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Abstract

Significant improvements in the forest-based industrial sector are expected due to in-
creased digitalization; however, examples of practical implementations remain limited.
This study explores the use of an automated algorithm to estimate truckload volumes based
on 3D point cloud data acquired using two different LiDAR scanning platforms. This re-
search compares the performance of a professional mobile laser scanning (MLS GeoSLAM)
platform and a smartphone-based iPhone LiDAR system. A total of 48 truckloads were
measured using a combination of manual, factory-based, and digital approaches. Accuracy
was evaluated using standard error metrics, including the mean absolute error (MAE) and
root mean square error (RMSE), with manual or factory references used as benchmarks.
The results showed a strong correlation and no significant differences between the al-
gorithmic and manual measurements when using the MLS platform (MAE = 2.06 m3;
RMSE = 2.46 m3). For the iPhone platform, the results showed higher deviations
and significant overestimation compared to the factory reference (MAE = 3.29 m3;
RMSE = 3.60 m3). Despite these differences, the iPhone platform offers real-time acquisition
and low-cost deployment. These findings highlight the trade-offs between precision and
operational efficiency and support the adoption of automated measurement tools in timber
supply chains.

Keywords: sustainability; digitization; wood supply; transportation; sourcing; point cloud
processing; automation

1. Introduction
The forest-based supply chain encompasses a sequence of interlinked processes—

ranging from wood procurement to harvesting, transportation, processing, and sales—each
operating within spatial and temporal constraints shaped by local legal, technical, and eco-
nomic factors [1,2]. These constraints impact supply chain performance, especially where
the uptake of digital technologies remains low or inconsistent [3]. Although digitalization
has introduced promising opportunities for process optimization, interconnectivity, and
traceability, its implementation in forestry is often limited by sectoral inertia, high upfront
costs, and gaps in technical training [4,5].
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Timber transactions are typically based on quantitative and qualitative estimates.
Depending on several factors such as the legal framework, accepted practices, local rules,
and available technology, such estimates may be sourced through the use of manual or
digital tools, and they may be linked spatially to places such as a forest stand, a forest road,
a storage facility, a wood processing factory, or a customer [6]. Also, it is quite common
to take the necessary measurements either on individual logs or on piles, where the latter
option may provide an important economy of scale when using digital tools [6]. However,
to ensure an information and data flow across the wood supply chain, the quantity and
quality of the wood transported from the forest to factories or to customers also need to
be accounted for, as this may be relevant to those engaged in sourcing their wood from
several providers or to providers that have a diversified customer distribution portfolio.

Timber transactions are typically governed by volume estimates, which vary based
on the measurement protocols, legal frameworks, and accepted industry standards [6].
Volume can be estimated on an individual log basis or for grouped log piles, with pile-based
methods offering efficiencies when digital technologies are applied [6]. However, to ensure
traceability and compliance—especially under frameworks such as the EU Regulation on
Deforestation-Free Products (EUDR) and the Corporate Sustainability Due Diligence Direc-
tive (CSDDD)—accurate truckload volume measurement remains crucial [7,8]. This need
becomes even more apparent in the context of sustainability, where resource accounting,
transparency, and fair pricing depend on an accurate data flow throughout the supply
chain [9]. In addition to their importance to logistics planning, fair pricing, and overall
optimization of the supply chain, accurate timber truck measurements are critical to timber
traceability in the actual context of sustainable forest management [10,11]. Manual methods
were traditionally used in this measurement process, which was time-consuming, labor-
intensive, and prone to human error [12,13]. In order to improve the efficiency, accuracy,
and cost effectiveness, advanced technologies have been explored for automating timber
truck measurements [14–16].

In recent years, automation and 3D point cloud processing have been increasingly
adopted across industrial domains for object detection and measurement tasks [17–19]. In
fields such as computer vision and robotics, deep learning algorithms have demonstrated
remarkable success in automatic object detection and measurement [20]. These algorithms
leverage the information from large labeled datasets and the capabilities of powerful
neural network architectures to achieve impressive results. Additionally, advancements
in 3D point cloud processing algorithms, such as segmentation and feature extraction,
have enhanced the capabilities of automated measurement systems further [21]. Several
industrial solutions already exist—including Loadmon, Microtec, Logmeter, and Timspect—
which employ laser scanning or structured photogrammetry to provide near-real-time
volume estimates [22–24]. These tools typically involve fixed installations and are integrated
into processing yards or checkpoints. While effective, such systems can be cost-prohibitive
for smaller stakeholders or mobile deployment scenarios [18].

The automation of measuring operations has the potential to considerably assist the
forestry sector [5]. Automation promises a higher accuracy and speed, lower labor costs,
fairness, and simplified processes in the wood sector by leveraging the possibilities of auto-
matic data processing and 3D point cloud processing techniques [25]. While the automation
of timber truck measurements brings numerous advantages, it also poses challenges and
raises considerations. One of the key challenges is the accurate measurement of individual
logs within a truckload. A truckload typically contains a large number of logs, each with
varying shapes, sizes, and orientations [26]. Taking accurate measurements for each log is
still difficult due to occlusions, interlocking, and irregularities in log positioning [22]. The
current measurement systems offer important benefits, including time savings through
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real-time or near-real-time measurements and improved accuracy with 3D point cloud
technology [26]. However, high prices and specialized maintenance may pose additional
challenges, particularly for smaller operators or organizations with limited budgets [5], in
addition to a low degree of process automation.

For measurement automation, algorithms need to be developed and trained with
the main goal of accurately identifying and measuring individual logs considering their
spatial relationships and potential occlusions [27]. In comparison, manual measurement is a
time-consuming activity, particularly when all the logs within a truck need to be measured
manually [14]. In addition, manual measurements require significant allocation of human
resources, resulting in higher costs and delays [25]. Furthermore, the subjective nature of
manual measurements causes discrepancies and inaccuracies, leading to disagreements
among stakeholders, financial losses, and decreased supply chain efficiency. The traditional
manual methods involve physical, direct-contact measurements for each log using tapes
and calipers, which can be a laborious and error-prone process [28], while the digital
options offer a faster alternative, capable of simultaneously measuring multiple logs from
3D point cloud data [29,30].

Recent advances in mobile scanning platforms—both professional (e.g., MLS GeoSLAM)
and consumer-grade (e.g., iPhone LiDAR)—have opened opportunities for flexible, cost-
effective data acquisition in the field [12]. These systems offer varying levels of precision
and ease of use, with smartphone-based tools standing out due to their accessibility and
intuitive interfaces. By facilitating real-time 3D data collection, they also support rapid
feedback loops in logistics and inventory control [29]. Mobile scanners, equipped with
advanced LiDAR technology and high-resolution cameras, offer the ability to quickly and
accurately capture the geometric details of timber trucks [22,30]. These scanners can be
mounted onto vehicles, allowing for on-the-go data collection during timber transportation.
Similarly, smartphone-based scanners, some of which leverage LiDAR capabilities [6,12],
enable individuals to capture 3D point cloud data, which may prove a cost-effective and
accessible solution for truckload measurement. By simplifying and expediting the data
acquisition process, these devices may enable real-time monitoring and measurement
of truckloads, minimizing delays and optimizing the operational efficiency. The rapid
acquisition of high-quality point cloud data is also compatible with the implementation
of algorithms for automated measurement, enhancing accuracy and reliability. This way,
the integration of mobile and smartphone-based scanners into existing workflows offers a
seamless solution that can easily be adopted by forestry professionals and stakeholders [31].

This study addresses the gap between algorithm development and practical deploy-
ment by assessing a novel automated algorithm that processes 3D point clouds from both
professional and smartphone-based platforms. Specifically, we aim to (1) develop and
test an automated volume estimation algorithm for timber truckloads and (2) evaluate its
performance using two data acquisition platforms and benchmark it against conventional
measurements.

2. Materials and Methods
2.1. The Study Area, the Experimental Design, and the Data Collection

This study was conducted in 2022 at a large sawmilling facility located in central Ro-
mania (Bras, ov County), a region characterized by a mixed forest economy and established
wood processing infrastructure. A total of 48 timber truckloads were measured using both
manual/digital methods and automated scanning platforms under real-world conditions.
Two independent comparative trials were designed:

• Trial 1 (T1): The evaluation of a professional mobile laser scanning (MLS GeoSLAM
Zeb Revo Horizon—manufactured by GeoSLAM Ltd., headquartered in Nottingham
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(Ruddington), UK) platform, compared against detailed manual measurements for
28 truckloads;

• Trial 2 (T2): The evaluation of a smartphone-based iPhone 14 Pro Max LiDAR sensor,
paired with the 3D Scanner App, Version 1.1.6 (https://3dscannerapp.com/, accessed
on 30 July 2025), compared against the factory-installed Microtec system’s values for
20 truckloads.

Each trial was based on a different set of truckloads, due to logistical constraints and
scanning device availability. The dataset includes 28 truckloads scanned using MLS (T1)
and 20 truckloads scanned using the iPhone (T2). For each truckload, the reference volume,
algorithm-computed volume, point cloud size, and processing time were calculated. A sum-
mary table of metadata is provided in Supplementary Materials Table S1, and descriptive
statistics are shown in Supplementary Materials Table S2.

2.2. Manual and Factory Reference Measurements

In T1, manual and digital measurements were taken for a number of 28 truckloads. The
manual measurements were made on each log following the procedure described in [6,12],
subsequent to the digital measurements, by unloading the trucks. Trained personnel
measured the diameters of the logs at regular intervals, typically every 50 cm along the
log’s length. These diameter measurements were used to calculate the volume of each
segment by assimilating it to a cylinder. The volume of a cylinder was computed by
multiplying its cross-sectional area by the length of the segment, where the cross-sectional
area was computed based on the average taken from the diameters at the ends of each
segment. By summing the volumes of all of the measured cylinders, the total volume
of each log was obtained; then, by summing the volumes of all of the logs from a given
truckload, the volume of that truckload was estimated. This approach ensured that the
volume of a truckload was accurately estimated by accounting for the spatial variation
in the dimensions of the logs. Digital measurements were taken before unloading the
trucks using a Zeb Revo Horizon professional LiDAR scanner. The protocols used for
the data collection were similar to those described in [6]. In this comparison treatment,
individual piles loaded onto a given truck (1 to 4) were considered for both manual and
digital measurement.

In T2, two digital options were considered for comparison, namely scanning using a
smartphone equipped with a LiDAR sensor (iPhone 14 Pro Max) and with the 3D Scanner
App (https://3dscannerapp.com/, accessed on 30 July 2025) and measurements taken by
the factory’s Microtec system. T2 was based on a sample of 20 truckloads. This treatment
considered the piles forming a truckload as a whole. Some examples of the point clouds
collected with the smartphone and the professional LiDAR scanner are given in Figure 1.

2.3. The LiDAR Scanning Procedure

Regarding the professional LiDAR (T1), each truck was scanned prior to unloading
using a Zeb Revo Horizon MLS scanner (GeoSLAM). The operator performed a closed-
loop scan by walking around the truck and accessing upper loads using a mobile stair to
ensure full 3D coverage. This scanner combines LiDAR with simultaneous localization and
mapping (SLAM) and provides dense point clouds with a high resolution.

Regarding the smartphone LiDAR (T2), each truck was scanned in a single pass using
an iPhone 14 Pro Max running the 3D Scanner App, which leverages Apple’s built-in
LiDAR sensor. Scans captured both geometric and color information. The iPhone’s camera
feed provided real-time guidance during acquisition. No additional accessories were used.
The iPhone LiDAR and the 3D Scanner App were used together as a single approach, not
independently.

https://3dscannerapp.com/
https://3dscannerapp.com/
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Figure 1. Point clouds showing the trucks and their loads, as collected using an iPhone platform
(left) and using a Zeb Revo Horizon mobile scanner (right).

Log-level manually collected data was manually transferred and processed in Mi-
crosoft Excel for Microsoft 365, Version 2406 (Build 17726.20126) by running a purposely-
designed Visual Basic for Applications (VBA) code to compute the log-based volumes.
Once this was complete, the truckload volume was computed for each of the 28 trucks
under study in T1. The volume estimates for T2 were taken from the Microtec system.
These volume estimates were used as a gold standard to compare the outputs of the digital
methods. Point clouds collected with the iPhone and Zeb Revo Horizon platforms were
preprocessed in the CloudCompare v2.13.2 software (https://www.danielgm.net/cc/,
accessed on 30 July 2025), which included point cloud filtering, down-sampling, and out-
lier removal. These were carried out according to a procedure which was similar to that
presented by [12], with the aim of increasing the quality and reliability of the data.

2.4. The Algorithm Workflow

The custom-built automated algorithm processes raw point clouds to estimate the
load volume using the following steps (Figure 2):

• Scene Isolation: The truck is extracted from the background using bounding geometry
constraints.

• Orientation Adjustment: The truck axis is aligned with the coordinate axes by rotating
and translating the point cloud.

• Load Segmentation: Color-based labels are used to identify the cabin and 1–4 loads.
White dotted planes delineate individual loads.

• Cross-Projections: For each load, multiple orthogonal 2D projections (start, middle,
end) are generated to define the envelope.

• Three-Dimensional Modeling: Occluded or partially visible regions (e.g., top or back)
are approximated using geometric interpolation and a closed 3D shape is reconstructed
to compute the volume.

In the first step, the truck has to be extracted from the surrounding details captured in
the point clouds, as these details can be very abundant and confusing, especially in LiDAR
scenes [32]. The automatic identification is based on the assumption that the truck must be
a large object, characterized by some specific geometric features, placed near the center of
the scene. The next step consists of properly rearranging the data points through rotation
and translation in order to set the ground horizontally and the longitudinal axis of the piles
along one of the main horizontal axes. The algorithm continues by recognizing the timber

https://www.danielgm.net/cc/
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loads extracted by the automatic system. Each load is labeled based on a color rule applied
to all trucks. The color rule assigns specific colors to different parts of the truck, such as the
cabin, the first load, the second load, the third load, the fourth load, and the fifth load (if
present). For example, the cabin may be assigned a yellow color, the first load a red color,
the second load a green color, and so on (Figure 2). Color-based recognition enables the
algorithm to distinguish and identify the individual timber loads located on the truck.

 

Figure 2. The working concept of the automated truckload measurement.

Once the timber loads are recognized, the algorithm proceeds with delineation. The
loads are delineated by separating them with plane surfaces, which are suggested in
Figure 2 by the white dotted surfaces. These planes serve as boundaries for separating and
isolating the loads from each other. After the loads are delineated, the algorithm further
approximates the shape of each load. This is achieved by creating cross-projections for one
load and creating a unique envelope shape for that load. Cross-projections are generated to
capture the geometry of the load, and the resulting projections are used to define the overall
shape of the load. The load’s envelope shape, which represents the observed boundaries of
the load, is created based on the cross-projections. Also, the specific profile of the loads’
boundaries (with the lateral wavy line given by the overlapping logs) allows for their
identification among other features such as the cabin or the crane.

The final step involves 3D modeling of each load. The green points selected from
the original set are utilized to illustrate the geometry of the load’s unique envelope shape
(Figure 2). Additionally, the red and blue surfaces suggest the observed boundaries of the
load, specifically the front and back sections. It should be noted that in typical scans, some
parts of the load, such as the heads, the top, or the interspaces between two adjacent loads,
may be missing due to limited visual access, which is constrained by the available space.
In such cases, the unseen parts of the load are approximated using deductive calculations,
which employ geometric or logical interpolation methods. Due to these gaps in the data, it
is usually impossible to count the actual number of logs and to estimate their diameters and
lengths, but it is possible to approximate the volume of the envelope for each individual
load and therefore to estimate the corresponding volume of wood. The modeling algorithm
is able to cope with irregular loads, such as those showing a stair-like pattern or those with
logs of an uneven length.

Through these steps, the algorithm enables the automatic measurement of truckload
volume by accurately recognizing, delineating, and modeling each load based on the avail-
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able point cloud data. The operationalization of the algorithm incorporates color-based
labeling, plane cutting, cross-projections, and envelope shape creation to ensure a com-
prehensive and precise measurement process. The described algorithm was implemented
using a Telegram bot as the interface. Users can upload point cloud data through the bot,
which is then sent to the algorithm’s workflow for analysis. The bot delivers the results
back to the user via Telegram, providing a user-friendly platform for interaction and data
transfer. This approach enhances the user experience, simplifies the process, and integrates
the algorithm seamlessly into existing workflows.

2.5. The Performance Assessment Methodology

Various statistical metrics and methods may be used to check the agreement between
two alternative methods of measurement. For a reference on the typical methods used in
studies with the objective of accuracy of alternative methods used in wood measurements,
the reader is referred to the results in [12,25,33]. Usually, these statistical metrics and
methods quantify the differences, errors, and correlations between the two measurement
methods. In this study, the statistical metrics used for comparison include the mean
absolute error (MAE), root mean squared error (RMSE), and coefficient of determination
(R-squared), as well as a Bland–Altman analysis. We performed hypothesis testing to
assess the statistical significance of the differences between the automated measurements
and manual measurements. A paired t-test or a Wilcoxon signed-rank test was used
to determine whether there was a significant difference between the two measurement
methods. The null hypothesis assumes that there is no significant difference, and the
alternative hypothesis suggests otherwise. The performance assessment was also checked
in terms of the computational time relative to the size of the point clouds and the reference
data on truckload volume. The statistical analysis was implemented in R Studio Desktop
Posit Workbench: 2025.05.1, particularly by using a code based on the following libraries:
the (dplyr) library, the (ggplot2) library, the (reshape2) library, the (tidyr) library, the
(stringr) library, the (readr) library, and the (gridExtra) library [34]. The computational
resources used to process the point clouds consisted of a common graphical station and the
VirtSilv v2025 (https://www.virtsilv.com/how-it-works/management-inventory, accessed
on 30 July 2025) processing workflow, which is based on Python v3.12.11-implemented
algorithms.

3. Results
3.1. The Performance Assessment

For the data used in T1, the algorithm effectively processed all of the point clouds,
generating essential visualizations and accurate measurements for each truckload. This
functionality is exemplified in Figure 3, which shows visual comparisons between the
input point clouds and the segmented outputs for both T1 (MLS) and T2 (the iPhone).
This comprehensive approach facilitated an efficient data analysis and provided a clear
visualization of the spatial arrangement and characteristics of the timber loads. Figure 3
provides some visual examples characterizing the performance of the algorithm with
side-view and top-view segmentation of the loads.

The main statistics characterizing the performance of the algorithm for both T1 and T2
are given in Figure 4. Regarding T1, the descriptive statistics revealed that the computa-
tional time ranged from 113 s to 255 s, with a mean value of 165.2 s, under conditions in
which the 3D point cloud data varied from 1,954,724 to 8,340,470 points, with a mean value
of 3,594,003 points, and the truckload reference volume varied from 31.21 to 54.07 m3, with
a mean value of 43.56 m3. Regarding the computational time (T2), the descriptive statistics
reveal that it ranged from 94 s to 311 s, with a mean value of 180.8 s. The 3D point cloud

https://www.virtsilv.com/how-it-works/management-inventory
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data varied from 1,666,658 to 3,504,807 points, with a mean value of 2,522,390 points. The
truckload reference volume ranged from 24.72 to 46.37 m3, with a mean value of 35.97 m3.

 

Figure 3. Outputs of the algorithm based on the digital data from T1 and T2.

Figure 4. Statistics on the performance of the algorithm when run on the digital data from T1 and T2.

The correlation analysis indicates weak associations between computational time and
the considered variables. For both T1 and T2, the correlation coefficient between point cloud
size and computational time was 0.016; between truckload volume and time, it was 0.012,
indicating negligible relationships. Similarly, the correlation coefficient when taking the
computational time and the truckload volume as the variables was 0.012, indicating an even
weaker association. These values were not statistically significant (p > 0.05), confirming
that neither input size nor truckload volume meaningfully influenced the computation
time. Hypothesis testing using linear regression supports the findings further. The model



Forests 2025, 16, 1281 9 of 16

examining the variation in computational time as a function of the point cloud size revealed
that the slope of the point cloud variable was very small (−4.472 × 10−6 for T1 and
4.222 × 10−5 for T2), indicating that for every additional point, the computational time
decreased only marginally. Also, the coefficient was not statistically significant (p = 0.526
for T1 and p = 0.336 for T2), suggesting that the relationship was not meaningful. The
adjusted R-squared value was −0.02 for T1 and 0.02 for T2, indicating that the model did
not explain a significant portion of the variance in the computational time. Similarly, the
model examining the variation in computational time as a function of the truckload volume
was characterized by a slope of 0.899 for T1 and 1.702 for T2, implying that an increase
in the truckload volume led to a slight increase in the computational time. However, the
model was not found to be statistically significant (p = 0.573 for T1 and p = 0.542 for T2),
and the adjusted R-squared values of −0.026 for T1 and −0.033 for T2 indicated that the
model did not explain a substantial proportion of the variance in the computational time.

In summary, the analysis suggested that neither the scanning tool, the size of the point
cloud, nor the truckload volume significantly affected the computational time. Figure 4a
shows the processing time per truckload; Figure 4b,c show the relationship with point
count and volume, respectively. This finding implies that the algorithm used for automatic
measurement is efficient and robust, as it can handle varying point cloud sizes and truckload
volumes without a substantial increase in the computational time.

3.2. Agreement

For the data used in T1, the results on the agreement between the compared methods
are summarized in Figure 5. The statistical metrics and hypothesis testing results provide
insights into the agreement between the automated and manual measurements of the truck-
load volumes. The mean absolute error (MAE) value of 2.055 indicates that on average,
the automated measurements differ from the manual measurements by approximately
2.06 units. This metric provides a measure of the average magnitude of the errors between
the two methods [35]. The root mean squared error (RMSE) value of 2.457 represents the
square root of the average squared differences between the automated and manual mea-
surements. It provides a measure of the overall accuracy of the automated measurements
compared to that of the manual measurements.

Figure 5 shows high agreement between the automated and manual measurements.
Boxplots at the load and truck levels (Figure 5a,b) show low, centered errors with no
systematic bias. The error histogram (Figure 5c) indicates that most of the deviations fall
within ±5%. The regression plot (Figure 5d) confirms the strong correlation (R2 = 0.79) and
alignment with the manual values.

A correlation coefficient of 0.890 was found, indicating a strong positive association
between the automated and manual measurements. This suggests a high degree of linear
relationship between the two methods, indicating that the results of the automated mea-
surements closely follow those of the manual measurements. Regarding the hypothesis
testing, the p-value of 0.386 from the paired t-test suggests that there is no statistically
significant difference between the automated and manual measurements at a significance
level of 0.05. Therefore, we failed to reject the null hypothesis, which assumed that there
was no significant difference between the two measurement methods. The p-value of 0.374
from the Wilcoxon signed-rank test also indicates no significant differences between the
automated and manual measurements at a significance level of 0.05. Hence, we again failed
to reject the null hypothesis.
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Figure 5. The results of the validation, accuracy assessment and robustness check of the data from T1.

Figure 6 shows some of the assessment results obtained for T2 and reveals more
variability and a clear overestimation trend. The boxplots (Figure 6a,b) show higher errors,
especially in lower volume classes. The error histogram (Figure 6c) shows a positive skew.
The regression (Figure 6d) confirms the strong correlation (R2 = 0.70) but with a systematic
offset above the 1:1 line.

Figure 6. The results of the validation, accuracy assessment, and robustness check of the data from
T2.
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The assessment of T2 demonstrated a relatively low MAE and RMSE, indicating a
good predictive accuracy. The high correlation coefficient found suggests a strong linear
relationship, and both the paired t-test and the Wilcoxon signed-rank test provide statistical
evidence of a significant difference between the predicted and actual values. Overall, these
findings suggest that the model performs well in capturing the underlying patterns in the
data. The descriptive statistics for T2 reveal important insights into the performance of the
predictive model.

The mean absolute error (MAE) was calculated at 3.2905, representing the average
absolute difference between the predicted and actual values. A lower MAE indicates
a better overall accuracy. The root mean square error (RMSE) was estimated at 3.6017,
offering an additional perspective on the accuracy of the model. The RMSE penalizes
larger errors more heavily than the MAE. The correlation coefficient of 0.84 indicates a
strong positive linear relationship between the predicted and actual values. This suggests
significant alignment between the model predictions and the true values. The results of
the paired t-test revealed a p-value of less than 0.001, leading to the rejection of the null
hypothesis that the mean difference between the paired observations is zero. This suggests
a statistically significant difference. Similarly, the Wilcoxon signed-rank test yielded a
p-value of 0.003, further supporting evidence of a significant difference in the distribution
of the paired observations.

Overall, the statistical metrics (MAE, RMSE) indicated a reasonable level of agreement
between the automated and manual measurements. The high correlation coefficient sug-
gests that the automated measurements tend to closely match the manual measurements.
The hypothesis testing results provide evidence that there is no significant difference be-
tween the two measurement methods when using the MLS GeoSLAM but that they are
overestimated, with a low level of significance, when using iPhone LiDAR. These findings
support the reliability and accuracy of the automated measurement algorithm in estimating
truckload volumes when compared to manual factory-based measurements.

4. Discussion
This study evaluated the performance of an automated algorithm for estimating truck-

load volumes using LiDAR-derived 3D point clouds from two different scanning platforms:
a professional mobile laser scanning (MLS) system (T1) and a consumer-grade iPhone
LiDAR (T2). The algorithm’s estimates were compared against two types of reference data—
manual field measurements and factory-based data—to assess its accuracy, agreement, and
operational suitability.

Automated estimation of truckload volumes is gaining increasing relevance in forest
operations globally, especially in the context of long-distance wood transport logistics.
Kärhä et al. [36] offer a comprehensive overview of industrial roundwood transport chains,
emphasizing the need for digitalization to reduce bottlenecks and improve traceability.
Integrating algorithms such as the one evaluated here into digital workflows aligns with
broader industry trends. Additionally, data collected by harvesters equipped with onboard
sensors are already being used to estimate truck volume [37,38]. These datasets can provide
reliable references for calibrating automated systems in large-scale applications. However,
legal, technical, and operational limitations remain when integrating harvester data into
national wood supply systems, including interoperability, standardization, and trust in
automated metrics [38,39]. The use of independent scanning platforms—such as MLS
and iPhone LiDAR—offers a complementary pathway to support real-time verification or
redundancy where harvester data may be absent or inaccessible.

The core principle of the algorithm—fitting an envelope around the truckload point
cloud and slicing cross-sections for volumetric calculation—is consistent with the practices
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adopted in previous 3D object volume estimation workflows, particularly in forestry
and industrial scanning contexts [40,41]. While adapted to truckload shapes, the logic
follows the general approaches to geometric reconstruction and segmentation from irregular
point clouds. Similarly, the performance evaluation employed the Wilcoxon signed-rank
test, a non-parametric method commonly applied in forestry and remote sensing studies
when comparing paired data that may not follow a normal distribution [42,43]. This
statistical approach provides robust insights into whether systematic differences exist
between methods.

For the MLS-based data (T1), the algorithm demonstrated high levels of agreement
with the manual reference measurements. Statistical indicators such as the mean absolute
error (MAE ≈ 2.06 m3) and the root mean square error (RMSE ≈ 2.46 m3) indicated strong
accuracy, and a correlation coefficient of 0.89 confirmed a consistent linear relationship.
No statistically significant differences were found between the automated and manual
measurements, suggesting that MLS-derived point clouds, when acquired with the proper
scanning coverage, are well suited to truckload volume estimation using this algorithm.

In contrast, the iPhone-based data (T2) showed higher error metrics (MAE ≈ 3.29 m3;
RMSE ≈ 3.60 m3) and revealed statistically significant differences when compared to
factory-derived reference values. While the correlation remained high (0.84), the automated
estimates tended to overestimate volume, especially for smaller loads. This overestimation
is likely due to occlusions and the lower scan resolution associated with the iPhone platform,
which may result in incomplete point clouds and less accurate envelope modeling [44].

Differences between the two trials can be partly attributed to variations in scanning
strategy and coverage. In T1, the MLS device captured the full geometry of the truckload,
including partial top-down views that enhanced envelope modeling. The iPhone LiDAR,
when operated from a handheld position at ground level, provided more limited coverage,
particularly at the top of the load. These disparities directly influenced the completeness
and quality of the resulting point clouds, affecting how well the algorithm could infer
the spatial structure of the load. Previous studies have shown that scan geometry and
occlusion patterns are critical in determining point cloud fidelity and volume estimation
accuracy [45–47].

The algorithm’s estimates reflect a volume situated between solid and gross volumes,
due to partial occlusion, irregularities on the surface of bark, and interlocking logs. The
MLS-derived outputs, benefiting from better coverage, appeared to reflect more realistic
solid volume estimates, while the iPhone-based estimates tended toward gross volume
values due to overestimation and limited segmentation. This distinction is important in
interpreting the results and understanding which use cases are best suited to each platform.

Despite the lower accuracy of the iPhone system, it presents significant advantages
in terms of its ease of use, cost, and real-time delivery. Scans can be acquired quickly and
processed within seconds via an integrated Telegram python-telegram-bot v22.3 [48]. The
platform requires minimal technical training and uses freely available software, making it
accessible to a wide range of forest operators. In operational environments where speed
and accessibility are critical—such as roadside checks, decentralized operations, or rapid
supply assessments—this platform provides a viable alternative to more expensive MLS
systems. Other studies also highlight the practical value of smartphone-based scanning
solutions, particularly in low-infrastructure or mobile applications [49].

In contrast, MLS platforms remain more suitable for applications requiring higher pre-
cision, such as timber sale verification, quality audits, and integration with mill inventory
systems. However, the cost of acquisition, need for skilled operation, and post-processing
time can limit their widespread deployment in time-sensitive forest logistics. These trade-
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offs underscore the importance of selecting the appropriate tool based on user needs,
resource availability, and required accuracy thresholds [50].

This study also identifies key limitations. First, the datasets for T1 and T2 involved
different truckloads, which prevented a direct statistical comparison. Nonetheless, both
sets reflect realistic field conditions and provide valuable insights into how the algorithm
performs under varied scanning conditions. Second, the sample size was limited, both
in terms of the number of truckloads and the diversity of species and log configurations.
Broader trials would be needed to confirm generalizability, especially for longer logs, mixed
species loads, and regional differences in stacking patterns. In addition, external factors
such as light conditions, surface moisture, and bark texture were not explicitly controlled
and may have influenced point cloud quality.

Future improvements could include integrating this algorithm with higher-level log
segmentation models, enabling not only volume estimation but also individual log detec-
tion and classification. Additional research is needed to evaluate the performance under
challenging environmental conditions (e.g., rain, snow, variable lighting) and with truck-
loads sourced from different silvicultural systems or forest types. Larger datasets, including
those from roadside inventories or harvester-mounted scanners, would enhance model
calibration and robustness [51].

Finally, the algorithm was designed to deliver results that balance accuracy with
operational feasibility, supporting improved planning, transparency, and traceability in
timber transport. Automated approaches such as this one can reduce the reliance on manual
measurements, limit human error, and accelerate data flows between field teams, haulers,
and processors. However, to ensure long-term performance, periodic recalibration and
validation of both the scanning system and the algorithm remain essential.

5. Conclusions
In conclusion, this study demonstrates the agreement and reliability of the algorithm-

based measurements in estimating truckload volumes. The statistical metrics, hypothesis
testing results, and scatterplot analysis provide a comprehensive understanding of the algo-
rithm’s performance. These findings support the potential application of the algorithm to
timber volume estimation, contributing to improved resource management and sustainable
forest practices. However, further research and validation are required to address specific
limitations and to optimize the algorithm’s performance in diverse operational contexts.
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