insta 360 Pro 2 point clouds are available here: https:
//doi.org/10.5281/zenodo.16258209.

Insta 360 point clouds were computed on a MacBook with a dedicated
Radeon Pro 580 GPU with 16 GB of memory.

2.5. Point cloud alignment

We used TLS-derived point clouds as reference data for our evalu-
ation. To align the videogrammetric point clouds with the TLS point
clouds, we initially performed a rough manual alignment of the two
types of point clouds. This was followed by an automatic fine regis-
tration using the Iterative Closest Point (ICP) algorithm of CloudCom-
pare (CloudCompare, 2023).

We excluded trees located at the very edge of the reconstructed
forest area to eliminate those that were highly incomplete and not
included in the acquisition path, i.e., we intentionally did not capture
data for these trees. These edge trees were only partially reconstructed,
with less than 20% of the tree stem generated, and were therefore
considered unreliable for evaluation.

Within each plot, there were trees that were not completely re-
constructed due to the acquisition path and occlusion. Unlike the
edge trees, all trees completely within the plots were included in our
evaluation, regardless of their level of reconstruction.

2.5.1. Point cloud scale

Our method generates point clouds with a specific scale. The scale
is solely a result of the multi-rig constraint in our pipeline, and it does
not depend on any external factors. We first analyzed how well this
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(b) Plot 2

(d) Plot 4

(e) Plot 5

(f) Plot 6

Fig. 5. Snippets of the point clouds generated with our method for each forest plot in our study.

Reference Generated Reference

Generated Reference Generated

(2)

(b)

(c)

Fig. 6. Close-ups of cluster cross-sections at 1.3 m height along the tree stem in the generated point clouds and the corresponding reference point clouds. The
two types of cross-sections are visualized using the same scale. The red circle illustrates the approximated diameter. Example (a) illustrates a nearly complete
tree stem, while example (b) showcases a more natural shape that deviates from a perfect circle. Examples (b) and (c) both depict partially incomplete diameters,

with example (c) containing more noise.

scale represents the real-world distances within the videogrammetric
point clouds. To achieve this, we distributed 25 pairs of visually coded
targets around each forest plot during data collection. These targets
were automatically detected in the video frames and resulting point
clouds. The distance between each pair of visually coded targets was
known to be 13.3 cm. Such an approach was used by Murtiyoso et al.
(2022) and Kiikenbrink et al. (2022) to scale photogrammetric point
clouds in the forest. In our study, we used it exclusively for evaluation
purposes.

Once a target pair was detected, we created a scale bar reflecting
the distance between the targets, which we used as control points. We
then computed the error by comparing the real-world distance between
each pair of targets with the estimated distance derived from the point
cloud.

2.6. Tree position estimation

We estimated tree positions from each videogrammetric point cloud
and compared them with the corresponding reference tree positions
from the TLS point clouds. To accomplish this, we first normalized
both types of point clouds using the ground information obtained from
the TLS point cloud to remove the influence of the terrain. Then,

we applied the algorithm presented by Hristova et al. (2024) to
the normalized point clouds. This algorithm efficiently clusters the
tree stems. To make it more robust to noise, we added two more
steps by computing the SPHERICITY feature of the point clouds using
CloudCompare (CloudCompare, 2023) before applying the Connected
Components (CC) algorithm for clustering. We removed all points with
a SPHERICITY value less than 0.08, which helped us to filter out excess
noise around the tree stems. After the stem clustering, we generated a
cross-section at 1.3 m height for each cluster. We consider the center of
each cluster as the tree position. Examples of cluster cross-sections at
1.3 m height for both the videogrammetric (Insta 360 Pro 2) and the
corresponding TLS point clouds are shown in Fig. 6. These examples
highlight different degrees of stem completion and variation in shape.

2.7. DBH estimation

Next, we evaluated the quality of the videogrammetric point cloud
by comparing the estimated DBH from the point cloud with a ground-
truth DBH estimated from the TLS point cloud. We extracted the DBH
from both the generated point cloud and the TLS-derived point cloud
corresponding to a tree stem, applying the modified Random Sample
Consensus (RANSAC) method proposed in Hristova et al. (2024).
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Acquisition and processing times for our approach, in hh:mm format, the number of frames and tie points, and the scale error

in mm. Point cloud generation was completed with 5 frames per second (fps).

Number of frames  Number of tie points  Acquisition  Frame orientation  Point cloud generation  Scale
Plot 1 1886 5 278 259 00:08 10:11 16:20 4.5
Plot 2 1165 2914 922 00:07 04:00 06:59 4
Plot 3 1846 1 105 081 00:06 08:46 05:04 4
Plot 4 651 1 076 615 00:04 01:32 01:58 5
Plot 5 1816 2 286 486 00:06 08:30 06:18 5
Plot 6 1527 2104 681 00:06 06:30 07:33 5
30
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Fig. 7. Distribution of tree position errors estimated from the videogrammetric point cloud and the respective Terrestrial Laser Scanning (TLS) point cloud for
each forest plot in our study. The average position error per forest plot is indicated as a horizontal line within each box plot.

2.8. Multiscale model-to-model cloud comparison

We used the M3C2 metric (Lague et al., 2013) to measure the
structural distance between point clouds by identifying local distance
variations at reference core points extracted from the TLS data. For
each core point, we calculated the M3C2 metric based on its distance to
neighboring points in the videogrammetric point clouds. We excluded
core points that had no neighboring points from our analysis. We calcu-
lated the M3C2 distance using projection and normal scale diameters of
0.5954 and 0.1488, respectively. We selected these parameters based
on empirical observations, starting with an initial guess from the M3C2
algorithm. This was followed by a refinement stage where we aimed
to achieve a balance between estimating broader-scale features and
capturing finer details of the tree point cloud.

3. Results

We assessed the performance of our approach by analyzing the scale
and the geometry of the videogrammetric point clouds, as well as the
potential for extracting realistic tree position and DBH information.

3.1. Computational time and scale

Table 2 summarizes the acquisition and processing times for each
forest plot in our study, along with the number of frames retained after
low-quality frame removal and the number of tie points generated after
applying gradual filtering to the sparse point cloud. The acquisition
time, which reflects the duration spent in the field, ranged from 4
to 8 min. Computation time is split into two parts: frame orientation
and point cloud generation. The shortest computation time, with the
fewest frames and tie points, was achieved for Plot 4. Conversely, Plot
1 exhibited the longest computation time, as it had the largest number

of frames and tie points. The total computation time per plot varied
between 3 h and 30 min and 26 h and 30 min.

The last column in Table 2 showcases the scale error. The scale error
represents the degree to which the distance between a pair of visually
coded targets, as computed on the point cloud, deviates from the actual
distance between these targets. The error was calculated using control
scale bars in Agisoft Metashape software, and it was consistent over all
six plots.

3.2. Tree position estimation

Fig. 7 shows the horizontal tree position errors between the
videogrammetric point cloud and the reference TLS data. We estimated
the tree positions as presented in Section 2.6. The average tree position
errors ranged from 5.2 cm to 18.8 cm, with a percentile range spanning
from 12.6 cm to 31.7 cm. Fig. 8 shows snippets of the cross-sections of
the tree stems for the generated point cloud and the TLS point cloud.

3.3. DBH estimation

Fig. 9 shows the distribution of errors between the DBH calculated
from the videogrammetric point cloud and the DBH obtained from the
TLS point cloud. The errors are presented both in absolute terms and
relative to the reference DBH. The average absolute DBH error ranged
from 0.99 cm to 1.89 cm, while the average relative DBH error ranged
from 3.15% to 9.33% (reported in Table 3). Moreover, the percentage
of tree stems with a relative DBH error of less than 10% ranged from
55.55% to 91.89%, as shown in Table 3. The lowest percentage of
trees exceeding a DBH error of 2 cm was recorded for Plot 4 (4.76%),
whereas the highest was recorded for Plot 1 (37.8%).
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Fig. 8. Snippets from the six forest plots of cross-sections of tree stems obtained from videogrammetric point clouds (in red) and Terrestrial Laser Scanning (TLS)
point clouds (in blue). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 9. Distributions of (a) absolute Diameter at Breast Height (DBH) errors in (cm), and (b) relative DBH errors for each forest plot in our study area. The
average DBH error per forest plot is indicated as a horizontal line within each box plot.

3.4. Multiscale model-to-model cloud comparison

Figs. 10 and 11 display a subset of M3C2 point clouds computed for
single trees from our videogrammetric (Insta 360 Pro 2) point clouds.
Well-reconstructed points are shown in blue, representing the majority
of the points, as illustrated in the histograms (b) and (d) in Fig. 10.
Points differing substantially from their counterparts in the TLS point
cloud are highlighted in orange. White indicates points from the TLS
point cloud that are not reconstructed in the Insta 360 Pro 2 point
clouds. The M3C2 errors are normally distributed, with a mean of
approximately 0 cm and a standard deviation of 15 cm to 22 cm.

4. Discussion
4.1. Reconstruction quality

The generated point clouds can be used to visualize the forest from
a ground-level perspective while minimizing visual noise (Fig. 5). As
indicated by the M3C2 metric in Fig. 10, the reconstruction of most tree
stems is close to the structure from the TLS point cloud. Larger errors
are observed for tree branches and leaves. Moreover, the point clouds
sometimes show incomplete tree stems due to insufficient data captured
for the tree stem, often caused by occlusions or acquisition path issues.
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Average error values for tree position, absolute Diameter at Breast Height (DBH), and relative DBH; percentage of
trees with a DBH error of less than 10% and percentage of trees with an absolute DBH error greater than 2 cm.

Average value

Percentage of trees

Tree position  DBH (absolute)

DBH (relative)

DBH (less than 10%) DBH (greater than 2 cm)

Plot 1 7.19 1.89 4.70%
Plot 2 11.54 1.42 3.15%
Plot 3 9.23 1.05 8.32%
Plot 4 18.79 0.99 6.36%
Plot 5 16.08 1.03 9.33%
Plot 6 5.25 1.40 6.16%

91.89% 37.80%
83.08% 35.38%
55.55% 29.63%
83.33% 4.76%
61.76% 23.53%
73.33% 5.33%

(Gauss: mean =-0.04721 std.dev. = 0194584 (572 classes]
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Fig. 10. Examples of the Multiscale Model-to-Model Cloud Comparison (M3C2) metric computed for two single trees, visualized in false colors. The color range
used in the M3C2 point clouds in (a) and (b) is depicted in the M3C2 histograms in (b) and (d), and shown as a color bar in example (a). Blue indicates small

M3C2 distances, whereas orange corresponds to large distances, i.e., considerable reconstruction errors.

figure legend, the reader is referred to the web version of this article.)

Additionally, the point clouds do not provide much information about
the upper layers of the canopy. The generated videogrammetric point
clouds include points up to approximately 15 m in height. Although we
used a spherical camera, we captured data from a terrestrial viewpoint
at a considerable distance from the canopy. With our multi-lens ap-
proach, we cannot guarantee that the estimated scale will be accurate
for large distances from the camera sensor, as is the case for the upper
parts of the canopy.

Furthermore, the low resolution around the projected spherical
poles of a spherical video (the upper and lower quarters of the projected
spherical video frames) combined with the complexity of the canopy
may hinder effective feature matching on leaves and small branches.
Moreover, the significant distance between the canopy and the camera
sensor poses a challenge in reconstructing reliable depth information
for these canopy regions. This difficulty in accurately reconstructing the
upper layers of the canopy is a common issue in terrestrial videogram-
metric methods used in forestry, as also demonstrated in previous
studies (Murtiyoso et al., 2022; Kiikenbrink et al., 2022; Hristova
et al.,, 2024). To complete the point cloud, approaches combining
terrestrial and Unmanned Aerial Vehicle (UAV) point clouds can be
considered (Kushwaha et al., 2023). This topic lies beyond the scope
of this paper and is identified as a direction for future work.

4.2. Point cloud scale and orientation

By employing our multi-rig approach, we achieved a good scale for
the generated point cloud using only a single-body camera without
the requirement of visually coded targets. We analyzed the scale of
the generated point clouds based on the distances measured between
the visually coded targets, which serve as a representation of the real-
world scale (final column in Table 2). Our analysis revealed that the
scale of the generated point clouds deviated by no more than 5 mm
from the actual real-world scale. Using the Insta 360 Pro 2 system

(For interpretation of the references to color in this

with two spatial constraints thus eliminates the need for visually coded
targets, simplifying data acquisition for non-expert users and making
the process more time-efficient.

Our method generates videogrammetric point clouds that are ini-
tially not oriented. The orientation can be adjusted during post-
processing, either through georeferencing or by rotating the point
clouds in CloudCompare to align with the ground. Georeferencing can
be achieved by placing visual markers on the forest floor, usually
three in total, and recording their coordinates with a Global Navi-
gation Satellite System (GNSS) receiver. These markers can then be
automatically identified in the point cloud. A transformation can be
applied to the unoriented point cloud based on the coordinates of the
detected markers, thereby georeferencing the point cloud. The point
cloud orientation is essential when applying algorithms for tree position
and DBH estimation (Hristova et al., 2024). In our evaluation, all
generated point clouds were georeferenced, as we aligned them with
the reference TLS point clouds.

4.3. DBH and tree position estimation

The average DBH error was less than 2 cm, and its relative con-
sistency across the study plots suggests that our method is reliable for
reconstructing tree DBH (see Fig. 9). The expected error can reach up
to approximately 7% relative to the DBH estimated from the TLS point
cloud. The distributions of DBH errors exhibited a small standard devi-
ation, ranging from 1 cm to 2 cm, further confirming the robustness of
our approach. In contrast, Hristova et al. (2024) report an average DBH
error of 20% for their approach with two spherical cameras positioned
60 cm apart. Their results are based on a study in a temperate forest.
Our study and the study by Hristova et al. (2024) cannot be compared
directly since the analyses were done on different forest plots. However,
our method estimated the tree positions with an average position error
ranging from 5.2 cm to 18.8 cm, which is about two to six times lower
than the best average position error obtained by Hristova et al. (2024).
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Fig. 11. Snippets of the Multiscale Model-to-Model Cloud Comparison (M3C2) point clouds, visualized in false colors. Purple and blue indicate small errors,
whereas orange depicts large errors, i.e., substantial reconstruction distances. The color bar shown in example (a) illustrates the color range for all examples in
this figure. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Our analysis indicates that Plot 4 has the highest average tree
position error, measuring 18.79 cm, followed by Plot 5 with an av-
erage positional error of 16.08 cm. Plot 4 also had the greatest tree
density and the steepest average slope among all the plots, along with
the largest number of young trees. The combination of these three
factors made Plot 4 particularly challenging, likely contributing to the
increased positional errors. Similarly, Plot 5 was characterized by a
high average slope and was partially obscured by an underlayer that
is less than 10 m in height.

In our study, the smallest average absolute DBH error and the lowest
deviation in relative DBH error were found for Plot 3 and Plot 4.
However, both of these plots exhibited relatively large percentage DBH
errors, which were similar to those observed for Plot 5 and Plot 6. This
can be attributed to the presence of many young trees with small DBH
values in Plot 3 and Plot 4 (Fig. 9). Yet, Plots 3 and 4 differed in the
percentage of trees with a relative DBH value of less than 10% and
an absolute DBH value greater than 2 cm. Plot 4 had the fewest trees
whose DBH measurement differed by more than 2 cm from the DBH
estimated using TLS. This is likely due to Plot 4 containing the highest
number of young trees compared to all the other plots in our study
(refer to Table 1), resulting in an overall decrease in the relative DBH
errors.

Some of the absolute DBH errors exceeding 2 cm (reported in
Table 3) were attributed to stem incompleteness and noise, as shown
in Fig. 12(a). Stem incompleteness was influenced by factors such
as the acquisition path and occlusion. For instance, Plot 3 had the
lowest percentage of trees with a relative DBH error below 10%, and
approximately 30% of the trees in this plot exhibited an absolute DBH
error greater than 2 cm. Additionally, Plot 3 was one of the areas
with the highest level of occlusion, which increased the risk of stem
incompleteness during 3D reconstruction. Our analysis revealed that
substantial DBH errors can also arise from incorrect clustering of data
points. For instance, all the points presented in Fig. 12(b) belong to a
single cluster despite representing two separate tree stems. This led to
an overestimation of the DBH.
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We discovered that occasional incorrect clustering was caused by
residual noise in the data. Although we aimed to minimize noise near
tree stems by incorporating a filtering step during the DBH estimation
— based on the SPHERICITY feature of the point cloud - some noise
may still have persisted, depending on the density of the generated
point cloud. Overall, the proposed approach is effective for applications
that include estimating DBH distribution and assessing forest stand
maturity.

4.4. Multi-rig videogrammetry with Insta 360 Pro 2

In a recent study, the performance of the Insta 360 Pro 2 spherical
camera was evaluated in narrow spaces, particularly through the work
of Bruno et al. (2024). Our study builds upon their findings by utilizing
the same camera and following their recommendations for a con-
strained multi-rig system. However, while Bruno et al. (2024) focused
on narrow environments, our research targets outdoor forest settings
characterized by varying illumination and textural differences. We
aimed to analyze the effectiveness of the multi-rig setup in highly struc-
tured and complex open conditions that may involve occlusion, as well
as to assess our method’s ability to accurately reconstruct real-world
distances and scales in both open and complex environments.

Bruno et al. (2024) reported a Root-Mean-Square Error (RMSE)
of 1.6 cm when employing a constrained multi-rig setup with six
Ground Control Points GCPs. While the use of GCPs generally enhances
accuracy, in our approach we intentionally omit them to streamline
data acquisition. Furthermore, our method is video-based, which signif-
icantly accelerates the collection process compared with that of Bruno
et al. (2024).

We employ a single-camera setup in our approach to capture data
in forested areas, allowing for adaptability across various types of
forests. In contrast to the dual-camera approach using stereo Ricoh
Theta Z1 cameras, demonstrated by Hristova et al. (2024), the Insta
360 Pro 2 features automatic lens synchronization. This capability
reduces alignment errors between frames and thus indirectly enhances
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(a) Incomplete stem

(b) Incorrect stem clustering

Fig. 12. Examples of clusters corresponding to tree stems with substantial Diameter at Breast Height (DBH) errors (larger than 2 cm). Example (a) illustrates an
incomplete DBH, whereas example (b) demonstrates incorrect clustering caused by noise. The points belonging to the cross-section at 1.3 m height along a tree
stem are shown in black, and the estimated DBH is shown in red. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

the quality of the resulting point clouds. As illustrated in our findings
(Fig. 5), we have determined that using videos from a single-body
camera while navigating through forest terrain does not compromise
the quality of reconstruction or the accuracy of the scale.

Our setup is significantly more affordable and user-friendly than
TLS and MLS devices, while representing an upgrade from consumer-
grade cameras like those found in smartphones. One key benefit of
our camera equipment over smartphone cameras is its use of multiple
lenses, which can capture the forest scene from various angles simul-
taneously. This capability can significantly speed up data collection.
Additionally, these multiple lenses help ensure accurate real-world
scaling of the 3D reconstructions of the forest scene (see Section 4.2).
In contrast, smartphone cameras rely on visually coded targets to scale
the generated point clouds (Murtiyoso et al., 2022). The need for these
visually coded targets can increase data acquisition time and requires
careful placement throughout the forest area (Hristova et al., 2024).
In our approach, the scale is inherently integrated into the pipeline,
eliminating these complications.

4.5. Implications for forest management planning

The advances in digital camera technology enable the reconstruc-
tion of rich, spatially explicit data on individual trees, including DBH,
spatial position, and, in the near future, species identification (Puliti
et al., 2024). This enables reliable 3D reconstructions of forest stands
and detailed assessments of tree social status (e.g., spatial distribution,
competition). Such fine-scale information opens new possibilities for
forest management planning, allowing interventions to be downscaled
from the traditional stand level (O’Hara and Nagel, 2013) to the level
of individual trees. Thus, it can inform tree-level harvesting decisions
by identifying which trees should be retained or removed - and, in the
near future, by estimating tree volumes of removals.

Beyond operational planning, data collected through our method
can also serve as initialization input for forest growth simulations (Neu-
dam et al., 2023). By using 3D reconstructions, we can accurately
estimate the characteristics of each tree within a defined forest area,
which eliminates the need for traditional inventory methods. This
advancement helps to enhance the accuracy of forest growth simula-
tions as initialization data are provided for small areas; the growth,
competition, and mortality of trees can thus be simulated per patch and
therefore more accurately. When exploring forest dynamics under vari-
ous intervention scenarios and climate change conditions, a more solid
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foundation for adaptive management can be provided (Thrippleton
et al., 2021).

Finally, policies such as the EU Forest Strategy (EC, 2021) and
the EU Biodiversity Strategy (EC, 2020) can be supported by this
approach. These policies increasingly advocate for climate-adaptive
and single-tree-based continuous-cover forestry practices to support
multifunctional forest goals and biodiversity conservation (Mason et al.,
2022; Brang et al., 2014). Implementing such policy objectives requires
detailed, high-resolution information on current forest conditions. In
this context, the data obtained with our spherical camera approach
offers valuable insights. For instance, it enables the linkage of for-
est structural attributes to indicators of key ecosystem services and
biodiversity (Oettel and Lapin, 2021; Blattert et al., 2017).

5. Conclusion

Our study demonstrates the potential of the proposed videogram-
metry pipeline using the Insta 360 Pro 2 setup for effectively recon-
structing 3D representations of complex forest environments. Notably,
the scale error is less than 5 mm, indicating that the videogrammet-
ric reconstructions closely match real-world dimensions. Our findings
show that the proposed approach not only streamlines data collection
efforts but also obtains good estimates of critical forest metrics, such
as tree position and DBH. The average values of tree position and
DBH estimates remain below 20 cm and 2 cm, respectively, and are
comparable to estimates derived from TLS for the same tree features. By
eliminating the need for visually coded targets, we have simplified the
acquisition workflow, making it more user-friendly and accessible for
forest management applications. Creating reliable 3D reconstructions
efficiently supports forest ecosystem management and planning, pro-
viding essential insights into stand structure and composition. Overall,
our research highlights the robustness and practicality of the Insta 360
Pro 2 method, paving the way for its broader adoption in forestry
studies.
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