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Abstract: To meet the increasing demand for rapid and efficient evaluation of tunnel blasting quality,
this study presents a comprehensive review of the current state of the art in tunnel blasting evalua-
tion, organized into five key areas: Blasting Techniques and Optimization, 3D Reconstruction and
Visualization, Monitoring and Assessment Technologies, Automation and Advanced Techniques, and
Half Porosity in Tunnel Blasting. Each section provides an indepth analysis of the latest research and
developments, offering insights into enhancing blasting efficiency, improving safety, and optimizing
tunnel design. Building on this foundation, we introduce a digital identification method for assessing
half porosity through 3D image reconstruction. Utilizing the Structure from Motion (SFM) technique,
we re-construct the 3D contours of tunnel surfaces and bench faces after blasting. Curvature values
are employed as key indicators for extracting 3D point cloud data from boreholes. The acquired
postblasting point cloud data is processed using advanced software that incorporates the RANSAC
algorithm to accurately project and fit the borehole data, leading to the determination of the target
circle and borehole axis. The characteristics of the boreholes are analyzed based on the fitting results,
culminating in the calculation of half porosity. Field experiments conducted on the Huangtai Tunnel
(AK20 + 970.5 to AK25 + 434), part of the new National Highway 109 project, provided data from
shell holes generated during blasting. These data were analyzed and compared with traditional
onsite measurements to validate the proposed method’s effectiveness. The computed half porosity
value using this technique was 58.7%, showing minimal deviation from the traditional measurement
of 60%. This methodology offers significant advantages over conventional measurement techniques,
including easier equipment acquisition, non-interference with construction activities, a comprehen-
sive detection range, rapid processing speed, reduced costs, and improved accuracy. The findings
demonstrate the method’s potential for broader application in tunnel blasting assessments.

Keywords: 3D point cloud; half porosity; tunnel blasting; image 3D reconstruction; motion structure;
recovery method

1. Introduction

Tunnel blasting plays a pivotal role in modern subsurface engineering, particularly
in the construction of essential infrastructures such as railways and highways. The effec-
tiveness of blasting operations significantly influences not only the structural integrity
of tunnels but also safety, cost-efficiency, and environmental impact. An essential aspect
of evaluating blasting effectiveness is the assessment of half porosity, which refers to the
residual voids left in the rock mass post-blasting. Half porosity serves as a critical indica-
tor of blasting precision, as a higher rate of visible holes suggests better control over the
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blasting process and minimal overbreak. This metric is widely used to evaluate the quality
of smooth blasting, ensuring that the energy from the blast is efficiently utilized and the
tunnel wall remains as close to the design as possible [1]. Accurate measurement of half
porosity is crucial for determining the quality of the excavation and ensuring compliance
with engineering specifications.

As tunnel construction projects grow in complexity, recent advancements in evaluation
methodologies have highlighted the necessity for improved techniques to assess blasting
effects comprehensively. Optimizing blasting parameters remains essential for enhancing
both operational efficiency and safety in underground construction. Foundational studies
in this field have examined how blast hole patterns and controllable blasting parameters im-
pact rock fragmentation and overall structural stability, establishing principles that inform
more effective blasting designs. Recent research has further emphasized the importance
of maximizing half porosity, which allows for improved control over the blasting process
and helps to minimize material waste. Collectively, these advancements reflect a growing
emphasis on precision and sustainability in tunnel blasting practices, underscoring the
field’s continued evolution towards more refined and efficient techniques.

Further progress has been made in 3D reconstruction and visualization techniques,
which are essential for accurate and reliable blasting assessments. Methods such as
Structure-from-Motion (SfM) photogrammetry enable the creation of detailed spatial repre-
sentations of tunnel faces post-blasting, allowing for comprehensive evaluations of blasting
impacts. Additionally, recent developments in point cloud data processing and noise
reduction have improved the clarity and accuracy of 3D models, supporting safer and more
precise maintenance strategies [2]. Table 1 summarizes these and other significant research
advancements in the field of tunnel blasting effect evaluation, illustrating the evolution
and sophistication of methodologies aimed at enhancing our understanding of blasting
impacts. These advancements reflect a concerted effort to develop more precise, reliable,
and efficient methods for assessing half porosity and other critical parameters.

Table 1. Evolution of Tunnel Blasting Impact Assessment Methods: Key Research Milestones.

No. Year Author(s) Research Content Research Findings
or Significance Literatures

1 1979 Holmberg
Persson

This study utilized finite
element analysis (FEA) to

examine the effects of different
blast hole patterns on rock

damage, aiming to optimize
blasting parameters for tunnel

construction.

The findings established a
foundational understanding of

how blast hole arrangement
impacts rock integrity, paving

the way for more effective
blasting designs in tunnel

projects.

[3]

2 1982 Marr

Proposed a theoretical
framework for visual systems,

advancing the field of computer
vision, particularly in
understanding visual
perception and image

processing.

This work laid the groundwork
for the evolution from

two-dimensional image analysis
to three-dimensional spatial
reconstruction, significantly

influencing various applications
in engineering and robotics.

[4]

3 1983 Hagan

Investigated the influence of
controllable blasting parameters
on fragmentation and mining
costs, focusing on optimizing

these parameters for efficiency.

The research provided critical
insights that support the

economic feasibility of blasting
operations by demonstrating
how optimized blasting can

reduce costs and improve safety
in mining activities.

[5]
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Table 1. Cont.

No. Year Author(s) Research Content Research Findings
or Significance Literatures

4 2003 Hartley, Zisserman

Introduced the theory of
multiple view geometry, which

serves as a mathematical
foundation for

three-dimensional
reconstruction from

two-dimensional images.

This theoretical framework is
essential for developing robust
algorithms in computer vision,

enhancing the precision and
accuracy of 3D modeling in

various applications, including
tunnel inspection.

[6]

5 2004 Lowe

Developed the Scale-Invariant
Feature Transform (SIFT)

algorithm, which identifies and
matches distinctive image

features across different scales.

SIFT’s introduction significantly
improved image matching
accuracy and robustness,
making it a pivotal tool in

applications like object
recognition and 3D

reconstruction in tunnel
environments.

[7]

6 2006 Remondino,
El-Hakim

Reviewed various image-based
3D modeling techniques,

discussing their methodologies,
applications, and limitations in

geospatial contexts.

The comprehensive analysis
provided valuable insights for
researchers and practitioners,

guiding them in selecting
appropriate techniques for

specific projects, especially in
tunneling.

[8]

7 2008 Hirschmuller

Proposed the Semi-Global
Matching (SGM) algorithm for
stereo matching, significantly
improving depth estimation

accuracy in three-dimensional
reconstructions.

The SGM method enhanced the
precision of 3D reconstruction
techniques, which are critical

for accurately assessing tunnel
conditions and planning

interventions based on blast
effects.

[9]

8 2012 Westoby
et al.

Introduced
Structure-from-Motion (SfM)

photogrammetry as a low-cost
and effective method for

three-dimensional modeling in
geoscience applications,

including tunnel assessments.

The application of SfM in tunnel
environments allows for

efficient and accurate
documentation of tunnel

geometry and surface
conditions, facilitating better

blasting design and safety
evaluations.

[10]

9 2014 Nuttens
et al.

Developed a methodology for
monitoring newly constructed

circular train tunnels using laser
scanning technology to track
changes in tunnel shape and

stability.

This innovative approach
provided real-time data on

tunnel deformation, improving
safety measures and

maintenance strategies for
tunnel infrastructure.

[11]

10 2014 Zhang et al.

Investigated the integration of
remote sensing data with

distinct element analysis to
assess quarry slope stability,

applicable to tunnel
environments.

This case study illustrated the
effectiveness of combining

different analytical methods to
enhance safety assessments in

challenging geological
conditions, particularly for

tunneling operations.

[12]
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Table 1. Cont.

No. Year Author(s) Research Content Research Findings
or Significance Literatures

11 2015 W.Mukup et al.

Developed a method for using
terrestrial laser scanning (TLS)

to monitor deformation in large
structures, enabling precise

detection of small-scale
changes.

This review emphasized the
precision of terrestrial laser
scanning (TLS) in detecting

small deformations, enhancing
structural safety and

maintenance strategies.

[13]

12 2016 Cheng et al.

Utilized 3D laser scanning
technology to extract tunnel
profile data and developed
algorithms for automated

identification and quantification
of over- and under-excavation

areas.

The research significantly
enhanced the efficiency and

accuracy of excavation
evaluations, ensuring that

blasting operations meet design
specifications and safety

standards.

[14]

13 2017 Lin

Investigated the key
technologies for processing and
visualizing tunnel point cloud

data, focusing on noise
reduction and data accuracy

enhancement.

The research demonstrated that
effective noise reduction

techniques can significantly
improve the reliability of tunnel

assessments, contributing to
safer and more efficient
construction practices.

[15]

14 2018 Li et al.

Developed a digital
identification technique for

detecting half porosity in tunnel
blasting, utilizing 3D point

cloud data extraction.

This approach enhanced the
precision of assessing tunnel
blasting effects, providing a

reliable method for monitoring
and optimizing blasting

performance.

[16]

15 2018 Qiu et al.

Explored advanced techniques
for reconstructing tunnel

deformation based on 3D laser
scanning and dynamic

monitoring of instabilities in
real-time.

The findings offered vital
insights into tunnel stability

management, providing tools
for real-time assessment and
intervention in response to

geological changes.

[17]

16 2019 Xie et al.

Proposed a method combining
machine vision and digital
images to analyze the rock

surface characteristics of tunnel
excavation faces.

The integration of machine
vision with 3D reconstruction

provided a more accurate
representation of tunnel

surfaces, facilitating improved
decision-making in tunnel

design and blasting strategies.

[18]

17 2020 Yang et al.

Developed a method for
detecting over- and

under-digging of tunnels using
3D reconstruction from images,
applying SfM and semi-global

matching techniques.

The study provided a robust
methodology for real-time
monitoring of excavation

deviations, ensuring
compliance with engineering
specifications and enhancing

safety.

[19]

18 2021 Yao et al.

Explored the application of a
novel Over-Under-Cut

algorithm for analyzing tunnel
excavation efficiency, utilizing
3D laser scanning technology.

This research highlighted the
potential for real-time analysis

of excavation performance,
allowing for proactive

adjustments during
construction to minimize

inefficiencies.

[20]
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Table 1. Cont.

No. Year Author(s) Research Content Research Findings
or Significance Literatures

19 2021 Quan et al.

Presented a reconstitution
method for assessing tunnel
spatiotemporal deformation

using 3D laser scanning,
focusing on stability warning

mechanisms.

The findings contributed to the
understanding of tunnel

behavior over time, offering a
framework for preventive
maintenance and timely
interventions based on

deformation monitoring.

[21]

20 2022 Li et al.

Proposed a RANSAC-based
method for multi-primitive

building reconstruction from 3D
point clouds, targeting tunnel
structures for better geometric

accuracy.

The research demonstrated
improved reconstruction

accuracy for tunnel geometries,
facilitating better assessments of
tunnel integrity and supporting

more informed engineering
decisions.

[22]

21 2022 Yang et al.

Developed an efficient plane
extraction technique using

RANSAC and normal
estimation for processing 3D
point clouds, aimed at tunnel

applications.

This study enhanced the
efficiency of processing

large-scale 3D point cloud data,
allowing for quicker and more
reliable evaluations of tunnel

conditions post-blasting.

[23]

22 2023 AI et al.

Introduced a central axis
elevation extraction method for
metro shield tunnels based on
3D laser scanning technology,

enhancing structural
monitoring.

The method improved the
accuracy of structural

assessments and provided a
basis for ongoing maintenance

strategies, ensuring safer
operations within tunnel

environments.

[24]

23 2023 Ankang
et al.

Developed a semi-supervised
learning-based point cloud
network for segmenting 3D

tunnel scenes, aimed at
enhancing automation in tunnel

inspections.

This innovative approach
significantly improved the

speed and accuracy of tunnel
inspections, facilitating better

maintenance practices and
ensuring compliance with

safety standards.

[25]

24 2023 Xu et al.

Proposed a novel SfM-DLT
method for metro tunnel 3D
reconstruction, integrating
different data sources for

comprehensive visualization.

The research contributed to
more detailed and accurate

visualizations of tunnel
environments, aiding in both
operational planning and risk

assessment during construction
phases.

[26]

25 2024 Bao et al.

Developed a framework for
integrating 3D point cloud data
with traditional survey methods

to enhance tunnel blasting
evaluation processes.

This integration enhanced the
overall accuracy of blasting

assessments, leading to
improved operational efficiency

and safety in tunnel
construction projects.

[27]

26 2024 Dotto, M.S. et al.

Investigated the impact of rock
mass characteristics on the
effectiveness of blasting in

tunnels, focusing on
data-driven approaches to

optimize blasting outcomes.

The study emphasized the
importance of understanding
geological factors in blasting

design, leading to more efficient
and safer blasting practices in

tunnel construction.

[28]
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Building on this foundation, our research aims to achieve two primary objectives. First,
we conduct a comprehensive review of current methodologies in tunnel blasting evalua-
tion, with particular emphasis on the advances in 3D reconstruction technologies and their
applications [29]. Second, we introduce and validate an innovative approach for assessing
half porosity by adapting established algorithms from other fields—namely, Structure-from-
Motion (SfM), Scale-Invariant Feature Transform (SIFT), and Random Sample Consensus
(RANSAC)—for the specific challenges encountered in tunnel blasting contexts. By apply-
ing these computer vision techniques in a new domain, we demonstrate the potential for
a more precise, efficient, and digitally driven approach to blasting evaluation, ultimately
supporting safer and more effective blasting practices in tunnel construction.

To reflect these dual objectives, this paper is organized into two main parts. Part 1
presents a thorough review of the current state-of-the-art in tunnel blasting evaluation,
including techniques for optimizing blasting parameters and recent advancements in
3D reconstruction and visualization methods. Part 2 provides a detailed account of our
proposed methodology, focusing on the adaptation of SfM, SIFT, and RANSAC algorithms
specifically for tunnel blasting. This section explains how these algorithms are utilized
to perform accurate 3D reconstruction of the tunnel face, extract borehole structures, and
calculate half porosity, and by validating these techniques through field experiments,
we demonstrate the practicality and precision of our approach for assessing blasting
outcomes. This research provides crucial support for the subsequent optimization of
blasting parameters and adjustments to construction plans. By promoting the application
of three-dimensional reconstruction technologies in tunnel engineering, the study seeks to
realize digital evaluations of blasting effectiveness, thereby improving the efficiency and
quality of tunnel blasting operations. Furthermore, it aspires to deliver reliable technical
support for the design, execution, and safety management of blasting projects, contributing
to a more intelligent and precise evolution in underground engineering practices. Building
upon this foundational work, the paper focuses specifically on the assessment of half
porosity through 3D image reconstruction techniques, offering insights that could lead to
enhanced practices in tunnel blasting operations.

2. Methods
2.1. Literature Review Methodology

This section provides a detailed explanation of the methodology employed in conduct-
ing the literature review. It outlines the processes of selecting, analyzing, and synthesizing
the relevant studies, ensuring that the review is comprehensive, objective, and methodolog-
ically rigorous.

2.1.1. Literature Search Strategy

The literature search was conducted using a systematic approach to ensure the iden-
tification of relevant studies in the field of tunnel blasting assessment and 3D image
reconstruction. Several electronic databases were used, including CNKI, Web of Science,
Scopus, Google Scholar, and IEEE Xplore. These databases were selected due to their
extensive coverage of engineering, construction, and computer vision topics. The search
terms included combinations of keywords such as “tunnel blasting”, “3D reconstruction”,
“half porosity”, “point cloud analysis”, and “laser scanning”. Boolean operators (AND,
OR) were used to refine the search results and retrieve relevant studies [30].

The search was limited to articles published in peer-reviewed journals, conference papers,
and books between 1978 and 2024. This time frame was chosen to capture both foundational
and recent advancements in the field, ensuring a balance between historical context and the
latest technological developments. Additional searches were conducted in gray literature
sources to identify technical reports and standards from professional organizations.
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2.1.2. Selection Criteria

The selection of studies was guided by strict inclusion and exclusion criteria to ensure
relevance and quality. Studies were included if they met the following criteria:

The study explicitly focused on tunnel blasting assessment or related digital image
reconstruction techniques.

The study provided quantitative or qualitative data applicable to half porosity evalua-
tion or point cloud analysis.

The research was published in English and provided sufficient methodological detail
for replication [31].

Studies were excluded if:
They did not directly address tunnel blasting or 3D reconstruction technologies.
They were abstracts, editorials, or papers without substantive research findings.
They were published in non-peer-reviewed or non-reputable sources, or they lacked

robust methodological transparency.
To ensure comprehensive coverage, cross-referencing of key studies was performed

to identify additional relevant literature that might not have been captured by the initial
database search.

2.1.3. Data Extraction and Synthesis

Data from the selected studies were extracted using a standardized template that
captured key information, including the study’s objective, methodology, sample size, key
findings, and limitations. Particular attention was given to the techniques used for 3D
point cloud generation, laser scanning, and the assessment of half porosity.

Thematic analysis was employed to identify common methodologies, trends, and gaps
across the selected studies. The literature was categorized into key themes, such as:

Blasting Techniques and Optimization
3D Reconstruction Contributions to Rock Fracture Induced by High Ground Stress in

Deep Mining
Point Cloud Data Processing and Noise Reduction
Computer Vision
Evaluation Methods for Half Porosity
For each theme, the studies were synthesized to provide an overview of how the field

has evolved, comparing traditional techniques with more recent advancements in digital
technologies. Where relevant, the effectiveness of different methods was compared, and
the limitations of existing approaches were highlighted [32].

2.1.4. Ensuring Relevance and Quality

To ensure the relevance and quality of the included studies, only those published in
peer-reviewed journals or reputable conference proceedings were considered. The quality
of the studies was further assessed by examining the rigor of their methodologies, the
appropriateness of their statistical analyses, and the relevance of their findings to the topic
of tunnel blasting and 3D reconstruction.

Additionally, to minimize bias, multiple authors independently reviewed the selected
studies, and disagreements were resolved through discussion. A quality assessment check-
list, adapted from established guidelines for systematic reviews, was used to evaluate the
methodological rigor of each study. This process ensured that the review was comprehen-
sive, objective, and reflective of the most current research in the field.

2.2. Algorithm Design and Validation for Tunnel Blasting Evaluation

This section outlines the algorithmic framework specifically adapted for evaluating the
effects of tunnel blasting, addressing the unique challenges presented by tunnel environments.
This study leverages three advanced algorithms—Structure-from-Motion (SfM) for 3D recon-
struction, Scale-Invariant Feature Transform (SIFT) for feature matching, and Random Sample
Consensus (RANSAC) for noise filtering and outlier rejection. While these algorithms have
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been widely applied in other fields, such as archaeology, architecture, and remote sensing, this
study represents a novel application of these techniques to tunnel blasting assessment. The
proposed framework thus demonstrates how well-established computer vision and modeling
techniques can be adapted to meet the needs of complex engineering challenges in tunnel
construction, enhancing both the precision and practicality of blasting evaluations.

2.2.1. Algorithm Selection and Workflow

The selected algorithmic workflow was designed to systematically process and refine
spatial data in three main stages: 3D reconstruction, feature matching, and data refinement.
This workflow is particularly suited for tunnel environments, where low lighting, airborne
particulates, and irregular surfaces are common. The algorithms work synergistically to
produce a highly accurate representation of tunnel conditions post-blast, providing a robust
tool for evaluating half porosity as a key metric of blasting effectiveness.

1. 3D Reconstruction using Structure-from-Motion (SfM)
The initial stage of evaluation involves reconstructing a 3D model of the tunnel face

following a blast, utilizing the SfM technique. SfM processes multiple 2D images taken
from various angles to create a 3D spatial model, taking advantage of perspective shifts. In
this study, images were captured using a Nikon Z50 camera with a 50–80 mm lens from a
distance of 6–8 meters. The SfM process includes:

(1) Image Overlap: Ensuring at least 30% overlap between images to facilitate effective
feature matching and depth calculation.

(2) Pre-Capture Calibration: Correcting lens distortion prior to image capture to improve
accuracy.

SfM is traditionally employed in fields such as archaeology and geosciences, where
environmental challenges such as lowlight conditions and irregular surfaces also prevail.
Its adaptation here to the unique conditions of tunnel environments—specifically, its
resilience to dust and lighting inconsistencies—demonstrates the technique’s versatility
and capacity for providing detailed spatial information in demanding engineering contexts.
By accurately capturing the geometry of the post-blast tunnel face, SfM provides the
foundational data required for assessing blast-induced structural changes with precision.

2. Feature Matching with Scale-Invariant Feature Transform (SIFT)
To improve the precision of the 3D reconstruction process, SIFT was used to match

features across the image set. SIFT detects and describes stable image features that are
invariant to changes in scale, rotation, and lighting—an essential quality in tunnels, where
lighting is uneven and often limited. The SIFT process includes:

(1) Key Point Detection: Identifying distinct, reliable points within each image that can
be matched consistently.

(2) Orientation Assignment: Assigning an orientation to each key point based on local
image gradients, ensuring the descriptors remain rotation invariant.

(3) Descriptor Generation: Creating robust feature descriptors that encode local gradient
information, enhancing the reliability of feature matching.

Originally developed for object recognition in computer vision applications, SIFT’s
implementation here allows for accurate feature tracking across images taken under chal-
lenging conditions. This adaptation to tunnel blasting evaluation highlights SIFT’s capacity
for handling environmental variability, ensuring a coherent and detailed 3D model of the
tunnel surface. This model subsequently allows for precise analysis of residual voids and
blast induced changes in rock integrity.

3. Noise Filtering and Outlier Rejection using Random Sample Consensus (RANSAC)
Following 3D reconstruction, the RANSAC algorithm was applied to filter out noise

and reject outliers, refining the quality of the point cloud data. RANSAC iteratively
identifies the most relevant data points, fitting them to a geometric model while discarding
those that fall outside of a defined threshold. The process operates as follows:

(1) Random Selection: Randomly selecting subsets of points from the 3D point cloud.
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(2) Model Fitting: Fitting a model (e.g., plane or cylinder) to these subsets.
(3) Consensus Set Formation: Counting inliers (points that fit the model within a threshold).
(4) Iteration: Repeating the process to maximize the inlier count, ultimately selecting the

best fitting model.

RANSAC’s robustness to noise is particularly beneficial in the context of tunnel blast-
ing, where surface irregularities and environmental debris can skew data. The algorithm
ensures that only the most relevant data points contribute to the final model, allowing for
accurate identification of half porosity. This application of RANSAC, though commonly
used in robotics and image processing, demonstrates its utility in a new field—enhancing
precision in the analysis of post-blast tunnel conditions.

2.2.2. Algorithm Validation

To validate the algorithmic framework’s performance, field experiments were conducted
at the Huangtai Tunnel, part of the National Highway 109 project. The tunnel face was imaged
following a controlled blast, and the images were processed using SfM, SIFT, and RANSAC
to create a dense, high-resolution 3D model of the tunnel interior. Half porosity was then
calculated from this model and compared with traditional manual measurements.

The calculated half porosity from the algorithmic framework was 58.7%, closely match-
ing the manual measurement of 60%. This minimal deviation—within 1.3%—demonstrates
the algorithm’s reliability, suggesting it can effectively serve as a practical and accurate
alternative to traditional methods. By successfully adapting these computer vision tech-
niques to tunnel blasting evaluation, this study illustrates how well-established algorithms
from other domains can be repurposed to meet the specific challenges of a new field. The
framework presented here provides a detailed and accurate means of assessing blast qual-
ity and tunnel integrity, offering significant benefits over traditional methods in terms of
precision, efficiency, and real-time applicability. As such, this approach holds substantial
promise for improving safety and operational effectiveness in tunnel construction projects.

To provide a clear overview of this process, Figure 1 presents a flowchart that out-
lines each stage of the 3D reconstruction and evaluation workflow, from data acquisition
to the final calculation of half porosity and assessment of blasting effectiveness. This
chart visually represents the full workflow, highlighting the synergy of the individual
algorithms—Structure-from-Motion (SfM), Scale-Invariant Feature Transform (SIFT), and
Random Sample Consensus (RANSAC)—within the context of tunnel blasting evaluation.
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3. The State-of-the-Art Review in Tunnel Blasting Evaluation

This section provides a comprehensive review of the current state of the art in tunnel
blasting evaluation, organized into five key areas. First, we explore Blasting Techniques
and Optimization, focusing on the methodologies used to enhance blasting efficiency and
minimize adverse effects on the surrounding rock mass. Next, we delve into 3D Recon-
struction and Visualization, examining the cutting-edge technologies used for accurate 3D
modeling of tunnel environments post-blasting. The third area, Monitoring and Assess-
ment Technologies, highlights the importance of real-time monitoring systems in providing
critical data for ensuring tunnel safety and structural integrity. In the fourth section, we
discuss Automation and Advanced Techniques, emphasizing the role of machine learning
and automated systems in improving the precision and efficiency of blasting evaluations.
Finally, we address Half Porosity in Tunnel Blasting, underscoring its significance in evalu-
ating the effectiveness of blasting operations and optimizing tunnel design and safety. Each
section provides an in-depth analysis of the latest research and developments, offering
insights into the evolving landscape of tunnel blasting evaluation.

3.1. Blasting Techniques and Optimization

Blasting techniques are fundamental to successful tunnel excavation, significantly
impacting both the efficiency of operations and the integrity of surrounding rock formations.
The optimization of blasting parameters is critical not only for minimizing rock damage but
also for enhancing overall safety and cost-effectiveness. Numerous studies have focused
on understanding how various blasting methods and configurations influence the outcome
of tunnel construction.

Holmberg and Persson (1979) laid the groundwork for this field by utilizing finite ele-
ment analysis (FEA) to explore the effects of different blast hole patterns on rock damage [3].
Their work established a crucial understanding of how the arrangement and depth of blast
holes can impact the integrity of the surrounding rock, effectively paving the way for more
sophisticated blasting designs tailored to specific geological conditions. The significance
of optimizing these parameters cannot be overstated, as improper blasting can lead to
excessive fragmentation, which complicates the excavation process and increases costs.

Hagan (1984) expanded on this foundation by investigating controllable blasting pa-
rameters such as charge weight, timing, and hole spacing [5]. This research highlighted the
direct correlation between optimized blasting and reduced mining costs, thereby demon-
strating the economic feasibility of employing precise blasting techniques. By focusing on
fragmentation and its relationship with various parameters, Hagan’s work emphasized that
tailored blasting not only enhances operational efficiency but also minimizes environmental
impact by reducing the volume of overexcavated material.

The advent of computational modeling techniques has further revolutionized the
optimization of blasting operations. Hartley and Zisserman (2003) introduced multiple-
view geometry as a mathematical framework for three-dimensional reconstruction from
two-dimensional images, which laid the foundation for various applications in computer
vision [6]. These methodologies have since been employed in tunnel blasting assessments
to visualize and analyze the effects of different blasting techniques, enabling engineers to
make data-driven decisions regarding blasting configurations.

In recent years, the introduction of advanced algorithms, such as the Scale-Invariant
Feature Transform (SIFT) developed by Lowe (2004), has improved the accuracy of image
matching in rock assessments, which is crucial for evaluating blasting effects in three-
dimensional space [7]. The ability to match and track distinct features across images
facilitates a more comprehensive understanding of rock behavior during and after blasting,
leading to enhanced optimization strategies.

Furthermore, modern approaches have begun to incorporate machine learning and
artificial intelligence into blasting optimization processes. These technologies enable the
analysis of vast amounts of data collected from past blasting operations to identify patterns
and predict outcomes under varying conditions. For instance, machine learning algorithms
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can analyze historical data to recommend optimal blasting parameters based on specific
geological profiles and project requirements.

The integration of real-time monitoring technologies has also been instrumental in
optimizing blasting techniques. As highlighted by Nuttens et al. (2014), methodologies that
utilize laser scanning for monitoring tunnel deformation provide immediate feedback on
the effectiveness of blasting operations [11]. This real-time data can inform adjustments to
blasting plans, allowing for on-the-fly optimizations that enhance both safety and efficiency.

Overall, the field of blasting techniques and optimization has witnessed significant
advancements driven by computational modeling, data analytics, and real-time monitoring
technologies. The ongoing evolution of these methodologies underscores the importance
of optimizing blasting parameters to achieve not only improved operational outcomes but
also enhanced safety and reduced environmental impacts. As the construction industry con-
tinues to embrace innovative technologies, the future of tunnel blasting optimization holds
great promise for increasing efficiency and minimizing risks associated with underground
excavation.

3.2. 3D Reconstruction and Visualization

The advent of 3D reconstruction and visualization techniques has transformed the
evaluation and assessment of tunnel blasting effects, providing engineers with sophisticated
tools to analyze complex geological environments. These methods are pivotal in enhancing
our understanding of tunnel conditions, rock integrity, and the overall impact of blasting
operations. By leveraging advanced imaging and modeling technologies, researchers have
been able to create detailed representations of tunnel structures and assess the effects of
blasting with unprecedented accuracy.

A significant contribution to this field came from Westoby et al. (2012), who intro-
duced Structure-from-Motion (SfM) photogrammetry as a low-cost and effective approach
for three-dimensional modeling in geoscience applications [10]. SfM utilizes multiple
overlapping images to reconstruct three-dimensional structures, making it particularly
useful in tunnel environments where traditional surveying methods may be impractical.
This technique allows for efficient documentation of tunnel geometries, which is essential
for assessing the impact of blasting on rock formations and ensuring compliance with
engineering specifications.

The integration of SfM with machine learning algorithms has further enhanced the
capabilities of 3D reconstruction. For instance, Ankang et al. (2023) developed a semi-
supervised learning-based point cloud network specifically for segmenting 3D tunnel
scenes, significantly improving the automation and accuracy of tunnel inspections [25].
Automating the analysis of point cloud data not only accelerates the evaluation process but
also reduces the potential for human error, leading to more reliable assessments of tunnel
conditions post-blasting.

Moreover, the utilization of the Scale-Invariant Feature Transform (SIFT) algorithm,
introduced by Lowe (2004), has been instrumental in the accurate matching and recognition
of features across images used in 3D reconstruction [7]. This capability is critical for
assessing changes in tunnel structures over time, especially after blasting operations. By
reliably identifying distinct features within the tunnel environment, engineers can create
detailed models that reflect the true state of the tunnel, allowing for better-informed
decisions regarding maintenance and remediation strategies.

In recent years, 3D laser scanning has emerged as a powerful tool for capturing
detailed spatial data of tunnel environments. Zou et al. (2016) employed this technol-
ogy to develop algorithms that identify and quantify over and underexcavation areas in
tunnels [13]. Additionally, methods utilizing 3D laser scanning have been proposed for
detecting the volume of blasted rock in tunnel environments. These methods allow for
accurate calculation of soil and rock displacement by extracting and analyzing the global
spatial axis from 3D point cloud data obtained from tunnel sections. The high-resolution
data generated by 3D laser scanning not only enhances the accuracy of excavation evalu-
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ations but also enables real-time monitoring of tunnel conditions, providing immediate
feedback on the effectiveness of blasting techniques. Such advancements in laser scanning
technologies offer more comprehensive and efficient ways to assess and optimize blasting
results in complex tunnel environments.

The significance of 3D reconstruction extends beyond mere visualization; it also plays
a crucial role in the analysis of half porosity in tunnel blasting. Li et al. (2018) proposed a
digital identification technique for detecting half porosity based on 3D point cloud data
extraction [15]. Analyzing post-blast residual holes enhances the precision of assessing
blasting effects, contributing to more effective monitoring and optimization of blasting
performance.

Furthermore, the continuous improvement of 3D visualization technologies allows
for the integration of various data sources, enhancing the comprehensiveness of tunnel
assessments. For example, Xu et al. (2023) developed a novel SfMDLT method that
integrates multiple data sources for detailed and accurate visualization of metro tunnels [26].
This holistic approach aids in operational planning and risk assessment during construction
phases, ensuring that blasting operations are conducted safely and efficiently.

In essence, the advancements in 3D reconstruction and visualization techniques have
significantly improved our ability to assess the effects of tunnel blasting. These methodolo-
gies provide a detailed understanding of tunnel conditions, allowing for better decision-
making and optimization of blasting practices. As technology continues to evolve, the
integration of advanced imaging techniques with data analytics will undoubtedly enhance
the precision and reliability of tunnel assessments, ultimately leading to safer and more
efficient construction practices.

3.3. Monitoring and Assessment Technologies

Monitoring and assessment technologies have become essential components in the
evaluation of tunnel blasting effects, enabling real-time data collection and analysis of
structural integrity. These advancements not only enhance safety but also improve the
overall efficiency of tunnel construction and maintenance. Various methodologies have
emerged that leverage innovative technologies to monitor tunnel conditions, assess the
impact of blasting, and ensure compliance with engineering standards.

One of the most significant contributions in this area is the work by Nuttens et al.
(2014), who developed a methodology for monitoring newly constructed circular train
tunnels using laser scanning technology. This approach allows for precise tracking of
changes in tunnel shape and stability over time, providing valuable data that informs
maintenance strategies and enhances safety measures [11]. By employing laser scanning,
engineers can detect minute deformations and assess the structural integrity of tunnels,
which is critical in identifying potential issues before they escalate.

Moreover, the integration of remote sensing data with distinct element analysis has
been highlighted by Zhang et al. (2021). Their research illustrated the effectiveness of
combining these analytical methods to enhance safety assessments in challenging geo-
logical conditions [21]. This integration facilitates a comprehensive understanding of the
interactions between blasting activities and geological factors, leading to more informed
decision-making during tunnel construction and operation.

In addition to laser scanning and remote sensing, the utilization of advanced imaging
technologies such as 3D reconstruction plays a pivotal role in monitoring tunnel conditions.
Yang et al. (2020) proposed a method for detecting over and underdigging of tunnels
using 3D reconstruction from images, specifically applying Structure-from-Motion (SfM)
and semiglobal matching techniques [18]. This innovative methodology enables real-time
monitoring of excavation deviations, ensuring that tunnel construction adheres to specified
engineering requirements and enhancing safety throughout the blasting process.

The role of data analytics in monitoring and assessment technologies cannot be over-
stated. Lin (2017) emphasized the importance of processing and visualizing tunnel point
cloud data, focusing on techniques for noise reduction and accuracy enhancement [14]. Ef-
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fective noise reduction methods significantly improve the reliability of tunnel assessments,
which is crucial when analyzing the effects of blasting operations on rock integrity and
tunnel stability. The ability to produce clear and accurate visual representations of tunnel
conditions allows engineers to make timely interventions and optimize blasting strategies.

Furthermore, the digital identification techniques developed by Li et al. (2018) for
detecting half porosity in tunnel blasting underscore the role of monitoring technologies
in enhancing blasting performance. Utilizing 3D point cloud data extraction provides
a reliable means of assessing the effects of blasting, enabling engineers to monitor and
optimize blasting outcomes effectively [15]. This method not only improves the accuracy
of assessments but also aids in the continuous evaluation of tunnel integrity post-blasting.

Recent advancements in machine learning and artificial intelligence are also revo-
lutionizing monitoring technologies in tunnel construction. For instance, Ankang et al.
(2023) explored a semi-supervised learning-based point cloud network for segmenting
3D tunnel scenes, which enhances automation in tunnel inspections [25]. This innovative
approach significantly improves the speed and accuracy of inspections, allowing for better
maintenance practices and ensuring compliance with safety standards.

Consequently, monitoring and assessment technologies are crucial for evaluating the
effects of tunnel blasting. The integration of laser scanning, remote sensing, 3D reconstruc-
tion, and advanced data analytics enables comprehensive assessments of tunnel conditions.
These methodologies not only enhance safety and operational efficiency but also support
proactive maintenance and informed decision-making throughout the tunnel construction
process. As these technologies continue to evolve, they will play an increasingly vital role
in ensuring the structural integrity and safety of tunnel infrastructures.

3.4. Automation and Advanced Techniques

In the field of tunnel blasting evaluation, automation, and advanced techniques have
emerged as transformative forces, significantly enhancing efficiency, precision, and safety.
As technology progresses, the integration of automated systems into tunnel construction
and assessment processes allows for more accurate monitoring of blasting effects and the
overall health of tunnel structures. This shift not only streamlines operations but also
mitigates risks associated with human error.

One of the significant advancements in tunnel evaluation is the application of 3D laser
scanning technology, as thoroughly reviewed by Mukupa et al. (2015) [12]. Their compre-
hensive study emphasized the effectiveness of terrestrial laser scanning (TLS) for detecting
structural deformations and changes during tunnel construction. By enabling real-time
generation of high-resolution 3D point cloud data, TLS facilitates the precise monitoring of
displacement and deformation, allowing engineers to quickly identify potential structural
issues. This ensures both the safety and efficiency of construction processes while also
significantly enhancing the accuracy of evaluations and minimizing the risks associated
with human error. Building on these advancements, Zou et al. (2016) explored the use of
3D laser scanning for tunnel profile extraction, developing algorithms for the automated
identification and quantification of over and underexcavation areas [13]. This approach not
only improves the precision of excavation assessments but also ensures compliance with
design specifications. The automation of data extraction reduces manual labor and acceler-
ates the evaluation process, enabling timely decision-making in response to any detected
discrepancies. Further contributing to automation in tunnel monitoring, Yao et al. (2021)
introduced a novel OverUnderCut algorithm that analyzes tunnel excavation efficiency
using 3D laser scanning technology. Their findings highlight the potential for real-time
analysis of excavation performance, enabling proactive adjustments during construction
to address inefficiencies [19]. By automating the analysis process, construction teams can
quickly adapt to changing conditions, reducing the risk of suboptimal blasting outcomes
and enhancing safety measures.

Another significant development is the semi-supervised learning-based point cloud
network proposed by Ankang et al. (2023). This innovative approach enables the seg-
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mentation of 3D tunnel scenes, which enhances the automation of tunnel inspections [25].
The adoption of machine learning techniques facilitates a more comprehensive analysis of
tunnel conditions, allowing for quicker identification of potential issues and ensuring ad-
herence to safety standards. By automating the inspection process, construction teams can
allocate resources more effectively and reduce the time required for manual assessments.

The integration of RANSAC-based methods, as demonstrated by Li et al. (2022),
further exemplifies the advancements in automation and its application to tunnel blasting
evaluation [22]. Their research focused on multiprimitive building reconstruction from 3D
point clouds, which is crucial for improving the geometric accuracy of tunnel structures. By
automating the reconstruction process, engineers can achieve higher precision in assessing
tunnel integrity, thereby supporting informed decision-making during blasting operations.

Moreover, monitoring technologies such as real-time data analytics have become
increasingly vital in the automation landscape. The work by Lin (2017) emphasizes the
importance of effective data processing techniques, which enhance the reliability of tunnel
assessments by reducing noise in point cloud data [14]. Automated noise reduction pro-
cesses contribute to the accuracy of monitoring systems, allowing for clearer visualization
of tunnel conditions and more reliable evaluations of blasting impacts.

The evolution of these technologies is not only improving the efficiency of tunnel
assessments but also revolutionizing the way engineers approach safety management. With
advanced automated systems in place, continuous monitoring becomes feasible, allowing
for real-time interventions based on data-driven insights. For example, Yang et al. (2020)
developed methodologies for detecting over and underdigging tunnels, applying advanced
imaging techniques that incorporate automation [18]. This capability is instrumental in
ensuring that tunnels remain within specified parameters throughout the blasting process,
minimizing the risk of structural failures.

To summarize, automation and advanced techniques are reshaping the landscape
of tunnel blasting evaluation. The integration of 3D laser scanning, machine learning
algorithms, and real-time data analytics enhances both the precision and efficiency of
monitoring systems. As these technologies continue to advance, they will play an increas-
ingly critical role in ensuring the safety and integrity of tunnel infrastructures, ultimately
contributing to more effective and reliable blasting practices. The move towards automa-
tion not only streamlines operations but also empowers engineers to make data-informed
decisions that enhance overall project outcomes.

3.5. Introduction to Half Porosity in Tunnel Blasting

Half porosity is a critical factor in evaluating the effectiveness of tunnel blasting,
significantly influencing rock fragmentation and overall excavation quality. The presence
of half porosity can affect the structural integrity of tunnel walls, impact the efficiency
of blasting operations, and pose safety risks during construction. Recent advancements
in the assessment and monitoring of half porosity have leveraged innovative techniques,
particularly in the realm of three-dimensional image reconstruction and analysis.

Li et al. (2018) were pioneers in developing a digital identification technique for de-
tecting half porosity in tunnel blasting. Utilizing 3D point cloud data extraction, their work
provided a reliable framework for assessing the impacts of blasting on rock structures [15].
This method not only improved the accuracy of half porosity detection but also facilitated
better monitoring of blasting outcomes, allowing for timely interventions if structural
issues arose. The integration of advanced imaging techniques has thus proven essential in
enhancing the understanding of how half porosity affects tunnel integrity.

Furthermore, Xie et al. (2019) proposed a method that combines machine vision
with digital imaging to analyze the rock surface characteristics of tunnel excavation faces.
This approach underscores the importance of understanding surface features and their
correlation with half porosity, thereby contributing to more informed decision-making
in blasting strategies [17]. By integrating visual analysis with structural assessments,
researchers can better predict how half porosity may impact excavation efficiency and safety.
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The ongoing research in this field emphasizes the need for accurate monitoring and
assessment methods. For instance, Yang et al. (2020) developed techniques for detecting
over and underdigging, which are critical in contexts where half porosity may affect
excavation outcomes [18]. These methodologies contribute to a more comprehensive
understanding of the interplay between blasting practices and rock characteristics, ensuring
that potential risks associated with half porosity are effectively managed.

As a final point, the study of half porosity in tunnel blasting is gaining momentum,
driven by advancements in imaging technology and analytical methods. The integration
of 3D reconstruction and machine learning techniques presents new opportunities for
accurately assessing the implications of half porosity on tunneling projects, ultimately
leading to enhanced safety and efficiency in tunnel construction. As research progresses, it
will be essential to continue exploring these innovative approaches to mitigate risks and
optimize blasting outcomes.

4. Research on Image Acquisition and Theoretical Methods
4.1. Depth Image Acquisition

Camera calibration is the initial and crucial step in acquiring post-blast images at vari-
ous depths within the tunnel. This is because camera calibration plays a vital role in the 3D
reconstruction process, as its results directly impact the accuracy of the reconstructed object.

During the process of capturing post-blast images at different depths within the tunnel,
the initial and crucial step is camera calibration. This step is essential because camera
calibration is fundamental to the 3D reconstruction process; its outcomes directly influence
the accuracy of the reconstructed objects. During the manufacturing of cameras, deviations
in precision and component installation can lead to lens distortions, which subsequently
cause image distortions. These image distortions can be classified into two primary types:
pillow-shaped distortion and barrel-shaped distortion (as illustrated in Figure 2) [33].
Correcting these distortions, which are caused by lens aberrations, significantly improves
the quality of stereo matching. Without such correction, straight lines in the real world
may appear wavy or distorted in the images captured by the camera [34]. Fortunately,
specialized calibration plugins are available to correct these types of aberrations, ensuring
higher image accuracy. This correction process not only enhances the visual fidelity of
the captured images but also plays a pivotal role in accurate 3D modeling and analysis,
which are critical for assessing post-blast scenarios. Consequently, thorough and precise
camera calibration becomes indispensable in the acquisition of reliable and accurate data
for subsequent analysis and interpretation.
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Figure 2. Pillow distortion and barrel distortion.

An experimental camera should first be used to capture images of a black-and-white
checkerboard grid to calibrate the camera. This calibration process can be executed using
Matlab’s self-calibration function. We need to input the checkerboard grid image and
provide the physical dimensions of the checkerboard squares, along with other necessary
calibration parameters. The system will then automatically detect the corners of the
checkerboard grid and proceed with the calibration. Upon completion of the calibration,
several key metrics can be obtained, including the reprojection error for each corner in the
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current image (Figure 3a), the pixel variations in the image before and after calibration
(represented by different colored lines in Figure 3b, which indicate the image quality before
and after calibration), the Euclidean distances between the detected corner points and
their corresponding projected coordinates (Figure 3c), and the attitude map of the camera’s
coordinate system relative to the checkerboard grid (Figure 3d). These metrics are crucial
for assessing the accuracy and reliability of the camera calibration, ensuring that the camera
is properly calibrated for precise 3D reconstruction and analysis. By using these detailed
calibration results, we can fine-tune the camera settings and improve the overall quality of
the captured images, which is essential for accurate and reliable post-blast analysis [35,36].
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(1) The significant effect of tunnel explosions on the quality of depth image acquisition
of the profile surface and palm face is vital to the accuracy of the 3D point cloud data model.
This process is critical in the postprocessing of relevant data, thereby making the image
acquisition phase the most pivotal part of the entire experiment. The experiment employs
a Nikon Z50 mirrorless camera equipped with a 50–80 mm lens, a portable explosion-
proof industrial-grade mine searchlight, and an industrial tape measure for capturing
images. These tools are essential for ensuring high-quality image acquisition, which is a
fundamental step in creating an accurate 3D model. The use of specialized equipment like
the explosionproof searchlight helps to maintain consistent lighting conditions, which is
crucial for obtaining clear and precise images necessary for depth analysis.

(2) Proper positioning of the camera is crucial. Two camera positions, as shown in
Figure 4, should be selected for capturing images. These positions should be at the one-
third and two-thirds points of the tunnel cross-section, at a straight-line distance of 6–8 m
from the palm face, with the camera height set between 1.5 and 1.7 m. In Figure 4, the
blue arrows represent the direction and angles of capture, while the red dot indicates
the camera’s position and height. Correct camera placement ensures optimal angle and
distance for capturing detailed images of the tunnel’s profile surface and palm face. This
precise positioning is key to achieving high-quality depth images that are essential for
constructing an accurate 3D point cloud data model. Properly positioned cameras help
minimize distortions and capture comprehensive details, thereby enhancing the overall
effectiveness of the experiment [37,38].
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(3) Adjustments to camera settings and lighting equipment are essential; the envi-
ronmental conditions within the tunnel, characterized by dust and dim lighting resulting
from explosions and construction operations, significantly increase the complexity of image
acquisition, particularly when compared to outdoor photography. Therefore, it is necessary
to finetune the camera parameters and lighting equipment before shooting to accommodate
these unique tunnel conditions. Proper adjustment of camera settings, such as aperture
and shutter speed, is crucial to ensure that the images captured are of high quality and
suitable for subsequent analysis. Additionally, adjusting the lighting equipment to provide
adequate illumination despite the challenging conditions will help in reducing shadows
and enhancing the clarity of the captured images. This careful preparation is vital for
obtaining accurate and reliable data from the tunnel environment.

(4) Image Acquisition Methodology. Seven photographs are taken from each of the two
designated shooting positions on both the profile surface and palm face. Each image must
overlap by at least 30% with the adjacent image to ensure accurate feature point matching
during image processing (see Figure 5) [39]. During image capture, the camera lens should
be perpendicular to the tunnel surface, maintaining a steady angle and avoiding any tilt or
rotation. This precise alignment is crucial for minimizing distortions and ensuring that the
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captured images can be accurately stitched together during postprocessing. By adhering
to these guidelines, the integrity of the feature points across the images is preserved,
facilitating the creation of a reliable and detailed 3D point cloud model of the tunnel’s
interior. Proper overlap between images also helps in reducing errors during the stitching
process, ensuring a seamless and accurate representation of the tunnel surfaces.
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4.2. Scene 3D Reconstruction Study

After acquiring the post-blast depth images of the tunnel, the 3D reconstruction of the
tunnel’s palm face and contour surface is conducted using the motion-based Structure from
Motion (SfM) method. This method involves extracting and matching feature points from a
series of 2D depth images containing motion information, ultimately reconstructing a highly
accurate 3D point cloud model of the target object. The SfM method is particularly effective
because it leverages the motion between images to identify and align corresponding feature
points, resulting in a detailed and precise 3D representation [40]. This process ensures that
the complex structures within the tunnel are accurately captured, providing valuable data
for further analysis and evaluation of the tunnel’s condition post-blast. By utilizing this
method, we can achieve a comprehensive and reliable 3D model that supports various
engineering and research applications.

(1) Feature Point Detection and Scale Space Extreme Detection: Identifying feature
points that exist in the same image at different scales involves generating a series of
images at varying scales by continuously down-sampling and smoothing the original depth
map [41]. This process ultimately identifies the feature points present in each image. The
Gaussian kernel is the unique kernel capable of producing multiple scales. The image is
convolved with Gaussian kernels of different scale space factors (standard deviations) to
obtain depth maps with varying levels of blur [42]. These depth maps are then converted to
the Gaussian scale space, as shown in the formula. The Gaussian scale space allows for the
detection of feature points across different scales, ensuring that the most significant points
are accurately identified regardless of their size or orientation. This method is crucial for
robust feature matching in subsequent 3D reconstruction processes, as it provides a reliable
set of feature points that can be used to align and integrate multiple images into a cohesive
3D model.

L(x, y,σ) = G(x, y,σ)∗I(x, y) (1)

G(x, y,σ) =
1

2πσ
e−(x2+y2)/2σ2

(2)

G(x, y,σ) is the Gaussian kernel function and represents the Gaussian scale space of
the image, and is the point corresponding to the point in image I, and is the scale coordinate,
whose value is 0 in the original depth map, when the value becomes smaller the resolution
will be higher accordingly, and the details in the image will be more obvious.

Remove unstable points. The extreme points in the scale space may be feature points,
so it is necessary to search the 26 neighbors of each point in the Gaussian difference scale
space, and if the point is a local extreme point, it is saved as a candidate key point. However,
since the image is a discrete sampling of a continuous signal, the pixel-level extreme points
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obtained in the previous step may be inaccurate, and further computation is needed to
determine the exact location of the key point. For each extreme point, a second-order Taylor
expansion of the DoG function is performed:

D(x)= D +
∂DT

∂X
X +

1
2

XT ∂2D
∂X2 (3)

By taking the derivative of the equation and making the derivative zero, the solution
obtained is the offset of the extreme point:

X̂ =
∂2D−1

∂X2
∂D
∂X

(4)

X = (x, y,σ), if the offset is greater than 0.5 in either dimension, then the extreme
point has been offset to another pixel and needs to be culled. If the DoG value of the point
is not large enough, it also needs to be culled:

D(x̂)= D +
1
2

∂DT

∂X
X (5)

As a rule of thumb, take up to this point, the part of feature point detection is completed.
(2) Feature point matching: after the step of feature point extraction is completed, the

matching of feature points will be carried out, using Euclidean distance for neighborhood
search and building a KD vocabulary tree to narrow down the search scope and improve
the search efficiency. Denote the feature points around depth image I by denote the feature
points around depth image I. For each set of depth images I and J, consider each feature,
find the nearest neighbor feature vector fnn ∈ F(J) :

fnn =
argmin

∥∥fd − f′d
∥∥

2
f′ ∈ F( J)

(6)

Using the data structure of the established KD vocabulary tree for the nearest neighbor
matching calculation, the distance of the nearest neighbor is first made to be d1, and then
the distance to the second nearest match is found to be d2, and if the ratio of the distances
between the two points, d1, and d2, is less than the set threshold, then it can be determined
to be an acceptable matching pair [43].

(3) Scene sparse reconstruction, each 3D pointXj, obtained after feature matching, is
projected onto the 2D image plane of the camera through the projection equation, which
produces a certain projection error, which is the actual distance between the real point on
the image and the projected point [44] (Figure 6).
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The sparse reconstruction of the target object based on the SFM algorithm starts with
obtaining the relative rotations and translations by decomposing the essential matrix. The
essential matrix satisfies the following relationship:(

K−1x
)

E
(

K′−1x′
)
= 0 (7)

K is the intrinsic matrix of the camera, and with the matching point pairs in the form
of chi-square coordinates, the essential matrix can be obtained stably by incorporating the
RANSAC algorithm. By decomposing the essential matrix, we can obtain the two-view
relative R and t.

The global rotation matrix is then calculated from the relative rotation matrix, Equation:

Rj = RijRj, i, j ∈ (1, 2, . . . n) (8)

Splitting the Equation (8) and solving them sequentially and then combining them to
get the results can reduce the reliability difference between the equations and the splitting
results are as follows:

rj
k − Rijri

k = 0,i,j ∈ (1, 2, 3), k ∈ (1, 2, 3) (9)

rk is the kth column of R [45–47].
Since the SFM algorithm is an iterative algorithm, it is necessary to continuously adjust

the parameters and optimize the results in each step to obtain more accurate and stable
results. For a viewpoint a and b trajectory on the same image, the objective of the projection
error is optimized with the equation:

g(C, X) =
a

∑
i=1

b

∑
j=1

ωij

∥∥∥qij − P
(
Ci, Xj

)∥∥∥2
(10)

When camera i observes trajectory j is taken as 1, and 0 at other times, and is the
cumulative sum of the projection errors of trajectory j in camera i. The purpose of the
SFM algorithm is to optimize the objective function by finding suitable camera and scene
parameters for the optimal reconstruction of the 3D scene [48,49]. After completing the 3D
reconstruction of each image, they need to be fused to construct the geometric information
of the whole scene, that is, the sparse 3D point cloud [42].

(4) Scene density reconstruction [50], after completing the step of sparse reconstruction,
Poisson dense reconstruction of the 3D scene model is also needed to get a more detailed and
complete 3D model. With the known camera position and the existing sparse reconstruction
model, MVS is used to perform the dense reconstruction to find the points with pixel
consistency in the space, then to find the image consistency through the camera position,
and finally to get the dense point cloud to generate a smooth, continuous and precise
3D model.

The reconstructed 3D model consists of a myriad of 3D point coordinates, and the
formation of a 3D point cloud is significantly different from the way a 2D image is formed.
A 2D image is an optical phenomenon in which light from the environment is captured
using a lens that produces an inverted image on a 2D image plane, which is then adjusted
to form an orthographic image. In contrast, 3D point clouds are typically acquired using
cameras, scanning instruments, sensors, and so on [51]. The main characteristics of 3D
point clouds compared to traditional 2D image data are shown in Table 2.
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Table 2. Comparison of 2D image and 3D point cloud.

2D Image 3D Point Cloud

form of expression 2D projection of the 3D world
without z-values 3D data with z-value

data structure Orderly, sequential links Disorganization of data points

Environmental sensitivity Sensitive to ambient light
conditions

Insensitive to ambient light
conditions

Treatment Direct use of CNN, etc. Cannot use CNN directly

4.3. Analysis and Processing of Point Cloud Data

After obtaining the data for the 3D reconstruction of the borehole, it is essential
to perform cutting point cloud filtering and denoising of the 3D model. This involves
removing noise and irrelevant data points to enhance the quality and accuracy of the point
cloud [52]. Additionally, curve fitting of the borehole point cloud projection data should
be carried out based on the RANSAC (Random Sample Consensus) algorithm [53]. The
RANSAC algorithm is particularly effective for fitting curves to data sets that contain
a significant proportion of outliers. By iteratively selecting random subsets of the data
and fitting a model to these subsets, RANSAC identifies the model that best represents
the inlier data points, thereby ensuring a robust and accurate curve fitting. This process
is crucial for accurately modeling the borehole’s geometry and for further analysis and
applications in geological studies and engineering projects [54]. Properly filtered and fitted
point cloud data enables more precise measurements and a better understanding of the
borehole characteristics.

The RANSAC algorithm is a classical parameter estimation algorithm for estimating
model parameters from datasets containing outliers. The basic idea is to find a model that
fits the interior points best by random sampling and iteration. It has the advantage of
being able to robustly estimate the model parameters and get better results even in the
presence of a large number of outliers [55]. In order to reduce the computational effort,
the RANSAC algorithm introduces a probability factor z and determines the number of
iterations k based on the proportion of local interior points in the data set ω. The specific
calculation method is:

z = 1 − (1 − ωn)k (11)

1ωn denotes the probability that none of the selections are all bureau points, and
(1ωn)k denotes the probability that none of the selections are all bureau points. Then
there are:

k =
log(1 − z)
log(1 − ωn)

(12)

By setting the appropriate z and ω (where z is generally required to satisfy greater
than 95%), a reasonable number of iterations can be determined based on the characteristics
of the data set k. This reduces the amount of computation while ensuring that a sufficient
number of the n points selected are local points and improves the accuracy of the fitting
results [56].

After fitting the arc of the borehole, set a reasonable threshold to reject the arc of the
borehole, and finally carry out the calculation of the halfhole rate and evaluate the blasting
effect according to the evaluation criteria. The experimental flow chart is shown in Figure 7.
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5. Field Experimental Studies
5.1. Engineering Background

The new highspeed project of National Highway 109 is located in the Mentougou
District of Beijing. The project begins at the Junzhuang Interchange on the Western Sixth
Ring Road, extending through several areas including Junzhuang Town, Miaofengshan
Town, and Zhaitang, ultimately reaching the municipal boundary near the Beijing–Hebei
border. The total length of this highway is 65.535 km, designed for a target speed of 80 km
per hour. The roadbed width from the Western Sixth Ring Road to Zhaitang is 33.0 m,
while the width from Zhaitang to the municipal boundary is 28.5 m. The Huangtai Tunnel
is situated within one of the project’s three work areas, as depicted in Figure 8. The left
line of the Huangtai Tunnel measures 3967 m, while the right line measures 4014 m. The
inclined shaft is located near Huangtai Village in Miaofengshan Township, with a line
mileage of AK23 + 635. The distance from the inlet is 2155 m, and the distance from the
outlet is 1859 m, as shown in Figure 9.
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5.2. Image Acquisition and Model Reconstruction

The best time for image acquisition in the experiment is after the completion of slag
removal from the palm face (Figure 10) and before the completion of the support lining.
Although there may be lining cart advancement and surveyor’s placement operation
(Figure 11) at this stage, the environment of dust and light inside the tunnel is more stable
than that of other stages, which is the most suitable for image shooting and acquisition. The
resulting depth image is cropped and pixel-adjusted and then imported into the relevant
software for sparse reconstruction, and the reconstruction results are shown in Figure 12.
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Figure 12. Sparse reconstruction.

The point cloud model obtained from the sparse reconstruction is not fine enough for
the next step of subprocessing, so it is necessary to use MVS for dense reconstruction to
obtain a smooth and continuous dense point cloud model, as shown in Figure 13 [57].
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Figure 13. Dense reconstruction.

Taking the tunnel boring direction as the axis, the 3D point cloud model is rendered
and colored according to the boring depth. In this model, the colors range from orange,
yellow, green, to blue, representing decreasing boring depth—from the deepest areas
(orange) to the shallowest areas (blue). A 3D scene scalar domain map can thus be obtained,
facilitating the direct observation of the tunnel boring situation after the explosion and the
subsequent cutting of the point cloud model (Figure 14).
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5.3. Cutting of Tunnel Model After Explosion

After obtaining the 3D model of the post-burst scene of the tunnel, the whole model
needs to be segmented using 3D point cloud processing software in order to obtain the
next required research object, i.e., the contour surface residual hole model (Figure 15).
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5.4. Point Cloud Filtering and Denoising Process

When acquiring depth images and point cloud data, due to the limitations of equip-
ment accuracy, environmental factors, experimenters’ operating experience, changes in the
surface properties of the measured object, and the influence of data splicing and alignment
operation process, some noise points affecting the experimental results will appear in the
point cloud data, so that the original point cloud data contains a large number of hash
points and isolated points. Only in the filtering preprocessing will noise points, outliers,
holes, data compression, and other filtering processing be used in order to better visualize
and perform other subsequent applications.

The processing principle of filtering denoising is to fit a plane in the local range of the
model and set a reasonable threshold to delete the points away from the plane as outliers
so as to get a more accurate 3D model point cloud [58–60]. The specific filtering effect is
shown in Figure 16.
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5.5. Analysis of HalfHole Point Cloud Data

After obtaining the filtered and denoised 3D point cloud data, the halfhole point cloud
data can be analyzed, and the curvature value is selected as the eigenvalue of the halfhole
point cloud for analysis and processing.

The principle of the processing is as follows: the normal vector difference of the point
cloud is used as the point cloud expression signal. If the curvature of the point cloud at a
certain place of the 3D model is larger than the set threshold, the point cloud expresses a
changing signal, and if the curvature of the point cloud at a certain place is smaller than the
set threshold, the point cloud expresses an unchanging signal [61,62]. The halfhole point
cloud coordinates data with curvature values as eigenvalues are visualized and colored
according to curvature magnitude. In Figure 17, the colors range from orange to blue,
where orange, yellow, and green represent higher curvature values, and blue represents
lower curvature values. Thank you for your comment. In Figure 17, the different colors
represent the curvature magnitude at various points of the model. The color gradient
ranges from orange (indicating higher curvature) to blue (indicating lower curvature).
We have added this explanation to the text for clarity. Please let us know if any further
clarification is needed.
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Figure 17. Visualization of halfhole point cloud data.

As shown in the figure above, in the actual construction process of the project, the
retention of the blast holes after blasting is often not very good, and only through the
visualization of the point cloud data can we get the desired results, so it is necessary to
carry out a more in-depth analysis of the point cloud model. After the 3D point cloud
model is cut again, the point cloud model of a single gun hole is extracted for analysis
(Figure 18). Similar to Figure 17, the colors in Figure 18 represent the curvature magnitude,
with orange indicating higher curvature values and blue indicating lower curvature values,
providing further insights into the detailed geometry of the blast hole.
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Figure 18. Extraction and Analysis of Single Blast Hole Point Cloud Model.

The 3D point cloud coordinates of individual boreholes were projected onto a plane
perpendicular to the borehole axis, with the colors representing the curvature magnitude.
In Figure 19, orange indicates areas of higher curvature, while blue represents areas of
lower curvature (Figure 19).
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Figure 19. Borehole point cloud projection.

In a large amount of noise data, according to the chance of occurrence of the correct
data on the sampling data for random selection, according to the law of large numbers,
stochastic simulation can be approximated by the correct results obtained so as to halfhole
point cloud projection data fitted to the target circle can be obtained halfhole aperture
diameter as well as the location of the center of the circle. The colors in Figure 20 represent
the curvature magnitude, and the small circle in the middle indicates the location of the
center of the circle based on curvature fitting. The effect of the fit is shown in Figure 20.
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Figure 20. Schematic diagram of arc fitting.

The straight line through which the center of the fitted circle passes is the halfhole axis.
The 3D point cloud processing software was used to fit the cylinder using the halfhole axis
as the center axis and the radius of the fitted circle as the bottom radius, intersecting the
halfhole point cloud model.

The point clouds located inside the cylinder were labeled as compliant halfhole point
cloud data. With a spacing of d = 3 cm on the fitted cylinder along the direction of the
central axis of the slice cut, and each cutting plane again using the RANSAC algorithm
for fitting, calculated the arc length C of the fitted circular arc, set the threshold C0 = πr
(65 mm), when the arc length C is greater than the threshold value of C0, the halfhole
segments are considered to be noncompliant with the requirements, need to be removed;
when the arc length C is less than the threshold value of C0, it is believed that the halfhole
segment is compliant with the requirements. The recognition effect of a single borehole is
shown in Figure 21.
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Figure 21. Individual borehole identification.

6. Verification of Blast Hole Digit Recognition Method Applied in Tunnels
6.1. Results of Engineering Experiments

The point cloud data model of each borehole in the half-hole point cloud model was
extracted sequentially, the analysis and processing of the above steps were carried out.
The boreholes were numbered 1–6 to represent their respective positions and shapes as
identified through the analysis. The 3D point cloud processing software was then used to
calculate the length of each borehole, and the results are shown in Figure 22. The fitting of
the half-hole positions is shown in Figure 23.
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Comparison and analysis of the fitted borehole data with the site construction design
parameters (the design value of the site borehole length is 2 m), and finally, get the half
porosity of the tunnel after blasting (Table 3).

Table 3. Identification table of halfhole point cloud data.

HalfHole
Numbering

Recognized Length
(m)

Design Value Length
(m) SemiPorosity

1 0.98 2 49.0%
2 1.87 2 93.5%
3 1.03 2 51.5%
4 1.12 2 56.0%
5 1.05 2 52.5%
6 0.99 2 49.5%

add up the total 7.04 12 58.7%

According to the geological exploration at the construction site, the stratum lithology
of Huangtai Tunnel is mainly limestone, dolomite, and sandstone, and the groundwater
has not been developed. The surrounding rocks are of Class III, IV, and V, of which Class III
is 3315 m, Class IV is 2952 m, and Class V is 1714 m. The data collected from the experiment
are located in Class IV and Class V, which are medium-hard rocks. The quality evaluation
standard of half porosity after tunnel blasting is shown in Table 4.

Table 4. Quality criteria for evaluating half porosity.

Lithology Half Porosity (%)

Favorable Moderate Ordinary Differ
hard rock >85 70~85 50~70 <50
medium >70 50~70 30~50 <30

limestone >50 30~50 20~30 <20

The experimental data indicate a peripheral half-porosity of 58.7%, which is classified
as medium according to the evaluation criteria. To validate the accuracy of the measure-
ments taken using this method, site construction personnel also employed the traditional
half-porosity measurement method when the half-porosity approached 60%. The results
obtained from both methods showed relatively small discrepancies.

6.2. Discussion

As tunnel construction projects grow increasingly complex, the demand for highly
accurate and efficient detection methods continues to escalate. Recent advancements in
integrating 3D laser scanning with artificial intelligence and UAV measurement technolo-
gies offer promising avenues to address these needs [63] For instance, Li et al. proposed
a 3D reconstruction method for tunnel surfaces based on point cloud data, specifically
addressing issues of high data volume and redundancy that often complicate surface recon-
struction [64]. Similarly, XuRan Li and colleagues emphasized the critical role of precision
in data acquisition, introducing a method that combines 3D laser scanning with blast-site
data to assess the impact on halfhole structures, further underlining the need for exacting
detail in post-blast assessments [65].

Despite the effectiveness of technologies like 3D laser scanners and UAVs, our ap-
proach offers substantial cost savings without compromising accuracy [66]. The deployment
of advanced digital imaging technologies, particularly high-resolution cameras and preci-
sion scanners, significantly enhances post-blast assessments by capturing high-detail visual
data [67]. Through cutting-edge photographic and scanning techniques, this data enables
an unprecedented depth of analysis. Specialized 3D reconstruction software, such as Mat-
lab 2024a, CloudCompare2.13.2, and COLMAP 3.5, processes the data rapidly, delivering
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precise visualizations of post-blast conditions and enabling immediate acquisition of blast-
depth measurements. Such efficiency is vital in modern tunnel construction, where timely
and accurate data underpin the optimization of blast parameters, operational continuity,
and project efficiency.

The ability to make data-driven adjustments based on these insights is invaluable
in enhancing both the efficacy and quality of tunnel blasting. Real-time adjustments
informed by comprehensive data play a pivotal role not only in immediate operational
decisions but also in broader structural design, safety protocols, and long-term project
planning. By delivering a holistic evaluation of blast quality from multiple perspectives,
this method ensures that tunneling projects adhere to rigorous standards of safety and
efficiency. While this study focuses on road tunnels, the findings are directly transferable to
mining operations, such as open-pit blasting, underscoring the method’s adaptability across
varied geological conditions and its practical value for projects with unique structural and
environmental challenges.

However, the precision of these methods remains sensitive to environmental factors,
such as dust and suboptimal lighting—conditions that are often prevalent in tunnel set-
tings. Future research should prioritize refining these technologies to better handle such
challenges, potentially through advanced filtering algorithms and calibration techniques
that can mitigate the impacts of environmental variables on data quality. As digital imaging
technology continues to advance, overcoming these limitations will be essential for further
improving the accuracy and reliability of data capture in tunnel engineering [68].

7. Conclusions

This study presents a thorough review of the current state of tunnel blasting evaluation,
organized into five critical areas: Blasting Techniques and Optimization, 3D Reconstruction
and Visualization, Monitoring and Assessment Technologies, Automation and Advanced
Techniques, and Half Porosity in Tunnel Blasting. Each section provides an in-depth
analysis of recent advancements and ongoing research, showcasing the rapid evolution
in tunnel blasting methodologies and highlighting key areas for continued innovation.
The growing application of digital technologies in this field reflects a concerted effort to
improve precision, operational efficiency, and safety in tunnel engineering.

Building upon this foundation, we introduce a novel technique for half porosity recog-
nition that utilizes computer vision to enhance post-blast analysis in tunnel construction.
This approach leverages advanced 3D reconstruction principles to provide a non-intrusive,
rapid, and accurate assessment of tunnel blast quality. By capturing high-resolution depth
images with a handheld digital camera and applying the Structure-from-Motion (SfM)
algorithm, our method enables precise visual and quantitative evaluation of the palisade
surface and tunnel contour. Additionally, specialized software processes the 3D point
cloud model using the Random Sample Consensus (RANSAC) algorithm to calculate half
porosity based on the arc length of fitted curves.

Compared to traditional methods, this technique offers several advantages: it reduces
costs, expands the detection range, and achieves higher accuracy without disrupting
ongoing construction activities. The practical value of this method was validated through
field experiments on the Huangtai Tunnel segment of China’s National Highway 109, where
the calculated half porosity of 58.7% closely aligned with conventional measurements of
60%. The minimal deviation observed demonstrates not only the method’s robustness
but also its potential to surpass the accuracy of traditional approaches. Furthermore,
these findings underscore the broader applicability of our method to other geotechnical
and mining contexts, such as open-pit blasting, where precise post-blast assessment is
equally critical.

In addition to improving tunnel blasting practices, this study paves the way for further
technological integration in subsurface construction. The combination of computer vision,
3D reconstruction, and algorithmic analysis represents a significant step toward more
sophisticated and scalable blast evaluation techniques. Future research will benefit from
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exploring enhancements such as machine learning algorithms for predictive modeling,
enabling proactive adjustments to blasting parameters based on site-specific geological
data. Additionally, real-time data processing capabilities will further expand the practical
utility of this method, facilitating immediate feedback that can inform decision-making
throughout the blasting process.

As the demands of modern tunnel engineering continue to grow, the integration
of these advanced digital methods promises not only to improve operational safety and
efficiency but also to contribute to more sustainable and cost-effective practices. By setting
a new standard for accuracy and practicality in blasting assessments, this approach aligns
with the ongoing shift toward digitalization in construction, underscoring the importance
of adopting innovative solutions in challenging engineering environments.
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