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Abstract

Adequate monitoring of flour storage bins in the food manufacturing industry can pre-
vent profit loss from underproduction and overstocking. Manual volume measurement
is labor-intensive and error-prone. With the need for efficient monitoring in mind, this
study presents the design and development of volumetric measurement of the flour inside
a storage bin using 2D-based rotating LiDAR to capture 3D point cloud data. The proposed
system eliminates manual probing by fully automating the scanning and volumetric com-
putation workflow. Instead of relying on discrete physical measurements inside the bin, the
2D rotating LiDAR continuously captures the interior walls and flour surface to generate a
dense 3D point cloud. This removes the need for operators to insert rods or probes and
thereby avoids human-induced measurement variability. Furthermore, because the system
computes flour volume directly from geometric reconstruction rather than converting probe
depths using a uniform surface assumption, it does not rely on a constant material density
and is therefore more robust to compaction differences within the bin. The high-resolution
point cloud also generates accurate mapping of non-uniform and irregular surface geome-
tries, which captures true depressions, peaks, and sloped regions that manual methods
typically miss. A dedicated web application was developed to send commands to the
system for automated scanning and real-time volume computation. Successful real-world
testing showed the system’s reliability, with an accuracy level of 1.013 ± 0.70% MAPE
across varied flour quantities and surface contours.

Keywords: automation; point cloud scanner; ROS; volume measurement; web application

1. Introduction
Agricultural raw materials such as rice, wheat, and corn contribute significantly to

both industrial applications and human nutrition, primarily as carbohydrate sources [1,2].
While some grains are consumable with minimal processing, others undergo multiple
stages of milling to achieve the desired quality [3]. With increasing agricultural yields
driven by technological advancements, ensuring post-harvest quality preservation has
become essential [4]. This has intensified the need for optimized storage and monitoring
systems that incorporate modern sensing, automation, and digital technologies [5].
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A persistent challenge in storage management is achieving accurate volume estima-
tion. Traditional methods such as weighted fiberglass tapes provide only single-point
measurements, resulting in limited accuracy and high operator variability [6,7]. Contact-
based level indicators, including tilt switches, pressure diaphragms, and rotary paddles,
are dust-tolerant and inexpensive but offer only localized measurements. Non-contact
options such as radar, ultrasound, and Light Detection and Ranging (LiDAR) provide richer
surface profiling but often require complex installation, higher cost, and are sensitive to
environmental factors such as airborne particulates.

In modern manufacturing and processing environments, automation, wireless com-
munication, and real-time monitoring have become standard practices [8]. However,
storage environments, particularly silo systems handling fine powders, introduce unique
challenges. Pneumatic transfers generate dense dust clouds that interfere with LiDAR
wavelengths (typically 700–900 nm), affecting data fidelity and measurement accuracy [9].
The primary interference mechanism in such environments is Mie scattering, which domi-
nates when particulate matter, for instance, flour dust, which is typically 1–100 µm, is com-
parable in size to the laser wavelength of common industrial LiDAR systems (905 nm) [10].
This scattering causes signal attenuation and generates backscatter noise [11], with quanti-
tative effects that include (1) a reduction in effective measurement range and (2) a decrease
in point cloud density and precision, thereby impacting the reliability of volumetric cal-
culations [11,12]. While this study does not seek to characterize the scattering parameters
of flour dust quantitatively, it recognizes that dense dust clouds would adversely affect
measurement fidelity. Consequently, to ensure reliable data acquisition, the scanning
protocol was designed to operate when airborne dust concentrations are relatively low,
typically during settled periods outside active filling operations. Within this controlled
yet representative operational framework, the core objective is to develop and validate a
low-cost volumetric measurement system that maintains functional accuracy for routine
storage monitoring.

As agricultural innovations continue to enhance crop yields, maintaining the quality
of stored raw materials has become increasingly critical [4,13]. With annual increases in
production, efficient and technology-supported storage processes are essential [5]. Despite
the availability of various level-measurement tools, including stereovision, radar, ultra-
sound, lasers, and conventional manual methods, many food manufacturing industries still
rely on labor-intensive procedures for estimating stored material volume [14,15]. Contact
sensors remain cost-effective but lack surface detail, while non-contact sensors provide
improved profiling but require permanent mounting and may suffer from dust-induced
signal degradation.

Point cloud data continues to gain relevance in the spatial reconstructions for volu-
metric computation. Modern point cloud datasets may include intensity or RGB attributes
that improve surface interpretation and segmentation [16–18]. LiDAR technology remains
one of the effective methods for obtaining such spatial data [19], which generate dense 3D
representations for volumetric analysis [20–23]. To further improve the fidelity of these
spatial representations, recent techniques, such as the inertial odometry methods proposed
in [24], optimize point cloud registration by compensating for motion distortion and utiliz-
ing ground constraints to reduce cumulative positioning errors. Although dual-axis 2D
LiDAR systems can mimic 3D scanning with added tilting mechanisms [25], their limita-
tions remain notable when compared to commercial-grade 3D LiDAR or omnidirectional
setups that combine active depth sensors with light-field data, as demonstrated in [26].
Recent developments in automation, sensing, and wireless systems have transformed
measurement tasks across industries. Interconnected sensors and machine-to-machine
(M2M) communication allow remote data acquisition, processing, and visualization, in-
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tegral characteristics of the emerging paperless and digitally integrated smart factory [8].
This transition, supported by autonomous machinery utilizing machine learning models for
continuous 3D object detection and volume estimation [27], reduces manual intervention,
improves operational safety, and improves measurement accuracy.

Beyond traditional static LiDAR frameworks, the integration of advanced computer
vision, deep learning, and multi-sensor fusion has expanded the adaptability of industrial
volume measurement systems. For dynamic environments, the apparatus and method
in [28] fuses a stereo 3D depth camera with a 2D LiDAR sensor to perform continuous
three-dimensional modeling and volume calculation of moving objects by rigorously
matching image, depth, and distance coordinates. Similarly addressing complex industrial
constraints, the real-time measurement method for large, irregular stockpiles in [29] uses
binocular cameras and deep learning-based robust stereo matching to overcome challenges
associated with complex outdoor lighting and surface occlusions. Meanwhile, alternative
lightweight mathematical approaches are also emerging; for instance, the surface fitting
and virtual ray-casting mechanisms introduced in [30] allow for the estimation of 3D point
candidates and dimensional profiles from a single image. These innovations present an
industry trajectory toward algorithmically driven volumetric systems that balance cost,
processing efficiency, and real-time responsiveness across diverse measurement scenarios.

A review of common silo volume measurement methods reveals a clear trade-off
between cost, complexity, and informational richness. Traditional manual techniques,
for instance, weighted tapes and simple contact sensors such as tilt switches and pressure
diaphragms, are low-cost and robust to dust but provide only single-point or localized
data, leading to inaccurate volume estimates for non-uniform surfaces [6,14]. Advanced
non-contact technologies such as radar and ultrasound offer continuous level profiling but
can be expensive to install and are compromised by dust clouds and complex grain surface
geometries [9]. While 3D laser scanning (LiDAR) generates the detailed surface models
necessary for precise volumetric calculation, commercial 3D LiDAR systems are often pro-
hibitively expensive for widespread industrial deployment. Lower-cost solutions utilizing
2D LiDAR with mechanical scanning have been explored. However, a comprehensive,
low-cost, and fully automated system that integrates such sensing with remote operation
and robust data processing, specifically designed for practical deployment and routine
monitoring in industrial storage settings, remains an unmet need. This gap underscores
the necessity for the integrated, operationally practical system presented in this work.

Thus, this study presents the development of a remote, LiDAR-based volumetric
measurement system for flour storage bins. The system enables automated scanning and
control through a web-based application, eliminating the need for manual probing and
on-site measurement. Its originality lies in addressing existing gaps in silo volume estima-
tion by providing a low-cost platform that utilizes an automated 2D LiDAR with a rotating
mechanism and wireless sensor node to achieve 3D scanning without a commercial 3D
LiDAR. The general objective of this study is to develop a system that remotely acquires
point cloud data and computes the volume of flour inside a storage bin. By integrating
2D LiDAR scanning with automated data processing and browser-based visualization,
the system overcomes limitations of traditional measurement practices, particularly those
related to manual inspection and fixed sensor placement. In addition to improving mea-
surement capability, the system is designed with operational practicality in mind. Remote
access through a web-based interface allows users to initiate scans, visualize silo fill levels,
and retrieve historical records without physically accessing elevated or enclosed spaces.
This not only reduces the risks associated with manual measurement in confined or dusty
environments but also supports streamlined workflow integration within existing storage
and inventory management operations. By combining sensor technology, data process-
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ing, and user-centered visualization, the system aims to support safer, more efficient,
and data-driven storage monitoring. The key contributions of this study are the following:

1. Introduced a fully automated volumetric measurement framework for flour stor-
age bins that uses a 2D rotating LiDAR to generate dense 3D point clouds, which
eliminates the need for manual probing and uniform bulk-density assumptions.

2. Designed and implemented a real-time LiDAR-to-3D reconstruction pipeline within
the Robot Operating System (ROS), featuring automated point cloud filtering, align-
ment, and surface modeling tailored to irregular bin geometries.

3. Developed a remote, web-based control and visualization interface specific for LiDAR-
based bin measurement systems.

Compared to conventional measurement practices that rely on manual probing or
localized sensor readings, the proposed system provides a more complete and continuous
representation of the stored material surface. Its remote accessibility eliminates the need
for personnel to physically enter or climb silo structures, significantly improving safety
during routine monitoring. Moreover, the integration of real-time visualization and histori-
cal data tracking supports more informed decision-making in storage management and
inventory planning.

Table 1 summarizes representative approaches for bulk material volume estimation
and highlights their sensing modalities, processing strategies, and deployment characteris-
tics. While recent studies have demonstrated the effectiveness of LiDAR-based systems for
volume estimation, most existing approaches rely on either full-field 3D LiDAR scanning
or free-form scanning geometries designed for open environments. Such assumptions limit
their applicability to enclosed vertical storage systems, where scanning coverage, sensor
placement, and geometric constraints differ significantly from those of open stockpiles or
outdoor settings.

To contextualize the geometric limitations outlined in Table 2, a quantitative compari-
son further justifies the proposed system’s architecture. Commercially available 16-channel
3D LiDARs typically incur hardware costs exceeding > $4000. Furthermore, due to their
limited vertical field of view (e.g., ±15◦), a single commercial 3D LiDAR mounted at the
top of a silo leaves significant blind spots near the bin walls. As a result, the estimated
volumetric calculation errors exceed 10% unless multiple sensors are deployed and cali-
brated together—a process that increases deployment time to several days. In contrast,
the proposed system utilizes modular, low-cost components, including a YDLiDAR X4,
a Raspberry Pi 4, and an AX-12A servo motor, keeping the total hardware expenditure
under $300. By mechanically sweeping the 2D LiDAR, the system guarantees full hemi-
spherical coverage. Maintenance is equally streamlined; a mechanical failure in a dusty
environment requires only the modular replacement of a $45 servo or $90 2D LiDAR, rather
than the complete factory replacement required by sealed commercial 3D units. In addition,
the proposed system adopts a structured scanning strategy based on controlled rotation of
a 2D LiDAR. The resulting hemispherical coverage geometry is illustrated in Figure 1.

To visually illustrate the geometric limitations summarized in Table 2 and the motiva-
tion for the proposed sensing strategy, Figure 2 conceptually compares the effective sensing
coverage of a commercial 3D LiDAR and the rotating 2D LiDAR adopted in this work.
While mechanically rotating a 3D LiDAR could theoretically increase vertical coverage,
such a configuration introduces substantial redundancy, mechanical complexity, and ineffi-
cient data utilization without resolving the fixed beam geometry inherent to commercially
available 3D LiDAR systems. These limitations are particularly pronounced in enclosed
volumetric measurement tasks, where sensing geometry must be tightly aligned with the
measurement environment.
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Table 1. Comparison of sensor, processing, and deployment characteristics of bulk material volume
estimation systems.

Criteria Surface
Reconstruction [31]

Volume
Measurement for
Silos [32]

Stockpile Volume
Estimation [33] Proposed System

Sensor type Not applicable 2D LiDAR LiDAR and Camera 2D LiDAR with
controlled rotation

Scanning geometry Not applicable Automated pan–tilt
(360◦, 180◦ tilt)

Free-form scanning
in open
environments

Half-spherical scan
optimized for
silo geometry

Target environment General surfaces Grain silos Open stockpiles Enclosed flour
storage bins

Suitability for
vertical storage bins Not applicable Moderate Limited (open-space

assumption) High

Data processing
framework

Surface mesh
reconstruction

Python (DBSCAN,
convex hull
integration)

LiDAR–image fusion
and post-processing

ROS pipeline with
PCL-based
processing

Point cloud handling Dense point sets Local file-based
storage

Dense 3D point
clouds

PCL-based
management with
Three.js visualization

Surface
reconstruction
approach

Ball-Pivoting
Algorithm

Slice-based convex
hull integration

Surface
reconstruction from
fused data

Concavity-aware
convex hull with
partial correction

Granular surface
concavity handling

Poor for irregular
granular surfaces Not addressed Limited

Explicit concavity
correction for
granular materials

Container geometry
constraints Not addressed Not addressed Not addressed

Silo geometry-aware
convex hull
constrained within
bin boundaries

Volume computation
method Not applicable

Slice-based
numerical
integration

Mesh-based volume
estimation

3D surface
reconstruction with
volumetric
integration

Remote
scanning/operation No No No Yes (web-based

monitoring interface)

Industrial
deployability Research-oriented Moderate Moderate

(outdoor-focused)

High (cost-efficient
and geometry-
adaptive)

Primary application General surface
reconstruction

Grain volume
estimation

Stockpile volume
estimation

Flour bin volumetric
measurement

Key Contribution
Generic surface
reconstruction
algorithm

Platform for
stockpile volume
estimation

Automated
LiDAR-based grain
volume estimation

Volumetric
measurement system
for enclosed flour
bins using 2D LiDAR
with tilting
mechanism or
half-sphere FOV
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Table 2. Practical limitations of commercially available 3D LiDAR products in achieving downward
hemispherical coverage for enclosed flour bin volume measurement.

Criteria Velodyne VLP-16 RoboSense
RS-LiDAR-16 Ouster OS1 Hesai PandarQT Proposed System

LiDAR type 3D multi-beam
LiDAR

3D multi-beam
LiDAR

3D multi-beam
LiDAR

3D multi-beam
LiDAR

2D LiDAR with
tilting mechanism

Horizontal FOV 360◦ 360◦ 360◦ 360◦ 270◦–360◦

(mount-dependent)

Vertical FOV
(fixed beam
elevation range)

30◦ (±15◦) 30◦ (±15◦) 45◦ (±22.5◦) ∼104◦ (≈−52◦ to
+52◦)

∼180◦ effective
(downward
hemispherical)

Can achieve
half-sphere coverage
from a fixed
mounting position

No No No No Yes

Flour bulk surface
visibility inside bin

Partial (large blind
regions)

Partial (large blind
regions)

Partial (large blind
regions)

Improved but still
incomplete

Comprehensive
surface coverage

Need for additional
mechanical motion to
extend
vertical coverage

Yes (external) Yes (external) Yes (external) Yes (external) Integrated tilting
mechanism

Designed for
confined bin
geometry

No (automo-
tive/robotics)

No (autonomous
systems)

No
(robotics/mapping) No (ADAS/robotics) Yes (flour bin

specific)

Material-specific
optimization General-purpose General-purpose General-purpose General-purpose Fine granular

material (flour)

System hardware
cost >$4000 >$1500 >$4000 >$5000 <$300

Primary application
domain Autonomous vehicles Autonomous driving Robotics & mapping ADAS & robotics Flour bin volume

measurement

Note: Horizontal FOV is included to illustrate that commercial 3D LiDARs prioritize omnidirectional perception
rather than downward volumetric coverage.

As summarized in Table 1, most commercial 3D LiDAR systems are optimized for
wide-area environmental perception and exhibit the following constraints when applied to
flour bin volume measurement:

• Limited vertical field of view, restricting downward-focused sensing;
• Fixed beam elevation angles, preventing adaptive hemispherical coverage;
• Inefficient data utilization, with a large portion of emitted beams intersecting walls or

non-relevant regions;
• High cost and bulky form factor, limiting practical industrial deployment;
• Increased integration and calibration complexity, especially in enclosed storage containers.

To address these constraints, the proposed system adopts a rotating two-dimensional
LiDAR configuration, as illustrated in Figure 2. The design achieves the required sensing
geometry through structured motion rather than increased sensor dimensionality, offering
several advantages:

• Controlled hemispherical coverage tailored to vertical bin geometry;
• Uniform sampling density across the granular surface;
• Geometry-aware surface reconstruction constrained by silo boundaries;
• Efficient data acquisition with minimal redundant measurements;
• Cost-efficient and deployable system design suitable for industrial facilities.

By prioritizing scan geometry suitability and structured motion, the proposed ap-
proach enables accurate volumetric measurement in enclosed flour storage bins while
mitigating the limitations associated with both static and mechanically rotated 3D Li-
DAR systems.
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Figure 1. Comparison of sensing coverage geometries for volumetric measurement in enclosed flour
bins: (a) typical coverage of a commercially available 3D LiDAR, characterized by fixed vertical beam
angles and limited downward field of view; (b) proposed rotating 2D LiDAR configuration, in which
a dense planar scan is incrementally swept across predefined elevation angles to achieve controlled
downward hemispherical coverage of the bin interior.

Figure 2. Conceptual comparison of sensing coverage in an enclosed flour storage bin: (a) a typical
commercial 3D LiDAR provides limited downward coverage due to fixed beam elevation angles
which results in blind regions over the granular material surface; (b) the proposed rotating 2D LiDAR
actively sweeps a dense planar scan across elevation that attains controlled downward hemispherical
coverage and complete observation of the bin interior surface.

2. Materials and Methods
Accurate and efficient post-harvest processes are vital in the food industry to ensure

effective inventory management and maintain an adequate supply of materials. Automa-
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tion with remote sensing devices, modern technologies that can be integrated into a variety
of industries, eliminates labor-intensive processes that may expose employees to dangerous
scenarios. However, when flour is involved, dust clouds can form inside the bin during
scanning, potentially leading to inaccurate data from the 3D point cloud scanner. Such inac-
curacies can impact subsequent processing of the point cloud data. Figure 3 illustrates the
general conceptual flow of the 3D point cloud scanning, processing, and evaluation system.

Figure 3. General conceptual flow of the 3D point cloud scanning, processing, and evaluation system.
The process is divided into three stages: development of the scanner and mock-up, point cloud data
processing, and testing with validation.

The research is based on the idea of using automation for industrial operations, specifi-
cally in the food industry. Point cloud data is a collection of an unorganized set of x, y, and z
coordinates in a three-dimensional space. There are various ways to acquire point cloud
data, and one possible way is through active non-contact sensing technology such as LiDAR
sensor. LiDAR uses Time-of-Flight (TOF) methods of measuring the distance between the
sensor and the object. TOF scanners are inexpensive compared to other specialized 3D
scanners [34]. Researchers utilize LiDAR to acquire 3D point cloud data because of its
ability to gather data and convert it into a global world coordinate frame [35]. This study
does, however, acknowledge the potential limitations of LiDAR: when the environmental
medium (water vapor, gases, dust particles) obstructs the target surface, the precision of
the LiDAR-acquired point cloud data may be altered [34]. Thus, the researcher will manage
the raw point cloud data by filtering the interfering elements such as dust. Lastly, Delaunay
triangulation is a computational geometry computation that connects a set points to form
a mesh of triangles. It can be used for volume estimation by calculating the volume of a
convex hull [36,37], which will be used in this study.

Figure 4 shows the system architecture of the the 3D Point Cloud Scanner System
comprising a 2D LiDAR sensor, single-board computer, and servo motor, all powered by a

https://doi.org/10.3390/technologies14070401

https://doi.org/10.3390/technologies14070401


Technologies 2026, 14, 401 9 of 33

battery regulated with a buck converter. The flow chart in Figure 3 outlines the development
process of the Web-Based 3D Point Cloud Scanner System and Web Application, where
each phase is essential for shaping the overall system’s functionality.

Figure 4. System architecture for: (A) 3D Point Cloud Scanner System; (B) web application.

2.1. Hardware Integration

As illustrated in Figure 5, the hardware architecture of the 3D Point Cloud Scanner
System (3D-PCSS) consists of a 2D LiDAR sensor, a rotating mechanism driven by a
servo motor, and a single-board computer. The hardware requirements for the 2D LiDAR
scanning subsystem were established based on three essential functional criteria:

• A 2D LiDAR device capable of scanning within a horizontal field of view of at least 180°;
• A minimum measurable range of 10 m to accommodate varying bin dimensions;
• A single-board computer equipped with a 64-bit CPU operating at a minimum of

1.8 GHz, at least 4 GB of RAM, 5 GB of available disk space, and full compatibility
with the required operating system and software libraries.

The rotating mechanism integrated with 2D LiDAR follows the methodology described
by [25], which provides the foundational framework for using a pan–tilt unit (PTU) to
transform planar scans into three-dimensional point cloud data. Guided by this previous
work, the rotating device was designed with two operational requirements: it must rotate
through an angular sweep of 0° to 180°, and it must maintain high positioning precision
with an angular resolution finer than 1°. These specifications ensure accurate spatial
sampling and reliable reconstruction of the bin’s interior geometry.

Figure 6 provides an illustration of the attachment of the servo to the 2D LiDAR device,
enabling an additional axis of movement. It also demonstrates the respective scan angle
directions of the LiDAR and the movement direction of the servo motor. After the LiDAR
scans from 0 to 180°, the system sends a command to the servo to move to the next angle
until it reaches the end angle.

• The rotating device can rotate a minimum angle from 0 of 180 degree.
• The rotating device has a minimum angular resolution of ≤1 degree.
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https://doi.org/10.3390/technologies14070401


Technologies 2026, 14, 401 10 of 33

Figure 5. System development process that starts with hardware and software development, includ-
ing a 2D LiDAR scanner and rotating mechanism. These are integrated through hardware–software
integration, followed by overall system integration with the web application. The final stage involves
system testing and evaluation to ensure performance and reliability.

Figure 6. Scan direction of LiDAR and movement direction of the servo. The top view shows the 2D
LiDAR scanning from 0° to 180°, while the servo motor controls rotation. The side views illustrate
the servo’s movement along the z-axis, enabling full coverage of the scanning area.

Figure 7 provides an illustration of the servo’s attachment to the 2D LiDAR device,
enabling an additional axis of movement. It also demonstrates the respective scan angle di-
rections of the LiDAR and the movement direction of the servo motor. This synchronization
method is further detailed in Algorithm 1. After the LiDAR scans from 0 to 180 degrees,
the system sends a command to the servo to move to the next angle until it reaches the
end angle.
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Algorithm 1: Synchronization of LiDAR and Servo
Input: Initialized LiDAR sensor lidar, Servo motor servo
Output: Synchronized LiDAR scan data at discrete servo positions

1 Initialize LiDAR and Servo;
2 repeat
3 Start LiDAR scan from 0◦ to 180◦;
4 while LiDAR scan is not complete do
5 Wait for scan to complete;
6 if LiDAR scan is complete then
7 if Servo is at final position then
8 Terminate the process;
9 else

10 Send command to Servo to move to next position;
11 until servo reaches the final position;

Figure 7. Different views of the CAD model design of the 3D Point Cloud Scanner System. The side
view highlights the servo motor, the bottom view shows the 2D LiDAR device, and the isometric
view presents the full system with its compartment.

Figures 7–9 illustrate the complete mechanical and electrical integration of the 3D
Point Cloud Scanner System. Figure 5 presents multiple CAD views of the enclosure,
showing the arrangement of the primary components: the side view emphasizes the
mounting of the AX-12A servo motor responsible for the rotational motion of the LiDAR,
the bottom view reveals the placement of the YDLiDAR X4 sensor, and the isometric
view provides a full visualization of the assembled system and its compartment layout.
Regarding angular accuracy, the proposed system employs controlled incremental rotation
with calibration and synchronized data acquisition, which limits cumulative angular error
during scanning. The resulting point clouds were verified through repeated scans, showing
stable reconstruction performance for the intended volumetric measurement task.
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Figure 8. Specific components of the system. The setup consists of a YDLiDAR X4 sensor, Raspberry
Pi 4 Model B for control, and an AX-12A actuator. Power is supplied by a 22.2 V battery regulated
through step-down converters to provide 5 V and 11.2 V outputs for the components.

Figure 9. Overall circuit diagram. The system uses a 22.2 V battery regulated by two buck converters
to supply 11.2 V for the AX–12A Dynamixel and 5 V for the Raspberry Pi 4 Model B and YDLiDAR X4.
Green, red and black lines represent data, power and ground connections, respectively.

Figure 8 details the core hardware elements, including the YDLiDAR X4 for range
sensing, the Raspberry Pi 4 Model B for system control and data processing, and the
AX–12A actuator for vertical rotation. Figure 9 presents the overall circuit diagram, where
a 22.2 V battery serves as the main power source and is regulated by two buck converters:
one decreases to 11.2 V to drive the AX–12A Dynamixel and another supplies 5 V to the
Raspberry Pi 4 Model B and YDLiDAR X4. Concerning reliability in dusty environments,
the system was designed and tested under real flour silo operating conditions, including
the presence of dust during filling. The mechanical components were enclosed, and ex-
perimental results demonstrated stable operation throughout the measurement period,
indicating suitability for practical deployment. Although long-term degradation is a valid
consideration, the focus of this study is on feasibility and performance validation under
real-world conditions rather than lifetime endurance testing. With respect to accuracy,
the goal of this work is not to replace high-end commercial 3D LiDAR sensors, but to
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provide a low-cost alternative for industrial volume estimation. Experimental results show
that the proposed 2D LiDAR-based system achieves consistent and application-appropriate
accuracy for flour bin volumetric measurement, validated against known bin geometry
and reference volume calculations. These results demonstrate that the simplified hardware
setup is sufficient for the targeted application.

2.2. Software Development

The software architecture of the 3D Point Cloud Scanner System was developed using
the Robot Operating System, ROS version 1 Noetic Ninjemys, running on Ubuntu 20.04 LTS,
following a modular, distributed, and event-driven design. Multiple ROS nodes manage
sensor data acquisition, motor control, point cloud mapping, volume computation, and user
interaction via a web interface. The system was developed and tested on an ASUS TUF
FX505DU laptop equipped with an AMD Ryzen™ 7 3750H processor (up to 4.0 GHz),
16 GB DDR4 RAM, 512 GB NVMe SSD, 1 TB HDD, and an NVIDIA GeForce GTX 1660 Ti
(6 GB GDDR6) GPU.

2.2.1. ROS Node Architecture

The system’s software functionality is divided into several ROS nodes, which commu-
nicate through topics in a publish–subscribe model. In this communication architecture,
each node operates independently and exchanges information through topics: a node
acting as a publisher transmits data to a topic, while other nodes acting as subscribers
receive that data without direct dependency. This decentralized design ensures modularity
and efficient data flow between system components. Each node is responsible for a specific
function, such as LiDAR data collection, servo motor positioning, scan-to-point cloud
conversion, and volume calculation. The overall ROS communication structure among
these nodes is illustrated in Figure 10.

Figure 10. ROS node architecture showing publish–subscribe structure. The remote command
node coordinates scanning by communicating with the LiDAR and Dynamixel servo nodes, which
publish scan and position topics. The scan-to-3D-point-cloud-mapping node and post-processing
node handle data conversion and refinement. Processed point clouds and measured volumes are
then shared with the web application through the Rosbridge server node.
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The LiDAR node is responsible for capturing 2D range data from the YDLiDAR X4
sensor and publishing the measured distances in real time. The servo node manages the
angular position of the servo motor that tilts the LiDAR sensor, updating its orientation
for each scan cycle. The command node listens for user commands transmitted via Web-
Socket from the web interface, initiating and controlling the scanning process as required.
The point cloud mapper synchronizes LiDAR data with servo angle readings to generate
three-dimensional point cloud coordinates representing the surface geometry of the flour
inside the storage bin. Finally, the volume estimator processes the resulting point cloud
data and calculates the total volume using the convex hull algorithm, which determines
the smallest enclosing 3D shape that represents the material’s surface boundary.

2.2.2. Data Processing Flow

Upon receiving a scan command, the system enters active mode. The servo rotates
incrementally, and the LiDAR captures horizontal scans at each step. Each range measure-
ment ρ in meters and the corresponding angles θ and ϕ in degrees are recorded. These
polar measurements are then converted into Cartesian coordinates—where x, y, and z
represent the point’s horizontal, lateral, and vertical positions in meters—using the trans-
formation equations shown in Equations (1)–(3). This conversion enables the construction
of a complete 3D point cloud of the bin’s interior:

x = ρ cos(ϕ) cos(θ) (1)

y = ρ cos(ϕ) sin(θ) (2)

z = ρ sin(ϕ) (3)

The entire data processing flow consists of four key processes: preparing the operat-
ing system and framework, executing the bootstrap program, scanning and generating
the point cloud, and measuring the volume. To ensure fully automated operation, a cus-
tom system service is configured to automatically launch core ROS services (roscore and
rosbridge_server) during system boot. Once these services are initialized, the system tran-
sitions into an idle state, ready to receive and execute external commands through the
web interface.

2.2.3. System Scanning Process

In the conceptual framework shown in Figure 3, the system is placed at the top of
the storage bin. Once the system receives a command from the web application, it will
start scanning the inside of the storage bin and acquiring range values from the LiDAR;
otherwise the system will enter idle mode. The study developed ROS nodes that handle
different processes such as initialization of the LiDAR device and servo motor, establishing
a publish–subscribe relationship between these devices, and the conversion of LiDAR
range scan data to point cloud data. The servo motor used in this study is compatible
with a Software Development Kit (SDK) version 3.7.51, which includes configurations for
integration with the ROS. The raw scan data from the LiDAR typically includes range
values of the return pulses. These range values enter different stages of pre-processes to be
mapped in two- or three-dimensional Euclidean space to create point cloud data and use
for further post-processing.

https://doi.org/10.3390/technologies14070401

https://doi.org/10.3390/technologies14070401


Technologies 2026, 14, 401 15 of 33

The flow of processes from initialization to mapped point cloud data is listed in
Algorithm 1. The method used in this study to process the range values gathered from
the LiDAR device is described in the Algorithm 2, which was discussed in the theoretical
framework. ρ represents distance from the origin (0,0,0) which is in our case the LiDAR,
and this distance is measured in meters. The angle θ is the rotation around the z-axis in the
xy-plane. The angle ϕ is the tilt of the radius vector from the positive z-axis: from 0 degrees
on the positive z-axis down to 90 degrees on the xy-plane and to 180° on the negative
z-axis. Equations (1)–(3) show the conversion formulas for the Cartesian coordinates x, y,
and z, respectively.

Algorithm 2: LiDAR Range to 3D Point Cloud Mapping Process
Input: LiDAR device readings
Output: Processed 3D point cloud data

1 Initialize LiDAR device and configure servo motor rotation;
2 Start all required communication and data conversion nodes;
3 while system is active do
4 Gather LiDAR range scan values;
5 Convert range data (ρ, θ, ϕ) to 3D point cloud coordinates using:

• x = ρ · sin(ϕ) · cos(θ) ;
• y = ρ · sin(ϕ) · sin(θ) ;
• z = ρ · cos(ϕ) ;

Apply pre-processing and post-processing filters on the point cloud;

6 Output final 3D point cloud;

2.2.4. Volume Measurement Process

An empty-space approach was used to measure the flour materials inside the storage
bin. A simple representation of an empty-space approach is made following the concept
discussed in the conceptual framework, as shown in Figure 3, where the 3D Point Cloud
Scanner System is placed at the top of the storage bin to scan the empty space and generate
point cloud data. This point cloud data is processed to calculate the empty-space volume
using the convex hull method, specifically utilizing the Quickhull algorithm. The Quickhull
algorithm computes the convex hull of the gathered point cloud data, enabling volume
estimation. Theoretically, as shown in Equation (4), the volume of flour materials is
determined by subtracting the volume of the empty space from the bin’s maximum volume
capacity, a commonly used method in these studies [25,38].

Vf = Vmax −Vempty (4)

In Equation (4), Vf represents the volume of the flour materials inside the bin, ex-
pressed in cubic meters (m3). The term Vmax denotes the maximum volumetric capacity of
the flour bin, also measured in cubic meters (m3), based on its known geometric dimensions.
Meanwhile, Vempty corresponds to the computed empty-space volume derived from the
point cloud data, likewise expressed in cubic meters (m3). By subtracting the empty-space
volume from the bin’s total capacity, the resulting value Vf provides the estimated volume
of flour stored at any given time. The raw data from the LiDAR is converted into point
cloud data. This point cloud data can then use the convex hull to create a mesh for volume
estimation. The Quickhull algorithm used for this process is shown Algorithm 3.

https://doi.org/10.3390/technologies14070401

https://doi.org/10.3390/technologies14070401


Technologies 2026, 14, 401 16 of 33

Algorithm 3: Quickhull Algorithm for 3D Point Cloud Volume Calculation
Input: Point cloud data P
Output: Convex hull H and volume V

1 Initialize dimension d← 3;
2 Allocate memory for coordinates of points in P;
3 foreach point p in P do
4 Store coordinates of p in array;

5 Initialize Quickhull with d and array of points;
6 Compute the convex hull using Quickhull;
7 if Quickhull fails then
8 Output error and terminate;
9 else

10 Triangulate the convex hull;
11 Extract number of facets and vertices from the hull;
12 Allocate memory for hull vertices;
13 foreach vertex in the hull do
14 Map Quickhull vertex ID to point cloud index;
15 Add vertex to hull;

16 if area and volume computation is enabled then
17 Compute total area and volume of the hull;

18 if polygon data filling is enabled then
19 foreach facet in the hull do
20 Extract vertices of the facet;
21 Store the facet vertices;

22 Deallocate memory used by Quickhull;
23 Output convex hull H and volume V;

2.3. Web Application Design

The web application developed for the 3D Point Cloud Scanner System enables real-
time, remote interaction by serving as the central interface for sending scan commands,
visualizing point cloud data, monitoring system status, and storing measurement results.

As shown in Figure 11, the web-based visualization platform integrates multiple
frontend and backend components to provide real-time data communication, visualization,
and user interaction. The system employs asynchronous communication mechanisms to
facilitate efficient data exchange between the browser interface and ROS-based backend
services. A WebGL-based rendering engine is utilized to display three-dimensional point
cloud data directly within the browser, enabling users to inspect scanned bulk material
surfaces without requiring specialized software. Integration with the Robot Operating
System (ROS) allows seamless acquisition and visualization of sensor-generated data,
including point clouds and measurement outputs. The platform incorporates dynamic
charting capabilities to monitor volume estimation results over time, providing users
with immediate feedback on system performance. A responsive user interface framework
ensures compatibility across different devices and screen sizes, while an event-driven
architecture coordinates interactions among system modules and maintains synchronized
updates throughout the application.

The web dashboard is organized into three main sections, as shown in Figure 11.
The Left Panel provides system status information, including the current ROS connection
state and a list of available topics. The Center Panel features an interactive 3D point cloud
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viewer that supports zooming, panning, and rotation, along with control buttons to start
and stop scanning. Meanwhile, the Right Panel displays volume-related information such
as current volume, empty space, and percentage capacity, and includes a save button for
logging measurement data into the local database.

Figure 11. Main dashboard of the web-based interface showing system status, point cloud visualiza-
tion, and volume metrics.

A local MySQL database was implemented to store volume measurement results, with
schema containing fields for a unique ID, timestamp, empty-space volume, product volume,
and overall storage capacity. After each scan, data entries are inserted directly through the
web interface. Communication between the system and the web application is handled
through a WebSocket protocol using rosbridge_server on the backend. The initialization of
this communication involves a three-step handshake: the browser first sends a WebSocket
upgrade request to the ROS bridge server; the server then accepts the request and responds
with status code 101 (Switching Protocols); and, once confirmed, real-time bidirectional
communication between the client and server is fully established.

This setup allows for low-latency interaction, ensuring a responsive and seamless user
experience when monitoring live scanning sessions or controlling the system remotely.

2.4. System Testing and Calibration

This study conducted different tests and evaluations to observe the accuracy and
performance of the overall system. The testing methods involved calibration tests and
volume measurement tests of the system. The purpose of the LiDAR and servo calibration
test was to adjust the accuracy of the range values recorded and the rotating angle of the
servo motor, which is crucial for ensuring that the system accurately captures the spatial
data necessary for generating precise 3D point clouds. The calibration testing setup was
done in the laboratory room, where the range values of the LiDAR device were calibrated
using a known reference distance. The LiDAR was positioned at various distances from
the reference object, and the measured range values were compared against the known
distances. Similarly, the angle of rotation of the servo motor was calibrated to ensure
accurate positioning by commanding the servo to specific angles and verifying its actual
position using a calibration tool, with any discrepancies between commanded and actual
angles corrected through calibration adjustments. To mitigate the effects of Mie scattering
caused by airborne flour particulates, all calibration and volume measurement tests were
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conducted under controlled environmental conditions. Specifically, scanning operations
were initiated only after a mandatory settling period following any active filling or manual
contouring of the flour. This ensured that airborne dust concentrations were kept to a
minimum, which simulates the intended idle-state monitoring environment of the sensor.

2.4.1. System Volume Measurement Calibration Test

The calibration test was conducted to evaluate the accuracy and reliability of the 3D
Point Cloud Scanner System in measuring volume across various scenarios. To achieve
this, a mock-up flour storage bin was constructed to replicate the geometric characteristics
of actual industry storage bins. As shown in Figure 12, the CAD model guided the
physical build and consisted of a rectangular upper section and a conical frustum below
it. The rectangular portion measured 2.5 m in height, 0.5 m in length, and 0.69 m in
width. Attached beneath it, the conical frustum tapered from a top radius of 0.21 m to a
bottom radius of 0.17 m, with a height of 0.42 m. This setup provided a controlled and
representative environment for the calibration tests.

Before conducting different calibration test procedures, the system was calibrated and
adjusted to minimize the error.

Figure 12. CAD model design of the storage bin.

2.4.2. Empty Storage Volume Measurement Calibration

This calibration test involved performing multiple scans of an empty storage bin to
measure its total volume. The purpose of this test was to scan the storage bin without
any flour materials inside, ensuring an accurate baseline measurement. A total of exactly
30 independent scanning trials were conducted to establish a statistically significant base-
line for the empty bin volume. Before starting the test, the actual total volume of the flour
storage bin was manually measured and calculated based on its geometric shapes and
dimensions using a steel tape measure with a resolution of 1 mm.

2.4.3. Different Volume Quantity Measurement Calibration

The calibration test involved filling the mock-up storage bin with different quantities
of flour material to evaluate the system’s accuracy in measuring varying volumes. To ensure
precise control and quantification, a white styrofoam box made of expanded polystyrene
(EPS) with a known volume capacity of 0.0594 m3 was used to measure each batch of flour
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added. Three specific test volumes were prepared: the bin was first filled with 0.0594 m3 of
flour, then with 0.4752 m3, and finally with 0.7128 m3. To evaluate measurement consistency,
each of the three volume scenarios was tested using two distinct surface contours. For each
specific contour, the system executed five independent scans, resulting in 10 scans per
volume quantity and a total of 30 experimental scans across the varied quantity tests.

2.4.4. Volume Measurement Using the System and Sounding Method Test

To validate the accuracy and reliability of the 3D Point Cloud Scanner System, its
volume measurements were compared with those obtained using the traditional sounding
method. The traditional method involved manually measuring the flour depth inside
the storage bin using a steel measuring tape with a 1 mm resolution and calculating the
estimated volume based on the known geometric dimensions of the bin. For the experiment,
the storage bin was filled with 0.0594 m3 of flour, and the flour surface was reshaped into
five different contour profiles. For each contour shape, the volume was measured using
both the proposed 3D scanning system and the traditional sounding method. In the manual
approach, the depth measurements were converted to volume based on the bin’s geometry,
while the proposed system computed volume directly from the generated point cloud.
The resulting measurements from both methods were then recorded and compared to
assess the system’s performance.

2.4.5. Measurement Error Analysis

To quantitatively evaluate the accuracy and reliability of the 3D Point Cloud Scanner
System, three primary statistical error metrics were utilized: Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE), and Standard Deviation (SD). MAE and MAPE
were calculated to determine the absolute and relative deviations of the system’s estimated
volumes against the manually measured reference volumes (ground truth). Standard
deviation was computed across the repeated scanning trials to assess the system’s precision
and measurement repeatability. Furthermore, a One-Sample t-test and ANOVA were
utilized to determine if there were statistically significant differences between the proposed
system’s measurements and traditional sounding methods.

3. Results
3.1. Actual Prototype of the 3D Point Cloud System

The actual developed 3D Point Cloud Scanner System was constructed according
to the 3D CAD model design, shown in Figure 13. Before the integration of the system,
individual component testing was conducted to test and verify if such components function
properly. The base platform, to which the 2D LiDAR device and servo motor are attached,
was fabricated using aluminum metal. The system compartment was 3D-printed.

3.2. Point Cloud to Measured Volume Processing Result

The processes of the system were implemented on the single-board computer (Rasp-
berry Pi 4 model B), which serves as the central component driving the functionality of
the 3D Point Cloud Scanner System. Figure 14 illustrates an example of the developed
volume estimation process of the system. The algorithm processes the 3D point cloud
by first initializing the necessary parameters, including setting the dimension to 3 and
allocating memory for point storage. It then iterates through the point cloud to store all
coordinates in an array. Using the Quickhull algorithm, it computes the convex hull of the
point cloud, with appropriate error handling in case the computation fails. Once the hull
is obtained, it is triangulated to enable accurate volume estimation. The algorithm then
extracts and maps hull vertices, computes the area and volume if enabled, and optionally
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fills in polygon data for each facet. Finally, it deallocates all used memory and outputs the
resulting convex hull along with the estimated volume.

Figure 13. Actual 3D Point Cloud Scanner System developed and its components.

Figure 14. Example of the volume estimation process of the system. Raw LiDAR data is converted
into a 3D point cloud, meshed using the Quickhull algorithm, and processed to estimate volume,
yielding 1.0129 m3. In the 3D point cloud visualization, color indicates distance from the LiDAR
sensor: red points at the bottom of the silo represent the farthest areas, while blue points indicate
the closest.

3.3. System Testing and Evaluation

After conducting various tests, the performance of the 3D Point Cloud Scanner System
was assessed. The evaluation covered both hardware and software components, as well
as the integration of the web application. The hardware testing involved verifying the
functionality of the LiDAR sensor and servo motor. The LiDAR was tested for scanning
range, angular resolution, and distance accuracy, while the servo motor was evaluated for
rotation and repeatability at different scanning angles. Software testing focused on the
algorithms for data acquisition, point cloud generation, and volume estimation. The system
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was validated by comparing the estimated measurements against actual reference dimen-
sions, ensuring that the generated 3D models accurately represented the scanned objects.
Integration testing examined communication between hardware, software, and the ROS-
based architecture. Publish–subscribe interactions among nodes were tested to confirm
that data was transmitted and processed in real time without delays or loss. Finally, system
evaluation included testing, where the entire setup, from LiDAR scanning to web-based
visualization, was executed. User interaction through the web application was also tested
to ensure accessibility and ease of use.

3.4. LiDAR and Servo Calibration Test Results

Five trials were conducted, with the LiDAR sensor capturing range data for five
different reference points. The results of the calibration test are summarized in Table 3.
The average measurements are very close to the actual ranges, and the low standard
deviation (ranging from 0.0087 m to 0.0155 m) indicates high consistency and repeatability
of the LiDAR readings across trials.

Table 3. LiDAR range calibration results.

Actual
Range (m) Trial 1 Trial 2 Trial 3 Trial 4 Trial 5 Average (m) SD

1.0 1.0134 1.0135 1.0367 1.0154 1.0135 1.0185 0.0099
1.5 1.5267 1.5278 1.5165 1.5073 1.4975 1.5152 0.0119
2.0 2.0289 2.0353 2.0145 2.0184 2.0095 2.0213 0.0101
2.5 2.5241 2.5342 2.5092 2.5276 2.5502 2.5291 0.0155
3.0 3.0412 3.0353 3.0452 3.0221 3.0317 3.0351 0.0087

The servo angle calibration test focused on assessing the rotational accuracy of the
servo motor, which determines the orientation of the LiDAR sensor during scanning
operations. Similar to the LiDAR range calibration, five trials were conducted to evaluate
the servo’s performance across various angular positions. The results of the calibration test
are presented in Table 4.

Table 4. Servo angle calibration results.

Actual Angle (◦) Trial 1 Trial 2 Trial 3 Trial 4 Trial 5 Average (◦)

35 35 36 35 35 35 35.2
70 70 71 70 70 69 70.0
105 106 105 106 104 105 105.2
140 140 141 139 141 140 140.2
175 175 175 174 174 176 174.8

3.5. System Volume Measurement Servo Calibration Result

Different volume measurement calibration tests were conducted. The actual mock-up
bin consists of three distinct geometric shapes as depicted in Figure 15. The dimensions of
each shape were manually measured using a steel tape measure. The target object consists
of three distinct geometric sections with the following dimensions: a rectangular base
measuring 2.775 m in height, 0.5 m in length, and 0.69 m in width; a pyramidal frustum
atop the base with an upper length of 0.5 m, upper width of 0.69 m, lower length and
width of 0.42 m, and height of 0.03 m; and a conical frustum positioned at the topmost part,
featuring a top radius of 0.21 m, bottom radius of 0.17 m, and height of 0.42 m. With these
dimensions, the individual and total volume capacities of the storage bin were calculated.
Table 5 provides a summary of the measured individual and total volume capacity of
the bin.
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The actual field system setup shown in Figure 16 demonstrates the placement of the
3D Point Cloud Scanner System and the end-user device where the web application is
running. The actual field testing took place within the university premises. Multiple scans
and volume measurements of an empty storage bin were performed. Figure 17 shows the
the sample point cloud scan of the system and the actual empty bin.

Figure 15. Actual flour storage bin created. The constructed bin consists of three main sections: a
rectangular upper body, a pyramidal frustum transition, and a conical frustum at the bottom for
directing the stored material.

Figure 16. Testing field and actual system setup. The figure shows the deployment of the 3D scanner
system at the flour storage bin site, including modem connection, scanner placement inside the bin,
and the web application interface for real-time monitoring and volume measurement.
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Table 5. Individual and total volume of the storage bin.

Shape Total Volume (m3)

Rectangular 0.9573
Pyramidal Frustum 0.0077
Conical Frustum 0.0478

Flour Bin Total Volume 1.0129

Figure 17. Actual empty bin and scanned point cloud data. The left image shows the physical empty
storage bin, while the right images present its corresponding 3D point cloud shape generated from
LiDAR scanning. In the 3D point cloud data, the red points at the bottom of the silo represent the
farthest distances from the LiDAR, while colors in the blue spectrum indicate the nearest points.

The actual visualization of the point cloud and volume is shown in Figure 18. Figure 19
shows the rendered 3D point cloud data from the scanner system and the equivalent convex
hull volume in the created web application.

Figure 18. Actual web visualization of point cloud and volume.

Based on Figure 18, the average measured volume of the system is 1.0128 m3, while
the actual total volume of the storage bin is 1.0129 m3. To determine the actual volume of
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the storage bin, the study calculated the total volume it can store based on its dimensions
and geometric volume. The absolute maximum error was found to be 0.0060 m3 and the
absolute minimum error was 0.0020 m3. The resulting average error was 0.00014 m3 and is
slightly under the actual volume of the storage bin. To determine whether it is statistically
different from the mean total storage volume of 1.0129 m3 and the mean measured volume
of the system, Table 6 presents the result of a One-Sample t-test. According to the p-
value, which is above 0.05, shown in the table above, there was no statistically significant
difference detected.

Table 6. One-Sample t-test for actual and measured volumes of empty storage bin measurement result.

Estimate Statistic p Value Parameter Conf. Low Conf. High Method Alternative

1.013 −0.390 0.699 36.000 1.012 1.013 One Sample-test Two Sided

Figure 19. Container with a known volume used for testing. The container was utilized as a reference
object to validate the accuracy of the system’s volume estimation.

3.6. Different Volume Quantity Measurement Calibration Test Result

A container with a known volume was used throughout this test to fill the storage
bin as shown in Figure 19. This container was measured manually and has a total volume
capacity of 0.0594 m3. In this test, three different scenarios were conducted; the flour
storage bin was filled with different volumes of flour materials: 0.0594 m3, 0.4752 m3,
and 0.7128 m3.

3.6.1. Storage Bin Filled with 0.0594 m3 of Flour

Figure 20 illustrates the actual flour surface contours along with the point cloud shapes
generated by the system. Table 7 presents the calibration result of the volume measurement
of the system, which compares the measured volumes of two contours against a known
volume of 0.0594 m3 across five trials. Contour 1 exhibited an average measured volume
of 0.059678 m3, resulting in a slightly higher estimation of the actual volume. On the
other hand, Contour 2 demonstrated a closer correspondence with the known volume,
with an average measurement of 0.0595 m3. Both contours displayed minimal deviations
in measured volume across trials, suggesting reasonable accuracy and precision.
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Table 7. Volume measurement calibration result of the system across two contours with a known
volume of 0.0594 m3.

Trials Measured Volume (m3) Known Volume (m3)
Contour 1 Contour 2

1 0.06 0.0592 0.0594
2 0.05934 0.0601 0.0594
3 0.058943 0.0589 0.0594
4 0.05976 0.0591 0.0594
5 0.059678 0.0602 0.0594

Average 0.059678 0.0595

Figure 20. Comparison of actual and point cloud surface contours for Test 1. The left column shows
the physical container for two different contours, while the right column presents the corresponding
point cloud surfaces generated by the system. The nearly uniform color across the point cloud surface
indicates that the material is almost completely flat and possesses no convexity.

3.6.2. Storage Bin Filled with 0.4752 m3 of Flour

A flour volume of 0.4752 m3 was filled into the storage bin. Figure 21 illustrates the
actual flour surface contours along with the scanned point cloud contour generated by the
system. The measured volumes across the two contours and the distribution of the data
are presented in Table 8. Table 8 presents the results of volume measurement calibration
for the system across two contours, compared against a known volume of 0.4752 m3. Over
five trials, Contour 1’s measured volumes range from 0.470279 m3 to 0.4805594 m3, with an
average of 0.47407038 m3, a slightly lower estimation compared to the actual volume.
Contour 2’s measurements range from 0.464461 m3 to 0.485587 m3, with an average of
0.473391 m3, also slightly underestimating the actual volume. Both contours show minor
variations, with Contour 1 being marginally closer to the actual volume on average.

Table 8. Volume measurement calibration result of the system across two contours with a known
volume of 0.4752 m3.

Trials Measured Volume (m3) Known Volume (m3)
Contour 1 Contour 2

1 0.470418 0.472914 0.4752
2 0.470279 0.464461 0.4752
3 0.472061 0.473782 0.4752
4 0.4805594 0.485587 0.4752
5 0.4770345 0.470211 0.4752

Average 0.47407038 0.473391
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Figure 21. Actual and generated point cloud surface contours for Test 2. As shown in the point cloud
representation, the varying color intensities illustrate the convexity of the material which depicts the
unevenness of the surface.

3.6.3. Storage Bin Filled with 0.7128 m3 of Flour

A volume of 0.7128 m3 was filled into the storage bin. Figure 22 illustrates the
actual flour surface contours along with the scanned point cloud contour generated by
the system. Table 9 presents the calibration results of the system’s volume measurements
across two contours, compared against a known volume of 0.7128 m3, filled into the flour
bin. Over five trials, Contour 1 achieved an average measured volume of 0.7178206 m3,
slightly higher than the known volume. Contour 2 achieved an average measured volume
of 0.7202706 m3, also slightly higher than the known volume. Both contours show minor
variations, with Contour 1 being marginally closer to the known volume on average.

Figure 22. Comparison of actual and point cloud surface contours for Test 3. The changing color
intensities on the generated point cloud surface depict varying degrees of convexity.

Table 9 presents the calibration results of volume measurements of the system across
two contours, compared against a known volume of 0.7128 m3 filled in the flour bin.
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Table 9. Volume measurement calibration result of the system across two contours with a known
volume of 0.7128 m3.

Trials Measured Volume (m3) Known Volume (m3)
Contour 1 Contour 2

1 0.716327 0.725803 0.7128
2 0.706001 0.724873 0.7128
3 0.720251 0.729404 0.7128
4 0.71687 0.715844 0.7128
5 0.729654 0.705429 0.7128

Average 0.7178206 0.7202706

The study conducted a statistical analysis using ANOVA for the three (3) different
volume quantities filled into the storage bin. The results of the analysis are shown in
Tables 10–12 below. Based on the conducted analysis, there was no statistical difference
between the measurements based on the actual volume and those with different contours
measured by the system, with a p-value greater than 0.05.

Table 10. ANOVA results of volume measurement calibration result of the system across two contours
with a known volume of 0.0594 m3.

Df Sum Sq Mean Sq F Value Pr ( F)

Variable 2.0000 0.0000 0.0000 3.1089 0.0817
Residuals 12.0000 0.0000 0.0000

Table 11. ANOVA results of volume measurement calibration result of the system across two contours
with a known volume of 0.4752 m3.

Df Sum Sq Mean Sq Statistic p. Value

Variable 2.0000 0.0000 0.0000 1.2042 0.3337
Residuals 12.0000 0.0000 0.0000

Table 12. ANOVA results of volume measurement calibration result of the system across two contours
with a known volume of 0.7128 m3.

Df Sum Sq Mean Sq Statistic p. Value

Variable 2.0000 0.0001 0.0000 4.0233 0.07323
Residuals 12.0000 0.0000 0.0000

3.6.4. Volume Measurement Using the System and Sounding Method Result

Table 13 presents the measured volumes using both methods for each contour shape
and the percentage difference between them. The system measured an average cubic meter
of 0.640, while the sounding method gathered 0.573 m3. The graph shown in Figure 23
represents the distribution of volumes obtained from two different methods (system and
sounding) for five contour trials. The actual testing images and scanned point cloud of the
system are depicted in Figures 23 and 24.

Table 13 compares the volume measurements obtained using the 3D Point Cloud
Scanner System and the traditional sounding method against an actual volume of 0.639 m3

across five trials, each with a different contour surface of flour. The system’s measurements
ranged from 0.636 m3 to 0.642 m3, with an average of 0.640 m3, closely matching the
actual volume. In contrast, the sounding method’s measurements ranged from 0.540 m3

to 0.609 m3, with an average of 0.573 m3, which is significantly lower than the actual
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volume. This comparison highlights that the 3D Point Cloud Scanner System provides
measurements much closer to the actual volume than the traditional sounding method.

Table 13. Comparison of volume measurement using the 3D Point Cloud Scanner System and
traditional sounding method for different surface contours.

Trials Measured Volume (m3) Actual Volume (m3)
System Sounding Method

1 0.642 0.540 0.639
2 0.637 0.551 0.639
3 0.636 0.609 0.639
4 0.638 0.599 0.639
5 0.637 0.565 0.639

Average 0.640 0.573

Figure 23. Distribution of volume measurements obtained from the system and sounding method.
The graph compares system-estimated volumes with traditional sounding across five contour trials,
showing the system’s consistency and reduced variability.

Figure 24. Actual testing setup of Contour 1 using system and sounding method. The images show
the physical contour setup inside the bin, where both the developed system and the traditional
sounding method were applied for volume measurement.
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The comparison results demonstrate that the 3D Point Cloud Scanner System provides
volume measurements that are consistent with those obtained using the traditional sound-
ing method, regardless of the shape of the surface contour. The percentage differences
between the two methods were minimal, indicating a high level of agreement. The statisti-
cal analysis conducted for the comparison in Table 13 suggests that since the p-value is less
than 0.05, as shown in the statistical data in Table 14, there is strong evidence to suggest
that there is a significant difference between the sample mean of the sounding method
data and the population mean of the system data. In other words, the sounding method
measurements are significantly different from the system volume measurements.

Table 14. One-Sample test for comparison of volume measurement of the system vs. sounding
method.

Estimate Statistic p Value Parameter Conf. Low Conf. High Method Alternative

0.573 −5.003 0.007 5 0.536 0.610 One Sample-test Two Sided

3.7. System Evaluation

The system evaluation section provides a comprehensive assessment of the 3D Point
Cloud Scanner System’s performance based on the data obtained from various testing
procedures. This includes the evaluation of LiDAR calibration, servo calibration, empty
storage volume measurement, different volume quantity measurements, and comparison
of the system and sounding method.

3.7.1. LiDAR Calibration Evaluation

Evaluation of the LiDAR device and servo calibration revealed consistent performance
across different ranges. The highest Mean Absolute Error (MAE) of 0.0351 m was observed
at a distance of 3 m, while the lowest MAE of 0.01616 m was recorded at 1.5 m. Additionally,
the average Standard Deviation of 0.0103 m across the five different distances signifies
consistent precision in measurements. These results demonstrate the accurate and precise
performance of the LiDAR device in capturing range data across varying distances.

3.7.2. Servo Calibration Evaluation

Evaluation of the servo calibration revealed consistent performance at different angles.
The highest Mean Absolute Error (MAE) was 0.6 degrees, while the lowest MAE was
0.2 degrees. These results indicate reliable performance in accurately positioning the servo
motor, ensuring precise control over the scanning mechanism of the system.

3.7.3. Empty Storage Volume Measurement

The average measured volume in all trials was determined to be 1.00919 m3, with an
uncertainty of 0.0155 m3. The gathered Mean Absolute Percentage Error (MAPE) was
calculated to be 0.599377608%, indicating the system’s performance in accurately estimating
the volume relative to the actual volume. Additionally, the standard deviation of the
measured volumes was determined to be 0.007835601 m3, presenting the consistency and
precision of the system’s volume measurements across multiple trials.

3.7.4. Different Volume Quantity Measurement

The system achieved an average MAPE of 1.01308% across all different volumes
filled into the storage bin and an average standard deviation of 0.004691289 m3, across
the three conducted tests. This indicates that the system shows a consistent level of
accuracy in measuring the volume of flour across different quantities. The average MAPE
value of 1.01308% suggests a minor deviation from the actual volume, which is within
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an acceptable range for the intended application. Additionally, the average standard
deviation of 0.004691289 m3 reflects the precision and consistency of the system’s volume
measurements. Overall, these results demonstrate the system’s capability to accurately and
reliably measure the volume of flour across varying storage capacities, providing valuable
insights for its practical implementation and use.

3.7.5. Comparison of the System and Sounding Method

These results validate the accuracy of the overall performance of the system and
suggest that it is a reliable alternative to the traditional sounding method for measuring
the volume of flour in storage bins. Additionally, statistical analysis indicates that with
a p-value below 0.05, there is strong evidence to support that the sample mean of the
sounding method data differs significantly from the population mean of the system data.
In other words, the measurements obtained using the sounding method are notably dif-
ferent from those of the system volume. The system’s ability to provide consistent and
accurate measurements across different surface contours, combined with its automation for
estimation of the volume, offers significant advantages over manual methods, particularly
in terms of efficiency and reduction of human error.

3.7.6. Limitation of Convex Hull Algorithm

While the convex hull algorithm can generate volumetric approximations for this
study, it assumes the bounding geometry is convex. Because the actual physical surface of
settled flour can exhibit non-convex topologies (as observed in certain regions of Figure 25),
using convex hull introduces a minor geometric approximation error. In this prototype,
the error was mitigated by calculating the volume of the empty space (Vempty) rather
than the flour heap itself; under the tested filling scenarios, the inverted perspective of
the empty-space boundaries behaved predominantly as a convex shape. This allowed
the computationally lightweight algorithm to still achieve an acceptable 1.01% MAPE,
though it lacks a universal guarantee for all possible flour distribution patterns.

Figure 25. 3D point cloud surface of Contour 1. The visualization displays the scanned volume
profile generated by the system, which is used for comparison against the manual sounding method.
In this representation, color indicates distance from the LiDAR sensor: red points at the bottom of the
silo represent the farthest areas, while blue points indicate the closest.
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4. Conclusions and Recommendations
The study successfully designed and developed a web-based 3D Point Cloud Scanner

System to measure product volume inside a flour storage bin. The integration of the 3D
scanner and web application achieved the study’s objectives. The testing showed that the
system accurately measured the volume of flour materials in the storage bin. Statistical
analysis confirmed that there was no significant difference between the measured volume
of the system and the known volume of the bin. In addition, compared to traditional
methods, the volume measurements of the system showed a significant improvement in
accuracy. This improvement is further emphasized by statistical analysis, which revealed a
notable difference between the sounding method data and the system data. These results
suggest that the developed system is more accurate than manual or traditional methods,
such as the sounding method, and has strong potential for applications in monitoring
storage capacity.

While the proposed system presents high accuracy and cost-effectiveness under idle-
state conditions, scaling this technology for continuous industrial deployment presents
valuable avenues for future research. Currently, the system successfully mitigates signal
degradation caused by dense airborne flour particulates, which can induce Mie scattering
by employing a scheduled settling period prior to scanning. To apply dynamic volume
tracking during active filling and emptying cycles, future iterations could integrate multi-
echo LiDAR technology to better penetrate particulate clouds, paired with advanced
point cloud filtering algorithms to isolate dust artifacts. Additionally, transitioning from a
mechanically actuated sensor to emerging low-cost solid-state LiDARs would eliminate
moving parts. As a result, it can reduce mechanical wear and maximize long-term durability
in harsh environments. Because these advanced sensor and algorithmic upgrades will
increase point cloud density, migrating from the current Raspberry Pi architecture to
more advanced edge-computing platforms will be practical to maintain rapid processing
efficiency. Furthermore, a software upgrade will involve transitioning from the current
convex hull volume calculation to the classical Ball-Pivoting Algorithm (BPA) for surface
reconstruction. Because the BPA does not rely on convexity assumptions, it will allow the
system to map and calculate volumes for highly irregular, non-convex flour topographies.
Lastly, implementing these enhancements alongside extensive field testing in larger-scale
commercial silos will further bridge the gap between low-cost industrial-grade automation.
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