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Abstract 

Accurate and efficient rock mass characterization is essential in geotechnical engineering, yet 
traditional tunnel face mapping remains time-consuming, subjective, and potentially hazardous. 
Recent advances in digital technologies and AI offer automation opportunities, but many existing 
solutions are hindered by slow 3D scanning, computationally intensive processing, and limited 
integration flexibility. This paper presents Tunnel Rapid AI Classification (TRaiC), an open-source 
MATLAB-based platform for rapid and automated tunnel face mapping. TRaiC integrates single-
shot 360° panoramic photography, AI-powered discontinuity detection, 3D textured digital twin 
generation, rock mass discontinuity characterization, and Retrieval-Augmented Generation with 
Large Language Models (RAG-LLM) for automated geological interpretation and standardized 
reporting. The modular eight-stage workflow includes simplified 3D modeling, trace segmentation, 
3D joint network analysis, and rock mass classification using RMR, with outputs optimized for Geo-
BIM integration. Initial evaluations indicate substantial reductions in processing time and expert 
assessment workload. Producing a lightweight yet high-fidelity digital twin, TRaiC enables 
computational efficiency, transparency, and reproducibility, serving as a foundation for future AI-
assisted geotechnical engineering research. Its graphical user interface and well-structured open-
source code make it accessible to users ranging from beginners to advanced researchers. 

Keywords: tunnel face mapping; tunnel panoramic photography; AI-based discontinuity detection; 
digital joint characterization; Geo-RAG-LLM; tunnel digital twin; rock mass classification 
 

1. Introduction 

Tunnel face mapping is an essential activity in tunnel construction to provide important 
geological and structural stability information. Although it is time-consuming, physically 
demanding, and sometimes dangerous, manual mapping is still commonly used to classify rock 
masses and assess stability [1,2]. Traditional methods depend heavily on the experience and 
judgment of field personnel, which can lead to inconsistencies and errors in geological interpretation 
[3–8]. In addition to these technical limitations, manual mapping puts workers in hazardous 
underground environments where they may face falling rocks, unstable ground, and poor ventilation 
[9]. These safety risks, along with the subjective nature of geological observations, can affect the 
quality of support design and tunnel stability [4,10]. To overcome these challenges, the tunneling 
industry is moving toward advanced technologies such as digital mapping systems [4,6], AI-based 
analysis [10,11], photogrammetry [12,13], and automated classification methods to improve accuracy, 
consistency, and safety in tunnel face mapping. 
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Recent advancements in digital mapping technologies have significantly enhanced the 
capabilities of tunnel face rock mass characterization and documentation. These technologies 
incorporate 3D imaging, photogrammetry, and automated data processing to produce detailed and 
geo-referenced models of the tunnel environment [14–17]. Automated data acquisition systems 
generate high-resolution 3D models and integrate them into geological information systems, 
supporting real-time decision-making and reducing dependence on manual measurements [18]. 
Additionally, in mechanized tunneling, autonomous imaging units facilitate continuous 
documentation by capturing and processing videos into 3D models [19]. 

Despite these technological advances, the full integration of automated systems for tunnel face 
characterization still remains an open challenge. While existing systems excel at data acquisition, they 
still often require complex post-processing, handling large datasets, expert knowledge, and 
significant computing power [20,21]. Furthermore, although computer vision and AI technologies 
offer promising avenues for automating geological assessments, their application is still under 
development [22]. A key limitation is the incomplete correlation between automatically detected 
features and their structural significance, which restricts the system’s ability to make autonomous 
decisions [23]. Bridging this gap is critical for the future of tunnel engineering, where AI-driven 
workflows could enable safer, faster, and more objective tunnel face evaluations. In addition, the AI 
models trained on face mapping data can forecast tunneling conditions and support decision-making 
during excavation[24]. 

The motivation for this research comes from the growing need for fast, accurate, and consistent 
tunnel face mapping to improve construction efficiency. Traditional manual geological sketching is 
slow, subjective, and often lacks the precision needed for modern tunneling projects [4]. When tunnel 
face assessments are delayed or inaccurate, they can lead to poor support design decisions and 
increased safety risks [25]. In response, digital tunnel face mapping systems using 3D scanning 
devices have been introduced to reduce human error and enable faster data collection and analysis 
directly at the tunnel face [14]. However, these systems still face several technical and operational 
challenges. Underground environmental conditions such as dust, humidity, poor lighting, surface 
occlusion, and limited surveying time can significantly reduce data quality [26,27]. These issues show 
the need for more robust and user-friendly systems that can provide more rapid and accurate data 
analysis to support fast decision-making. 

Building on recent technological developments, this research focuses on advancing the use of 
360-degree cameras for high-resolution, rapid tunnel face photography. These cameras offer 
advantages in speed, efficiency, and spatial coverage (in a single shot), making them well-suited for 
underground spaces [28,29]. They support 3D reconstructions of tunnel faces, enabling accurate joint 
mapping and discontinuity orientation detection with results comparable to manual observations. 
Beyond tunnel mapping, 360-degree imagery has also proven effective in other underground 
applications, such as real-time monitoring and volumetric analysis of excavated materials [16,30]. 
Although challenges remain, particularly regarding model resolution and georeferencing, these can 
be addressed through hybrid imaging techniques and GNSS-assisted solutions [28,29]. Therefore, 
expanding the integration of 360-degree cameras into automated mapping systems presents strong 
potential to improve documentation processes and increase both safety and efficiency in tunneling 
projects. 

On the other hand, integrating Large Language Models (LLMs) into tunnel face mapping offers 
a promising opportunity to improve data analysis, documentation, and decision-making. LLMs used 
in frameworks like GeoPredict-LLM and Geo-RAG have shown strong capabilities in synthesizing 
complex geological data by combining multimodal inputs, such as images, sensor readings, and text, 
into coherent insights through advanced data fusion and language understanding [31,32]. This is 
especially useful in tunnel engineering, where information is often fragmented across different 
formats. By framing geological prediction tasks as language problems, LLMs enable faster and more 
accurate interpretation, supporting real-time lithology classification and automated reporting during 
construction [33,34]. Additionally, their compatibility with other technologies, including computer 
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vision and deep learning models, can improve safety assessments, reduce costs, and make 
construction processes more efficient [35]. Despite concerns such as the risk of inaccurate outputs and 
the continued need for expert supervision [36,37], LLMs have the potential to serve as intelligent 
assistants in geotechnical engineering, enhancing, rather than replacing, human expertise and 
contributing to the future of AI-supported geological mapping. 

The objective of this research is to develop a rapid digital tunnel face mapping system that 
combines 360-degree spherical panorama photography of the tunnel face, ceiling, and walls with AI-
driven discontinuity detection, 3D trace data analysis, and Large Language Model (LLM)-based 
geological feature description. This integrated approach aims to improve the accuracy and efficiency 
of rock mass characterization and classification. The system will also incorporate a Retrieval-
Augmented Generation (RAG) framework powered by LLMs to analyze historical tunnel data using 
engineering classification systems such as the Rock Mass Rating (RMR). This will enable data-
informed support recommendations and predictive analysis of future ground conditions. 

Overall, the research contributes to several key areas in tunnel geotechnical engineering and 
digital documentation. The proposed system introduces a novel integration of 360° imaging and AI-
based analysis for fast and accurate tunnel face assessment. It supports the creation of a textured 
digital twin of tunnel faces for visualization and 3D analysis, while automating discontinuity 
characterization to reduce subjectivity and improve consistency. Additionally, the RAG-LLM 
framework will support intelligent report generation using standardized formats and insights from 
historical data. To ensure practical application and wider adoption, the research will result in an 
open-source software toolkit for use by both researchers and industry professionals. 

2. Review Existing Techniques 

2.1. Existing Tunnel Face Mapping Methods 

Traditional tunnel face mapping, often referred to as manual geo-structural mapping, involves 
engineering geologists or rock mechanics specialists directly observing and recording geological 
features at the tunnel face. This includes noting rock mass quality, jointing patterns, groundwater 
conditions, and other relevant features through visual inspection. This method is time-consuming 
and can significantly slow down construction, especially when it requires committee-based 
evaluations or more detailed site assessments. Manpower involvement is another critical factor in 
terms of manual mapping quality and reliability, which largely relies on the knowledge and expertise 
of the personnel implementing such works. Environmental constraints, such as poor lighting, limited 
access, unstable ground conditions, and poor ventilation (the tunnel face is the most polluted part of 
the tunnel), further limit the accuracy of the observations. Time constraints during excavation also 
reduce the opportunity for careful examination. Therefore, manual mapping sometimes provides 
information that lacks consistency and reliability despite the effort required. These limitations 
indicate that safer, faster, and more efficient methods are required to evaluate rock mass conditions 
in tunnel engineering. 

To address the limitations of traditional methods, digital mapping systems using mobile devices 
have recently been developed to support real-time geological evaluations during construction, 
effectively reducing the need for manual field assessments [4]. These systems enable rapid analysis 
and digital storage of geological data, helping to minimize human error and improve consistency in 
results. Digital imaging technologies further enhance the clarity and objectivity of tunnel face 
assessments [38]. Artificial intelligence (AI) and deep learning are revolutionizing tunnel face 
analysis. Instead of relying on a geologist’s judgment, convolutional neural networks can now 
interpret photos of rock faces. For instance, [10] trained a CNN (EfficientNet-based) to predict RMR 
scores directly from tunnel-face images. Their model “interprets the entire tunnel face image 
holistically” to improve objectivity. They report that the AI predictions closely followed the evolution 
of field-rated RMR, effectively reducing the subjectivity inherent in human evaluation. Similarly, Liu 
et al. (2024) developed a hybrid Transformer-UNet network to identify rock type and weathering 
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from rock surface images, achieving over 95% accuracy. These neural models cut the lag time of 
traditional lab testing: whereas lab-based strength tests are “complex, time-consuming, and unable 
to reflect real-time changes,” AI can provide instant estimates of rock strength on-site [35]. In 
summary, machine learning allows tunnel teams to make faster, data-driven decisions. 

Real-time decisions can be made based on accurate information and this is what the digital tools 
and advanced technologies contribute to safer and more efficient tunnel construction. While 
traditional mapping remains limited by subjectivity and environmental challenges, the integration of 
digital technologies presents a more effective alternative. Future research should be dedicated to the 
further development of these systems in order to increase the accuracy and reproducibility of the 
geological assessment. 

2.2. Research Gap Identification 

Despite recent advancements in digital tunnel face mapping, several important limitations still 
prevent its effective use in real tunnel construction environments. One problem is the absence of 
accurate, fast, and simple mapping methods that require minimal specialized expertise. Many current 
digital tools involve multiple complex steps, which can significantly slow down decision-making in 
tunneling projects, therefore making them inapplicable. For example, systems based on 
photogrammetry or LiDAR often require a longer time for 3D scanning, special software, expert 
engineers, and also need high-performance computers, which may not always be available. Taking 
all of these into consideration, the existing methods (both traditional and digital) still struggle to 
balance speed, simplicity, reduced dependence on expert interpretation, and low hardware 
requirements. Addressing this gap by developing a rapid, easy-to-use, and low-cost system that 
requires minimal computing support would represent a significant advance for both industry 
applications and research. 

3. Tunnel Rapid AI Classification (TRaiC) Platform 

3.1. System Architecture Overview 

The developed platform here is named Tunnel Rapid AI Classification (TRaiC), to be easy to call 
in this research and in future studies built upon it. The current release of the TRaiC package includes 
120 MATLAB functions, with plans to expand as new features are developed. The platform supports 
a wide range of tasks, including geometric modeling, AI-based trace detection, 3D point cloud 
generation, discontinuity analysis and characterization, image segmentation and annotation, LLM 
interface geologic description, and data exchange through a modular design that allows seamless 
integration of general and specialized tools. While the core computations are easily handled via user-
friendly graphical interfaces, the source code is fully accessible. This enables users to interact with 
the system through a straightforward interface, while researchers can explore and modify the 
underlying code for future developments. 

3.1.1. Integration of Different Technological Components 

This study implements an eight-stage processing pipeline that integrates multiple technological 
components to transform raw tunnel face imagery into comprehensive geological assessments. The 
workflow begins with defining the geometry of the tunnel excavation profile using a simple 2D 
drawing module, which captures fundamental geometric parameters, stores them, and establishes 
the scale and spatial framework for all subsequent analyses. Note that, in this study, the direction of 
the tunnel axis (y-axis) is toward true North, so the azimuth of the tunnel is assumed to be zero. This 
is followed by converting the 360° Panorama spherical images into standardized cube face photos, 
providing the visual foundation for the 3D visualization and automated discontinuity analysis. Then, 
a trace detection technique will be employed to apply AI-based image processing algorithms to 
identify discontinuity traces within these cube faces, generating trace segments on 2D images that 
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later will define fracture networks and structural discontinuities. To integrate the detected traces with 
the 3D geometry of the tunnel, a textured 3D digital twin will be created. This will result in a 3D RGB 
point cloud representation of the tunnel, effectively bridging the gap between 2D image analysis and 
3D spatial modeling. 

The integration will continue through the advanced analysis phase, where the 3D Traces 
Network Analysis algorithm will process the spatial relationship of 3D traces to identify discontinuity 
planes, size distribution, and spacing of discontinuities. Simultaneously, a Face Annotation module 
will be employed to enable artificial intelligence to analyze the photos obtained from the tunnel face, 
walls, and ceiling, producing both annotated imagery and descriptive text that provides semantic 
understanding of geological conditions. 

The RMR Scoring module will synthesize quantitative data from the trace analysis with 
qualitative geological descriptions generated by AI vision to generate standardized rock mass rating 
tables for RMR score estimations. Finally, all collected data, images, and analyses will be integrated 
into a multimodal RAG-LLM-based AI system to produce a comprehensive geological and tunnel 
face mapping report. This integrated approach ensures that each technological component 
contributes specialized capabilities while maintaining data coherence through the centralized code 
structure, ultimately delivering a complete digital twin of the tunnel section in standard 3D format 
with both quantitative measurements and expert-level geo-metadata. 

3.1.2. Central Data Structure and Overall Workflow Diagram 

Since the long-term goal is that the system developed in this research can be practically applied 
in real tunneling projects and its results can be used as input to a Geo-BIM (building information 
modeling) system for tunneling and geological digital data storage and management, the system's 
central data structure is organized as a hierarchical structure containing four primary categories: 
configuration data (outputs directory and structures, project specification, timestamps), core data 
storage (tunnel profile, cube faces, 3D digital twin, point clouds, 3D traces and discontinuities, joint 
sets, spacing analyses, feature annotations, RMR tables, and final reports), processing status flags 
(boolean indicators for each module's analysis completion state), and code metadata (creation date, 
version, contractor and author information). This centralized approach ensures data consistency 
across all tunnel section excavation sequences. The overall workflow and data structure are as shown 
in Figure 1. 

Figure 1. Overall workflow diagram and central data structure of the TRaiC platform showing the eight-stage 
processing pipeline and hierarchical data organization for 360° digital tunnel face mapping. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0784.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0784.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 28 

 

3.2. Tunnel Profile Drawing and Geometric Modeling Interface 

This tool is designed to provide users with the capability to generate accurate, real-scale tunnel 
geometries through both parametric and custom drawing approaches, supporting multiple standard 
tunnel configurations including circular, rectangular (with rounded corners), D-shaped, and 
horseshoe profiles. It leverages advanced user interaction, including grid-based coordinate snapping, 
real-time shape manipulation through draggable control points, and dynamic visualization. Once the 
tunnel profile is designed, profile coordinates are automatically exported in CSV format at the 
selected output directory, providing the data consistent for subsequent applications. Therefore, it 
enables rapid prototyping of tunnel geometries for engineering-grade tunnel design applications. 

3.3. Panoramic Image to Cubemap Conversion System 

The code developed in this step employs an algorithm for converting spherical panoramic 
images into cubemap representations through spherical coordinate transformations and 
interpolation techniques. The system employs mathematical projections that map 2:1 aspect ratio 
panoramic imagery onto six discrete cubic faces (front, back, left, right, top, bottom). The interface 
incorporates real-time preview capabilities and interactive rotation parameters for both horizontal 
and vertical axes to accurately adjust the tunnel face in the front face image. The rendering engine 
processes each cube map face independently. The rendered images are stored in a structured format 
for the upcoming process steps. The user interface of the code is shown in Figure 2a. In cases where 
a 360-degree camera is not available, users can alternatively capture individual images of each tunnel 
face (front, back, left, right, ceiling, and floor) using a standard camera (like a mobile phone) and 
upload them separately into the system for processing (Figure 2b). 

 

Figure 2. (a) User interface for converting panoramic images into six discrete cubic faces with real-time preview 
capabilities and interactive adjustment; (b) Alternative input method for uploading individual tunnel face 
images captured with a standard camera. 
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3.4. AI-Driven Semi-automatic Interactive Trace Detection 

Joint traces are the most important structural element of discontinuities visible in tunnel faces 
that could be used for geological characterization (ISRM, 1978). In this research, we implement a 
comprehensive artificial intelligence-driven analysis system for processing Cubemap representations 
of tunnel environments. The proposed methodology can address the inherent challenges associated 
with accurate trace identification in complex rock mass structures. The system in this platform 
employs a pre-trained neural network classifier based on the DeepLabV3+ architecture, a semantic 
segmentation framework developed by Google that has demonstrated exceptional effectiveness in 
joint trace identification applications [39–43]. Following the methodology established by Lee et al. 
(2022) [40], the training procedure incorporates diverse joint configurations with varying frequencies 
and orientations, supplemented by noise samples collected from different geological regions to 
enhance the classifier's robustness in detecting faint or small discontinuities [44]. The trained classifier 
performs pixel-level semantic segmentation on each tunnel face independently, generating binary 
trace masks that represent detected traces within the tunnel imagery. 

As shown in Figure 3a, the system employs a cubemap-style preview arrangement that mirrors 
the geometric relationships between tunnel faces, facilitating intuitive spatial understanding of the 
three-dimensional tunnel environment and enabling efficient validation of automated detection 
results. The code incorporates automated AI processing, but to enhance the accuracy of automated 
trace detection, the system integrates two critical manual supervisory steps that allow users to apply 
custom masks to processed images. The first supervisory step enables iterative refinement through 
selecting and removing incorrect trace segments (Figure 3b). The second step provides an interface 
for adding trace lines that are not recognized by the AI. This two-step manual operation ensures 
rational inclusion of all relevant discontinuities and significantly enhances both the accuracy and 
reliability of trace detection in complex rock mass environments (Figure 3c). 

 

Figure 3. AI-driven semi-automatic interactive trace detection system: (a) Cubemap-style preview interface; (b) 
Manual supervisory interface for removing and adding incorrectly classified pixels; (c) Final refined results after 
integrated AI processing and manual supervision. 

3.5. Digital Twin Development and 3D Reconstruction 

In this step, we developed a framework that integrates geometric modeling and texture mapping 
to create a textured 3D model of the tunnel (Figure 4). The method begins with the standardization 
and transformation of 2D tunnel cross-sectional profiles, ensuring proper scale and alignment with 
the reference image captured from the front face of the tunnel. Then it generates parametric 3D tunnel 
models by extruding the standardized profiles along a user-defined excavation length and mesh 
numbers (To ensure optimal computational alignment, the mesh count must be a multiple of 4). Users 
can dynamically adjust tunnel parameters, including mesh (or segment) count, excavation length, 
and face group orientations, with real-time visualization updates enabling immediate assessment of 
geometric modifications. 
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This advanced visualization is achieved by means of a complex texture mapping technique 
which projects the 2D images rendered from the spherical panorama onto tunnel faces. It also 
supports standard export formats, including OBJ and PLY files for 3D mesh models, as well as RGB 
point cloud generation with configurable resolution settings to accommodate varying computational 
or visual requirements. Such capabilities are important for tunnel simulation purposes, where the 
combination of geometric accuracy and textural realism is essential for effective geological feature 
mapping. 

 
Figure 4. The user interface for the transformation of a 2D tunnel profile to a 3D textured digital twin of the 
tunnel. 

3.6. Traces 2D Segmentation 

The trace analysis system enables users to do line segment detection on detected trace pixels on 
2D images. The system integrates two well-established computer vision algorithms for linear feature 
extraction: the Hough Transform method, which utilizes parameter space transformation to detect 
straight lines through edge point clustering, and the Line Segment Detector (LSD) algorithm, which 
employs gradient-based analysis for precise line segment identification with sub-pixel accuracy. 

3.6.1. Hough Transform Method 

The Hough Transform employs parameter space transformation to detect straight lines by 
mapping collinear points from image space to peaks in Hough space. The implementation utilizes 
polar parameterization where ρ = x cos θ + y sin θ, with ρ representing the perpendicular distance 
from the origin to the line and θ denoting the angle of the perpendicular relative to the horizontal 
axis. For each edge pixel, a sinusoidal curve is generated in Hough space by varying θ from 0° to 
180°, with line detection achieved through identification of local maxima corresponding to curve 
intersections. 

The algorithm operates with configurable resolution parameters, including rho resolution of 5 
pixels and theta resolution of 5 degrees as default values. Peak detection employs non-maximum 
suppression with a peak threshold set to 0.1 (10% of maximum intensity), maximum peak limitation 
of 100, and suppression neighborhood of 7×7 pixels. The detected peaks are subsequently converted 
to image coordinates with geometric constraints, including minimum line length filtering of 20 pixels 
and gap filling parameters of 10 pixels for segment connectivity enhancement. 

3.6.2. Line Segment Detector 

The LSD algorithm implements gradient-based analysis combined with region-growing 
techniques for precise line segment extraction. The method employs connected component analysis 
followed by Principal Component Analysis (PCA) for linear structure identification and geometric 
characterization. The detection pipeline begins with connected component analysis to identify 
discrete pixel clusters, followed by linearity evaluation through eigenvalue decomposition of the 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0784.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0784.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 28 

 

covariance matrix. A ratio test is applied where λ₁/λ₂ must exceed a 5.0 threshold for linear feature 
validation, with line fitting subsequently performed via Singular Value Decomposition (SVD) or 
linear regression fallback methods. 

The algorithm operates with several configurable parameters, including a minimum line length 
of 8 pixels, a maximum gap tolerance of 5 pixels, an angle tolerance of 25 degrees, minimum support 
points of 3 pixels, and a connection distance threshold of 2 pixels. The method achieves sub-pixel 
precision in endpoint determination through continuous optimization of line parameters within 
identified regions, providing enhanced geometric accuracy compared to parametric approaches. 

3.6.3. Comparison of Methods 

Both methods require comprehensive binary image preprocessing to optimize detection 
performance (Figure 5a). Common preprocessing operations include morphological skeleton 
extraction for line thinning to single-pixel width (Figure 5b), spur removal and area opening for 
artifact elimination, and optional morphological closing with disk-shaped structuring elements. 
Additional enhancement operations involve bridge operations for segment connectivity 
improvement and iterative refinement processes to maintain geometric integrity while reducing 
noise artifacts. 

Figure 5c,d demonstrates comparative results obtained from both methods on identical binary 
input data using the aforementioned default parameter settings. The LSD algorithm (Figure 5c), by 
detecting 879 line segments, demonstrates superior robustness, providing more accurate line 
detection with enhanced geometric precision compared to the Hough Transform method (Figure 5d), 
which only detected 275 line segments. However, LSD requires significantly higher computational 
cost due to its iterative region-growing and PCA-based analysis, making it more suitable for offline 
analysis where precision is prioritized over processing speed. The Hough Transform offers 
computational efficiency ideal for real-time applications but may produce less precise results, 
particularly for complex line configurations with fragmented or noisy structures. 

Both algorithms exhibit high sensitivity to parameter configurations, requiring empirical 
optimization through systematic parameter adjustment for individual datasets. The detection quality 
is highly dependent on image preprocessing quality, binary threshold selection, algorithm-specific 
parameter configuration, and input image characteristics such as noise level, line thickness, and 
structural fragmentation. Although both methods require careful parameter tuning to achieve 
optimal performance across varying image conditions, LSD always needs less effort to find the 
optimal settings. 
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Figure 5. 2D trace segmentation comparison: (a) Original binary input; (b) Preprocessed skeletal image; (c) LSD 
algorithm results; (d) Hough Transform results. 

3.7. 2D Line-Segments Linking 

This section presents a thorough computational framework for semi-automated line segment 
linking, addressing a fundamental challenge in image processing of discontinuity networks for trace 
analysis. The methodology employs a multi-stage optimization approach that integrates orientation-
based clustering and iterative geometric optimization to address fragmentation and redundancy 
issues inherent in conventional image processing and edge detection algorithms. The framework 
implements a threshold-based agglomerative clustering methodology that groups line segments 
according to angular similarities, with orientation angles calculated using arctangent functions and 
normalized to the range (0°, 180°) to resolve directional ambiguity. Initial processing employs angular 
threshold parameters for targeted analysis of segments with similar directional properties, followed 
by iterative refinement procedures that systematically evaluate cluster membership through 
validation criteria, optimizing angular proximity to dynamically updated centroids computed using 
circular statistical methods until convergence is achieved. 

The segment linking pipeline consists of three main stages, designed to systematically link 
related line segments using a dual-threshold strategy. In the first stage, the algorithm identifies and 
connects collinear segments by evaluating their angular similarity and spatial proximity, applying 
specific distance and angle thresholds. The second stage focuses on geometric refinement, where 
nearby endpoints are averaged and misaligned endpoints are projected onto their corresponding 
lines. Additional linking iterations are then performed to capture any remaining connections. The 
framework supports two processing modes: a unified mode for comprehensive analysis and a cluster-
wise mode for orientation-based grouping. 

Figure 6 illustrates an example of the segment linking process. Figure 6a presents the original 
879 line segments, and Figure 6b shows the processed result, where these were consolidated into 84 
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longer linked segments. Although the current algorithm performs well, the final outcome is highly 
sensitive to threshold selection, and different settings can lead to substantially different results. This 
variability can significantly influence subsequent analytical results of the software. Therefore, 
comprehensive research and development are required to enhance the line segment linking algorithm 
to more accurately reflect the real nature of discontinuity traces in rock masses. 

 

Figure 6. Line segment linking results: (a) Original fragmented segments; (b) Final linked segments. 

3.8. 3D Trace Network Creation 

The approach presented in this research for 3D trace mapping employs a novel technique that 
begins with the generation of six-channel texture representations combining conventional RGB pixel 
information with corresponding XYZ coordinates. This technique establishes direct correspondence 
between 2D image pixels and their 3D positions in the tunnel coordinate system. The core 
methodology centers on specialized coordinate transformation algorithms that perform pixel-wise 
extraction of discontinuity traces from multiple face projections. The system implements Bresenham's 
line algorithm [44] for pixel sequence extraction along detected traces, followed by coordinate lookup 
operations that retrieve associated XYZ data from the spatial texture channels. This methodology 
generates detailed 3D trace polylines that can preserve geometric characteristics of each discontinuity 
within the tunnel coordinate system. As shown in Figure 7, the code provides a visualization of the 
combined point cloud representations with overlaid discontinuity traces polylines for immediate 
visual validation of reconstruction accuracy and supporting subsequent structural analysis of the 
surrounding rock mass. 
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Figure 7. 3D trace network overlaid on the tunnel point cloud for spatial validation and visualization. 

3.9. Joint Set Analysis Using TNA Code 

3.9.1. Joints Visible Size Distribution 

The methodology employed in this section to measure the size distribution of joints relies on 
digital 3D trace data acquired from tunnel faces. As explained in the previous section, the visible 
length of discontinuity traces on tunnel faces is detected and digitized as polylines. These digitized 
traces serve as the input data for subsequent joint measurements and analysis. This method also 
highlights the importance of accurately measuring the visible trace length and shape of 
discontinuities, as their size and distribution in space is essential for a full description of the rock 
mass and for further analysis of the orientation and spacing of discontinuities. A sample data of a 3D 
traces network and its size distribution are respectively shown in Figure 8a,b. 

 

Figure 8. 3D traces length analysis: (a) 3D trace network with digitized discontinuity polylines; (b) Size 
distribution histogram of joint traces showing mean visible trace length of 1.29 m. 
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3.9.2. Joint Orientation Measurement Strategy 

This study adopted a semi-automatic  3D trace networks analysis approach for the recognition 
of joint orientations, building upon the methodology developed by Mehrishal et al. (2024) [45]. This 
approach is particularly well-suited for characterizing rock mass discontinuities from 3D trace data, 
overcoming many of the limitations associated with traditional field measurements and purely 2D 
techniques. The methodology encompassed several key steps: 

Curved Trace Identification: Utilizing the concept of a curvature index to distinguish between 
curved and straight traces enables us to identify traces with sufficient longitudinal curvature to define 
their discontinuity plane. Traces with a curvature index exceeding a user-defined threshold value 
(5% in this research) were considered curved, and their best-fitting planes were determined using 
PCA analysis. 

Co-planar Trace Identification: For straight traces, the methodology focuses on identifying co-
planar traces by spatially analyzing intersecting traces, incorporating a tolerance threshold to account 
for natural variations and numerical inaccuracies in real rock mass data, due to surface undulation 
of natural discontinuity plane. 

Based on the identified curved and co-planar traces, the orientation of the corresponding 
discontinuity planes was measured. To identify the principal joint sets from the derived discontinuity 
planes, we employed Kernel density function stereonet analysis to find the centers of local maximum 
pole concentrations (Figure 9a), followed by a cone-filtering approach to group neighboring poles 
with similar orientations into principal joint sets (Figure 9b). This comprehensive methodology 
allowed for a robust and accurate characterization of the rock mass's jointing system in this software. 

 
Figure 9. Joint set identification: (a) 2D and 3D representation of Kernel density analysis of poles distributions 
on Stereonet; (b) Principal joint sets from cone-filtering of similar orientations. 

3.9.3. Joint Spacing Measurement Methodology 

This research details a comprehensive methodology for calculating joint set spacing developed 
by Mehrishal et al. 2025 [46], using the aforementioned 3D trace network analysis algorithm (TNA). 
This approach aims to overcome the limitations of traditional scanline survey techniques by 
leveraging 3D planes of discontinuities and systematically evaluating virtual scanlines and various 
geological assumptions. The primary objective is to provide a more accurate assessment of 
discontinuity spacing by measuring the orthogonal distance between adjacent joint planes. To 
address the complexity of discontinuity spacing, the study differentiates between two types of 
spacing, as established in previous research [47,48]: 

Total Spacing: This is defined as the distance between immediately adjacent discontinuities 
along a defined scanline, irrespective of the joint set. While it indicates the overall fracturing in a rock 
mass (and it is applicable for empirical rock mass classification and RMR calculation), it is subject to 
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bias due to being measured along a single scanline and does not provide information specific to 
individual discontinuity sets. 

Normal Set Spacing: This is the distance measured along a scanline parallel to the mean normal 
of the joint set. Typically, in real rock outcrops, it is not possible to measure normal set spacing, and 
it could be derived from correcting the scanline orientation relative to the joint set normal orientation. 
In this research, the average of all normal set spacings is the mean normal set spacing. Normal set 
spacing is considered a robust indicator for block size and distribution within the rock mass, serving 
as a crucial input for numerical modeling and rock classification systems such as RQD calculations 
[49]. 

To accurately calculate the structural characteristics of rock masses, the proposed methodology 
in this software enables the user to systematically evaluate several assumptions and conditions 
related to the orientation, size, and spatial distribution of discontinuities within a multi-scenario 
framework: 
• Parallel Orientation Assumption: This assumes all discontinuities within a set are parallel to each 

other and aligned with the mean set orientation. While this simplifies calculations, it may not 
accurately reflect natural conditions. 

• Original Orientation Consideration: This approach accounts for discontinuity planes in their 
original orientations during spacing calculations, which is more realistic but can lead to local 
variations in spacing. 

• Fully Persistent: Discontinuities that completely penetrate the rock mass. 
• Partially Persistent: Discontinuities that partially extend until they intersect a scanline passing 

through the nearest plane. 
• Non-Persistent: Disk-shaped discontinuities that extend into the rock mass only along their 

visible trace on the outcrop. The spacing values derived under these three states can vary 
significantly. 

• Virtual 3D Scanline Strategy: The methodology employs multiple infinite scanlines positioned at 
the centers of discontinuity planes, minimizing conventional sampling bias. This approach offers 
a significant improvement over traditional methods, which often require impractical scanline 
positioning in the field. 

• Scanline Length: Virtual scanlines with infinite lengths, parallel to the mean set orientation, are 
utilized to estimate spacing, addressing inaccuracies that can arise from short scanlines. 

• Scanline Patterns: Two techniques are employed to mitigate imprecision resulting from small 
sample sizes, a uniformly scattered scanline pattern and scattering scanlines per plane. 

• Co-planar Plane Merging: This addresses the issues of fragmented exposure by identifying and 
merging co-planar discontinuity planes within each joint set. This is critical because some traces 
might belong to a single plane but appear as separate discontinuities when exposed on different 
faces of outcrops. Treating these as independent planes would skew mean spacing calculations, 
potentially leading to near-zero spacing values. 

By systematically analyzing five different scenarios that combine assumptions about joint 
orientation, persistence, and scanline positioning, the proposed methodology provides spacing 
values that reflect varying degrees of conservatism and geological realism. This comprehensive 
approach ensures a more robust and accurate characterization of the jointing system within the rock 
mass. Figure 10a illustrates an example of the total spacing distribution under the assumption that 
discontinuity planes are non-persistent while maintaining their original orientations. In addition, 
Figure 10b presents the normal set spacing distribution assuming that joints are fully persistent 
within the tunnel domain, also retaining their original orientations. These are examples that show 
how the TRaiC platform represents discontinuity spacing analysis results. 
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Figure 10. Joint spacing analysis results: (a) Total spacing distribution; (b) Normal set spacing distribution. 

3.10. LLM-Assisted Tunnel Face Description System 

The recognition and characterization of geological features in tunnel construction requires 
professional expertise. This research presents a novel hybrid methodology that integrates users' 
manual image segmentation and annotation with Large Language Model (LLM) image analysis 
capabilities for systematic qualitative description and geological interpretation of rock mass (to 
effectively combine human domain expertise with artificial intelligence capabilities for detailed 
analysis and interpretation). 

The key innovation is the realization of a multimodal AI framework using large vision language 
models for automatic geology interpretation. We use structured prompt engineering to perform rock 
mass characterization while maintaining adherence to established geological classification systems, 
specifically the Rock Mass Rating (RMR) parameters based on well-known terminologies in rock 
mechanics and geoengineering. The interface handles both textual queries and image data (through 
base64 encoding, which converts tunnel face images for API transmission), enabling the LLM to 
identify rock types, weathering conditions, joint characteristics, and structural features. 

The prompt engineering methodology constrains analysis to specific geological parameters, 
including rock type identification, weathering grade classification (W1-W5 scale), joint condition 
assessment, qualitative discontinuity spacing evaluation, and apparent strength determination. This 
method allows the results to be consistent with established geological classification schemes and 
maintain output suitable for practical field applications. This methodology combines human 
expertise precision with LLM-based analysis efficiency and represents a significant advancement in 
geological image analysis. 

The hybrid methodology workflow is illustrated in Figure 11. Figure 11a shows the initial 
manual annotation interface where a tunnel engineer identifies and marks geological features of 
interest within the tunnel faces (face, ceiling, and side walls) imagery. The graphical interactive 
polygon drawing and text annotation user interface enables precise selection of rock mass regions, 
allowing geological professionals to guide the AI analysis toward specific areas requiring detailed 
characterization. Figure 11b presents the image preprocessing and upload module, where annotated 
geological images are prepared for OpenAI API transmission (ensuring compatibility with the vision-
language model like ChatGPT, while maintaining image quality necessary for accurate geological 
feature recognition). Figure 11c demonstrates the geological interpretation results. It outputs 
geological descriptions including rock type identification, weathering grade classification, joint 
condition assessment, and structural feature analysis. The system has a particular effectiveness in 
documentation and standard report export. It can significantly reduce interpretation time compared 
to traditional manual assessment methods, but the accuracy of the geologic interpretations 
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significantly depends on the capabilities of LLMs, and more systematic research needs to be 
developed to validate the results. 

 

Figure 11. Hybrid geological analysis workflow: (a) Manual image segmentation/annotation interface; (b) Image 
preprocessing and prompt module; (c) LLM-generated geological interpretation results. 

3.11. RMR Scoring Module Overview 

Currently, a simple interface is presented in TRaiC to implement Bieniawski's (1989) Rock Mass 
Rating (RMR) classification system specifically for tunnel engineering applications. The system 
operates by accepting three primary input datasets: qualitative tunnel face description results, 
measured joint spacing values (total spacing and normal set spacings), and joint orientation data. 
These inputs are processed through a structured parameter acquisition framework that encompasses 
all six standard RMR parameters, including uniaxial compressive strength (UCS), rock quality 
designation (RQD), joint spacing, joint condition, groundwater condition, and joint orientation 
adjustment. Here, the UCS, condition of discontinuities, and groundwater conditions are all 
evaluated based on the descriptions and understanding of rock mass provided in the previous 
sections. The total spacing is another basic parameter of RMR that is directly measured based on 3D 
traces data analysis. In addition, the normal set spacing will be used to calculate RQD percentages 
based on volumetric joint count (Jv) presented by Palmstrom (2005). Finally, using the joint orientation 
data, the software features a specialized joint orientation analysis component that evaluates the 
spatial relationship between joint planes and tunnel axis, generating tunnel-specific favorability 
assessments and corresponding numerical adjustment factors that represent a modification over 
standard RMR applications. 

One of the limitations of the existing orientation adjustment categorization is that there is no 
accurate definition of when the discontinuity could be assumed perpendicular to the tunnel axis and 
when it is parallel to the tunnel axis. So, in this research, to develop a computer code to automate the 
calculations, it is assumed that the discontinuity and tunnel are parallel when the acute angle between 
the strike of the discontinuity and the tunnel axis is less than 35 degrees; otherwise, the discontinuity 
is perpendicular to the tunnel. Table 1 represents an enhanced version of the RMR joint orientation 
adjustment table, after Bieniawski (1989) and Moomivand (2018). 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 August 2025 doi:10.20944/preprints202508.0784.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0784.v1
http://creativecommons.org/licenses/by/4.0/


 17 of 28 

 

Table 1. RMR joint orientation adjustment table (after Bieniawski (1989), and Moomivand (2018). 

 

The code employs a real-time calculation script that continuously processes input parameters to 
measure the total RMR score. Users input parameters, including editable entry fields for the UCS, 
RQD, and joint spacing (pre-calculated from input datasets), and dropdown selections for joint 
condition and groundwater assessments corresponding to established geological classifications. 
Results are presented alongside the corresponding RMR rock class designation (Class I through Class 
V), with automatic assignment of some primary engineering parameters, including stand-up time 
estimates for various tunnel spans and relevant cohesion strength. The code generates a structured 
technical report that incorporates complete parameter assessments, scoring breakdowns, project 
identification information, rock classifications, and assessment dates, ensuring compliance with 
professional documentation standards appropriate for direct integration with the professional 
geotechnical reporting module of the software. 

3.12. RAG-LLM Report Generation System 

The RAG-LLM (Retrieval Augmented Generation - Large Language Models) report generation 
system in this research represents a novel approach to intelligent technical documentation in tunnel 
engineering. This system combines the powerful context-aware capabilities of modern language 
models with domain-specific knowledge retrieval to produce standardized, accurate, and 
comprehensive tunnel face mapping reports. This system addresses the urgent need for a rapid, 
consistent, standardized, and expert-level reporting system in tunnel engineering by leveraging both 
historical data and contemporary AI capabilities. Figure 12 schematically provides the system's 
operational workflow. 
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Figure 12. Workflow of the RAG-LLM system for generating tunnel face mapping reports. 

3.12.1. Private Database Construction 

Tunnel Database Curation 

The foundation of the RAG system relies on a comprehensive curation process for historical 
tunnel face mapping data. This process involves the systematic collection and preprocessing of tunnel 
geo-engineering documents, including past inspection reports, geological surveys, rock mass 
classification records, and technical standards such as RMR (Rock Mass Rating) and ISRM suggested 
methods. The curation methodology ensures data quality through automated text extraction from 
multiple document formats (PDF, DOCX, TXT) and implements content validation mechanisms to 
maintain consistency across the knowledge base. For each document, the text is extracted, the content 
is validated, and the metadata is enriched, for installation into a knowledge database. 

Database Organization and Indexing 

The knowledge database architecture is organized in a hierarchical structure (for document 
chunking) that categorizes documents based on their technical domain and relevance to tunnel 
reporting (segments large documents into semantically coherent sections while maintaining 
contextual relationships). Each document chunk is processed through embedding generation using 
state-of-the-art language models, creating high-dimensional vector representations that capture 
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semantic meaning and technical context. The embedding vectors are stored alongside comprehensive 
metadata that includes source information, document type classification, and relevance indicators. 
The current version of TRaiC utilizes embedding techniques through OpenAI's text-embedding-ada-
002 model to create high-dimensional vector representations of document content. These embeddings 
capture semantic relationships and technical concepts, enabling advanced similarity-based retrieval 
that goes beyond simple keyword matching. Thus, documents are categorized into different 
categories such as Standards, Guidelines, Historical Inspection Reports, and General reference 
materials. Such categorization provides ease of access to the information when generating a report 
and allows for context-sensitive retrieval. 

Data Retrieval Optimization 

The retrieval optimization framework implements search mechanisms that leverage cosine 
similarity calculations between query embeddings and document embeddings. The system 
incorporates configurable similarity thresholds and document retrieval limits to balance between 
relevance and computational efficiency. This approach ensures that only highly relevant information 
is retrieved for each specific query context and generation process. Threshold adjustment is based on 
query complexity and document availability, and it is tunable via a graphical interface provided for 
RAG settings. Moreover, the system realizes intelligent ranking algorithms, which rank the 
documents according to their relevance score, publication time, and technical authority. This multi-
factor ranking approach can improve the quality of the retrieved context and the accuracy of the 
generated reports. However, although it is verified that the methodology is effective, but still requires 
further research to validate the final results. 

3.12.2. LLM Integration 

The LLM integration system architecture centers on model selection from OpenAI's family of 
language models (particularly on GPT-4 variants) optimized for technical applications and capable 
of processing multi-modal inputs (images and documents). 

The LLM Customization approach utilizes prompt engineering and model parameter 
modification. Domain-specific system prompts can guide the model's behavior toward technical 
reporting standards (technically accurate and professionally formatted). This approach maintains 
compatibility with commercial language model APIs while achieving domain-specific performance 
improvements through carefully crafted instruction sets and context management. On the other 
hand, model parameter modification enables optimization of performance, cost, creativity, and 
response quality for different use cases within the reporting workflow. 

The TRaiC system uses a structured, multi-layered prompting approach that combines base 
system instructions, domain-specific guidance for tunnel face mapping, and contextual data retrieved 
through the RAG process. This approach emphasizes alignment with established reporting 
standards, proper citation of sources, and effective integration of relevant context. Technical 
reporting prompts are thoughtfully constructed to lead the language model systematically, covering 
key stages such as condition assessment, hazard identification, and suggesting recommendations. A 
central component of this approach is context integration, which ensures that retrieved document 
sections are incorporated seamlessly into the generation process while maintaining clear attribution 
and source transparency. By doing so, the system enables the LLM to draw on historical knowledge 
while preserving accuracy and accountability in the reporting process. 

3.12.3. Data Security and Privacy Considerations 

Cloud-Based vs. Local Deployment Options 

Engineering projects inherently involve significant data security concerns, as they handle 
sensitive information and confidential project details. In the current TRaiC platform, the RAG-LLM 
implementation relies on cloud-based APIs, which are not fully secure for handling critical data. 
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Recognizing this limitation, the system is designed with the flexibility to support alternative 
deployments, allowing organizations to adopt locally hosted, open-source language models that run 
entirely within secure environments. This feature ensures full control over data. 

Open-Source LLM Integration Framework 

The methodology offers a practical framework for deploying open-source language models, 
such as Llama Vision and Llava variants, on personal computers or secure local servers (removing 
the need for external API calls), ensuring that data remains within the organization’s controlled 
environment. The necessary scripts for connecting the platform to local models have been published 
and are freely accessible via https://github.com/ahmadmehri/LoLlama repository. This local 
deployment strategy relies on dedicated computational infrastructure to support large language 
model inference, while maintaining RAG functionality through locally hosted embedding models 
and vector databases. 

Security-Performance Trade-Off 

If we ignore the hardware requirements, the transition from cloud-based to locally deployed 
LLMs introduces key challenges related to accuracy and performance. While open-source models 
show strong potential, their capabilities can significantly vary compared to advanced commercial 
models. To address this, the security-focused deployment approach requires research and 
development for evaluation and validation to ensure locally hosted models deliver acceptable 
accuracy for technical reporting. Therefore, we emphasize the need for systematic research 
development to measure performance differences between cloud and local deployments, assessing 
factors such as technical accuracy, compliance with engineering standards, response consistency, and 
overall reliability in tunnel face reporting. 

3.13. Report Generation Pipeline 

The report generation module in the TRaiC system is designed to transform raw analytical data 
into well-structured tunnel face mapping reports. It uses MATLAB's built-in template-based 
framework for report generation to organize rock mass analysis components such as geological 
characterization, classification, hazard identification, and engineering recommendations. In this 
reporting system, each section can be updated or expanded independently, and it can integrate 
multiple data types, like text, images, diagrams, and analytical visuals, into a cohesive document. 
Images are placed in the context using AI-generated markers, ensuring they enhance the 
accompanying narrative. The platform supports multiple output formats, including PDF, Word, and 
HTML, for easy sharing across organizational platforms. Therefore, this end-to-end automation 
streamlines report production and ensures that final documents meet the technical and professional 
standards required in geotechnical engineering. 

4. Future Work and Development Roadmap 

The TRaiC platform represents a significant advancement in digital tunnel face mapping. This 
platform successfully integrates the advantages of 360-degree panoramic photos, artificial 
intelligence-aided rock joints characterization, and large language models capabilities into a unified 
system for rapid geo-engineering assessment. However, in order to reach full industrial utilization in 
tunnel engineering applications, there are still some critical areas that need to be developed further. 
The following roadmap includes the main research directions and the development priorities crucial 
for overcoming current limitations and further adoption in the tunnel engineering industry. 

4.1. Technical Enhancement toward Full Automation 

Overall, the future development of the TRaiC platform should focus on minimizing human 
involvement through automation strategies and improved technical capabilities. 
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4.1.1. Adaptive Thresholding and Quality Assurance 

The current implementation of the analysis process relies on several manual interventions that 
introduces subjectivity and limits the full automation of the process. One of the primary challenges 
lies in the sensitivity of key processes, such as trace detection, trace line segmentation, trace segment 
linking, and 3D discontinuity characterization, to the predefined threshold values. To address this, 
future research should prioritize the development of intelligent, adaptive thresholding mechanisms 
capable of adjusting analysis parameters automatically. Therefore, implementing an automated 
quality assessment protocol is essential for validating outputs and fine-tuning thresholds without 
human oversight. 

4.1.2. Enhanced Trace Detection through Hybrid Approaches 

Current trace detection methodologies can benefit from a more integrated approach that 
combines traditional computer vision techniques with AI-driven methods. The hybrid framework 
would enable systematic cross-validation of trace detection results. Such an approach is expected to 
significantly improve accuracy and reliability in identifying geological discontinuities. 

4.1.3. Robust Segment Linking Algorithms 

As noted in Section 3.7, the current segment-linking methodology exhibits limitations due to its 
dependency on user-defined thresholds for angular similarity, spatial proximity, and geometric 
refinement. This dependency often results in inconsistent connectivity patterns that do not accurately 
represent the natural fracture network. Future research should explore robust optimization 
algorithms capable of dynamically calibrating these parameters to produce linkage patterns that 
better approximate true geological structures. 

4.1.4. Expansion of Rock Mass Classification Systems 

At the current version, the system supports only the RMR (Rock Mass Rating) classification 
scheme. Expanding its functionality to include additional international standards such as the Q-
System and Geological Strength Index (GSI) would enhance the platform’s adaptability across 
different geological settings and improve its applicability in global tunneling projects. 

4.1.5. Automated Image Segmentation for Geological Feature Extraction 

A significant limitation of the current LLM-Assisted Tunnel Face Description System is its 
reliance on manual image segmentation, which is time-consuming and susceptible to human bias. A 
promising future direction involves developing an automated image segmentation module using 
advanced computer vision algorithms. This capability would enable the system to automatically 
identify and delineate geological features, such as lithological units or weathering zones, within 
tunnel face imagery. Integrating automated segmentation into the LLM-based framework would 
mark a critical step toward achieving a fully automated, scalable, and efficient geological analysis 
solution. 

4.2. Large Language Model Validation 

The current implementation of LLM-based geological interpretations represents a promising 
advancement in automated geological assessment, but systematic validation is essential to ensure 
reliability in engineering applications. Future development should prioritize the creation of domain-
specific parameter-tuned language models supported by extensive RAG datasets of tunnel face 
descriptions, geological reports, and engineering documentation, to improve accuracy in technical 
interpretations. This requires the establishment of comprehensive benchmarking protocols that 
compare LLM interpretations against expert geological assessments across diverse geological 
conditions and project contexts. The development of validation frameworks should include statistical 
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measures of accuracy, consistency, and reliability, with particular attention to identifying systematic 
biases or limitations in automated interpretations. 

The implementation of continuous learning systems represents another critical advancement. 
The feedback mechanisms allow the system to learn from user corrections and improve performance 
over time through active learning approaches. This requires the development of a data management 
system that can track user interactions, identify patterns in corrections and final results, and 
automatically update model parameters to improve future performance. Additionally, the 
development of explainable AI techniques would enable users to understand the reasoning behind 
automated interpretations, facilitating better integration of human expertise with artificial 
intelligence capabilities. 

4.3. Security and Privacy Enhancement 

As mentioned before, the current reliance on cloud-based APIs for LLM functionality presents 
data security concerns for sensitive information. The current platform has the capability to include a 
framework for deploying open-source language models on local computers to address security 
requirements. For example, Ollama is designed to facilitate exactly this kind of local AI development. 
Just the development of local deployment requires careful consideration of the performance trade-
offs associated with local versus cloud-based processing. 

Future research should establish systematic evaluation protocols for comparing the accuracy 
and reliability of locally deployed models against cloud-based alternatives, with particular attention 
to domain-specific performance in tunnel face mapping applications. This includes developing 
benchmarking frameworks that assess technical accuracy, compliance with engineering standards, 
and response consistency. Incorporation of compliance frameworks assuring adherence to various 
international data protection/privacy standards and specific industries' security requirements is 
another fundamental priority. 

4.4. Integration and Interoperability Development 

The development of comprehensive Geo-BIM frameworks represents a critical advancement for 
integrating TRaiC data with Building Information Modeling systems to support digital twin 
development for tunnel infrastructure. Future research could focus on creating standardized 
frameworks that ensure compatibility with industry-standard data formats and protocols, such as 
IFC, CityGML, and OpenBIM, to facilitate integration with existing engineering workflows. This 
requires the development of data translation algorithms that can convert geological assessment data 
into BIM-compatible formats while maintaining the integrity and accuracy of the original 
information. The implementation of lifecycle management strategies would support long-term data 
management for infrastructure maintenance, monitoring, and analysis throughout the tunnel's 
operational period. 

5. Conclusions 

This study introduced the Tunnel Rapid AI Classification (TRaiC) platform, an open-source 
solution designed to enhance the efficiency, accuracy, and safety of tunnel face mapping and rock 
mass characterization. By integrating 360° panoramic imaging, AI-driven discontinuity detection, 3D 
digital twin generation, and Retrieval-Augmented Generation with Large Language Models, TRaiC 
addresses the limitations of traditional manual mapping and existing digital methods that are often 
labor-intensive, subjective, and computationally demanding. 

The proposed eight-stage modular workflow demonstrates how advanced image processing, 
automated trace analysis, and intelligent report generation can streamline geotechnical assessments 
and facilitate rapid decision-making during tunneling operations. Unlike photogrammetric 
approaches, TRaiC delivers a lightweight, high-resolution textured digital twin optimized for Geo-
BIM integration, ensuring both practicality and interoperability within modern engineering 
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workflows. The open-source nature of the platform further promotes transparency, reproducibility, 
and collaborative research, paving the way for continuous innovation in AI-assisted geotechnical 
engineering. 

The results indicate that although the platform has the potential to significantly enhance the 
tunnel documentation methods and rock mass characterization but there are some limitations and 
bugs in the actual implementation that need to be improved. Relying on semi-automated stages, 
being sensitive to the setting of thresholds, being paired with non-secure LLMs, and the absence of 
capabilities of local model deployment indicate a requirement for future research in automation, local 
model deployment, and better system interoperability. Improving the rock mass classification 
beyond RMR is a further priority to enhance the industrial transfer of the platform 

Overall, TRaiC represents a significant advancement toward a fully automated, intelligent, and 
secure digital ecosystem for underground construction by combining AI-based methodologies with 
practical engineering requirements. While it lays a strong foundation for future developments in 
digital rock mass characterization and geotechnical decision-making systems, the current work 
serves primarily as a prototype rather than a ready-for-production solution. 

6. Code availability and Reproducibility 

The complete source code is available at GitHub1, and a demonstration video is also included to 
show the complete workflow. The code developed by MATLAB R2023b and the implementation 
requires the following toolboxes: 

• Computer Vision Toolbox (v9.0 or later) 
• Fuzzy Logic Toolbox (v2.8 or later) 
• Image Acquisition Toolbox (v6.0 or later) 
• Image Processing Toolbox (v11.1 or later) 
• Parallel Computing Toolbox (v7.2 or later) 
• ROS Toolbox (v1.2 or later) 
• Robotics System Toolbox (v3.0 or later) 
• Sensor Fusion and Tracking Toolbox (v2.0 or later) 
• Statistics and Machine Learning Toolbox (v11.7 or later) 
• Text Analytics Toolbox (v1.5 or later) 
• UAV Toolbox (v1.0 or later) 

A dependency checker script (analyzeProjectToolboxes.m) is provided in the repository to verify 
toolbox availability and compatibility before execution automatically. Users can run this script to 
ensure all required dependencies are installed on their system. The toolboxes are primarily utilized 
across five main modules, as illustrated below: 

 
1 https://github.com/ahmadmehri/TRaiC-Tunnel-Rapid-ai-Classification- 
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