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Abstract

Urban green spaces (UGS) provide various ecological, cultural, aesthetic, and psychological functions contributing
to public health and well-being. To ensure proper management and the optimal performance of all these functions, it
isessential to closely monitor their structure: number of trees, species composition, tree size, health status, location
and surrounding objects. Traditionally, parameters are measured using conventional methods: calipers, altimeters,
and diameter tapes. However, while modern 3D data collection technologies such as terrestrial and mobile laser
scanners or photogrammetry have been employed for monitoring UGS, their use is often challenging. Therefore, we
aimed to test and create amethodology using a novel device (Pix4D & Emlid Scanning Kit), which uniquely combines
photogrammetry and light detection and ranging with real-time kinematics in a smartphone. Since the solution is
smartphone-based, it provides relatively low-cost employability. The research was conducted in Adolf Priesol Park
in Zvolen (Slovakia) over an area of approximately 6,000 m?. We focused on the device’s positional accuracy in
measuring footpaths, park amenities, and trees, as well as its tree detection rate and accuracy in determining tree
diameter. The results demonstrated that the device exhibited high positional accuracy (horizontal RMSE =0.08 m,
vertical RMSE =0.07 m), a 100% tree detection rate, and exceptional diameter at the breast height accuracy, with
an RMSE of 1.1 cmin the area-based approach and 0.42 cm in the individual approach. Notably, the 6,000 m? area
was covered in 80 minutes, including collecting almost 85 trees, all footpaths and all park amenities.

Key words: urban green space; Emlid; photogrammetry; LIDAR

Editor: Bohdan Kondpka

1. Introduction

Urban green spaces (UGS) are considered an essen-
tial element in the design of the urban landscape (Li
et al. 2021) which perform several functions such as
ecological, cultural, aesthetic, and psychological func-
tions, contributing to public health and well-being
(Grét-Regamey et al. 2013). They are also important
in regulating microclimate (Richardson & Isebrands
2013; Lietal. 2018; Tang et al. 2023) and air purifying
(Hirabayashi 2021). They provide many services to citi-
zens, providing space for sports activities, relaxation,
and mitigation to tackle heat (Wang & Wu 2020; Wang
etal. 2023).

Mapping and monitoring of UGS by collecting data
on the structure, such as the number of trees, species
composition, tree size, health status, and location, are
essential for estimating indicators like total leaf area and
tree biomass. These metrics are crucial for quantifying
various forest functions and ecosystem services, which
are important for effective urban forest planning and
enhancing the quality of life in cities (Nowak et al. 2008;
Shekhar & Aryal 2019). Given the lack of comprehensive
information about vegetation in urban environments,
UGS mapping should be a fundamental step in sustain-
able urban planning (Shekhar & Aryal 2019).

In both the past and present, various methods have
been employed to collect data for UGS mapping and
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monitoring. These methods include field measurements
using tools such as diameter tape, caliper, and hypsom-
eter, as well as the interpretation of aerial and satellite
images (Holopainen et al. 2013). While field measure-
ments can provide accurate UGS information, they are
often time-consuming, expensive, and usually unable
to cover large areas (Cabo et al. 2018; Chen et al. 2019;
Shahtahmassebietal. 2021). Aerial and satellite imagery,
on the other hand, offer the advantage of acquiring data
over large areas but are limited in their ability to capture
sufficient detail due to relatively low spatial resolution
(Pu & Landry 2012; Shahtahmassebi et al. 2021). We
cannot overlook the fact that modern non-contact data
collection methods, such as airborne laser scanning
(ALS) and unmanned aerial vehicle scanning (ULS),
are increasingly being used to monitor UGS (Zigba-
Kulawik et al. 2021; Schmohl et al. 2022). ALS provides
data at lower point densities, is widely used in urban
areas, and allows efficient mapping over larger areas,
with minimal constraints from flight regulation. ULS,
on the other hand, delivers very high point density and
detail, which is advantageous when analysing individual
trees and structures in detail. However, this technology
faces limitations in urban areas due to strict regulations
onaerial activities that may affect its use (Bruggisseret al.
2019). Due to these limitations, it is necessary to explore
and develop innovative ground-based solutions that can
be effectively used in specific applications, for this let us
return to the ground solution.

A suitable alternative to these methods could be the
utilization of close-range remote sensing methods capa-
ble of generating 3D point clouds, such as terrestrial
photogrammetry and laser scanning. These methods are
currently gaining more and more popularity and atten-
tion. Laser scanning utilizes light detection and ranging
(LiDAR) to measure distances between a scanner and an
object of interest to create 3D representations as a point
cloud (Robertsetal. 2019). Based on mobility, Laser scan-
ning can be divided into static laser scanning, also known
as terrestrial laser scanning (TLS), where the objects are
scanned from a static position on a tripod, and mobile
laser scanning (MLS), where scanning is performed while
the scanner is in motion (Liang et al. 2016; Hyyppa et al.
2020). TLS generates a point cloud of the highest quality
with a high level of spatial accuracy, on the other hand,
TLS isexpensive and requires significant labour and time.
Duetoits static nature, objects of interest must be scanned
from multiple positions to mitigate occlusion effects, par-
ticularly in complex terrain. Additionally, the high accu-
racy and detail of TLS generate a large amount of data,
requiring powerful computing resources and substantial
storage capacity. TLS is particularly suited for detailed
measurement of small areas with high detail and point
density. It is widely used in architecture, construction,
archaeology, automation systems, etc. (Holopainen et al.
2013). TLS hasalso found its applications in forestry and
forest inventories (Liang et al. 2018; Ritter et al. 2020),
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estimation of dendrometric parameters such as diameter
at breast height (DBH), tree height, and stand volume
(Astrup et al. 2014; Cabo et al. 2018; Zigba-Kulawik
et al. 2021). It is also used for mapping and monitoring
urban greenery (Jaalamaetal. 2021; Zigba-Kulawik et al.
2021). The drawbacks of TLS, such as occlusion, time
consumption, and laboriousness, can be mitigated using
MLS (Cernava et al. 2019; Mokros et al. 2021).

MLS devices can be handheld, mounted on a back-
pack, or attached to a vehicle (such as a quad bike or
tractor). In these cases, scanning is performed while the
scanner is inmotion, ensuring the object is captured from
multiple perspectives. These devices typically use SLAM
(Simultaneous Localization and Mapping) technology
to link individual scans (Bauwens et al. 2016; Balenovié¢
etal. 2021). SLAM determines the location and orienta-
tion of a device in the local coordinate system at a specific
moment in time using the detected objects while simul-
taneously creating a map of the surroundings (Bauwens
et al. 2016; Balenovi¢ et al. 2021; Mokros et al. 2021).
From a user point of view, the MLS is easier to use. The
drawback compared to TLS is lower spatial accuracy and
lower point density, point clouds contain more noise,
which can lead to false tree detection and duplications,
especially in denser stands (Mokros$ et al. 2021), MLS
has a wide range of applications in various areas. There
are many publications about MLS utilization in forest
environments and it finds utilization in area of UGS.

MLS and TLS technologies are relatively expensive,
and an affordable alternative to them could be terrestrial
photogrammetry, which has recently flourished. With
the development of computer technology and the SfM
(structure from the motion) algorithm, by using 2D
images with sufficient overlap, it is possible to create 3D
point clouds that are approaching the accuracy of point
clouds fromlaser scanning (Tomastik etal. 2017; Mokros
et al. 2018; Liang et al. 2022). The main advantage of
terrestrial photogrammetry is its affordability (Roberts
etal. 2019): however, creating a usable 3D point cloud is
largely dependent on the camera settings, environmen-
tal conditions, and the scanning pattern chosen by the
operator and, more importantly, it is time-consuming
andrequires operator’s expertise (Piermatteiet al. 2019).
All these limitations can make this method difficult and
proneto failure, making it less usable thanlaser scanning
(Roberts et al. 2019). Terrestrial photogrammetry has
the potential to be used in the measurement of various
dendrometric parameters also finds its application in the
mapping of urban green areas.

Recently, a new technology was introduced to the
market named RTK-Pix4D & Emlid scanningkit. This kit
creates lidar-photogrammetric point clouds in an auto-
mated way by combining three technique: RTK (Real-
Time Kinematic) for precise positioning, photogram-
metry for aligning collected images, and LiDAR sensor
in a mobile phone (https://docs.emlid.com/reachrx/
integration/pix4dcatch/).
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This device offers a promising method for photogram-
metric point cloud creation and can minimize the
drawbacks of traditional SfM photogrammetry. To the
authors’ knowledge, no studies have yet been published
evaluating this technology.

The aim of this paper is to assess the potential of this
technology for monitoring urban green spaces. The nov-
elty of this study lies in the 3D data collection and analysis
with a revolutionary, low-cost, and user-friendly device
combining LiDAR, photogrammetry, and RTK, where
the basic element is a smartphone with a LiDAR sensor.

The study aimed to identify the potential of the appli-
cation of this new technology in monitoring UGS. Spe-
cifically, we aimed to answer the following questions:

— What positional accuracy can be achieved with this
device when measuring UGS components (trees,
footpaths, and park amenities)?

— What is the tree detection rate and the accuracy of
determining the DBH of trees?

— Whatisthetime and cost-effectiveness of monitoring
UGS with this device?
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2. Methodology
2.1. Study site

The study was conducted in the urban park of Prof. Adolf
Priesol in Zvolen, central Slovakia (48.572904°,
19.118490°). As public spaces, the urban park com-
prises impervious surfaces, grassed areas, and mixed
plantings of tree species. The vegetation coverage of
the park exceeded 80%. The main vegetation types are
deciduous broadleaved trees, evergreen broadleaved
trees, and shrubs. Five subplots (A, B, C, D, and E) were
established in the park, with A, B, and C being smaller in
size compared to D and E. The surfaces of the park trails
are mainly asphalt. The number of trees varied from 4 to
43 across the five subplots (all trees considered), with
DBH varying from 4.8 to 110.1 centimetres. There are
8 treesin subplot A, 10 trees in subplot B, 4 trees in sub-
plot C, 43 trees in subplot D, and 20 trees in subplot E
(Fig. 1) — 85 trees in total.
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Fig. 1. Up: Overview map showing the location of the town of Zvolen. Bottom Left: Situation map showing the location of sub-
plots A, B, C, D, and E within the study site. Bottom Right: Photographs of the study site in the urban park of Prof. Adolf Priesol

in Zvolen.

209



J. Vybostok et al. / Cent. Eur. For. J. 71 (2025) 207-223

2.2. RTK-Pix4D & Emlid scanning kit

Description of Devices and Software

The mobile laser scanning solution with RTK — Pix4D
& Emlid Scanning kit was used for the data collection.
The device combines the Emlid Reach RX Multi-band
ultralight RTK rover and Pix4D Scanning kit solution
for making 3D scans. An Apple iPhone 15 Pro Max con-
trolled the mapping device. The PIX4Dcatch mobile app
was used to control the device. The Emlid Scanning Kit,
when used with Pix4D software, combines photogram-
metry and LiDAR capabilities using the iPhone. Pho-
togrammetry involves capturing multiple images from
different angles to create 3D models (Fig. 2).

The Emlid Reach RX device enhances the accuracy
of these images by providing precise geotagging, which
is crucial for creating accurate 3D reconstructions.
The LiDAR sensor on the iPhone provides real-time feed-
back during image capture. It helps fine-tune the posi-
tioning and pose information, ensuring the images are
accurately triggered. During processing, LiDAR data is
used to estimate a more accurate scale of the reconstruc-
tion and to fill low-texture areas that photogrammetry
alone might not be able to reconstruct (emlid.com).

When using the Pix4D & Emlid Scanning Kit, the
iPhone connects via Bluetooth to the Emlid Reach RX
GNSS receiver. Then, PIX4Dcatch mobile app for iOS
devices was used. App allows users to acquire detailed
and georeferenced data for 3D models using photogram-
metry and LiDAR technology simultaneously (PIX4D-
catch). In the PIX4Dcatch app, you can then choose
whether you want to acquire the location using the sen-

sors integrated in the iPhone or via an external antenna,
such as the Emlid Reach RX (Integration of Reach RX
for iPhones with LiDAR).

Further PIX4Dmatic desktop software was used.
Thesetoolsworktogetherso that data captured by PIX4D-
catchisimported and processed in PIX4Dmatic for post-
processing and advanced analysis for 3D model creation
(PIX4Dcatch datasets in PIX4Dmatic). The software is
designed to process large datasets from photogramme-
try and LiDAR, allowing fast and accurate processing of
thousands of images with precision suitable for Survey-
ing (PIX4Dmatic). The software uses the accurate data
obtained from photogrammetry to align LiDAR images,
minimizing biases caused by drift of GPS and inertial
measurement unit (IMU) sensors in mobile devices.

A key challenge addressed by device is the problem
of GNSS and IMU drift on mobile devices. This occurs
due to the real-time position and orientation estimation
(PIX4Dmatic 1.19: combined LiDAR and photogram-
metry workflow | Pix4D).

In the context, iPhone’integrated ARKit plays a sig-
nificantrole in enhancing data accuracy during 3D scan-
ning. ARKit is an augmented reality framework devel-
oped by Apple that allows to create interactive AR on
iOS devices. Considering device position, ARKit uses the
device’s sensors, such as the accelerometer, gyroscope,
and compass, to track the device’s motion and orientation
in real time. This data enables the accurate positioning
of virtual objects in the real world and their interaction
with the real environment (ARKit — Augmented Reality).
The data collected by ARKit is combined with camera
data, includinglocation and time of collection, contribut-

Fig. 2. Pix4D & Emlid Scanning kit in field. A: footpath scanning, B: tree scanning IA, C: tree scanning ABA.
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ingtoamoreaccuratelocation of virtual objectsin the real
world. Inapplications PIX4Dcatch, ARKit works withan
external GNSS receiver the Emlid Reach RX to provide
more accurate position and orientation data. Here, users
can choose whether they want to use position data from
ARKit or from an external device, depending on accu-
racy requirements and the environment.When capturing
datawith devices equipped with LiDAR scanners, ARKit
provides real-time position and orientation estimations
(Pix4DEmlidScanningKit). However, these estimations
can sometimes drift, leading to misalignment in LIDAR
scans and potential inaccuracies (Explore ARKit). As
aresult, LIDAR scans taken by the device can become
misaligned, leading to inaccurate data. PIX4Dmatic
resolves this issue by calculating more precise geoloca-
tion and orientation data during photogrammetric pro-
cessing. This accurate information is then used to prop-
erly alignthe LiDAR scans, ensuring that the LiDAR data
isalsoaccurate (PIX4Dmatic 1.19: combined LiDAR and
photogrammetry workflow | Pix4D).

Data Collection Methodology

We used the default settings in the app: 90% image
overlap, and under the ‘Image Trigger Method’ sec-
tion, Distance (device pose) set to 10 cm and Angle set
to 20 degrees. This mean a picture is automatically take
onlyif distance from the previous photoshoot changes by
10 cm and the device rotates by 20°. Each subplot was
scanned in a single session, ensuring all trees within the
subplot were recorded sequentially without revisiting the
same site multiple times. Additionally, the operator only
started the motion when the device reported satisfactory
signal quality (FIX) for high-accuracy positioning.

The experiment focuses on the device’s usability for
prompt mapping of urban areas and consists of several
phases (Fig. 3). In the first phase, measurements of the
footpaths were taken in the park, with the utmost care
being taken to avoid multiple passes over a single loca-
tion during the scanning process. This concluded the first
experimental “footpath” layer. More emphasis was done
on creating a quality record for reference points located
on the footpaths. The second part of the experiment
involved creating a 3D point cloud of the park ameni-
ties (benches, trash cans, memorials). The objects were

captured in the “benches and bins” layer. The objects
in the research area were walked around in a uniform
rectilinear motion to record them from every angle, thus
creating a plausible image of the objects and allowing
visual identification of the reference points located on
them. In the third part of the experiment, we focused on
the accuracy of the device for DBH and tree positions
estimation using 2 approaches —the Individual approach
(IA) and the Area-based approach (ABA). For [A a selec-
tion of 30 trees of varying ages and species was made,
and each tree was individually scanned to create a sepa-
rate point cloud. For the IA approach, each tree was both
scanned and processed separately as a separate project.
In the ABA approach, we scanned individual subplots
sequentially to ensure that all trees within a subplot were
recorded at the desired quality. Footpaths, park ameni-
ties, and ABA subplots were scanned and processed as
separate projects.

During the scanning, the operator constantly checked
the quality of GNSS solution the status RTK Fixed is most
required. In case of a failure, for example due to move-
ment under the tree canopy which forms a physical bar-
rierto the GNSS antenna, the operator stopped for a few
seconds and waited for the FIX solution. However, in not
all cases this solution was achieved, in which case the data
collection continued along the planned trajectory and the
FIX solution was achieved at another data collection tra-
jectory point when conditions improved.

2.3. Reference data collection

When creating the methodology for testing the positional
accuracy of the new device, we considered the basic
assumption that the highest positional accuracy will be
achieved at permanently stabilized points in optimal con-
ditions and by measuring with standard geodetic meth-
ods — points on the pavement stabilized with geodetic
nails. For this experiment, reference data were collected
in the form of coordinates for 36 points located on the
park footpath stabilized with geodetic nails and marked
with orange spray (for “footpath” layer evaluation). Sub-
sequently, we drove into the dataset 24 points located on

Fig. 3. Point cloud visualization — details. A: wooden monument detail, B: foothpath reference point detail, C: woodbark detail,

D: bins and bench detail.
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benches and trash cans marked with a permanent marker
(“benches and bins” layer), objects that have straight and
defined edges, on which it is relatively easy to measure
or estimate the position of a specific point but there is
already a higher potential for error. And lastly coordi-
nates and DBH of 85 trees across the study site (“tree”
layer). For objects such as trees in general, there can be
an error from extrapolation because we are considering
a point inside the trunk, on its axis and the cross-section
of the tree trunk is not circular but ellipsoidal.

The reference data was acquired in one day Emlid
scanning kit and also the Global Navigation Satellite
System (GNSS). Geodetic survey was performed using
a Topcon 9000 total station in combination with GNSS
antenna Topcon Hiper SR. The real-time kinematic
(RTK) method was used to measure the standpoints of
the total station, and the positions of reference points and
tree positions in the research plots were subsequently
measured. Standpoints for the total station were posi-
tioned to optimize conditions for RTK use, ensuring the
highest possible accuracy within 1 cm. To determine the
position of each tree, a point on the trunk was first meas-
ured at a mark 1.3 meters above the ground (the DBH
measurement position), and the angle and distance from
the total station were recorded. Later, during office work,
the trunk radius for each tree was added to the distance
from the total station, and the orthogonal coordinates for
the trees were calculated.

The perimeters of trees were measured by measuring
tape. Before the measurement, the trees were numbered
with biodegradable, easily erasable paint, and the DBH
measurement point was marked on each trunk so that
the mark was visible in the resulting point cloud Fig. 4A.

2.4. Post-processing of data

Post-processing of data from the Pix4D & Emlid scan-
ning kit was performed in PIX4Dmatic (PIX4D SA.
(2024). PIX4Dmatic (Version 1.63.0) [Computer soft-

ware]. https://www.pix4d.com). For ABA, subplots A
to E were scanned and processed one after the other. For
IA each tree was scanned and processed separately. The
workflow included calibration with predefined param-
eters (Pipeline—Trusted location and orientation, Image
scale 1/1 — original image scale, Key points — auto, Low
internal confidence), where the images are used to per-
form key point extraction, key point matching and cam-
era optimization, followed by re-optimization where
internal and external camera parameters were updated,
image pre-processing, and generation of a point cloud
with hight density.

A total of 11,931 pictures were collected, and out of
these 11,890 pictures were calibrated in an ABA of tree
scanning and in scanning the footpaths 3,299 pictures
were collected and all of them were calibrated and for
park amenities consistently, just as many photos were
calibrated as were taken — 1,688. For the IA, 3,078 pic-
tures were collected, and 3,077 pictures were subse-
quently calibrated (Table 1).

Table 1. Summary of the number of pictures entering the dense
point cloud production process in the PIX4Dmatic 1.63.0

Subplot Number of images caliggﬁzi:):ges
A 755 754
B 1,510 1,510
Tree ABA g 6?32(;)6 6?324
E 2,940 2,922
Total 11,931 11,890
Footpath 3,299 3,299
Park amenities 1,688 1,688
Tree IA 3,078 3,077

According to our previous experiences with SfM photo-
grammetry, during the processing of the projects and the
creation of the final point cloud, the system performed
reliably without any issues, which is not always the case
when processing photogrammetric images (Fig. 5).

After processing in PIX4Dmatic, all clouds were in
real coordinate system due to the use of GNSS antenna
in data acquisition.

Fig. 4. Reference data collection — points stabilization visualization. A: DBH and tree position measurement point, B: footpath

point, C: bench point, D: trashcan point.
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(a) Footpath
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(c) 1A tree
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Fig. 5. Visualization of the GNSS solutions in connection with
generated point clouds: (a) Footpath point cloud, (b) ABA
subplot point cloud, (c) IA single tree point cloud. GNSS So-
lution: Green — Optimal (RTKFixed — the highest accuracy),
Orange — Reduced solution, Red — Low quality solution.

Fig. 6. Point cloud visualization.

Point clouds were processed in CloudCompare (Cloud-
Compare (version 2.12) [GPL software]. (2021).
Retrieved from http://www.cloudcompare.org.) where
object positions were manually extracted to evaluate
position accuracy. To estimate DBH, 2 cm thick cross-
sections were created in CloudCompare directly at the
marker on the trunk. The cross-section was exported
in .txt format and thus attached for further processing
(DBH estimation from perimeter in QGIS). Also, the
coordinates of geodetic nails, bench, and trash points
were manually extracted for the “footpath” and “benches
and bins” layer. In the point cloud, a specific nail on the
foothpath/point on the bench was manually identified
and a estimated coordinate was identified using the
Point picking tool. Fig. 6 visualizes the exported dense
point clouds focusing on detail for each data collection
approach.

2.5. DBH Estimation and Tree detection rate

Tree detection rate (TDR) was determined by manual
identification based on the position of trees in the sub-
plots:

TDR = 2ot .10 [1]

ref
where n;,,,.,represents number of identified treesand 2,
is number of all considered trees (30 for IA and 85 for
ABA).

Each tree was manually identified by its position, and
then a 2 cm thick cross-section was manually created
from the point cloud at the corresponding mark on the
trunk, as mentioned in the previous part of the text. The
CloudCompare was used for this purpose. To evaluate the

Urban Park
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accuracy of tree position and DBH, the point cloud cross-
sections were created at the mark placed directly at the
point of the DBH measurement in the field. These cross-
sections were then processed in QGIS 3.16.3, where the
tree perimeter was manually measured and converted to
DBH (Fig. 7). To obtain the estimated DBH, a polygon
accurately describing the outer perimeter was manually
created for each cross section, the length of which was
recalculated to diameter in the next step.

2.6. Statistical analysis

Theerror of the estimated positions was expressed as the
difference between the reference and the estimated posi-
tion, separately for each axis (X, Y and Z):

ei(x) = Xref_ Xese ei(y) =yref_yest ei(z) = Zref_ Zest [2]
where, ref represents value measured via conventional
methods and est means estimated value.

The discrepancies between these coordinates were quan-
tified using the Root Mean Square Error (RMSE), which
provides an average measure of the coordinate error.
RMSE values were calculated for each direction, offer-

ing a comprehensive assessment of the accuracy of the
outputs relative to the reference data.
Calculation of the root mean square direction errors:

" 24+ 2 n 2
RMSE, = %r;m RMSEvz\/EnAZ' [3]

where, Ax,, Ay,, and Az, represents the differences
between the reference coordinates and the coordinates
estimated from the estimated data, where n denotes the
total number of points in the dataset.

A Hotelling’s T? test was applied to evaluate the mean
differences between estimated and reference coordi-
nates. Hotelling’s T? test is a multivariate extension
of the Student’s t-test, designed to assess whether the
mean vector of a multivariate dataset significantly devi-
ates from a specified reference point. In this study, the
test was applied to evaluate systematic deviations in the
estimated object positions compared to reference meas-
urements. Specifically, the test examined whether the
mean differences in the x, y, and z coordinates between
the estimated and reference positions were statistically
different from zero, indicating positional bias. The test
was performed separately for each object. This analy-
sis was performed using the R software (R Core Team
2024).

Non-ideal

075 @point cloud ©DBH estimation 1

Fig. 7. Example of DBH estimation from 3D point clouds on two cross-sections with varying shapes: an ideal circular shape
(top) and a non-ideal irregular shape (bottom). The red points represent the point cloud, while the green line indicates the DBH

estimation.
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3.1. Positional accuracy

senting the middle 50% of the data, varies across objects.
Notably, the trees-ABA exhibits a higher IQR, particu-
larlyin thevertical direction, indicating greater variability
in the vertical positioning of trees. In contrast, objects

The spatial accuracy was evaluated on 175 validation
points across four distinct object types: 24 park amenities
points located on benches and bins, 36 footpath points,
30 tree positions acquired by A, and 85 tree positions
acquired by ABA.

The first experiment aimed to compare the positions
of the points from point clouds collected using a Pix4D
& Emlid scanning kit device to the measurement con-
ducted using a precise surveying point included in the
“benches and bins” layer. The distribution of positional
errors for various objects is illustrated using the boxplot
showninFig. 8. The boxplot analysis for the error reveals
several key insights into the accuracy and variability of
the coordinates across different objects. The median
errors for most objects and coordinates are close to zero,
indicating a general lack of systematic bias in the spatial
estimated values. The Interquartile Range (IQR), repre-

like “footpaths” and “benches and bins” show lower IQR
values, suggesting more consistent estimated values.
Appendices Fig. Al and Fig. A2 present the RMSEs
and the results of t-tests assessing whether the errors dif-
fer significantly from zero, by direction and object.
Root mean square error (RMSE) of coordinates for
various objects are shown in Fig. 9. The highest vertical
error was obtained for the IA (0.116 m). Conversely, the
smallest vertical error was achieved in the footpath layer
evaluation (0.039 m). The highest error in the horizontal
direction is observed for the ABA to tree position detec-
tion (0.082), followed by the error associated value for the
[Aevaluation (0.065). The smallest errorin the horizontal
direction was again obtained when evaluating the points
onthefootpath (0.026). The RMSE analysis reveals that
the highest errors occur in the horizontal direction for
trees—ABA and in the vertical direction for trees—IA.
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Fig. 8. Positional error of X, y, and z direction grouped by object.
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Fig. 9. Bar plot of RMSE values grouped by objects (x-axis) and direction (color).

215



J. Vybostok et al. / Cent. Eur. For. J. 71 (2025) 207-223

The Hotelling’s T? test revealed statistically significant
differences in the estimated and reference positions
for “benches and bins” and “footpath”, indicating
systematic positional bias in these objects (Table 2).
These results suggest that the estimated positions for
“footpath” and “benches and bins” exhibit significant
deviations across the x, y, and z coordinates, reflecting
potential systematic errorsin their spatial measurements.
In contrast, no statistically significant differences were
observed for “trees-ABA” and “trees-IA”, indicating that
the estimated positions for these tree-related objects are
consistent with the reference values. These findings indi-
cate that while objects such as “footpath” and “benches
and bins” exhibit systematic positional deviations, the
ABA andIA tree approaches do not present a statistically
significant difference in their positional accuracy. Thus,
positional errorsin tree datasets are likely within accept-
able measurement tolerances. A higher T?value (Table 2)
indicates a greater deviation between the estimated and
reference positions across multiple dimensions (X, y, z).

Table 2. Results of the Hotelling’s T? test for statistical differ-
ences in Estimated and Reference measurements. Statistically
significant differences are reported as *** for p <0.001.

Object T?Value p-value
benches and bins 9.952 <0.001***
footpath 26.172 <0.001***

trees-ABA 1.57 0.287

trees-IA 1.28 0.22

3.2. DBH Estimation and TDR

The TDR for the ABA on all subplots is 100%, it was
even possible to detect all the shrubs in the subplots.
The results of the linear regression, (Fig. 10) confirmed
a strong relationship between reference and estimated
DBH forboth ABA (r>=0.988) and IA (r*=0.999). Over-
all, a smaller error was achieved with the IA RMSE =
0.462 compared to the ABA, where the RMSE reached
1.051.

Area based approach Individual approach
RMSE = 0.462
ap R"=0.999
£
L
T
m
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0 30 60 90 0 30 60 90
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Fig. 10. Linear regression of estimated dbhs according to ABA (left) and IA (right).
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Fig. 11. Linear regression of estimated DBHs for 30 selection trees from IA and their corresponding values obtained from ABA.

216



J. Vybostok et al. / Cent. Eur. For. J. 71 (2025) 207-223

An evaluation of the impact of the method on the accu-
racy of DBH determination was performed on 30 pairs of
derived DBHs of identical trees from IAand ABA (Fig. 11).

The correlation results show a strong dependence
between the DBH estimated from ABA and IA. A paired
t-test was performed for pairs of estimated DBHs
(t=1.3655, df = 29, p-value = 0.1826). There is no sta-
tistically significant difference between the ABA and 1A
DBHs based on paired T-test, as the p-value is 0.1826,
which is greater than the typical 0.05 significance level.
This is also suggested by the similar RMSE values: it is
0.868 for ABA(30 trees) and 0.426 for IA.

3.3. Effectivness

Data collection was completed in 1 hour and 20 minutes
using the tested device (Table 3). In contrast, the tradi-
tional method using a diameter tape and total station
required 3 hours and 38 minutes, more than twice the
time. Overall, the total time required for data acquisition
and processing, from initial data collection to the genera-
tion of the complete 3D point cloud, was 70 hours and
26 minutes.

4, Discussion

This study showed the potential application of mobile
terrestrial scanning solution with RTK-Pix4D & Emlid
Scanning Kit. The experiment was conducted in several
phases, such as positional accuracy assessment, DBH
estimation, TDR, and evaluation of the method’s effec-
tiveness.

Each subplot was scanned in one session, making
sure all trees in the subplot were recorded in order with-
out revisiting the same site. The general finding is that

Table 3. Time-consumption table.

when the same object is scanned multiple times, the qual-
ity of the point cloud depends on the quality of the GNSS
signal. If the solution was FIX —high positional accuracy
— the point density increased correctly. However, if the
positioning accuracy decreased, duplication of points
and noise around the object were created.

The spatial accuracy was evaluated on 175 validation
points across four distinct object types to compare the
positions of the points from point clouds collected using
aPix4D & Emlid scanning kit device to the measurement
conducted using precise surveying equipment (Topcon
9000 total station). Positional error was calculated as the
difference between the reference and estimated position,
with horizontal (X, y) and vertical (z) directions analyzed
separately (Fig. 9). We used RMSE for each direction
(horizontal and vertical), which provided a comprehen-
sive assessment of the accuracy of the outputs compared
to the reference data. The highest horizontal error was
found for the ABA tree positions (0.082 m), while the
highest horizontal accuracy was achieved at points on
the footpath. The geodetic nails at the footpath were in
good conditions in terms of GNSS signal, and because
the points were small, the operator concentrated on
making sure they were picked up during collection —
slowing down slightly over each point. This meant that
the recording took slightly longer in these good condi-
tions. The RTKfix was more straightforward to achieve
on the footpath because of the more open canopy layer.
The highest vertical error was found for the IA method
(0.116 m), while the lowest error was observed for the
foothpath points again (0.039 m).

The RMSE analysis of tree position showed the high-
est errors in the horizontal direction for ABA and in the
vertical direction for [A trees (Fig. 9). We consider signal
degradation at positions with limited view of satellites to
be the main source of errors.We assume that the higher
horizontal error in ABA may be due to a slight deforma-
tion of the strains in the point cloud caused by the differ-
ent signal quality during the data collection, but since the

Depth & dense

Plot Calibration® Depth point cloud® Dense point cloud® fusion Data collection®  Data acquisition’ Total
A 1:57:48 0:01:46 1:47:13 0:02:55 0:06:00 0:14:00 4:09:42
B 4:49:25 0:06:30 5:03:00 0:11:05 0:07:00 0:18:00 10:35:00
C 0:18:18 0:02:08 1:03:26 0:04:03 0:03:00 0:07:00 1:37:55
D 16:04:47 0:38:32 13:22:01 3:07:58 0:23:00 1:17:00 34:53:18
E 7:25:45 0:07:39 6:59:01 0:16:52 0:13:00 0:36:00 15:38:17
footpath 0:23:04 0:07:37 1:14:53 0:12:52 0:18:00 0:12:36 2:29:02
equipment 0:12:16 0:03:52 0:19:28 0:03:45 0:10:00 0:14:00 1:03:21
Total 31:11:23 1:08:04 29:49:02 3:59:30 1:20:00 2:58:00 70:25:59

Note:

“Calibration is the first step in processing. The images and additional inputs, such as GCPs are used to perform keypoints extraction and matching, camera model optimization-

and geolocation. *
®Depth point cloud is generated from iPhone’s LiDAR.*
¢ Dense point cloud is generated from images using photogrammetry. *

4Depth & dense fusion combines the dense point cloud with the depth point cloud allowing a better point cloud.*

¢Data collection —in field.
f Data acquisition — validation point coordinate/DBH estimation.

*source: https://support.pix4d.com/hc/pix4dmatic
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errorisaround 2 cm, we consider the result to be friendly.
The use of a total station to determine the trunk center is
also found in other studies, but the authors often do not
provide details on the calculation methods (Qian et al.
2017; Fan et al. 2018).To determine the reference trunk
axis position, it was necessary to adjust the tree position
to the center of the trunks, which can be problematic for
trees withirregular shapes. We used a similar procedure
inour previous work, where we adjusted each tree by 1/2
of its DBH in the direction of measurement (The method
records the horizontal angle and distance of the object
from the total station’s position and orientation point -
the direction with a zero horizontal angle. During office
work, the distance to each tree is adjusted by 1/2 DBH to
accurately place the point at the tree’s center (Chuda et al.
2024), which we consider to be an accurate approach.
We do not reject this approach as a source of potentional
error, but we consider it insignificant.

Although objects such as benches or baskets were
expected to produce very accurate results, the Hotel-
ling’s T test (Table 2) revealed statistically significant
differences in the estimated and reference positions for
“benches and bins” and “footpath” layers, although
these objects were expected to have accurate positioning
due to their regular shape and good GNSS availability.
Thus, the systematic error of “benches and bins” and
“footpath” is evident from the T? test (Table 2), with
ap-value<0.001 indicating that there are outliersthat are
significant enough to be considered systemic. Numbers
such as 9.952 and 26.172 indicate stronger variations
in the positions of these objects, which may be due to
various factors such as sensor accuracy or environmental
influences. For tABA and [Atree positions these biases
were not significant, suggesting that for these objects the
methods are more stable and less prone to bias.The sys-
tematic errors for “benches and bins” may be due to vari-
ous influences such as inaccuracies in the definition of
reference points, noise in the data, or environmental fac-
tors (e.g., interference from GNSS signals). In contrast,
for trees, these influences are likely to have been com-
pensated for by adjustments to the position of the centre
of the trunk, resulting in lower variability and smaller
system errors.The results of other authors showed more
biasesin the vertical position compared to the horizontal
(Hartzell et al. 2018; Wujanz et al. 2018; Brown et al.
2020). One of these publications proposed a method to
evaluate the accuracy of airborne LiDAR data by using
a TLS, which helps avoid the influence of point density,
rather than relying on single GNSS points. The relative
and absolute accuracies were tested for iPhone 13 pro
using Modelar’s scanning application and found that the
absolute accuracy varies £3 cm horizontally and £7 cm
vertically (Chase et al. 2022). Therefore, the positional
accuracy of the device (Pix 4D) achieved is sufficient for
park monitoring.

The TDR was found to be 100%. With the combined
use of GNSS, LiDAR, and photogrammetry, it was pos-
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sible to create a point cloud of a thin tree. For thin trees,
it was possible to reconstruct the trunk up to a height
of 1.7 m with this 3D data acquisition method, 4.2 m
for medium trees, and 5.8 m for the thickest trees. The
rangeis, of course, also influenced by the branching of the
trunk. There are two major advantages over classic pho-
togrammetry. Firstly, the possibility of checking the real-
time view of the reconstructed point cloud. Secondly, the
detection of shrubs using the photogrammetry method.
With the tested device, detecting and creating high-qual-
ity shrub models was possible. It was considered a suc-
cess because, with classical photogrammetry, capturing
and subsequently modeling such complex structures, like
bushes, is often challenging (Torkan et al. 2023).

Data collection using the device under test took
1 hourand 20 minutes (Table 3), whereas the traditional
method, which involved measuring the DBH a diameter
tape and using a total station, took 3 hours and 38 min-
utes, more than twice as long. The total time required for
data collection and processing, from initial data collec-
tion to generation of the complete 3D point cloud, was
70 hours and 26 minutes. Although the number appears
high, it should be noted that the processes ran automati-
cally without user involvement, meaning that this time
can be invested in other tasks.This result shows not only
cost-effectiveness, but also a significant improvement in
process efficiency compared to traditional methods.

A comparative analysis of the low-cost mobile map-
ping systems (TLS, MLS, personal laser scanning
(PLShh) —iPad Pro, and multicamera prototype) was
conducted to evaluate the tree detection rate. The results
showed that the iPad Pro’s performance was close to
TLS when DBH > 7 cm was considered (Mokros et al.
2021). Following that, the comparison of MLSs, was also
addressed in our previous research where MLSs and their
effectiveness were tested for measuring DBH in fast-
growing trees plantation (Skladan et al. 2025). In terms
of equipment and operating costs, e.g., the MLS scan-
ner Stonex X120GO MLS which is capable of collecting
the cloud-point coloration in a real coordinate system,
including the necessary data processing software, is in
the range of approximately 30,000 to 35,000 EUR. The
iPhone 15 Pro Max, which is priced between EUR 850
and EUR 1,200, represents amore affordable alternative.
However, a GNSS antenna needs to be attached to the
iPhone, which costs around EUR 2 000. However, addi-
tional software is also needed to generate 3D point clouds
from photos. In this study, we used Agisoft Metashape
Professional software, with an academic license costing
approximately EUR 800 and a commercial license cost-
ing up to EUR 3,200 (prices are based on the supplier’s
official offers). But on the other hand, although the prices
of total stations vary (starting at a few thousand and
going up), it is important to consider the time savings in
field measurements and the possibility to obtain compre-
hensive data in a shorter time, which can be significant
advantages when using research equipment.
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After the detection of the tree, DBH was estimated using
two different approaches, namely ABA and IA. The cor-
relation R? value found for both the approaches is very
similar; however, the RMSE value observed for the
ABA is higher than the IA, which represents more bias
in the estimation of DBH with the ABA. There was no
statistically significant difference between IA and ABA
in position or thickness; however, ABA was more time-
efficient. In the case of individual tree monitoring, better
quality, and accuracy of the point cloud, the IA approach
is more reliable. The DBH was also estimated using an
individual tree scanning approach, and an R? value of
0.973 was found compared to TLS, which was 0.996.
This also showed that the multi-scan mode in iPad Pro
creates more ambiguities in the tree scanning due to the
rescanning of the same tree as compared to the single
tree scan mode (Mokros et al. 2021; Wang et al. 2021).

The total time and effort required for data collection
and pre-processing were higher compared to traditional
methods, mainly due to the reconstruction of tree trunks
and the ability to track changes over time. This feature
is exclusive to this technology and is crucial for monitor-
ing urban green spaces (UGS). The highest error was
observed in the tree datasets, while the lowest error was
recorded for the park footpaths. No statistical signifi-
cance was found, but even with the largest errors, the
results were still acceptable for monitoring the position
of objects in the park.The effectiveness of the method
was also evaluated by analyzing the time taken by the
device to complete the processing. The method proved
effective across all subplots, including the footpath and
equipment, although the efficiency varied between them.
Subplot D showed higher effectiveness, likely due to the
larger number of images (6,086) involved.

Comparing our results with studies by other authors,
we can conclude that the speed of data collection using
MLS — PLShh (LiDAR iPhone included) varies signifi-
cantly depending on the technologies used, with tradi-
tional methods such as diameter tape and total station
measurements still requiring significantly more time.
The data collection rate for other methods, such as the
PLShh, is comparable or even faster. Our results show
high efficiency in data collection, other studies, such
as Skladan et al. (2025), also show that other PLShh
technologies can be very fast for data collection and
processing, with low time requirements. This suggests
that new PLShh technologies may be suitable for fast
and efficient processing in the field, but with lower cost-
effectiveness. In Skladan et al. (2025), data collection for
a single 30 x 30 m study area took less than 5 minutes
using PLShh Stonex X120GO (approximately 55 min
per ha), while processing the raw data using GOpost
software took approximately 20 minutes, but the price
of the device is almost EUR 35 000. Using an iPhone
or iPad to measure DBH and positions of all trees in the
research plot in the 25 x 25 m forest plot in Mokros et al.
(2021) took 15 minutes with the iPad LiDAR (approxi-

mately 4 h perha) and 10 minutes with the iPhone 13 Pro
Max LiDAR (approximately 2 h 30 min per ha). Using
an iPhone and iPad to measure DBH and positions of
all trees in a 1 ha area took 1 hour 39 minutes (iPhone)
and 1 hour 38 minutes (iPad), while using the traditional
method with atape measure and total station took 3 hours
13 minutes for two people (Tatsumi et al. 2023). In all
cases, the data collection is aimed at obtaining a point
cloud of the entire area, whereas Tatsumi uses Forest-
Scanner, which only needs to point the phone briefly at
a tree and estimate DBH.

Our data processing time (70 hours and 26 minutes)
may seem high, but this figure includes acomplex process
from collection to the generation of the 3D point cloud.
Comparisonwith other approaches such as Mokro§ et al.
(2021), who report approximately 10h:35m:00s as the
total collection and processing time for the iPad scan of
25 x 25 research plot, shows that the LiDAR system on
the iPhone may be faster in the initial collection, but pro-
cessing may still take longer depending on the size and
complexity of the dataset.

Although the system achieves high accuracy, the
sensor range of LiDAR-enabled iPhones is limited to
S meters, limiting the ability to effectively capture objects
atgreater distances. Thislimit may be particularly impor-
tant when collecting data for large areas or in complex
forest and park environments where wider areas need to
be covered. In such cases, it may be necessary to use other
technologies or approaches mentioned above. In the con-
text of the previous discussion, the range of the LIDAR
sensor in the device is a key limiting factor that affects
the quality of the acquired data, especially when measur-
ing trees and objects in more challenging environments.
However, for certain tasks and specific scenarios where
the short range of the LiDAR is sufficient for accurate
data collection, this limit may be acceptable, especially
when the added value is the saving of time, money and
human labor, which has proven to be an advantage in our
results. Therefore, even if the range of the LiDAR sen-
sor presents alimit, the system provides sufficiently high
quality outputs and, in some cases, completely replaces
the need for more costly devices.

This research highlights the potential of the Pix4D
& Emlid scanning kit to accurately map trees in urban
environments, which aligns with previous studies on tree
mapping accuracy. Moreover, this method is also capable
of producing highly precise models of shrubs, which is
less common in traditional photogrammetry methods.
However, if the device described by us should be used in
practice, then, for larger areas, it is necessary to divide
area of interest into smaller sub-areas due to the limita-
tions of the smartphone’s memory and RAM.

In accordance with recent studies (Gollob et. al 2021;
Mokrosetal.2021; Wangetal.2021; Tatsumietal. 2023;
Oikawa et. al 2025), our results demonstrate that this
low-cost mobile mapping approach can be a viable alter-
native to more conventional techniques for both trees and
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shrubs, offering new opportunities for urban green space
monitoring.

5. Conclusion

We presented the potential of using low-cost equipment
to create 3D point clouds in challenging environments.
The conditions found in urban parks closely resemble
those in real forests (dense vegetation, variable canopy
cover, complex terrain), as both face similar GNSS-
related issues. This study demonstrates that a low-cost
iPhone-based mapping approach — integrating pho-
togrammetry, LIDAR, and RTK — can provide highly
accurate and detailed three-dimensional (3D) data for
monitoring UGS. Moreover, these findings are relevant
for forest stands with higher tree densities, where simi-
lar GNSS challenges and device limitations can occur.
As we continue testing in more complex environments,
we anticipate that the results will further confirm the
viability of this approach in forests and high-density
urban parks, while also identifying potential limita-
tions, especially when working with smaller DBH trees
ormore obstructed environments.The assessment of 175
validation points covering footpaths, benches and bins,
and tree positions confirmed sub-decimetre RMSE in
all coordinate directions, with the highest spatial accu-
racy observed in partially open environments such as
footpaths. Even under partial canopy cover, tree posi-
tions were accurately reconstructed, highlighting the
device’s reliability in less-than-ideal GNSS conditions.
This result demonstrated that the system achieves high
positional accuracy, providing sufficiently accurate
outputs in certain tasks, thereby eliminating the need
for a total station.This not only eliminates the necessity
for total station measurements but also provides added
value through enhanced efficiency. DBH estimates
from both scanning approaches — the area-based and
individual, correlated strongly with reference measure-
ments (R?>0.98). Although the ABA introduced slightly
higher errors in DBH (RMSE = 1.05 cm) than the IA
(RMSE =0.46 cm), there was no statistically significant
difference between these two approaches for the same
trees. This confirms that the new technology can satisfy
the requirements of comprehensive UGS assessments —
whether for large-scale mapping or individual tree-level
inventories.The time and cost benefits are also consider-
able. In this study, scanning 6,000 m?, capturing more
than 85 trees, footpaths, and park amenities, took only
80 minutes in the field. While post-processing remains
more time-consuming than traditional surveying, the
value gained — such as detailed 3D models and robust
metrics for UGS management — outweighs the added
computational effort. In comparison with conventional
survey methods, which are time consuming and lack the
detail in comparison with point clouds, the presented
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approach offers a efficient workflow suitable for peri-
odic, high-resolution monitoring UGS. Further, the
main disadvantage is the range of the smartphone’slidar
which makes itimpossible to reconstruct whole trees, in
our case the models for thick trees had a height of 5.8 m
so it is not possible to measure the heights of the trees,
but for quick measurement of the positions of trees,
footpaths or park amenities as well as the derivation of
the DBH, the device is suitable, highly efficient and eco-
nomically advantageous due to the low purchase price
compared to handheld scanners. The device can also be
used in the forest, but its performance will be limited
primarily by the quality and availability of the GNSS sig-
nal, which will be a critical factor in achieving accurate
results. Overall, this research underlines the potential of
a lates low-cost LiDAR-and-photogrammetry method
enhanced by RTK for urban forestry applications.
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Fig. A1. Barplot of RMSE split by objects (x axis) and coordinates (colour).
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Fig. A2. Comparison of errors to zero using t-test. Statistically significant differences are reported as follows: ***
for p<0.001, ** for p<0.01, * for p<0.05.
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