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A B S T R A C T

Quantifying single-tree structural attributes through crowdsourcing has strong potential to expand the avail
ability and timeliness of ground-based data for terrestrial carbon assessment of trees both within and outside 
forests. Recently, a number of freely available augmented-reality (AR) mobile apps have enabled accurate 
measurement of carbon-relevant single-tree attributes such as tree diameter and height. However, crowdsourcing 
with these apps is constrained by limited data quality control and the need for a separate species-identification 
app. Here, we present a crowdsourcing-ready workflow with our novel and freely available Tree-Quest (TQ) app 
that, in addition to AR-based measurements of tree height and diameter, integrates the Pl@ntNet API for species 
identification and includes a crowdsourced data quality curation step based on its AR images. We have compiled 
a dataset comprising 700 measurements of single trees acquired from 30 volunteers across two Austrian urban 
environments. The trees had diameters at breast height (DBHs) ranging from 11.9 cm to 161.2 cm and tree 
heights (THs) ranging from 4.6 m to 29.0 m. The dataset was evaluated for the accuracy of the identified tree 
attributes, including TH and DBH. Compared with professional forest inventory measurements, volunteers using 
TQ achieved a mean absolute error (MAE) of 3 cm for DBH (R2 = 0.97; rMAE = 6%) and 1.5 m for TH (R2 = 0.91; 
rMAE = 11%). TQ results were also consistent with DBH and TH measurements acquired with other freely 
available mobile applications. Besides these encouraging results, TQ can work offline and is highly modular, 
allowing the design of customized quests, targeted questionnaires, and uploads of the collected information to a 
central database to share single tree data openly, and supports user interaction through gamification. These 
features provide a solid and unique framework for collecting citizen-science data on single trees.

1. Introduction

Trees, as the main component of the terrestrial carbon sink, offer a 
nature-based solution for removing anthropogenic carbon from the 

atmosphere by absorbing carbon dioxide and locking up carbon. Despite 
this important function, the quantification of global tree biomass, i.e., 
the carbon stored in trees, is still challenging (Araza et al., 2022; Pan 
et al., 2024; Santoro et al., 2021) where the estimation of the uptake 
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of carbon by land in the global carbon cycle currently has the highest 
uncertainties (Friedlingstein et al., 2023). One component contributing 
to this highly uncertain biomass quantification is tree populations that 
are outside of forests, which can often accumulate more than 10% of the 
national aboveground biomass (Liu et al., 2023; Schnell et al., 2014). 
Beyond carbon storage, trees outside forests have an economic value for 
different local communities involved in agroforestry (Pantera et al., 
2018), as well as providing wind protection for crops and snow man
agement for fields and roads in rural areas (Smith et al., 2021), whereas 
urban trees positively affect the microclimate of cities (Wang et al., 
2015). Quantification of single trees enables them to be better 
managed and is thus relevant for all these applications.

There are several established workflows for the collection of carbon- 
relevant tree data within forests (Table 1). For instance, national forest 
inventories (NFI) collect data typically from a systematic spatial and 
temporal sampling of forests with a set of permanent plots, where single 
tree measurements such as the diameter at breast height (DBH), tree 
species identification, tree height (TH), etc. are collected and can be 
used to estimate forest aboveground biomass (AGB) and carbon. These 
measurements are typically acquired with forestry tools such as a caliper 
or a diameter tape, a laser range finder, and a Global Navigation Satellite 
System (GNSS) receiver (Pereira et al., 2019). Such a systematic, 
rigorous, and well-planned collection of measurements is reliable and 
statistically stable over time, e.g., with respect to comparability between 
different acquisition times, but also labor-intensive to maintain over 
large areas (McRoberts et al., 2010). Moreover, NFI data are typically 
not open, or for specific countries, not fully open, as their exact geo
location is not shared to avoid arbitrary visitors entering the plots and 
compromising their representativeness in the NFI sample (Schadauer 
et al., 2024). To improve the accuracy of the biomass estimates over 
large areas, ground measurements are typically combined with remote 
sensing data such as multispectral images, airborne and space LiDAR 
(Light Detection And Ranging), or space RADAR (Radio Detection And 
Ranging) data that offer full coverage over large areas (Kangas et al., 
2018; Magnussen et al., 2018; Saarela et al., 2015). Trees outside the 
forest are also inventoried, but in ways that differ from national forest 
inventories, given their distinct management objectives and benefits. 
Urban tree inventoriesinventory, for example, shall include a number of 
attributes to enable assessments of public safety, conflicts with built 
infrastructure, and different ecosystem services such as carbon seques
tration and air-pollution removal, etc. (Roy et al., 2012). These diverse 
objectives are also reflected in an increased measurement and estima
tion variability compared to NFIsNFI (Westfall et al., 2021). In addition 
to basic dendrometric attributes, urban inventories commonly capture 
canopy structure attributes, such as cover, density, width, and height, 
because of their relevance to urban tree functions, such as microclimate 
regulation, noise attenuation, etc. (Smithers et al., 2018; Zhao et al., 
2021). These attributes can be collected through conventional field 

measurements using standard inventory tools, such as diameter tape, 
caliper, hypsometer, etc. (van Doorn et al., 2020), and can also be 
derived from remote sensing measurements, including laser scanning 
(Saarinen et al., 2014) and street or aerial images (Li et al., 2019; 
Lumnitz et al., 2021). We focus here on measuring carbon-related at
tributes such as total tree height, stem diameter, and tree species.

Ground measurements of single trees have also been collected using 
other surveying methods, such as laser scanning. Terrestrial laser 
scanning (TLS) instruments transmit laser pulses at regular zenith and 
azimuth angle increments from the standing position and record the 
double travel time and intensity of the backscattered laser energy, which 
is used to produce a three dimensional (3D) point cloud, i.e., a collection 
of 3D points of the scanned environment such as tree stems, leaves, 
branches, understory vegetation, and any other object in the scene 
(Vosselman and Maas, 2010). These georeferenced point clouds also 
serve as the basis for extracting single-tree or plot-level attributes, either 
manually or automatically (Liang et al., 2018). In addition to individual 
attributes, more complex tree structures, such as stem curves and even 
complete 3D tree volume models (including branches) can be derived 
from TLS point clouds (Lau et al., 2018; Liang et al., 2014; Raumonen 
et al., 2013) and converted to nondestructive AGB estimates. TLS can 
provide information about single trees rapidly and accurately at the plot 
level, but it also requires multiple scan positions per plot to minimize 
occlusions, which reduces the efficiency of this approach over large 
areas. Furthermore, due to scanning from the ground, treetops can be 
occluded and therefore result in the underestimation of tree height 
(Liang et al., 2018). Laser scanning from an unmanned aerial vehicle 
(UAV) flying over the forest canopy acquires point clouds with a good 
representation of both the treetop and the ground and thus, provides 
more accurate estimates of tree height than TLS while covering larger 
areas (Brede et al., 2017). Nevertheless, laser scanning equipment is 
expensive, and tree and plot-level attributes are not measured directly 
but are instead derived from point clouds relying on specialized software 
and expert processing such as georeferencing, co-registration, noise 
reduction, and dealing with data artefacts, such as ghost points when 
scanning branches under windy conditions (Liang et al., 2016; Liang 
et al., 2019).

Terrestrial photogrammetry is an inexpensive alternative to laser 
scanning that uses overlapping images acquired with consumer-grade 
cameras and structure-from-motion methods to produce plot-level 
point clouds (Iglhaut et al., 2019). Different plot image acquisition 
settings have been tested from multiple cameras attached with fixed 
horizontal and vertical bases and acquisitions from a single standing 
point, e.g., the plot center (Forsman et al., 2016); two cameras with a 
fixed vertical base attached to a stick with a GNSS receiver and stop-and- 
go acquisition along a predefined route (Liu et al., 2018); and a hand- 
held single-camera image acquisition while walking through the forest 
plot (Mokroš et al., 2018; Piermattei et al., 2019). The accuracy and 

Table 1 
An overview of single-tree forest and outside forest ground data collection approaches and their characteristics. “Operationally in use” refers to whether the approach is 
currently being used operationally in national forest monitoring. Costs are just rough descriptive estimates of the expenses associated with equipment, processing 
software, and personnel hours. That information is based on the authors' knowledge and understanding of the field. Supporting literature is cited where available.

Operationally in 
use

Single tree information Stand characteristic 
acquired

Statistically planned 
sampling

Expert knowledge 
required

Costs

Forest Inventory (FI) Yes Directly measured Yes Yes Yes High
Terrestrial laser scanning 

(TLS) No1 Indirectly derived from 
point clouds Yes Yes Yes2 High

Terrestrial Photogrammetry No
Indirectly derived from 
point clouds

Yes Yes Yes2 Medium3

Citizen-Science with Mobile 
Phones

No Directly measured in the app No No No Low

1 Except for a few countries, e.g., France, Finland, Switzerland, and Sweden, that experimented with integrating TLS into their national forest inventories (Holvoet 
et al., 2025; Kükenbrink et al., 2025; Persson et al., 2022).

2 Particularly for the data post-processing and information extraction phases.
3 The costs of the equipment are low, but the software and postprocessing costs can be medium to high.
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completeness of the reconstruction depend primarily on the image 
quality but also on the number of images, which may affect the method's 
efficiency. Although some studies have demonstrated that the number of 
images can be reduced (Mulverhill et al., 2019), tree- and plot-level 
attributes are not measured directly but are derived from image-based 
point clouds, relying on specialized software, expert processing, and 
additional distance or geolocation measurements to rescale image-based 
point clouds.

A more recent approach to provide direct, inexpensive, and efficient 
single-tree measurements is through using mobile phones, which can 
integrate geolocation, orientation, and imaging sensors, such as GNSS 
receivers, accelerometers, gyroscopes, cameras, and sometimes LiDAR 
(Magnuson et al., 2024). There are three main types of smartphone- 
based data acquisition methods: passive sensing, active sensing, and 
combined techniques (Magnuson et al., 2024). Passive sensing relies 
primarily on the smartphone's built-in RGB cameras to capture images or 
videos, which are then processed using photogrammetric techniques 
such as Simultaneous Localization and Mapping (SLAM) to extract 
spatial information. These methods often incorporate data from addi
tional sensors, such as the accelerometer and gyroscope, to allow scaling 
and support constraining the SLAM results. Commonly used software 
development kits (SDKs) in this context are Google's ARCore (Lanham, 
2018) and Apple's ArKIT (Buerli and Misslinger, 2017), which both 
support real-time motion tracking and environmental understanding 
without requiring external hardware, leaving them usable for most 
smartphones on the market. For example, 90% of active Android devices 
support ArCore as of November 2024 (Google, 2025).

By carefully moving the smartphone while pointing the camera at a 
tree, depth maps of the trunk can be estimated. This depth map holds 
information about the sensor-trunk distance and allows for metrical 
information. In recent years, several studies have been published 
exploiting the AR (augmented reality) functionality of these SDKs to 
tailor bespoke tree parameter measurement apps. Many recent apps 
provide the possibility to measure tree parameters that fundamentally 
rely on ArCore or ArKit. Examples of these apps are: Working Trees 
(Ahamed et al., 2023), ARTreeWatch (Wu et al., 2023), and GreenLens 
(Feng et al., 2024).

The NASA GLOBE (Global Learning and Observations to Benefit the 
Environment programme) Observer app represents a special case of 
passive sensing and does not rely on advanced spatial processing algo
rithms (Amos et al., 2020). Instead, it estimates tree height using a 
trigonometric method based on the smartphone's built-in gyroscope and 
accelerometer. Users are instructed to point the device at the base and 
top of the tree to measure angles from a distance and then walk in a 
straight line towards the tree while counting their steps to estimate 
distance. The user's body height is entered and used to approximate step 
length, which is factored into the height calculation.

In contrast, active sensing technologies rely on smartphones equip
ped with emitting sensors to capture spatial information from the sur
rounding environment. Early attempts to integrate active sensors for 
smartphone-based tree parameter estimation were made through Goo
gle's Tango project, which incorporated a near-infrared depth sensor 
into smartphones. Tango was successfully tested for estimating tree 
parameters (Hyyppä et al., 2018; Tomaštík Jr. et al., 2017), but the 
project was discontinued by Google in 2017 (Matney, 2017). Today, 
active sensing with smartphones involves devices equipped with LiDAR 
sensors or Time-of-Flight (ToF) cameras, as seen in recent iPhone, iPad, 
and mid- to high-end Android models, such as the Samsung Galaxy S20+
and S20 Ultra, the Huawei P40 Pro+, and the Sony Xperia Pro–I. 
Several studies have explored the potential of combining these sensor- 
equipped devices with custom applications to measure tree attributes 
such as DBH and basal area (e.g., Bobrowski et al., 2023; Çakir et al., 
2021; Pace et al., 2022). However, estimating TH with active sensing 
alone remains challenging due to the limited range of these sensors. For 
example, the widely used iPhone 12 Pro has a maximum LiDAR range of 
approximately 5 m (or 10 m for the iPhone 16 Pro), which is insufficient 

for capturing the height of mature trees (Luetzenburg et al., 2021).
Finally, combined sensing methods leverage both active and passive 

sensor data to enhance spatial understanding. By integrating informa
tion from multiple sensors, these approaches generally produce more 
accurate and reliable results. The limitations of both active and passive 
sensors can often be mitigated through their complementary use. For 
example, the low granularity of ToF-based depth maps can be mitigated 
by incorporating high-resolution RGB imagery, which improves trunk 
segmentation, a crucial step in DBH estimation (Feng et al., 2024). 
ARCore and ArKIT are designed to implicitly incorporate active sensors 
like ToF cameras into their depth estimation processes. This integration 
makes them a practical solution for enabling spatial sensing capabilities 
across a broad range of smartphones, from low- to high-end models. 
Thus, most current apps, including the apps listed above, support both 
passive and combined sensing methods if the smartphone used is 
equipped with the necessary sensors.

In contrast to expert ground data collection for forestry and biodi
versity monitoring, there are also mobile apps targeted at citizen sci
ence, with the goal of providing crowdsourced data streams to 
complement satellite and expert data. For example, Ferster and Coops 
(2016) acquired and combined crowdsourced data on forest fuel attri
butes with high-resolution satellite images to map forest structural 
components over a large area. They used a mobile phone questionnaire 
to interview volunteers and asked them to visually interpret tree and 
plot attributes, such as the crown base height, stem density, understory 
conditions, crown closure, etc. Crowdsourced data from apps such as 
Pl@ntNet and iNaturalist, which use automatic visual identification of 
plants from mobile phone images, have proven to be reliable data 
sources for ecological monitoring and biodiversity (Bonnet et al., 2020; 
Di Cecco et al., 2021). Within its GLOBE programme, as mentioned 
above, NASA has engaged with students and citizens worldwide through 
its GLOBE Observe smartphone app to collect different crowdsourced 
ground data (Amos et al., 2020). The Tree module, in particular, has 
been designed to acquire tree height measurements and support the 
interpretation of tree height measurements acquired with the Ice, Cloud, 
and land Elevation Satellite-2, ICESat-2 (Enterkine et al., 2022). As 
discussed by Neuenschwander et al. (2024) and Duncanson et al. (2022), 
crowdsourced single-tree heights can support AGB mapping based on 
the ongoing space-borne LiDAR missions from NASA, such as ICESat-2 
and GEDI.

These studies demonstrate the considerable potential and demand 
for citizen science and crowdsourced single-tree data for mapping tree 
biomass and carbon storage. However, due to its heterogeneous data 
quality, crowdsourcing requires additional procedures to improve data 
consistency and exclude low-quality measurements (Roman et al., 2017; 
See et al., 2013). Although novel AR-based apps for carbon-related 
measurements are freely available, crowdsourcing with them is not 
straightforward because they lack data-quality curation procedures and 
an integrated database to support user engagement. The latter is 
particularly important for gamification with AR apps that affect user 
engagement in urban forestry data collection campaigns (Chambers 
et al., 2025). Furthermore, crowdsourcing with those apps requires an 
additional app for tree species identification, which unnecessarily 
complicates the citizen measurement workflow and the integration of all 
citizen measurements into a single database.

Here, we present a crowdsourcing-ready workflow that includes a 
novel, freely available citizen-science mobile app, Tree-Quest, that uses 
AR to measure single-tree attributes, such as DBH and TH, integrates the 
Pl@ntNet API for tree species identification, and a crowdsourced data 
quality curation step based on the Tree-Quest AR image labeling with a 
PicturePile (Danylo et al., 2018; Fraisl et al., 2022) extension addi
tionally customized for this task. This freely available workflow enables 
citizens and experts to collect carbon-related single-tree measurements, 
thereby providing an open, crowdsourced data stream for mapping 
forest biomass and vegetation carbon storage. The main advantages of 
Tree-Quest compared to existing apps are that it: 
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• integrates in one survey the collection of the three most important 
tree attributes: DBH, TH, and tree species,

• can be customized by initiating specific quests tailored to the needs 
of different user groups, e.g., scientific experts, forest owners, and 
citizens,

• collects auxiliary images with AR objects for assessing the quality of 
the citizen data in post-processing,

• has an open data portal to present and explore the data collected with 
the app,

• supports citizen engagement through gamification with the user 
leaderboard integrated into the data portal,

• is freely available for both Android and iOS phones and can work 
with phone images only, i.e., no LiDAR sensor is required on the 
phone

The paper is organized as follows. We begin with a description of the 
functionalities and underlying methods employed in the app, followed 
by a description of the test sites, data, and methods used to perform a 
quantitative assessment of measurement accuracy that is presented in 
the results. Finally, we discuss the app's advantages and limitations, 
provide major recommendations for its usage, and conclude. The app's 
accuracy is calculated based on differences from DBH and TH mea
surements: (a) obtained with tools used in a traditional forest inventory 
(FI) survey, and (b) derived from TLS point clouds. We take advantage of 
Tree-Quest's ability to store screenshots with AR objects to perform data 
curation and analyze how volunteers' measurement quality affects DBH 
and TH accuracy. The Tree-Quest measurements are also compared with 
those collected by other mobile apps.

2. Crowdsourcing workflow with Tree-Quest

The crowdsourcing-ready workflow (Fig. 1) includes the following 
three components: (a) our app Tree-Quest for carbon-related single tree 
attribute measurements, (b) its data portal that supports data download 
and currently only basic gamification through different leaderboards, 
and (c) quality labeling of Tree-Quest measurements through Tree-Quest 
screenshots, i.e., a pile, provided to a customized PicturePile extension 
for their classification.

Tree-Quest (TQ) is a free citizen science tool for measuring single- 
tree attributes. It allows any volunteer to use it to survey trees with 
their smartphone at any location and at any time. TQ is available as a 
quest (or what is essentially a citizen-science campaign) within Geo- 
Quest, a broader mobile app developed by the International Institute 
for Applied System Analysis (IIASA), which contains a range of quests on 
diverse topics such as identifying land-cover change, crop types, etc. 
(Fig. 2a). TQ integrates modules for automatic and manual DBH mea
surements, TH measurements, tree species identification, and a ques
tionnaire about each measured tree.

TQ's TH and DBH modules are built as interactive 3D AR 

environments. The single-tree measurements are based on user input 
and 3D points, i.e., feature points, provided by the off-the-shelf AR so
lutions for Android and iOS phones: the ARCore (Lanham, 2018) and 
ARKit libraries (Buerli and Misslinger, 2017), respectively. The modules 
render feature points and provide a tool and instructions for the user to 
manually select one feature point from which all relative measurements 
are derived later (Fig. 2e). This so-called seedpoint defines the horizontal 
and vertical planes in which the DBH and TH are calculated, respec
tively. Two approaches are implemented for the DBH measurements: 
automatic and manual.

The automatic DBH approach does not require user input; it auto
matically selects all feature points within a vertical buffer centered on 
the horizontal plane (the red points in Fig. 2f). Additional points are then 
added to the selection only if the horizontal distance to their nearest 
neighbor in the already selected feature points is: (a) larger than a 
minimal allowed distance threshold, or (b) smaller than a maximal 
allowed distance threshold. The default values are set empirically to 3 
cm for the vertical buffer height and the 3 cm minimal distance, and 20 
cm for the maximal distance, but the values can also be changed through 
the settings in the expert mode (Fig. 2h). The parameters are introduced 
to control the density of selected points and filter out potential outliers. 
The selected points are used to fit a circle in the horizontal plane. The 
diameter and area of the circle are stored as the DBH and the basal area 
of the measured tree, respectively. It is noted that for inclined trees, DBH 
could be slightly overestimated as the circle fit is always in the hori
zontal plane.

The manual DBH approach renders a vertical line as an AR object and 
asks the user to align it to the left and then to the right side of the tree to 
record the 3D vectors from the observation point to each side. Following 
simple rules of geometry, these vectors and the seedpoint coordinates 
are then used to calculate the DBH and the basal area. Manual and 
automatic DBH measurements are called circular and angular methods, 
respectively. After any of them is utilized, the app also records a 
screenshot with the AR circle rendered over the tree, allowing for 
measurement quality assessment in a potential data curation post- 
processing step.

TH is measured manually; the app renders a crosshair as an AR object 
and asks the user to point at the bottom and top of the tree (Fig. 2g). The 
vertical distance between the intersection points of the top and bottom 
3D vectors with the vertical plane is stored as TH. As it can rely only on 
camera observations, there is no ToF maximal distance constraint, and 
the user can take a longer distance apart from the tree to perform the 
treetop measurement. While doing this, it is, however, important to keep 
the phone camera oriented towards the tree to avoid breaking the AR 
session. In contrast, when the treetop is measured not far away from the 
tree, i.e., with a phone inclination of more than 45 degrees, the user 
receives a warning, but the measurement is stored. After the TH mea
surement is performed, the app records a screenshot with the AR cyl
inder rendered to support potential data curation.

The tree species module for species identification is based on the 
Pl@ntNet API (Pl@ntNet, 2025). The user is asked to take a photo of a 
tree and send it to Pl@ntNet for identification (Fig. 2c). The app also 
allows users to take photos of specific tree organs, such as leaves, 
flowers, fruits, bark, or an overview photo with auto-identification, and 
to repeat the identification process with additional photos (Fig. 2d). The 
first 10 species returns from the Pl@ntNet AI model, i.e., predicted tree 
species names with their associated probabilities, are presented to the 
user in a dropdown menu for final tree species selection (Fig. 2c).

A single tree is measured with TQ through the following steps. First, 
a user must register and create an account in the Geo-Quest app. The 
user then selects the TQ module from GeoQuest's main menu (Fig. 2a). 
TQ starts with a screen containing a brief description of the campaign. A 
base map is shown on the next screen, and the user is asked to tap on it to 
locate a tree on the map (Fig. 2b). On the next page, the user is asked to 
enter the name of a tree to identify it more easily in the database later 
(Fig. 2c), take a photo (Fig. 2d), and select the tree species based on the 

Fig. 1. Crowdsourcing-ready workflow that includes Tree-Quest app for 
carbon-related single tree attribute measurements, PicturePile for quality la
beling of crowdsourced data, and a data portal for user engagement, data 
download, and presentation.
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responses offered by Pl@ntNet (Fig. 2c). The user is further instructed to 
select a seed point at approximately 1.3 m above the tree bottom, i.e., at 
the so-called breast height, to provide a diameter measurement 
following forest inventory standards (Fig. 2e). Once completed, the user 
is asked to measure the DBH using the automatic or manual method (the 
A and M buttons in Fig. 2f). The user is then asked to measure the TH 
(Fig. 2g). Finally, the user fills out a questionnaire about the tree, 
specifying whether it is natural, planted, damaged, or answering any 
additional questions relevant to the campaign. The questionnaire can be 
redesigned to meet the specific needs of a campaign. Upon completing 
the quest (i.e., the single-tree measurement), the user can then upload 
the data collected to the Geo-Quest server.

Geo-Quest, including the TQ module, is available for free on the 
Google Play Store for Android phones and the App Store for iOS phones. 
The TQ data uploaded to the Geo-Quest server are open and available to 
any registered user, and they can be explored and downloaded from the 

Citizens for Copernicus (C4C) data portal: https://c4cweb.main.geo 
-wiki.org. The portal also displays data from other single-tree cam
paigns (quests) in Geo-Quest.

The crowdsourced-ready workflow will then require an additional 
quality curation for the acquired crowdsourced data. Therefore, we 
introduced a quality-labeling step in which the quality of each DBH or 
TH measurement is assessed by labeling TQ screenshots that contain 
either a fitted circle or a cylinder captured during the measurement. The 
screenshots are labeled in our existing app, PicturePile, which we 
slightly adapted so that a user can simply move an image in one of four 
directions to label it in one of the following categories: high, medium, 
low, or other (see Fig. 3). The labeling in PicturePile is very simple, 
allowing a rapid image labeling, which has already shown its usability 
for crowdsourcing through image interpretation (Danylo et al., 2018; 
Fraisl et al., 2022). The labeling in this study was performed by two 
experts. When the labels disagreed, the lower-quality category was 

Fig. 2. Tree-Quest main modules and their screens: (a) the Geo-Quest main menu with the Tree-Quest entry point highlighted with the rectangle, (b) the screen with 
a base map to digitize the location of the tree and start the quest, (c) a screen with an access button to tree species identification with a list of outputs coming from the 
Pl@ntNet API, (d) a screen to collect an image for tree species identification with different options, (e) a screen showing the selection of the seed point the only 
(larger bright yellow point) among all feature points, (f) a screen with a circle fit for deriving the tree diameter based on the selected (red) feature points, (g) a screen 
for tree height measurement, (c) a screen for the expert mode settings. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)
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taken as the final one. The “other” category included cases where it was 
not possible to judge the quality, or when an apparent measurement 
error was evident, e.g., when a screenshot was missing, the AR object 
was partially or not visible at all, or the AR object size was erroneous.

3. Materials and methods

The TQ measurements of DBH and TH were collected, processed, and 
compared with measurements obtained with forest Inventory (FI) tools, 
terrestrial laser scanning (TLS), and other apps for DBH and TH mea
surement. Fig. 4 shows the major data and processing steps applied, and 
subsequent sections explain them in detail.

3.1. Test sites

Two test sites were introduced to assess the app's accuracy and gain 

user feedback: Laxenburg Park and Stadtpark in Vienna, both in Austria. 
The Laxenburg Park test site comprises 45 trees that are part of a 2.8 km2 

heritage-protected palace landscape garden located near Vienna in 
Laxenburg. The trees were selected to be close to the park's main 
entrance to maximize citizen participation (Fig. 5a). All the trees were 
originally planted, with current DBH values ranging from 11.9 cm to 
161.2 cm and THs ranging from 4.6 m to 29.0 m. Tree species were 
diverse, coming from 11 genus groups, but predominantly including 
Tilia, Celtis, Acer, Platanus, Aesculus, and Pinus species. In particular, 
there were several Platanus Orientalisplanetrees with a DBH over 100 
cm, which were challenging to measure. The trees were planted 
sparsely, visible from the side, and most of them have no understory 
except for a few with basal shoots and small bushes around them. In 
addition to the citizen measurements taken with the TQ app, the trees 
were surveyed using forest inventory tools and TLS, which were 
employed here to assess the app's accuracy and provide 

Fig. 3. PicturePile user environment adapted for manual labeling of the TQ screenshots with AR objects into one of the quality categories: high, medium, low, and 
other (“CantCan't tell”). The labeling is done by manually moving the TQ image in one of the four directions. A labeling of TQ diameter measurement with medium- 
quality score is shown in (a), and a labeling of TQ tree height measurement with low-quality is shown in (b).

Fig. 4. An overview of data collected, and processing steps applied for assessing TQ measurements' accuracy.
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recommendations for future app usage. An ecology expert collected the 
forest inventory measurements.

The Stadtpark test site includes 22 trees clustered in one part of an 
urban park located centrally in Vienna (Fig. 5b). Only trees with mini
mal or no crown overlap with neighboring trees were considered to 
minimize measurement ambiguities. The trees were originally planted 
and had DBHs ranging from 19.8 cm to 116.9 cm, and THs ranging from 
9.0 m to 21.0 m. Tree species were diverse, coming from 11 genus 
groups, predominantly including Acer, Fagus, Pinus, Quercus, and Aes
culus. This test site was surveyed by experts only (not citizens) using 
various forestry mobile apps, referenced against forest inventory mea
surements. The data collected in Stadtpark were used to compare TQ 
DBH and TH measurements with other apps.

3.2. Single-tree inventory data

Single-tree inventory data include DBH and TH measurements that 
were collected consistently using traditional FI tools and methods for 
each of the 67 trees (45 and 22) across the two test sites, i.e., the FI-DBH 
and FI-TH measurements. DBH was measured at 1.30 m above ground 
level using a 5 m diameter tape (Grube-Forst GmbH, n.d). For the 
evaluation of TH, a laser rangefinder was used to triangulate following 
the tangent method (Larjavaara and Muller-Landau, 2013). The FI 
measurements were collected by a forest ecology expert who also carried 
out the identification of the tree species. The FI-DBH and FI-TH mea
surements were used to assess the relative accuracy of the corresponding 
TQ and TLS measurements.

3.3. DBH and TH from TLS data

Single-tree DBH and TH were additionally acquired in Laxenburg 
Park using TLS. For the TLS campaign, a RIEGL VZ-600i scanner was 
used. It features a beam divergence of 3.5 mrad, resulting in a 3.5 cm 
increase in beam diameter per 100 m. The documented 3D point accu
racy is 3 mm at 50 m and 5 mm at 100 m. A pulse repetition rate of 2.2 
MHz was used, with an angular spacing of 0.034 degrees, corresponding 
to a sampling interval of ~6 cm at a distance of 100 m. Data collection 
took place just before the onset of foliage on 22 March 2024. Wind was 
minimal during the campaign. Overall, the scanning conditions were 
favorable. The three locations on which trees in the test site clustered 
(Fig. 5a) were scanned and processed individually, with 10 to 40 scan 
positions, depending on the location size. Co-registration of the scans 
was performed using RiSCAN PRO software (v. 2.19.1) and yielded an 

accuracy of 0.009 m for the average standard deviation over all scan 
positions. The resulting co-registered point clouds were then used for 
semi-automatic estimation of DBH and TH. For this, the software 3D 
Forest Inventory (3DFin) was used (Laino et al., 2024). 3DFin is a 
Python-based plugin for the point cloud processing software Cloud
Compare (v.2.13.0). The resulting DBH and TH estimates were manually 
checked and measured again if necessary. The estimation of DBH 
consistently yielded good results with little to no visible deviations be
tween the fitted circle and the point cloud. The automatic TH estimation 
tended to be less accurate, particularly for dense tree clusters that 
featured trees with complex topologies. These trees were then manually 
remeasured using the measurement tool implemented in CloudCompare. 
This process resulted in a highly accurate reference dataset for quanti
tatively evaluating the performance of the TQ app.

3.4. DBH and TH from Tree-Quest

On both test sites, single-tree DBH and TH measurements were 
collected with the TQ app. For Laxenburg Park, 30 volunteers made 681 
measurements of the 45 trees, resulting in 10 or more measurements 
collected per tree.

To assess the measurement quality among different volunteers, they 
were split into three groups: experts, practitioners, and students. The 
groups were formed according to the volunteers' familiarity with the TQ 
app. The experts were the smallest group, comprising four volunteers 
who participated in the app's development and/or had tested the app 
intensively beforehand. The practitioners involved six volunteers who 
were familiar with the app but had not used it before. They were project 
partners in developing the app. Finally, the students were the largest 
group, which included 20 volunteers who were unfamiliar with the app 
and had not used it before. This group was formed from participants in 
the GEO-OPEN-HACK-2024 hackathon, who were mostly PhD students 
and early-career researchers. Despite the apparent imbalance in the 
number of volunteers per group, the number of measurements per group 
was more balanced, i.e., 278, 231, and 172 measurements from the 
experts, practitioners, and students, respectively.

The above groups were given the same instructions for the mea
surements, except for the number of trees to be measured. Students were 
instructed to freely select which tree and how many trees they would 
like to survey in Laxenburg Park. Furthermore, they could freely select 
manual or automatic DBH methods. The practitioners received the same 
instructions as the students but were required to measure at least 30 
trees. Finally, the experts had the same instruction as the students and 

Fig. 5. Locations of the trees surveyed in (a) the Laxenburg Park test site (N 48◦ 12′ 21“, E 16◦ 22’ 50”), and (b) the Stadtpark test site (N 48◦ 3′ 58.233“, E 16◦ 21’ 
36”). The tree colour corresponds to the DBH group marked in the legend.
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practitioners, but they had to measure each tree using both DBH 
methods. All groups were advised to make DBH measurements at 
approximately 1 to 2 m from the tree and at a tree height of 1.3 m. For 
measurements of TH, we advised the volunteers to move approximately 
one tree height away from the tree to obtain a better angle of view of the 
treetop.

Each TQ DBH and TH measurement was also classified into one of the 
following quality categories: high, medium, low, and other. The classi
fication was done independently by two experts, who visually inspected 
each TQ screenshot acquired by the app during different phases of the 
measurement. The screenshots display the augmented reality objects (a 
circle and a cylinder for DBH and TH inspection, respectively) as well as 
the measured tree, which was used to visually assess the measurement 
quality. As a result, each measurement was scored twice using the above 
quality categories. When the labels disagreed between the two experts, 
the lower quality category was taken as the final one. The “other” 
category included cases where it was not possible to judge the quality or 
when an apparent measurement mistake was visible, e.g., when a 
screenshot was missing, the AR object was partly or not visible at all, or 
when the AR object size was erroneous. The DBH and TH measurements 
from the “other” category were excluded from the analysis.

The high-, medium-, and low-quality categories also contained out
liers when compared with the FI measurements. These were mostly 
correct but were assigned to the wrong tree erroneously. This probably 
happened because an incorrect tree number was entered by a user at the 
beginning of a tree measurement session. We excluded these measure
ments based on interquartile range outlier detection and moved them to 
the “other” category, i.e., they were excluded from the analysis.

For Stadtpark, the TQ DBH and TH measurements were only 
compared with other forestry mobile apps. One expert collected the TQ 
TH and DB measurements for each of 22 trees. The expert also collected 
the DBH and TH measurements using the other forestry apps for com
parison. The measurements from each app were also first filtered for 
outliers before the subsequent analysis.

We created several data subsets from Laxenburg Park and Stadtpark 
TQ data to evaluate different mobile app quality aspects. Table 2 lists 
these subsets and their usage in the subsequent analysis.

3.5. DBH and TH from other apps

To understand how TQ measurements compare with other existing 
apps, we conducted single-tree DBH and TH measurements in Stadtpark 
with TQ and additional tree apps: Working Trees, GreenLens, and 
GLOBE Observer. Working Trees measures DBH and TH, whereas 
GreenLens measures only DBH, and GLOBE Observer only TH. Thus, for 
each tree, we obtained one DBH and one TH measurement using the TQ 
app, and two additional DBH and TH measurements using the afore
mentioned apps. We wanted to consider only free apps, including those 
that rely on both similar and different measurement technology 
compared to TQ. For example, GLOBE Observer measures the inclina
tion angle of a phone and uses the number of steps entered by a user to 
calculate the TH. In contrast, Working Trees interactively asks the user 
to measure TH from the tree's bottom to the top, relying on the phone's 
AR, which is very similar to TQ TH measurements. For DBH, both apps 
rely on the phone's AR; however, GreenLens derives DBH automatically 
with AI-supported tree width detection, i.e., without requiring the user 
to interactively measure it, which is also the case for Working Trees. The 
characteristics of the selected apps are given in Table 3. All app mea
surements were conducted on April 1, 2025, by the same user.

3.6. Statistical analysis

The TQ DBH and TH relative accuracy was assessed with a linear 
model between TQ measurements (Table 2) and the counterpart FI 
measurements (Sections 3.2). We applied linear mixed-effects models 
with random intercepts by individual tree to account for within-tree 

clustering of multiple TQ submissions. The model performance was re
ported with its coefficient of determination (R2): 

R2 = 1 −

∑n

i=1

(
yTQ,i − ŷi

)2

∑n

i=1

(
yTQ,i − yTQ

)2 

where yTQ,i is a TQ measurement, ̂yi is the predicted value, and yTQ is the 
mean of the yTQ,i values. The calculations were done with the Python 
statsmodels library (Seabold and Perktold, 2010).

In addition, the mean absolute error (MAE) and the relative mean 
absolute error (rMAE) were calculated with respect to the FI 
measurements:

MAE = 1
n
∑n

i=1

⃒
⃒
⃒yTQ,i − yFI,i

⃒
⃒
⃒, and rMAE [%] = 1

n
∑n

i=1

⃒
⃒
⃒
⃒
⃒

yTQ,i − yFI,i
yFI,i

⃒
⃒
⃒
⃒
⃒
• 100 

where || is the absolute operator, yTQ,i is a TQ measurement, yFI,i is an FI 
measurement, and n is the number of measurements. It is noted that our 
MAE and rMAE were influenced by both bias and precision, as the model 
was not considered in their calculations.

To relate the results more easily with other studies, we also calcu
lated and reported the root mean square (RMSE) with respect to the FI 
measurements: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

∑n

i=1

(
yTQ,i − yFI,i

)2
√

Table 2 
Overview of Tree-Quest data subsets and their characteristics from the Laxen
burg Park (LP) and Stadtpark (SP) test sites, including their description and 
usage in the subsequent analysis.

Data 
Subset

Description Number 
of Meas.

Derived 
from

Usage Test 
site

All-LP
All DBH and TH 
measurements in 
Laxenburg Park

681 – – LP

H
High-quality DBH and 
TH measurements

DBH: 98  
TH: 52 All-LP

Sections 
4.1, 4.2, 
and 4.4

LP

M
Medium-quality DBH 
and TH measurements

DBH: 228  
TH: 254 All-LP

Section 
4.2 LP

L
Low-quality DBH and 
TH measurements

DBH: 117  
TH: 148 All-LP

Section 
4.2 LP

HM
High- and medium- 
quality DBH and TH 
measurements

DBH: 326  
TH: 306 H + M

Section 
4.2 LP

HML
High-, medium-, and 
low-quality DBH and 
TH measurements

DBH: 443  
TH: 454

H + M +
L

Section 
4.2

LP

E
DBH and TH 
measurements 
acquired by experts

DBH: 155 
TH: 220

HML Section 
4.3

LP

P

DBH and TH 
measurements 
acquired by 
practitioners

DBH: 187 
TH: 154

HML Section 
4.3

LP

S
DBH and TH 
measurements 
acquired by students

DBH: 101 
TH: 80

HML Section 
4.3

LP

Man

High-quality DBH 
measured with the 
manual (angular) 
method

DBH: 76 H Section 
4.4

LP

Auto

High-quality DBH 
measured with the 
automatic (circle fit) 
method

DBH: 22 H
Section 
4.4 LP

All-SP
All DBH and TH 
measurements in 
Stadtpark

DBH: 18  
TH: 22 –

Section 
4.5 SP
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To compare TQ with TLS and other apps, we calculated the accuracy 
metrics (R2, MAE, and rMAE) by substituting measurements from TLS or 
other apps into the above equations instead of the TQ measurements. 
The metrics were calculated separately for DBH and TH measurements. 
A larger R2 indicates a better fit with the FI measurements, whereas 
smaller MAE and rMAE indicate better accuracy. The linear model co
efficients (slope and intercept) show the nature of bias in the 
measurements.

To understand if the TQ, FI, and TLS measurements are statistically 
interchangeable, we assessed bias among them and tested their signifi
cance. The bias (B) was calculated as the median of the difference be

tween the TQ measurements (yTQ,i) and FI measurements 
(

yFI,i) and it is 

also expressed in percentages (rB) as the median of the differences 
normalized by the Fi value and multiplied by 100: 

B = Med
{

yTQ,i − yFI,i

}
, and rB = Med

{

100 •
yTQ,i − yFI,i

yFI,i

}

where Med is the median operator over a set of elements enclosed with 
the curly brackets. The significance of bias was tested using the 
nonparametric two-sided paired Wilcoxon Signed-Rank test at the 5% 
significance level. The null hypothesis was that there is no significant 

Table 3 
Overview of the apps from which the TH and DBH measurements from Stadtpark were collected and used for the comparison.

Name Operating system Tree Parameters AR Supported Measurements Phone used Reference

GLOBE Observer Android, iOS TH No Manual OnePlus6 
(Android)

Campbell (2021)

GreenLens Android DBH Yes Automatic 
(AI-supported)

Samsung Galaxy M34 
(Android)

Feng et al. (2024)

Working Trees iOS, Android TH, DBH Yes Manual Samsung Galaxy M34 
(Android)

Ahamed et al. (2023)

Geo-Quest Android, iOS TH, DBH Yes Manual and Automatic OnePlus6 
(Android)

This publication

Fig. 6. High-quality single-tree DBH (diameter at breast height) measurements (n = 98) taken with Tree-Quest in Laxenburg Park, compared with (a) forest in
ventory (FI) DBH measurements, i.e., using DBH tape, (b) DBH measurements obtained with TLS; (c) Comparison between TLS and FI measurements of DBH. MAE is 
the mean absolute error, and R2 is the marginal coefficient of determination. The number of trees with more than one measurement is t = 37, which is also the 
number of groups in the linear mixed model.

Fig. 7. High-quality single-tree TH (tree height) measurements (n = 52) taken with Tree-Quest in Laxenburg Park, compared with (a) forest inventory (FI) TH 
measurements, i.e., using laser range finder, (b) TH measurements with TLS; (c) Comparison between TLS and FI measurements of TH. MAE is the mean absolute 
error, and R2 is the marginal coefficient of determination. The number of trees with more than one measurement is t = 26, which is also the number of groups in the 
linear mixed model.
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bias between the paired observations. If the p-value is smaller than the 
significance level, the null hypothesis is rejected, and the bias is 
considered significant. The non-parametric test was used because the 
measurements did not meet the normality criterion, as indicated by the 
Q-Q plots and Shapiro-Wilk tests that we performed.

The measurements from different TQ groups are also tested to 
determine whether they are statistically interchangeable. Those groups 
include: (a) high-, medium-, or low-quality measurements, and (b) 
expert, practitioner, or student measurements. As these measurements 
belong to three groups, none of which met the normality condition, we 
used the nonparametric Friedman Test with the same significance level 
(0.05) as before. The imbalance in the number of measurements was 
addressed by randomly selecting subsamples from other groups to match 
the smallest group's sample size. The statistical interchangeability be
tween DBH measurements acquired with the automatic and manual 
methods was tested as above using the Wilcoxon Signed-Rank test.

4. Results

4.1. Accuracy of the tree-quest measurements

The high-quality TQ DBH measurements were highly correlated with 
both the FI and TLS DBH measurements and associated with an MAE of 
3.0 cm (rMAE 6.0%; RMSE 4.4 cm) and 4.3 cm (rMAE 9.1%; RMSE 5.6 
cm), respectively (Fig. 6a and Fig. 6b). The corresponding regression 

lines show that the TQ measurements slightly overestimate the TLS 
measurements for DBH < 30 cm. For comparison, the TLS DBH corre
lates more closely with FI DBH and has a smaller MAE of 2.2 cm (rMAE 
4.4%; RMSE 3.2 cm) compared to the TQ DBH. The results also showed 
that TQ measurements have a positive bias (overestimation) of 0.9 cm 
(1.6%) for FI measurements and 2.4 cm (5.0%) for TLS measurements. 
The TLS, however, showed a negative bias (underestimation) of − 1.4 cm 
(2.6%) compared to FI measurements. All the biases were statistically 
significant according to their p-values from the Wilcoxon signed-rank 
test. The interclass correlation coefficient (ICC) was 0.07 in the TQ-FI 
DBH mixed model, indicating that 93% of the variance is due to mea
surement noise.

The TH measurements from TQ and TLS were more similar, with 
MAEs of 1.5 m (rMAE 10.7%; RMSE 1.8 m) and 1.1 m (rMAE 7.9%; 
RMSE 1.5 m), respectively, and with a high correlation (R2 > 0.97) 
between one another (Fig. 7). As can be seen from their regression lines, 
both TQ and TLS heights overestimate the FI heights across the entire 
range of their values. The TQ heights had a bias of 1.1 m (7.0%) 
compared to the FI heights and 0.4 m (2.3%) to the TLS measurements. 
The TLS measurements also had a bias of 0.7 m (5.2%) to the FI mea
surements. All the biases were statistically significant. ICC was 0.67 in 
the TQ-FI TH mixed model, indicating that the between-tree variance 
dominated the measurement noise.

Fig. 8. The comparison of the Tree-Quest DBH (a) medium-quality measurements, (b) the combination of medium- and high-quality measurements, and (c) the 
combination of all three quality categories with the field inventory DBH measurements. t shows the number of unique trees with multiple measurements, which is 
also the number of groups in the linear mixed model.

Fig. 9. The comparison of the Tree-Quest tree height (TH) (a) medium-quality measurements, (b) the combination of medium- and high-quality measurements, and 
(c) the combination of all three quality categories with the field inventory TH measurements. t shows the number of unique trees with multiple measurements, which 
is also the number of groups in the linear mixed model.
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4.2. Quality categories and accuracy

To address the diverse measurement quality provided by different 
volunteers, TQ measurements were classified into high, medium, and 
low quality categories based on visual inspection of the app photos 
containing the AR objects – an AR circle for DBH measurement, and an 
AR cylinder for TH measurement (Section 3.4). The accuracy of the high- 
quality measurements is presented in Section 4.1, and here, we addi
tionally present the accuracies of the medium-quality measurements, 
the combination of high- and medium-quality measurements, and the 
combination of all quality categories (low, medium, and high).

For DBH, the medium-quality measurements have an MAE of 4 cm 
(rMAE of 7.1%) (Fig. 8a), which is 1 cm higher compared to the MAE of 
the high-quality measurements (Fig. 6a). The combination of high- and 
medium-quality DBH measurements yields a slightly smaller MAE of 3.7 
cm (rMAE 6.8%) than the medium-quality measurements alone. When 
measurements from all three categories are considered, the MAE in
creases to 4.7 cm (rMAE 8.0%), whereas the scatterplot shows that the 
dispersion of measurements also increases with an increase in the DBH 
(Fig. 8c) The biases of all three datasets were below 0.5 cm (~1%) 
compared to FI measurements. However, the bias in medium-quality 
measurements was not statistically significant (p-value = 0.49). In 
contrast, the biases in the other two datasets were found to be statisti
cally significant, though with p-values close to the significance level 
(0.04 and 0.02). The Friedman test for the high, medium, and low DBH 
measurement groups indicated no statistical significance (p-value =

0.08). ICCs for the Medium, Medium & High, and all DBH quality 
measurements are 0.01, 0.07, and 0.19, respectively, suggesting mea
surement noise to be dominating source of variance.

For TH, the medium-quality measurements have an MAE of 1.6 m 
(rMAE 11.1%) (Fig. 9a), which is slightly higher than the MAE of the 
high-quality measurements (Fig. 7a). However, the combination of these 
two groups produces the same MAE as the high-quality measurements 
(Fig. 9b). Finally, the inclusion of the low-quality measurements with 
the other two categories resulted in a similar MAE, but the dispersion of 
points is larger, which decreased the R2 (Fig. 9c). The biases of all three 
datasets to the FI measurements were found to be significant. The me
dium TH and medium & high TH measurements had 1.1 m (7.5%) bias, 
whereas the combination of all quality measurements had a bias of 0.6 m 
(5.1%). The Friedman test for the high, medium, and low TH measure
ment groups indicated no statistical significance (p-value = 0.22).ICCs 
for the Medium, Medium & High, and all TH quality measurements are 
0.53, 0.56, and 0.27, respectively, indicating that MAEs of those groups 
were moderately affected by the variability within the tree and not 
purely on the measurement noise.

4.3. User groups and measurement quality

As discussed in Section 3.4, the volunteers were split, according to 
their familiarity with the app, into three citizen groups: experts, prac
titioners, and students. The DBH measurements by the expert and stu
dent user groups have a similar MAE that is just above 4 cm, but the 

Fig. 10. The comparison of the Tree-Quest high, medium, and low DBH measurements acquired by (a) the Experts group, (b) the Practitioners group, and (c) the 
Students group with the field inventory DBH measurements. The points are colored according to their quality category. t shows the number of groups in the linear 
mixed model.

Fig. 11. The comparison of the Tree-Quest high, medium, and low TH measurements acquired by (a) the expert group, (b) the practitioner group, and (c) the student 
group with the field inventory DBH measurements. The points are colored according to their quality group.
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student group contained just a few low-quality points (Fig. 10a and 
Fig. 10c). The practitioner group had the largest MAE of 5.2 cm and also 
many low-quality points (Fig. 10b). The biases in student and expert 
groups compared to the FI measurements were not significant (p-values 
of 0.60 and 0.34, respectively). The bias in practitioner data was 0.7 cm 
(1.6%) and was shown to be significant. The Friedman test for the 
expert, practitioner, and student DBH measurements indicated no sta
tistical significance (p-value = 0.09). Low-to-moderate mixed effects for 
each user were observed only in the Student group (ICC = 0.11), 
whereas the other groups' ICCs were below 0.015. The moderate mixed 
effects for each tree were observed only in the Expert group (ICC =
0.28), whereas the Students and Practitioners groups had ICCs below 
0.02. This means that MAE for the Student and Practitioner group was 
driven by the measurement noise, whereas MAE of the Expert group was 
a pessimistic estimate as moderately impacted by within-tree variability.

For the TH measurements, all three user groups had an MAE between 
1.4 and 1.8 m (Fig. 11), which is also in the range of the MAE values 
from different data quality groups (Fig. 7 and Fig. 9). The expert and 
student groups had the largest R2, and their regression models show a 
small but consistent underestimation along all TH values. The regression 
model for the practitioner group, in contrast, showed underestimation of 
small TH (i.e., <15 m) and overestimation of high TH values (i.e., >20 
m). In addition, the majority of low-quality measurements in the expert 
and practitioner groups underestimated the TH. The biases of 0.7 m 
(5.5%), 0.6 m (4.9%), and 0.7 m (3.9%) in expert, practitioner, and 
student TH measurements, respectively, compared to FI measurements 
were significant. The Friedman test for the expert, practitioner, and 
student DBH measurements was statistically significant (p-value =
0.02).

4.4. Automatic and manual DBH measurement methods

Among the high-quality DBH measurements, 78% were acquired 
using the manual, i.e., angular, DBH method, whereas only 22% were 
acquired using the automatic, i.e., circle fit, method. The MAEs for 
manual and automatic DBH measurements were 3.1 cm and 2.7 cm, 
respectively (Fig. 12), similar to the one reported for all data (Fig. 6a). 
However, the automatic DBH measurements were more accurate for the 
trees with a DBH below 60 cm, with an MAE of 1.4 cm (rMAE 3.3%; 
RMSE 1.8 cm). The regression lines of both methods show almost no 
bias, with the manual method overestimating small DBH values slightly 
more than the automatic method. A statistically significant bias (p-value 
0.001) of 1.1 cm (1.9%) was observed in manually measured DBH values 
compared with those obtained with the FI method. However, for auto
matic DBH measurements, no significant bias was observed (p-value 
0.80). Only 15 trees shared paired manual and automatic high-quality 

DBH measurements, showing a statistically significant bias of − 1.8 cm 
(2.3%, p-value 0.40)

4.5. Comparison with other apps

The TQ DBH measurements had the smallest MAE compared to those 
acquired with the other two apps in the Stadtpark test site (Fig. 13). 
Nevertheless, the MAE of the TQ and GreenLens apps were comparable, 
whereas the Working Trees app's MAE was almost twice as large. 
Furthermore, the regression line for the TQ DBH measurements showed 
almost no bias, i.e., the slope of the model was 1, but the intercept in
dicates a mm-scale overestimation (< 0.5%). Furthermore, the MAE of 
the TQ measurements was comparable to the MAE of the high-quality 
TQ measurements in Laxenburg Park (Fig. 6a). The DBH measure
ments acquired by the GreenLens app were overestimated, whereas the 
Working Trees measurements mostly underestimated the FI DBH values. 
However, the biases in TQ, GreenLens, and Working Trees DBH mea
surements (0.2 cm, 0.4 cm, and 1.1 cm) relative to the FI measurements 
were not significant (p-values of 1.00, 0.90, and 0.49, respectively).

The TQ TH measurements had the smallest MAE again compared to 
those acquired with the other two apps in Stadtpark (Fig. 14). The TQ 
MAE was comparable to the MAE of the high-quality TQ measurements 
in Laxenburg Park (Fig. 7a). Nevertheless, the regression models showed 
that all three apps acquired heights that consistently overestimated the 
FI TH values. The biases of 0.7 m (5.0%), 1.0 m (7.8%), and 0.7 m (5.0%) 
in TQ, GreenLens, and Working Trees TH measurements relative to the 
FI measurements were found significant (p-values of 0.021, 0.004, and 
0.016).

5. Discussion

5.1. Tree-quest measurements

The analysis showed that the accuracy of TQ DBH measurements was 
more sensitive than the accuracy of the TQ TH measurements when low- 
quality measurements were added. The MAE of DBH ranged from 3 cm 
(rMAE 6%) for high-quality measurements to 4.7 cm (rMAE 8%) when 
the medium– and low-quality measurements were added. The MAE also 
increased to 5.2 cm (rMAE 8.6%) for the measurements from the prac
titioner group. For TH, the MAE ranged from 1.3 to 1.5 m (rMAE 
8.7–11%) for different test sites, measurement qualities, and user 
groups. Only the practitioner group measurements resulted in a higher 
MAE of 1.8 m. These results show that data curation has an impact on 
the MAE of both DBH and TH measurements. The results also show that 
different citizen groups have an impact on the MAE of both DBH and TH 
measurements. However, it should be noted that the number of 

Fig. 12. High-quality DBH measurements from Laxenburg Park acquired using two different Tee-Quest DBH measurement methods: (a) the manual, i.e., angular, 
approach, (b) the automatic, i.e., circle fit, approach.
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measurements in those groups was not controlled, so that sample size 
imbalance may also affect the resulting MAE.

The bias analysis of DBH measurements showed that all citizen 
groups and quality groups had small biases (≤ 2%) relative to the FI 
measurements. The overestimation of high-quality DBH measurements 
of 0.9 cm (1.6%) was statistically significant. This implies that TQ and FI 
data can be used jointly only after removing the bias between them, for 
example, by applying a mixed model that accounts for it. The statistical 
analysis of manual and automatic DBH measurements revealed that 
manual DBH measurements drive the above bias, as the bias between 
automatic and FI DBH measurements was not statistically significant. 
The analysis further showed that TQ, FI, and TLS DBH measurements 
were also statistically different, so they can be used jointly only after 
removing the biases between them, e.g., when applying a mixed model 
with groups corresponding to data source (e.g., TQ, TLS, and FI) to ac
count for biases due to their measurement errors. The Friedman test, 
however, showed that groups with high-, medium-, and low-quality 
DBH measurements were not statistically different, indicating that 
they introduced the same bias to the FI measurements. The same was 
shown also for the experts, practitioners, and student groups.

The biases in TH measurements from citizen groups and quality 
groups were all statistically significant, introducing 3.9% to 7.8% 
overestimation of the FI measurements. The Friedman test showed that 
TH measurements across those groups were statistically different, indi
cating that they lead to different biases compared to FI or TLS mea
surements of TH. The overestimation of high-quality TH measurements 
was 1.1 m (7%), but TLS measurements also overestimated FI 

measurements by 0.7 m (5.2%). The latter overestimation is surprising, 
given that laser scanning from the ground, due to canopy elements, is 
expected to underestimate tree height (Liang et al., 2018). Our TLS, 
however, was conducted on detached trees with minimal crown overlap, 
a setting expected to capture crown-top returns accurately without 
producing erroneous returns above the canopy. Therefore, this over
estimation might instead indicate that our FI measurements under
estimated real tree height.

To understand the impact of measurement errors in TQ DBH and TH 
on aboveground biomass (AGB), we used several allometric equations to 
propagate these errors into the AGB estimates. This was done using 
species-specific allometric equations for total AGB (Muukkonen and 
Mäkipää, 2006; Zianis et al., 2005), which were available only for 
three species in our study. For each of those species, we additionally 
used the allometric equation from (Chave et al., 2014) that is commonly 
used particularly popular in remote sensing AGB studies. The propaga
tion of the DBH and TH errors from the high-quality TQ measurements 
(MAE of 6%, and 11%, respectively) resulted in an AGB estimate error 
ranging from 6% to 20%, depending on the tree species and the allo
metric equation used. Those results are summarized in Table B. 1, Ap
pendix B. The above uncertainty is aton a tree level, and estimates aton 
the plot level would, due to averaging over n trees, lead to a reduced 
uncertainty with a factor of 

̅̅̅
n

√
. Just averaging over 16 trees would 

reduce the highest AGB estimate uncertainty in Table B. 1 to under 5% of 
the AGB estimate. Therefore, although TQ DBH and TH measurements 
may introduce uncertainties up to 20% at the single tree level, they can 
be particularly useful for plot-level AGB estimates, for example, as a 

Fig. 13. Comparison of the DBH measurements acquired with (a) the Tree-Quest app, (b) the GreenLens app, and (c) the Working Trees app with the field inventory 
(FI), i.e., tape measurements for the trees in Stadtpark.

Fig. 14. Comparison of tree height (TH) measurements acquired with (a) the Tree-Quest app, (b) the GLOBE Observer app, and (c) the Working Trees app with the 
field inventory (FI) measurements for the trees in Stadtpark.
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ground reference for calibration of satellite images, as their pixels 
commonly include several trees. This error propagation also confirmed 
findings from other studies that the selection of the allometric equation 
and sampling design are the dominant sources of error in plot-level AGB 
estimates. As the inclusion of low-quality TQ measurements increases 
DBH uncertainty, the propagation of such TQ measurements would 
result in larger AGB errors compared to those in Table B. 1, which again 
shows the importance of data quality curation before further utilization.

The above discussion assumes that tree species identification is error- 
free, which does not hold in crowdsourced species recognition and may 
affect AGB estimates through the selection of species-specific allometric 
equations and wood density. We did not evaluate the Pl@ntNet API 
independently in this study, but its performance has been assessed in 
several recent studies. Overall, these studies show that Pl@ntNet and 
comparable AI-based plant-identification tools can provide high iden
tification accuracy, particularly for common, well-documented taxa and 
when several informative plant images are available, but that accuracy 
remains context-, taxon-, image-, and organ-dependent. Hart et al. 
(2023) reported that Pl@ntNet correctly identified plants as its first 
choice in about 87% of cases, whereas the correct taxon was included 
among the top five suggestions in about 95% of cases. In a study that 
included 55 urban tree species, Pl@ntNet correctly identified approxi
mately 71% of species and 88% of genera; species-level accuracy 
increased to nearly 87% when leaf images were used, but decreased to 
about 55% when only bark images were used (Schmidt et al., 2022). This 
organ dependence is consistent with the broader evaluation of auto
mated plant-identification tools in Switzerland by Popp et al. (2025), 
who showed that identification success improves when multiple images 
and multiple plant organs are supplied, with up to 85% of species ob
servations correctly identified across automated services, while images 
of bark and vegetative graminoids were more challenging. Popp et al. 
(2025) also showed, in an evaluation of 5000 photos of 564 vascular 
plant species, that global services such as Pl@ntNet and iNaturalist offer 
broad taxonomic coverage, whereas regionally tailored systems may 
achieve higher accuracy when their geographic scope and taxonomic 
concepts match the study region. More generally, Renner (2026)
emphasized that AI-based plant-identification tools are becoming 
essential components of modern floristic workflows, but also noted that 
they should be linked to curated images, taxonomic expertise, and dy
namic quality-control processes rather than treated as infallible re
placements for expert identification. Similarly, Enríquez-de-Salamanca 
(2025) highlighted that botanical databases and citizen-science re
cords are valuable for biodiversity assessments but require careful 
validation because AI-assisted identifications may be less reliable for 
rare, endemic, threatened, or diagnostically difficult taxa, especially 
when conventional photographs do not capture the relevant morpho
logical characters. Recent work on Pl@ntNet's cooperative learning 
framework further shows that the platform addresses these limitations 
through human–AI interaction, estimating user expertise and filtering 
unreliable observations; this strategy improved label recovery compared 
with simple majority-vote approaches, especially in ambiguous cases 
(Lefort et al., 2026). Lefort et al. (2026) also showed that integrating AI 
predictions with human votes can further improve post-processing, 
provided that AI confidence is calibrated and model collapse is avoi
ded. Finally, Bonnet et al. (2025) stressed that citizen-generated AI- 
assisted plant observations can support biodiversity monitoring only 
when calibrated uncertainty and transparent metadata are preserved. 
Thus, while the integrated Pl@ntNet API substantially simplifies the 
Tree-Quest workflow and provides a useful first step for species identi
fication, incorrect species assignment remains a potential additional 
source of uncertainty in downstream AGB estimation. Therefore, for 
applications requiring high confidence, especially for rare or taxonom
ically difficult trees, we recommend that Tree-Quest species identifica
tions be supported by multiple organ photographs, and, where possible, 
expert or community validation before the data are used in AGB 
estimation.

The results also showed that TQ DBH measurements were compa
rable to those of other apps. The biases of each app's measurements to FI 
measurements were found not statistically significant. The TQ MAE was 
the smallest among the three apps for the Stadtpark measurements 
(Fig. 13). Interestingly, those MAEs were almost twice as large as the 
MAE and the mean error reported in the original studies of the two apps 
(Ahamed et al., 2023; Feng et al., 2024). One explanation is that the 
original studies considered only trees with a DBH below 60 cm, and our 
study included many larger trees (up to 116.9 cm in Stadtpark and 160 
cm in Laxenburg Park), that are more challenging to measure. When we 
considered only trees with a DBH below 60 cm in Laxenburg Park that 
were measured with the automatic circle fit method (Fig. 12b), our MAE 
was also reduced by more than half, to 1.4 cm. Although our sample for 
this MAE was small (only 17 measurements), it still indicates that 
including larger trees in the analysis may lead to higher MAE. This is 
because large trees are more difficult to measure because of their 
irregular stem shape and the side from which they are measured. Yet, TQ 
DBH measurements are as good as those from other apps. As with DBH, 
TQ TH measurements had the smallest MAE and, thus, were comparable 
to the other two apps. However, the biases in TH measurements from 
each app relative to FI measurements were all statistically significant, 
ranging from 0.7 m to 1.0 m. Thus, those biases shall be considered in 
the further use of TH measurements and in uncertainty estimation when 
propagated, e.g., in aboveground biomass estimation. Determining 
which app is the most accurate was beyond the scope of this study and 
would require a different experimental design. Compared with TLS, TQ 
DBH and TH measurements had a higher rMAE by 1.6% and 2.8%, 
respectively. Nevertheless, while TQ offers direct and free measure
ments, TLS involves expensive equipment and data processing that can 
be advantageous when a comprehensive forest plot assessment is 
necessary, i.e., beyond TH and DBH information.

Finally, FI measurements in our study were collected by a single 
experienced operator and were not replicated by multiple observers. 
Therefore, we cannot directly quantify inter-observer variability from 
our dataset. However, previous studies have shown that conventional 
field measurements of DBH are generally highly repeatable. For 
example, when four trained specialists independently measured 319 
trees, the standard deviation of DBH measurements was only 0.3 cm, 
corresponding to approximately 1.5% of the measured value, and no 
statistically significant differences among observers were detected 
(Luoma et al., 2017). In contrast, tree height (TH) measurements 
exhibited greater variability, with a standard deviation of 0.5 m (2.9%) 
among observers. These findings suggest that DBH measurements ob
tained by trained personnel are typically associated with uncertainties 
on the order of 1–3%, whereas TH measurements generally exhibit 
somewhat larger uncertainty.

5.2. Advantages

The existing apps for single tree measurements are, like Tree-Quest, 
freely available, can work offline, and provide comparably accurate 
measurements. Tree-Quest has, however, several additional character
istics that are more tailored for citizen-science ground data collection. 
Our app features a modular structure and can be customized by initi
ating specific quests tailored to the needs of different user groups, such 
as scientific experts, forest owners, and citizens. Then, the app's mea
surements are made available to citizens through an open data portal 
that also features a leaderboard and supports citizen engagement 
through gamification. Also, TQ collects AR images during measure
ments, enabling high-quality data curation before further application.

The TQ's modular design allows for customization to meet specific 
goals. For example, besides an opportunistic quest, where the user can 
select any tree to measure, TQ also supports guided quests that direct 
participants to survey specific, pre-selected trees. The data for this study 
were acquired from two such quests, one from Laxenburg Park and one 
from Stadtpark trees. These guided quests included all the TQ modules 
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(DBH, TH, tree species identification, and questionnaire). Still, they 
were limited only to the predefined trees marked on the app's base map, 
helping users to identify the trees easily. However, it is possible to design 
other quests, e.g., that include only DBH and exclude TH, tree species 
identification, and the questionnaire. The app also features an expert 
mode, accessible through the main settings, which allows for the fine- 
tuning of some AR parameters and the disabling of certain modules 
(Fig. 2h). This can be particularly handy when the measurement time 
needs to be reduced, e.g., for an efficient expert survey of a forest plot or 
a citizen campaign focused on one or a few variables.

The advantage of the guided quest is that often, there is ground truth 
data for all or some of the trees. The reference data can then be used to 
control the measurement quality and engage with citizens through 
gamification. In the Laxenburg Park quest, e.g., we used the reference 
data to score each measurement of the student group and awarded the 
three students with the highest score (Fig. A.1 in Appendix A Error! 
Reference source not found.). This may be one of the reasons why the 
student group outperformed the practitioner group in DBH and TH 
measurements (Section 4.3). Gamification can also be implemented 
without reference measurements, e.g., by considering the number of 
provided measurements or the overall measurement quality, as the latter 
can be derived from the screenshots with AR objects.

The TQ advantage is also that it collects auxiliary images with AR 
objects, allowing for the assessment of the quality of the citizen data in 
postprocessing. Fig. A.2 (Appendix A). Shows examples of high- and 
low-quality DBH and TH measurements from Laxenburg Park. That 
quality information is particularly important for citizen science cam
paigns, where the quality of the acquired citizen measurements is ex
pected to be highly diverse. Thus, the possibility of labeling citizen 
measurements into different quality categories provides more homoge
neous data and more control in the subsequent application of the data, 
such as biomass and carbon mapping.

Another TQ advantage is that it can also work offline. The base map 
can be downloaded before going to the field when the internet is 
available. The photo upload for Pl@ntNet identification and uploading 
completed quests can be done after returning from the field, when the 
internet is available again. This is particularly relevant for measuring 
single trees in areas with poor mobile internet coverage, such as remote 
areas or developing countries. Therefore, our app is flexible in design, 
can introduce new opportunistic or guided quests, and supports gami
fication, which provides a solid framework for collecting citizen-science- 
based measurements for biomass and carbon mapping of trees in natural 
or urban settings.

5.3. Limitations and recommendations

The analysis showed that many low-quality DBH measurements were 
associated with trees of large diameter. In the measurements from the 
expert and practitioner groups (Fig. 10a Fig. 10b), low-quality points 
were more scattered away from the model than other measurements, 
particularly for DBH > 60 cm. The same pattern could be seen when low- 
quality measurements were added to the high- and medium-quality sets 
(Fig. 8b and 6c). Measuring large DBHs with the automatic method was 
also challenging from our experience, as we observed that the automatic 
circle fit method often picks up feature points from the basal shoots, 
small bushes, or tall grass around the trees, leading to an erroneous DBH 
measurement (Fig. A.2a in Appendix A). This shows that trees with large 
DBH are more challenging to measure, and a user may expect some low- 
quality TQ measurements in such cases. Measurements with the manual 
DBH method, however, worked without problems on large trees.

To maximize DBH accuracy, we recommend the automatic (circle fit) 
method only for measuring trees with DBH < 60 cm (Fig. 12b) and with 
little or no understory. For trees with a DBH > 60 cm, or where un
derstory is present, we recommend using the manual DBH method. This 
method is superior in the case of understory as it does not rely on 
automatic selection of feature points but rather on how well the user 

aligns the vertical AR line with the trunk sides (Figure A.2b). Further
more, we recommend additional data quality curation to remove low- 
quality measurements, which resulted in an MAE of less than 4 cm 
(rMAE <7%).

More practical recommendations include that the user moves at least 
one quarter around the tree to obtain more complete feature points of 
the trunk and improve the circle fit. If the circle gets erroneously large, 
we recommend selecting the Back button and repeating the measure
ment. In the Laxenburg campaign, we recommended repeating this 
process a maximum of three times and retaining the last erroneous 
measurement if the fit does not improve, for use in the post-processing 
data curation step. The user should also consider the sun's location 
before taking measurements. The sun can cast direct light on the scene, 
reducing the visibility of feature points and the base map. Low visibility 
of the base map may also lead to inaccurate tree location during the user 
selection on the map. Also, because we rely on a phone camera, a passive 
sensor, the app can perform measurements only when (sun-) light is 
available in the scene. Relying only on the phone's GNSS location may 
also be inaccurate, particularly in dense stand (Tomaštík Jr. et al., 
2017). Thus, it is recommended to measure several neighboring trees 
and use area averages for more accurate mapping.

In our study, we observed that low-quality TH measurements were 
almost systematically clustered below other points, resulting in an un
derestimation of TH (Fig. 11). We discussed this with the practitioner 
group and realized there was a misinterpretation of the TH definition 
before the campaign. The app renders an AR cylinder, and they assumed 
that the cylinder volume is to compensate for the whole tree volume, 
and thus, they systematically introduced measurements below the top of 
the tree. This shows the importance of clearly communicating and 
defining each measurement in a citizen science campaign. In addition, 
reduced visibility of the treetop due to occlusion by its wide crown, 
neighboring trees, or the sun can also result in low-quality TH mea
surements. To minimize this, we recommend selecting the tree side from 
which the treetop is best visible, stepping back at approximately the 
same distance as the tree height, and finally collecting the treetop 
measurement. A dense forest with overlapping tree crowns would be a 
particularly challenging environment because of the limited visibility of 
the treetops. Finally, TH measurement quality depends on how accu
rately a user points at the top and bottom of a tree (Error! Reference 
source not found.c and Error! Reference source not found.d), but 
looking at the AR screenshots, TH measurements can be quality curated.

It is noted that our test site conditions were more typical for trees 
outside forests. They included rather sparse trees, planted on flat park 
areas, offering good tree-top visibility and light conditions, and free 
space to walk around the trees. Those conditions in a real forest can be 
more challenging, which may impact the app's performance. Never
theless, this study shows that the app and citizen-science approach can 
effectively measure trees outside forests, which can potentially com
plement the NFI data of trees in forests. A comparison of the app mea
surements with NFI data was beyond the scope of this paper, but that 
would be an important and necessary step to understand how to best 
combine these two sources of information in assessing the carbon stored 
in trees.

The potential application of TQ in forests would require additional 
testing on forest plots with different, e.g., stand types, canopy densities, 
slopes, and understories, to understand how TQ performs across diverse 
forest stand conditions. An additional way forward is to assess how TQ 
measurements can complement airborne LiDAR data for operational 
tree-level forest planning (Pascual, 2021; Vauhkonen, 2020). Another 
application could be the calibration and validation of forest products 
derived from satellite data, e.g., global canopy height models derived 
from satellite LiDAR (Pascual et al., 2022) or tree height and above
ground biomass density products from the novel ESA P-band radar 
BIOMASS satellite (Banda et al., 2025a; Banda et al., 2025b). In this 
way, TQ would also have to be extended beyond single-tree measure
ments to an area-based assessment of forest structure. Measurement 
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time for a full single-tree survey using our app can often be long and 
require considerable effort, especially for beginners. This is mostly 
because the survey includes several modules (DBH, TH, species recog
nition, and questionnaire), but also due to the interaction with AR ob
jects that citizens need time to master. This affects citizen engagement, 
as observed by the student group, where 40% of volunteers gave up after 
surveying one or two trees, while the remaining volunteers surveyed 
about 10 trees on average. Volunteers who were more familiar with 
forestry (practitioners and experts) also provided more measurements 
and showed an appreciation of the variability of available tools. Thus, 
our app would need more simplification to be better suited for non- 
experts and increase citizen engagement. One possible improvement 
for that can be the automation of stem recognition, e.g., similar to that in 
Feng et al. (2024), which can simplify app use and ensure consistent 
measurements, thereby reducing the measurement time and improving 
user engagement.

Different phone models can also affect TH and DBH measurement 
errors. Phones come with varying cameras, inertial measurement unit 
(accelerometers and gyroscopes) capabilities, potential integration of 
depth sensors (ToF or LiDAR), and different processing power. This af
fects the performance of the Visual-Internal SLAM (VISLAM) algorithm 
and, in turn, the accuracy of the resulting AR measurements (Philippsen 
et al., 2020). Some contemporary iOS and Android phones, such as the 
Google Pixel 5 and iPhone 16, offer higher processing power (8- or 6- 
core CPUs and 8 GB RAM) and support 60 frames per second with 
ARCore and ARKit. Other, mostly non-Google Android phones with 
lower processing power, are limited to 30 frames per second when 
running VISLAM, which may result in fewer feature points and higher 
localization and mapping errors (Nowacki and Woda, 2020). That study 
also showed that AR depth estimation may be affected by abrupt phone 
motion, as it can introduce motion blur and reduce the number of 
feature points. Furthermore, VISLAM assumes that the scene is static 
while the camera is in motion. Thus, AR may underperform when un
derstory moves during a DBH measurement, e.g., due to wind. 
Furthermore, noise and the initialization of the inertial measurement 
unit may introduce scale drift in longer AR sessions. Those AR limita
tions may be more pronounced on older phones, where simplifications of 
VISLAM might be required to run smoothly on their limited processing 
power. Studying the impact of the above aspects on TH and DBH errors 
would require careful selection of representative phones and an appro
priate sample size, which was beyond the scope of this study's experi
mental setup. Finally, other apps (beyond TQ, GreenLens, Working 
Trees, GLOBE explored in our experiments) and other systems collect 
citizen-based data on trees outside forests, without providing automated 
DBH, TH, or species identification. For example, iTree is a collection of 
web and mobile app tools that help assess the benefits of local trees and 
select a tree for planting, considering its potential benefits (Nowak, 
2024). In contrast to TQ, iTree does not measure DBH or tree species, 
but rather asks the user to enter those values manually if known, so the 
benefits of that tree can be calculated. TreeSnap is another app focused 
on documenting tree occurrences, health symptoms, and genetic or pest- 
related traits, supplying researchers with large geo-tagged photo data
sets (Crocker et al., 2020). In contrast to automatic tree species identi
fication in TQ and Pl@ntNET, TreeSnap engages users by providing 
guidelines for tree species identification and asking them to enter DBH 
and TH values manually. Finally, OpenTreeMap is an open platform for 
crowdsourcing tree inventories that allows users to add and share trees 
individually and calculate their benefits (Azavea and Urban Ecos, 2025). 
The platform provides search, filtering, and editing capabilities to 
manually add or edit single-tree information, including DBH, TH, and 
species. These apparent complementarities with TQ offer a possibility 
for joint exploration in future citizen-based studies.

6. Conclusions

In this paper, we presented Tree-Quest, a free citizen-science mobile 

app for measuring single-tree attributes, including DBH, TH, and tree 
species identification. Based on our initial results, the tool provides a 
solid workflow for collecting citizen-science-based measurements of tree 
biomass and carbon-related storage of tree attributes mapping infor
mation for trees outside forests. However, we also learned some lessons 
about using the app. For example, the automatic (circle fit) method 
performs better for trees with DBH < 60 cm and without understory, 
while the manual DBH method is better suited to large trees or those 
with understory. Furthermore, we observed that the manual method 
introduced a statistically significant bias of ~1 cm (<2%) to its DBH 
measurements, which was not the case for the automatic method. Data 
quality was also an issue, so data curation is important for filtering out 
low-quality measurements. The high-quality DBH and TH measurements 
yield the lowest MAEs of 3 cm (6%) and 1.5 m (11%), respectively. The 
app also introduced a statistically significant bias of 1.1 m (7%) in its TH 
measurements. Thus, the bias in DBH and TH measurements shall be 
accounted for before joint use of the TQ and FI data in, e.g., plot-level 
aboveground biomass estimation. The app stores screenshots of AR ob
jects: an AR circle during DBH measurement, and an AR cylinder during 
the TH measurement, which can be used to determine the quality of the 
Tree-Quest measurements. As it is valuable for curating data from citi
zen science campaigns, we performed this step manually, but this 
feature will be automated in the future to support large-scale citizen 
science campaigns. Another possible improvement will be the automa
tion of the DBH measurements. Finally, the testing here was primarily 
undertaken on trees outside of forests, soand therefore these results 
cannot be generalized to the measurement of trees in forests. In the 
future, we plan to test the app more extensively in forest areas as a tool 
that can also be used by experts.
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have been made available in the following repositories: GitHub: https:// 
github.com/MilutinMM/TreeQuestPaper.git. Zenodo: https://doi. 
org/10.5281/zenodo.18063770

CRediT authorship contribution statement
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Appendix A. Appendix

Fig. A.1. An example of the data portal for the Laxenburg Park Quest, a guided TQ quest, and the leaderboard with nine top-ranked volunteers and details about 
their submissions. The green pins show the predefined trees that citizens shall visit and measure. (www.c4cweb.main.geo-wiki.org). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. A.2. Screenshots taken by the app during DBH measurements of trees with basal shoots with (a) the automatic circle fit method leading to a low-quality 
measurement, and (b) the manual method leading to a high-quality DBH measurement. Screenshots were taken during (a) a low-quality and (b) a high-quality 
TH measurement.
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Appendix B. Appendix

Table B1 
Overview of the allometric equations used for error propagation of DBH (diameter at breast height) and TH (tree height) measurement errors into the total above
ground biomass (AGB). The DBH and TH values are the medians for trees in this study. Р is the wood density taken from GWDD v2.2. The AGB error is propagated from 
the TQ high-quality data measurement errors (DBH MAE of 6% and TH MAE of 11%). The allometric equation coefficients (a, b, and c) can be found in their reference 
under the Source column.

Species Equation Source DBH [cm] TH [m] Р [g/cm3] AGB Error [%]

Quercus robur ln(AGBln(AGB) = a+ b • ln(DBHb • ln(DBH) (Zianis et al., 2005) 139.3 24.8 0.66 5.77

Fagus sylvatica ln(AGBln(AGB) =

a+ b • ln(DBHb • ln(DBH)+ c • ln(THc • ln(TH)
(Zianis et al., 2005) 54.2 12.7 0.56 15.52

Pinus nigra
AGB =

a+ b • TH • DBH2 + c • DBH2a+ b • TH • DBH2 + c • DBH2 (Muukkonen and Mäkipää, 2006) 75.45 20.4 0.41 12.48

Quercus robur AGB = a •
(
ρ • TH • DBH2)ba •

(
ρ • TH • DBH2)b (Chave et al., 2014) 139.3 24.8 0.66 9.08

Fagus sylvatica AGB = a •
(
ρ • TH • DBH2)ba •

(
ρ • TH • DBH2)b (Chave et al., 2014) 54.2 12.7 0.56 19.8

Pinus nigra AGB = a •
(
ρ • TH • DBH2)ba •

(
ρ • TH • DBH2)b (Chave et al., 2014) 75.45 20.4 0.41 13.25

Data availability

I have shared the links to my code and data in the manuscript under 
the Data and Code Availability section
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Hyyppä, J., Virtanen, J.-P., Jaakkola, A., Yu, X., Hyyppä, H., Liang, X., 2018. Feasibility 
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spaceborne lidar biomass: developing and applying boreal forest biomass models for 
ICESat-2 laser altimetry data. Sci. Remote Sens. 10, 100150.

Nowacki, P., Woda, M., 2020. Capabilities of ARCore and ARKit platforms for AR/VR 
applications. In: Zamojski, W., Mazurkiewicz, J., Sugier, J., Walkowiak, T., 
Kacprzyk, J. (Eds.), Engineering in Dependability of Computer Systems and 
Networks. Springer International Publishing, Cham, pp. 358–370.

Nowak, D.J., 2024. Understanding I-Tree: 2023 Summary of Programs and Methods. U.S. 
Department of Agriculture, Forest Service, Northern Research Station.

Pace, R., Masini, E., Giuliarelli, D., Biagiola, L., Tomao, A., Guidolotti, G., Agrimi, M., 
Portoghesi, L., De Angelis, P., Calfapietra, C., 2022. Tree measurements in the urban 
environment: insights from traditional and digital field instruments to smartphone 
applications. Arboric. Urban For. 48, 113.

Pan, Y., Birdsey, R.A., Phillips, O.L., Houghton, R.A., Fang, J., Kauppi, P.E., Keith, H., 
Kurz, W.A., Ito, A., Lewis, S.L., Nabuurs, G.-J., Shvidenko, A., Hashimoto, S., 
Lerink, B., Schepaschenko, D., Castanho, A., Murdiyarso, D., 2024. The enduring 
world forest carbon sink. Nature 631, 563–569.

Pantera, A., Burgess, P.J., Mosquera Losada, R., Moreno, G., López-Díaz, M.L., 
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