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Abstract

Industrial digitalization increasingly requires automated tools capable of extracting struc-
tured knowledge from complex engineering documentation, such as Piping and Instru-
mentation Diagrams (P&IDs). This work proposes an integrated framework that combines
object detection and Large Language Models (LLMs) for automated Knowledge Graph (KG)
generation. The approach enables the transformation of unstructured P&ID schematics
into machine-interpretable representations, supporting data-driven analysis and decision-
making. A modular pipeline is developed, including image pre-processing, symbol detec-
tion via a YOLO-based model, and identification of semantic relations between schematic
elements using LLMs. The proposal also includes the definition of a reference ontology,
which is exploited for the construction of the KG, and a diagram dataset designed to test the
performance of the object detection model. The KG generation procedure achieves strong re-
sults in terms of image reconstruction across a wide set of industrial schematics, while also
preserving the semantic integrity and completeness of the original diagrams. The proposed
method represents a significant step toward the digitalization of industrial knowledge,
bridging traditional engineering documentation and semantic-based technologies.

Keywords: large language models; knowledge graph; object detection; piping and instru-
mentation diagrams; industrial digitalization; semantic reasoning; digital twin

1. Introduction and Motivation

Digital transformation is reshaping industrial scenarios by driving the adoption of
innovative digitalization procedures and techniques that enhance operational efficiency,
data-driven decision-making, and system integration [1]. In particular, industrial digitaliza-
tion refers to the integration of advanced digital technologies, such as Artificial Intelligence
(AI), cloud computing, and data analytics, into industrial operations [2,3]. By leverag-
ing digital tools, companies can streamline operations, minimize downtime, and reduce
operational costs while improving overall productivity. A key component of industrial
digitalization is the ability to extract, analyze, and use data usually defined in complex
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industrial documentation, such as Piping and Instrumentation Diagrams (P&IDs). P&IDs
are essential technical drawings used in industrial processes to visually represent the rela-
tionships between piping, equipment, and instrumentation components within a system [4].
These diagrams serve as a reference model for designing and maintaining industrial plants,
providing engineers and operators with critical insights into system functionality. Each
symbol and connection in a P&IDs conveys specific information, such as pipe sizes, flow
directions, pressure ratings, control valves, and measurement instruments. Traditionally,
analyzing these diagrams has relied heavily on manual interpretation, making the pro-
cess time-consuming, error-prone, and difficult to scale [5]. Object detection, powered
by advanced Machine Learning (ML) techniques, represents a transformative solution to
automate the extraction of meaningful entities and relationships from P&IDs schematics.
Leveraging computer vision algorithms, object detection systems can identify symbols,
text annotations, and structural patterns within these diagrams, converting static visual
information into structured digital datasets. Basically, these systems utilize deep learning
architectures [6], such as Convolutional Neural Networks (CNNs) and transformer-based
models, to achieve high accuracy in recognizing diverse elements, even in low-resolution
or noisy diagrams. Additionally, object detection models can be trained on domain-specific
datasets to improve their performance in recognizing industry-standard symbols and
complex arrangements unique to P&IDs.

However, the true value of this extracted data lies in its integration into a Knowledge
Graph (KG), a powerful representation framework that organizes information into inter-
connected entities and relationships. KGs go beyond traditional relational databases by
representing data in a graph structure, where nodes represent entities (e.g., equipment,
pipelines, sensors) and edges represent the relationships between them (e.g., connection,
control, measurement) [7]. This structure allows for a more flexible, semantic, and scalable
representation of complex systems, resulting in being particularly valuable in environments
with diverse systems and standards. KGs can unify heterogeneous data sources, bridg-
ing gaps between isolated datasets and providing a single source of truth for industrial
operations [8]. KGs also enable advanced querying and inference. Users can perform
complex queries across interconnected datasets, revealing hidden patterns, dependencies,
and anomalies that might not be apparent in tabular data [9]. Another significant advantage
is their capability to support reasoning over data, enabling systems to infer new knowl-
edge based on existing relationships and rules. In addition, a KG is highly interpretable
and human-readable. Their intuitive representation makes it easier for engineers, oper-
ators, and decision-makers to understand and interact with complex datasets, fostering
better collaboration and decision-making [10]. Nevertheless, manually constructing KGs
is a resource-intensive process, especially in industrial settings where datasets are vast,
complex, and frequently updated. Some key challenges include: (a) integration of data
coming from several sources and represented in different formats into a unified structure;
(b) presence of inconsistencies and unreliable insights due to human errors during the data
extraction and KG modeling tasks; (c) continuous effort required for keeping KGs up to
date with evolving data and documentation.

These challenges make manual construction infeasible and highlight the need for
automated approaches aiming to reduce the manual effort required to translate unstruc-
tured data into a structured format [11]. As highlighted in [12], automated KG generation
also ensures scalability, allowing large repositories of existing information to be processed
efficiently. Additionally, automated workflows minimize human error, improving the
reliability and accuracy of the KG. These pipelines can exploit rule-based systems, ma-
chine learning models, and Natural Language Processing (NLP) techniques to ensure the
accuracy and consistency of the generated data [13]. In particular, the automation of KG
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generation from data extracted via object detection in industrial schematics represents a
significant advancement in digitalization workflows. In this process, the raw data extracted
from engineering drawings, such as symbols, labels, and annotations, are transformed
into structured representations suitable for KG construction. Object detection outputs,
including identified entities and their relationships, are processed through entity recog-
nition and relationship extraction pipelines. Entities such as valves, sensors, pumps, and
pipelines are mapped to predefined ontologies, standardizing the representation across
different diagrams.

In the context of industrial documentation, Large Language Models (LLMs) repre-
sent a novel technology that can be used to manage both structured data stored in a KG
and unstructured textual sources (e.g., technical manuals, annotations, and operational
guidelines) [14,15]. They can perform tasks such as semantic text analysis, summarization,
and disambiguation providing contextual clarification for symbols or annotations that may
have multiple interpretations based on their placement or associated metadata. Addition-
ally, LLMs can enrich KGs by extracting new relationships and contextual information
from documentation and historical records [16,17]. This semantic enrichment enhances the
overall accuracy and usability of the KG also enabling a deeper understanding of system
interactions, dependencies, and potential failure points. Following this vision, this paper
proposes a novel pipeline combining:

¢  object detection for P&IDs analysis;
¢ automated Knowledge Graph generation;
¢ semantic enhancement through LLMs.

The proposed approach aims to streamline industrial documentation processing, re-
duce human intervention, and unlock new possibilities for data-driven decision-making
in industrial environments. This automated approach empowers industries to gain valu-
able insights, optimize maintenance schedules, predict equipment failures, and enhance
decision-making processes by leveraging the interconnected knowledge stored within
the graph.

The remainder of this paper is organized as follows. Section 2 reviews recent advances
about object detection applied to industrial schematics and summarizes current research
efforts on integrating LLMs with KGs. Section 3 presents the proposed reference framework,
detailing both the overall architecture and the underlying ontology modeling. Section 4
discusses the experimental results and examines the main challenges and limitations
encountered in applying the proposed approach. Finally, Section 5 concludes the paper
and outlines directions for future work.

2. Related Work

This section examines recent methods for visual interpretation of industrial schematics
(e.g., P&IDs, electrical single-line diagrams) and advances that integrate LLMs with KGs to
assist in industrial decision-making. The review covers three primary methodological areas:
(i) detection of symbols and lines; (ii) comprehension of diagrams with reconstruction
of topological elements; and (iii) LLM-KG methodologies for the extraction, retrieval,
and reasoning of knowledge. The discussion for each topic addresses problem settings,
model assumptions, datasets, and evaluation protocols, emphasizing both advantages and
challenges in relation to drafting variability, small-object recall, text-graphics association,
scalability for extensive archives, and reproducibility.

2.1. Object Detection Techniques for Industrial Schematics

Object detection in industrial schematics aims to convert raster drawings into struc-
tured, machine-usable representations while coping with dense symbol layouts, thin and
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partially occluded lines, heterogeneous drafting styles, and mixed text—graphics regions.
Within this context, a first group of contributions focuses specifically on P&IDs. A de-
tector leveraging deep learning and custom image-processing rules is described in [18],
designed to identify linear elements such as process lines, connectors, and flow arrows.
This method achieves high precision and recall for line categories, though it only partially
maps to device-level semantics. An image-based P&ID pipeline presented in [19] enables
the extraction of symbols, tags, and lines without training data by combining Optical
Character Recognition (OCR) and traditional vision techniques, resulting in fast end-to-
end runtimes on real plant documents. Consequently, the framework introduced in [20]
enhances continuous-line detection reliability, even with short linear segments and oblique
strokes, supporting large-scale digitization of legacy archives. Despite these advances,
dense annotations with small symbols and overlapping text on thin lines remain critical
challenges, often requiring post-processing and text-symbol correlation to ensure reliable
topology reconstruction.

A second group of contributions addresses electrical schematics. You Only Look
Once (YOLO)-style detectors, adapted with domain-specific symbol sets, are shown in [21]
to achieve high mAP for standard components and power connections, provided that
class distributions are balanced and labeling is consistent. A convolutional front-end
combined with graph traversal methods, introduced in [22], extracts grid parameters such
as ratings and impedances directly from substation diagrams, supporting the derivation of
computational network models. These methods demonstrate strong detection performance
but remain sensitive to error propagation across recognition and OCR stages, which can
compromise the physical coherence of reconstructed topologies.

A third research line focuses on diagram understanding through integrated detection,
OCR, and layout analysis. A text-processing pipeline for mechanical drawings is presented
in [23], where encoder models handle rotations and technical fonts, improving text-symbol
association in title blocks and callouts, though residual errors may still affect downstream
assemblers and limit portability across heterogeneous Computer-Aided Design (CAD)
layers. From the perspective of semantics at graph level, ref. [24] introduces a method that
models P&IDs as graphs, applying a graph neural network to classify functional line types
and move beyond pixel-space features, yet requiring refined graph data rarely available
in industrial contexts. In [25], a layered framework for electrical diagrams separates
element, text, and connection layers, combining YOLO, OCR, and occlusion handling,
before recomposing an electrical graph suitable for reasoning tasks.

Across these contributions, recent surveys such as [26] emphasize that although
deep-learning-based methods have significantly advanced diagram digitization beyond
traditional heuristic techniques, the field still faces major obstacles. Chief among these are
the scarcity of publicly available annotated datasets, severe class imbalance, the lack of stan-
dardization across domains, and limited generalization of trained models to heterogeneous
document types. Overall, existing approaches demonstrate clear advantages, in particular
high precision in symbol and line detection, effective utilization of pre-trained architectures,
and promising multimodal extensions, but also expose persistent limitations. Current
frameworks remain largely domain-specific, depending on proprietary symbol libraries
or manual post-processing, which restrict scalability. Moreover, most methods end with
geometric or visual interpretation and fail to capture the underlying semantic relationships
between components, resulting in partial or inconsistent topology reconstruction. Finally,
the absence of integrated pipelines combining visual detection, text understanding, and
knowledge representation limits their automation potential. These open challenges moti-
vate the need for a comprehensive framework that unifies object detection, language-based
reasoning, and ontology-driven KG modeling to achieve robust, semantically consistent
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digitization of engineering schematics. The following section explores how the integration
of LLMs and KGs can address these issues by enabling structure-aware reasoning and
semantic enrichment within automated industrial documentation workflows.

2.2. LLMs and Knowledge Graphs in Industrial Applications

Recent studies have explored multiple directions for integrating LLMs with KGs to
improve retrieval, reasoning, and knowledge representation in industrial domains. A
first group of contributions focuses on making Retrieval-Augmented Generation (RAG)
frameworks more structure-aware. In [27], a document-structure KG is embedded within a
GraphRAG pipeline to improve retrieval robustness and answer generation on technical
corpora. This approach enhances contextual relevance and mitigates hallucinations in
question-answering tasks. Similarly, ref. [28] introduces a reasoning-graph-based frame-
work, CRP-RAG, which models reasoning processes explicitly to guide knowledge selection
and dynamic planning during complex queries. These studies demonstrate how graph-
based reasoning can improve the factual grounding and transparency of LLM responses. A
second line of research investigates automated KG construction driven by LLMs. The frame-
work proposed in [29] combines LLMs with multimodal modules to enrich incomplete
graphs, leveraging text, audio, and visual data to address long-tail entities and improve
reasoning efficiency. A comprehensive survey in [30] analyzes Knowledge Graph Embed-
ding (KGE) techniques enhanced by LLMs, emphasizing how textual priors and symbolic
rules can be fused to strengthen generalization and scalability. In operational contexts,
ref. [31] presents a prompt-based LLM-driven approach for task-oriented KG construction,
combining few-shot learning with semantic validation to reduce manual annotation and
improve knowledge accuracy.

Beyond KG generation, several studies highlight their role as semantic infrastructures
for Digital Twins (DTs) and plant-level decision support. For instance, ref. [32] proposes
the PIDQA framework, which transforms P&IDs into queryable base graphs to enable
natural-language interaction grounded in accurate entity and relationship extraction. In the
same direction, ref. [33] develops a methodology to represent P&IDs as labeled property
graphs using the Data Exchange in the Process Industry (DEXPI) standard (The DEXPI
initiative defines a standardized, machine-readable XML format for the digital represen-
tation and exchange of P&IDs. It aims to ensure interoperability among computer-aided
engineering tools and support the development of intelligent, data-centric process models.
Further details are available at https://dexpi.org (accessed on 1 June 2026).) and integrates
them with LLMs through graph-based RAG, enabling intuitive natural-language access
to industrial schematics. Despite these significant advancements, existing approaches
still present important limitations that motivate the framework proposed in this work.
Current RAG-based systems exhibit high computational complexity and often depend on
predefined ontologies, which restrict adaptability to new industrial domains. Automated
KG construction methods driven by LLMs improve efficiency but frequently suffer from
inconsistencies, limited control over semantic accuracy, and challenges in handling tech-
nical schematics that mix textual and graphical elements. Moreover, most multimodal
or reasoning-graph frameworks remain largely theoretical or validated only on textual
corpora, without addressing the peculiarities of engineering documentation such as symbol
variability, spatial dependencies, and diagrammatic conventions.

Consequently, a unified and domain-oriented methodology is still lacking—one capa-
ble of connecting vision-based symbol detection, LLM-assisted semantic reasoning, and
ontology-driven KG representation. The framework proposed in this paper addresses
these gaps by combining advanced object detection, active learning, and semantic mod-
eling into a coherent pipeline that can automatically interpret and transform P&IDs into
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structured, machine-interpretable knowledge suitable for industrial analysis and decision
support. Table 1 summarizes the key features and limitations of the reviewed works. The
comparison shows a clear evolution from vision-based object detection and OCR pipelines
toward graph-oriented and LLM-assisted frameworks. While recent approaches improve
semantic reasoning and automation, they remain fragmented, domain-dependent, and
limited in scalability. The proposed framework overcomes these issues by integrating
detection, text interpretation, and ontology-driven KG generation within a unified and
extensible architecture.

Table 1. Comparative summary of the reviewed works on object detection and LLM-KG integration.
Legend: v = fully supported; o = partially supported; x = not supported.

Ref.  Obj. Detect.  Text/OCR  Graph LLM/KG  Multimodal Main Limitations and Remarks
[18] v % % % % H1gh accuracy in line recognition but lacks semantic mapping at
device level.
[19] v X X X No training data required; limited scalability to complex layouts.
[20] v % % % % Robust 11n.e extraction; does not address symbol recognition
or semantics.
[21] v % % % % Effect%ve for electrical diagrams; dataset imbalance and
domain dependency.
[22] v v v % % Graph-based parameter extraction; OCR propagation errors
affect topology.
Focused on textual recognition; uses VL/LLM for checks (no KG);
[23] X v X ° v e
layout/font sensitivity.
[24] % % v % % S;\g\l-based line-type classification; requires pre-existing refined graph
[25] v v v % % Layerectl c@etectlor} and reasoning; high preprocessing cost and low
semantic integration.
[27] % % v v % GrathAG improves QA accuracy but depends on
domain-specific ontologies.
[28] X X v v X Complex reasoning pipeline; validated only on textual data.
[29] X X v v v Multimodal KG completion; limited semantic control and consistency.
[31] X X v v X Prompt-based KG construction; accuracy sensitive to few-shot design.
[32] v v v 5 % Cor.werts P&IDS into query.abl(? graphs; needs
entity /relationship normalization.
[33] % % v v % Graph—b'a§ed RAG for P&IDs; prototype stage, high token cost, limited
adaptability.
This Unified pipeline (detection — OCR — LLM reasoning — KG);
work v v v v o assumes ontology/symbol availability; local LLM inference cost;

spatial coordinates excluded by design.

3. Framework Architecture

P&IDs emerged as an evolution of Process Flow Diagrams (PFDs) extending their
scope by incorporating detailed representations of control systems and physical connections
between equipment. While PFDs illustrate general process operations, P&IDs explicitly
represent critical components such as valves, measurement instruments, actuators, and
other elements essential for plant monitoring and control. Accurate interpretation of
these diagrams is vital across multiple domains, including new plant design, production
process optimization, and maintenance planning. Engineers rely on P&IDs to validate
equipment layout, develop automated control strategies, and ensure operational safety.
However, their visual complexity poses significant challenges for automated analysis, as
standardized symbols, connecting lines, and textual annotations are densely integrated
within the diagrams. Computational processing of P&IDs requires advanced object de-
tection techniques to accurately identify and classify diagram elements. When combined
with knowledge representation models, the extracted information can be converted into
structured and interpretable data, enabling deeper analysis of functional interconnections
among system components.

The proposed approach aims to develop a scalable and adaptable system capable
of interpreting P&ID diagrams and extracting structured information. The framework
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relies on a modular architecture that integrates advanced object detection, active learning,
and Knowledge Graph generation techniques to enable the automated analysis of P&ID
diagrams. The framework combines computer vision methodologies, knowledge represen-
tation and iterative learning, providing an innovative solution for automated analysis of
complex technical documents in process engineering. As shown in Figure 1, the reference
pipeline for P&IDs processing and KG generation consists of the following steps:

1.  Pre-processing of P&ID images. As detailed in Section 3.1, this phase aims to im-
prove the quality of input data into the recognition model removing unnecessary
textual elements that might interfere with the object detection process and optimizing
contrast and visual quality. These actions are essential to reduce noise in the image
and improve the distinction between symbols, increasing recognition accuracy and
minimizing false positives or negatives during automated analysis;

2. Object detection. Deep learning models (described in detail in Section 3.2) have been
exploited to recognize and classify symbols in the diagrams. In particular, the YOLO
model was adopted as reference framework for symbol recognition;

3.  Feature extraction and image reconstruction. The framework integrates a Slicing
Aided Hyper Inference (SAHI) [34] technique enhancing the detection of small objects,
avoiding identification errors due to the complexity of the overall image;

4. LLM-based Knowledge Graph generation. After completing the extraction of symbols
and the identification of related relationships, the framework converts all data into
a structured representation. LLMs are leveraged to identify relationships between
different P&ID objects and recognize recurring patterns that indicate functional or
structural connections within the same plant, enabling deeper semantic understanding
and contextual integration of extracted data. This semantic model allows the P&ID
components to be organized into a KG consisting of nodes and relationships, enabling
advanced analyses of technical correlations and plant operation patterns.

In particular, an Active Learning Cycle (ACL) [35] has been adopted in the third step
to improve the performance of the recognition model. ACL is an iterative ML strategy in
which a model is trained on a small initial labeled dataset and then progressively improved
by selectively querying the most informative unlabeled samples for annotation. At each
iteration, the model identifies uncertain or ambiguous instances, often using measures such
as prediction entropy or margin confidence, and requests labels for these samples from an
oracle (e.g., a human expert). The newly labeled data is then added to the training set, and
the model is retrained, repeating the cycle until a performance target is reached or labeling
resources are exhausted. The main benefit of this approach is that it significantly improves
model performance while minimizing the amount of labeled data required. By focusing
annotation efforts on the most informative samples, ACL enhances data efficiency, reduces
labeling costs, and accelerates convergence in the ability to interpret P&ID patterns.

Knowledge
Graph Creation

Large Language

Model %)
Image Processing

Reconstruction @

Object >0
Detection O ¢

Image Ve S
Processing oy

AL
(=]

Figure 1. Reference pipeline for P&IDs processing and KG generation.
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Each task is described in detail in the following sections, outlining the technical steps
required to transform raw diagram images into structured and semantic-enhanced data.

3.1. Preprocessing of P&ID Schemas

P&ID diagrams are complex and detail-rich images and need to be processed properly
before being passed to a neural network for automatic symbol detection. An example of
P&ID is reported in Figure 2 including valves, pumps, sensors and other equipment. The
analysis of P&ID diagrams aims to identify and accurately detect symbols representing
several components of an industrial plant. Preprocessing P&ID diagrams ensures that
the object detection model can operate with high accuracy. Preprocessing is also used to
improve image quality, reduce noise and adapt the input format to the specifications of
the deep learning model. This stage includes several operations: (i) normalizing images;
(ii) removing superfluous text; (iii) correcting geometric distortions; (iv) increasing the
visibility of technical symbols.

Cooling Pump Vacuum Pump
Cooling Shutoff Cooling Shutoff E( )]
Valve 2

Valve 1

Water Tank A
Valve

Cooling Tower

Crude Oil Tank j
Heat Exchanger

7 f

/

Separating
Column

Cooled fluid

tank Water tank

Depressurising Valve /L\ l

Separated Oil Valve 1

Crude Oil Tank To
Furnace Valve

Separated Oil Valve 2

Reactor Qil

Crude Oil Tank To b -
Furnace Pump Crude Oil
Furnace

Oil Mixing Tank

Mud Valve

Oil to
Reactor Valve
Mud Pump \

Boiler Crude oil to
Reactor Pump

Mud Tank

Figure 2. Example of P&ID schema.

The first step in the preprocessing stage is to apply grayscale conversion to the image.
This reduces computational complexity by removing the color component, which is not
essential for symbol detection. Additionally, grayscale conversion helps normalize the
visual intensity of objects, improving pattern recognition even in the presence of strong
contrasts across different parts of the diagram. Smoothing filters are also applied to reduce
noise, which is a common issue in digital images [36]. Filters such as Gaussian Blur help
to smooth out abrupt intensity variations that could otherwise compromise detection
accuracy. P&ID diagrams typically include labels, annotations, and other textual elements
that may interfere with the accurate detection of symbols. Consequently, these components
can be removed during the preprocessing phase to ensure a reliable symbol recognition.
Text removal is performed using OCR techniques to accurately locate and isolate areas
containing text. An inpainting technique is applied to fill the identified text areas with the
predominant background color, preserving the visual consistency of the diagram without
altering its overall geometry. Finally, the preprocessing stage also includes normalization
of image size. Since P&ID plots can vary significantly in dimensions and resolution, it is
crucial to standardize all images to match the input requirements of the object detection
model. This scaling ensures consistency across the dataset, facilitating effective model
training and convergence.
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3.2. Object Detection

YOLO is a series of computationally efficient models real-time object detection based
on CNNSs. It performs detection with a single image processing, ensuring fast and effi-
cient analysis. The model splits the image into a grid of cells and, for each cell, generates
predictions for objects. Every outcome has an associated probability and a bounding box
indicating the location of the object. Each grid cell can contain multiple predictions, each
associated with a class of object (e.g., valve, pump, sensor) and a related confidence proba-
bility. Object location accuracy is optimized using Intersection over Union (IoU), which
measures the overlap between the bounding box prediction and the actual object location
in the image. During model training, a specially designed dataset was used to represent
a variety of symbols found in P&ID diagrams. This dataset includes symbols in different
sizes, orientations and positions to simulate the complexity of real industrial diagrams. The
error function used in the training process includes two main components: (i) localization
loss, which measures the deviation between the predicted and actual bounding box location;
(ii) classification loss, which evaluates the accuracy in assigning the correct class to the
detected symbols. In particular, the YOLO model was trained using the backpropagation
method, which allows the weights of the neural network to be updated while minimizing
the error function. Furthermore, regularization methods were used to avoid overfitting
the training data, as well as augmentation techniques, which modify some image features,
such as rotations and translations, to improve the generalization ability of the model. An-
other key factor of the detection process is the use of the Non-Maximum Merging (NMM)
filter. This filter is used to handle cases where the model produces multiple overlapping
predictions for the same symbol in order to eliminate those with low confidence probability
and retain only the most accurate prediction. The application of NMM improves detection
quality by decreasing the chance of ambiguity in the location of objects. The final result
is depicted in Figure 3, highlighting the enhanced image obtained respect to the original
version in Figure 2. Through object detection, the YOLO model enables accurate mapping
of symbols in P&ID diagrams, supporting the transition to the next steps of the framework.

ooling-tower-wet-dray-natural-draught-

Vacuum Pump

Cooling Shutof Cooling Shutoff
Valve 2 frurnacel

Valve 1 Water Tank A N

Cooling Tower Valve
-fixed-

Cooled fluid
tank

Cooling Pump

Crude Oil Tank

E E E Separating

Column

Heat Exchanger

ater tank

Depressurising Valve

rude Oil Tank Remote
Valve

Separated Oil Valve 1 jacketed-mixing-vessel

Crude Oil Tank To
Furnace Valve

Separated Oil Valve 2

Reactor Qil

Crude Oil Tank To
Furnace Pump Crude Oil
Furnace

Oil Mixing Tank

Mud Pump Mud Valve

Oil to
Reactor Valve

Boiler Crude oil to
Reactor Pump

ud Tank

Figure 3. Example of object detection applied to a P&ID schema.

3.3. Feature Extraction and Image Reconstruction

The Feature Extraction phase in P&ID diagrams focuses on extracting distinctive
features from the symbols in the images. Thus, they can be properly classified and mapped
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with their spatial relationships. A key aspect of this phase is symbol detection, which
involves the use of advanced techniques such as Edge Detection. This is used to identify
and define the shapes of technical symbols, which are often similar to each other. In the
context of P&ID diagrams, symbols are frequently complex and overlapping, making them
difficult to extract correctly unless treated with appropriate processing techniques. For
example, valves, pumps, sensors, and other devices often exhibit similar geometric features
(e.g., curved lines or rectangular contours) making it necessary to apply edge detection
algorithms. Among the most commonly used methods of this type are the Canny [37] and
Sobel [38] algorithms, which are designed to identify sharp boundaries between symbols
and their surrounding regions. Thresholding techniques are then applied to obtain binary
images, where symbol edges are clearly defined. Accuracy in feature extraction is further
improved with techniques such as Slicing Aided Hyper Inference (SAHI), which divides the
image into small analysis windows. This approach is particularly useful for detecting small
symbols or those that, due to image density, might go undetected during global analysis. As
shown in Figure 4, each window is processed separately improving the accuracy of symbol
location. The dataset created for training these models includes a variety of symbols, with
a total of around five hundred unique symbols divided into twenty-four major classes.
The data augmentation approach includes techniques such as rotations and random image
translations, thus increasing the variability of the data and helping improve the strength of
the model in managing unfamiliar variants during training.
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Figure 4. Enhanced P&ID schema obtained after the feature extraction procedure.

Finally the image reconstruction phase is carried out to identify and map the rela-
tionships among the various components. After feature extraction and symbol detection,
the images were converted to grayscale or binary (black-and-white) formats (Figure 5)
to reduce computational complexity and enhance the contrast between symbols and the
background. This step enabled the reconstruction of the diagram structural layout, allow-
ing the identification of spatial and functional relationships among components and the
determination of main flow paths within the system.
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Figure 5. Example of black-and-white P&ID schema for image reconstruction.

3.4. LLM-Based Knowledge Graph Generation

The generation of a KG from P&ID diagrams concludes the process of digitizing
and automating industrial plant management. This process transforms the information
contained in the diagrams into a semantic-based data structure that clearly and consistently
represents the interconnections between the various components and symbols identified in
the diagram. Ontology design is the first step in the KG construction process and consists
of defining a formal structure that represents concepts, entities and relationships in the
specific domain of the P&ID diagram. This work adopts Linked Data (LD) principles [39] a
set of guidelines for publishing and connecting structured data on the Web. LD strongly
supports the use of pre-defined ontologies and standardized symbol sets when modeling
KGs. By linking data across different sources, LD enables the creation of a distributed global
graph of information, where related entities can be seamlessly discovered and integrated
across domains. In the context of KGs derived from industrial diagrams, the exploitation
of standardized ontologies ensure that the extracted knowledge is consistently structured
and machine-interpretable, enabling interoperability across heterogeneous industrial sys-
tems and digital engineering platforms. In addition, ontologies provide a formal and
semantically rich description of a specific reference domain by defining its entities, their
properties, and the relationships that interconnect them. Unlike a simple enumeration of
objects or terms, an ontology offers a structured and logically coherent model that cap-
tures the conceptual organization of knowledge within the domain. This formalization
ensures semantic consistency, allowing information to be interpreted unambiguously across
systems, and supports interoperability among heterogeneous data sources. Through the
explicit definition of relationships and constraints, ontologies provide the foundation for
knowledge integration, reasoning, and automated discovery within the broader ecosystem
of interconnected data.

The Resource Description Framework (RDF) [40] has been adopted as the reference
language for ontology definition. RDF provides a standardized and flexible data model
for representing information through subject-predicate—object triples, enabling the explicit
specification of entities, their properties, and relationships. Its graph-based structure
ensures semantic interoperability, allowing the integration of heterogeneous data sources
and facilitating reasoning and querying across interconnected datasets within the industrial
knowledge domain. In particular, to represent the elements existing within the industrial
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domain, the following well-known RDF vocabularies have been adopted, each serving a
specific modeling purpose:

*  RDF Schema (RDEFS) [41], used to define hierarchical relationships among entities,
enabling the mapping of subclass-of relations within the ontology;

. SAREF4SYST (https:/ /saref.etsi.org/sarefdsyst/ (accessed on 1 June 2026)), an exten-
sion of the Smart Applications REFerence ontology (SAREF) [42] designed to model
different system typologies and their interconnections, supporting the representation
of functional and structural dependencies between components;

e SAREF4BLDG (https:/ /saref.etsi.org/sarefdbldg/ (accessed on 1 June 2026)), an ex-
tension of SAREEF tailored to the building domain, used to represent physical assets,
spatial elements, and their relationships within built environments;

*  SAREF4WATR (https://saref.etsi.org/saref4watr/ (accessed on 1 June 2026)), an
extension of SAREF for modeling entities and processes in the water management
domain, including water networks, treatment systems, and related infrastructure;

*  SAREF4ENVI (https:/ /saref.etsi.org/saref4envi/ (accessed on 1 June 2026)), an ex-
tension of SAREF for the environmental domain, supporting the representation of
environmental conditions, storage systems, and related observations;

e  PID vocabulary, a domain-specific vocabulary proposed to model elements unique
to the reference scenario, providing specialized concepts and relationships relevant
to P&ID.

The next step consists of schema mapping, which involves associating the information
extracted from P&ID diagrams with the corresponding ontological structure. Although
P&ID diagrams encode rich technical information, they remain primarily graphical artifacts
and therefore cannot be directly interpreted by computer systems without an appropriate
semantic framework. Schema mapping is the process of linking the symbols, labels, and
visual connections extracted from a P&ID diagram to the concepts and relationships defined
in a reference ontology, enabling semantic interpretation. To accomplish this mapping,
the framework adopts both textual and semantic matching approaches. In the first phase,
labels extracted from symbols are normalized to eliminate syntactic variations and to
standardize technical terminology. Subsequently, the reference RDF vocabularies described
above, containing standardized industrial concepts, are employed to perform an initial
alignment between the extracted elements and their corresponding ontological entities.
To refine the alignment between the identified symbols and the corresponding ontology
entities, textual similarity techniques based on word embeddings and string matching are
employed. In cases of ambiguity, the contextual information in which a symbol appears is
used for resolving semantic conflicts.

The visual connections between symbols, obtained through the diagram analysis de-
scribed in Section 3.3, are subsequently translated into semantic relationships that comply
with the rules and constraints defined within the reference ontology. This process preserves
the logical structure of the P&ID schema and ensures semantic coherence across the ex-
tracted data. LLMs are employed to further refine these relationships by identifying the
semantic meaning associated with the connections among components, interpreting their
functional roles and dependencies within the diagram. For each relationship, the LLM also
generates a natural language description that captures its contextual relevance and techni-
cal significance. Gemini 1.5 Flash [43], an LLM developed by Google, was chosen for the
semantic interpretation of connections acting as a solid framework in dealing with complex
technical contexts. As reported in Table 2, the selection of the proposed model is motivated
by its native multimodal architecture and its strong capability to jointly process text and
visual inputs, combined with a very large context window. These characteristics enable
efficient fusion of heterogeneous information sources and support scalable reasoning over
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complex and information-dense diagrams, such as flowcharts, technical schematics, and
structured system representations, making the model particularly suitable for advanced
diagram analysis tasks. The model is also able to interpret visual information and extract
semantic relationships between symbols, accurately representing them in textual form.
Furthermore, its ability to generate context-aware descriptions and incorporate technical
details makes it a highly effective solution for P&ID diagram analysis, supporting the con-
struction of a knowledge graph derived from visual data. The model has been configured
with a maximum token limit per inference, where each token corresponds to a word or a
sequence of words. This extended token capacity allows the model to manage detailed
descriptions of symbol interactions, enabling the analysis of large and complex diagrams
with high accuracy and contextual depth.

Table 2. Comparison of LLMs with focus on diagram understanding and multimodal capabilities.

Model

Diagram Understanding  Long Context Key Strengths Key Limitations

Fast inference, strong

multimodal fusion, effective Slightly reduced reasoning

Very large (up to millions of depth compared to Gemini

Gemini 1.5 Flash Strong tokens in Gemini 1.5 family) for diagram-to-text reasoniNg:  pro/GPT-40 in edge-case

flowcharts, and technical . .

. logical reasoning
schematics
State-of-the-art visual
. Extremely large (1-10 M reasoning, excellent for Higher latency and

Gemini 1.5 Pro Very strong token-scale context) complex diagrams combined ~ computational cost

with long documents

Robust spatial reasoning,

Large (smaller than Gemini strong performance on Less scalable for ultra-long
GPT-40 Very strong 15 1;gamil ) scientific figures, UI multimodal documents
’ Y diagrams, and mixed compared to Gemini 1.5

reasoning tasks

E;gl;;ﬁ:l;tgzde;il)annatlons of Weaker spatial reasoning
Claude 3.5 Sonnet ~ Strong Moderate context window sun%marization of V(igsual compared to GPT-40 and

Gemini models

content

Flexible and research-friendly, ~ Struggles with complex
LLaVA 1.6 Moderate Limited good for simple diagram reasoning and long-context

understanding multimodal integration

The workflow begins with the creation of a structured prompt used as input to the
model. This step tunes the model to understand the spatial and functional context of each
symbol. The prompt is also enriched with information about the function of the symbols and
their operational linkage. In this way, the model is able to recognize not only the symbols
but also to identify their interactions within the diagram. The model’s temperature is low
to ensure that the model generates more deterministic responses, reducing the possibility of
variability. Once the model receives the prompt, it processes the data and provides a textual
description of the relationships between symbols. Usually, these descriptions are extremely
detailed and cover the links between the various components, such as connection type and
flow direction. Descriptions generated by the LLM model are used to refine and enhance the
connection existing within the KG. As shown in Figure 6, the final outcome is a consistent
and semantically enriched representation of the diagram in the form of a KG, which
enables advanced analysis and the extraction of structured information from technical
documentation. In this process, Gemini 1.5 Flash acts as an intermediate reasoning layer
that bridges low-level visual perception and high-level semantic representation. It maps
diagram elements to predefined ontological concepts and identifies functional relationships.
This structured output can then be directly leveraged for LLM-driven KG construction,
supporting downstream tasks such as querying, reasoning, and industrial process analysis.
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Figure 6. Example of a generated RDF-based Knowledge Graph.

Moreover, RDF triples composing the KG are stored in Neo4j (https://neo4j.com/
(accessed on 1 June 2026)), the graph database selected for experimentation. Each symbol
detected in the diagram is represented as a node, while the interconnections between
symbols are modeled as edges between nodes in the graph. This structured representation
facilitates a visual and interactive exploration of the connections among the components of
the P&ID, thereby supporting advanced analyses of plant structures and process flows. The
system also includes an export functionality designed to model graph data in a structured
and interoperable format, enabling subsequent processing through ML techniques or
integration with interactive visualization tools. The export process supports main RDF
serialization formats including JavaScript Object Notation for Linked Data (JSON-LD) [44],
which provides a standardized and machine-readable representation of the KG, ensuring
compatibility with semantic web technologies and data integration frameworks.

4. Experimental Results and Discussion

This section shows the results derived from the experiments conducted to analyze the
effectiveness and accuracy of automatic P&ID pattern recognition and analysis algorithms.
Details are also described regarding the preparation of the dataset, the methodology used
to evaluate the models, and a discussion of the results.

4.1. Dataset Preparation

The dataset used for experiments consist of 126 P&ID diagrams collected from a variety
of industrial sources, including plant manuals, real plant designs and diagrams generated
by industrial CAD software (AutoCAD Plant 3D 2024, Autodesk, CA, USA, https://www.
autodesk.com, accessed on 1 June 2026). The diagrams cover a wide range of plants and
processes, including chemical plants, power plants, water treatment plants, and distribution
networks. Collected diagrams vary in complexity, starting from basic diagrams with only
a limited number of components, to very complex diagrams representing plants with an
extensive network of piping, valves, pumps, control instrumentation and other equipment.
Each diagram in the dataset was manually annotated with the goal of identifying and
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labeling individual diagram components. Annotations were made using a tagging system
that links each symbol to a predefined class. In total, 5400 industrial symbols have been
annotated and categorized into 24 main semantic classes. For each identified symbol a
bounding box has been drawn, providing the detailed coordinates of the single component
within the image. The complexity of the processed diagrams is heterogeneous, with an
average of about 43 annotated components per diagram, while some diagrams contain
more than 80 interconnected elements. This variability allowed the evaluation of the
proposed approach under different levels of structural and semantic complexity typically
encountered in real industrial environments.

Before model training, a pre-processing step was performed to normalize the visual
characteristics of the images. This phase included resizing all images to a standard res-
olution, normalizing color and brightness values, and removing noise. Moreover, data
augmentation techniques were applied to increase the variability of the dataset and improve
the model’s ability to generalize. The augmentation procedures included random rotations,
translations, zooming, and variations in image contrast. Data augmentation was also used
to simulate possible changes a diagram might undergo in real-world scenarios, such as
tilting during scanning or changes in orientation when viewed on different devices. The
final dataset was split into three subsets for training, validation, and testing. The training
set accounted for 70% of the total dataset, while the validation and test sets covered 20%
and 10%, respectively. This partitioning was performed randomly, while ensuring a bal-
anced representation of all symbol types and components across the three sets. To prevent
the models from overfitting to the training data, the test set was constructed to include
diagrams that were not present in the training set. This allowed the simulation of real-world
scenarios in which diagrams may originate from plants not previously encountered by
the model.

4.2. Evaluation of Object Recognition Algorithms and KG Generation

The results obtained from training the P&ID symbol recognition model demonstrate
strong and consistent performance across all evaluated metrics. As reported in Table 3, the
model achieved an overall accuracy of 94.7%, confirming its ability to correctly classify
the majority of detected P&ID symbols while minimizing false positives. The recall value
of 94.6% confirms that the model can accurately detect most of the symbols contained
in the diagrams, thus minimizing false negatives. This outcome is particularly relevant,
considering the intrinsic variability of P&ID symbols diagrams in terms of size, orientations
and positioning. A mean Average Precision (mAP) of 97.5% underscores the robustness
and reliability of the proposed detection pipeline, indicating steady performance across
varied scenarios involving symbols of various shapes, sizes, and positions within P&ID
image diagrams. Such precision and recall values validate the model’s suitability for
industrial contexts, where symbol diversity and drafting inconsistencies often challenge
automated analysis.

Table 3. Performance metrics for the object detection model.

Metrics Value
mAP (mean Average Precision) 97.5%
Precision 94.7%
Recall 94.6%
Accuracy 94.7%

The evolution of the training process for the object detection model was evaluated by
tracking both the loss functions and performance metrics across training epochs. As illus-
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trated in Figure 7, the eight subplots collectively characterize the optimization behaviour
typical of object detection frameworks. The training and validation losses, comprising
box loss, class loss, and Distribution Focal Loss (DFL), decrease progressively over time.
Box loss reflects improvements in bounding-box localization, class loss captures enhanced
symbol classification accuracy, and DFL helps refine the regression of bounding-box dis-
tributions. The parallel reduction across training and validation losses indicates stable
convergence and suggests that the model generalizes well without exhibiting signs of
overfitting. Performance metrics further confirm these trends. Precision and recall rise
consistently throughout training, reflecting the model increasing ability to correctly detect
P&ID symbols while reducing missed detections and false positives. The growth and even-
tual stabilization of mAP@50 and mAP@50-95 demonstrate improved overall detection
quality, covering both coarse and fine-grained localization thresholds. This opposite yet
complementary trend demonstrates a consistent improvement in both localization and
classification performance, confirming effective learning and robust generalization on the
validation data. The continuous reduction in loss values throughout training indicates
that the network successfully captured the discriminative visual patterns of each symbol,
without showing signs of overfitting or underfitting. Moreover, the absence of oscillations
or premature saturation in the curves highlights a stable optimization trajectory and an
appropriate balance between the localization and classification tasks.

At a finer scale, the individual loss components exhibit complementary behaviours
that reflect different aspects of model optimization. The box loss, which measures the
accuracy of symbol localization within bounding boxes, decreases progressively, indicating
that the model learns to position symbols with increasing spatial precision in complex
layouts. The class loss, which evaluates the correctness of symbol categorization, follows a
similar downward trend, demonstrating a gradual refinement of inter-class discrimination.
Finally, the DFL loss, responsible for capturing fine-grained discrepancies in localization
and classification, consistently declines, showing the model ability to reduce residual
prediction errors and strengthen confidence in its detection outcomes. Collectively, the
evolution of losses and metrics shows that the object detection model learns effectively,
achieves stable convergence, and attains strong performance in recognizing and localizing
symbols within P&ID diagrams.
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Figure 7. Training and validation metrics for the P&ID symbol recognition model.

The previous results demonstrate that the object detection stage provides a robust and
reliable foundation for subsequent graph construction, ensuring that nearly all relevant
entities are correctly identified. Successively, to assess the quality of the generated KG,
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a semantic validation analysis has been conducted focusing on both the correctness of
the extracted relationships and the structural consistency of the graph representation. In
particular, the evaluation considered the following aspects: semantic correctness of the
generated triples; validity of the connections established between industrial components;
correctness of the inferred flow direction; and absence of disconnected or orphan nodes
within the graph structure. The analysis has been performed through a manual inspection
of 2150 semantic triples generated by the proposed system, comparing the extracted graph
representation against the original P&ID diagrams used as ground truth reference. The
obtained results demonstrate a high level of semantic reliability of the generated knowl-
edge graph. In particular, 91.8% of the generated triples were evaluated as semantically
correct, confirming the effectiveness of the extraction and semantic mapping process. The
correctness of the connections between industrial components reached 94.2%, indicating
that the system was able to accurately reconstruct the structural relationships represented
in the diagrams. The evaluation of flow-direction inference achieved an accuracy of 89.7%,
highlighting the capability of the approach to capture directional dependencies and process
flows within complex industrial schemes. Moreover, the KG generation process showed
strong structural consistency, with 96.1% of the generated graphs free from disconnected
nodes. The evaluation confirmed a strong correspondence between recognized entities and
their semantic mappings proving that the proposed framework effectively captures both
functional and contextual dependencies among components. Moreover, the consistency
of these mappings across different diagrams highlights the ability of the ontology-based
schema to generalize and maintain interoperability across heterogeneous industrial scenar-
ios. The proposed KG generation pipeline preserves the full range of information extracted
from the input schematics, with the sole exception of spatial coordinates. This omission is
not a technical limitation but rather a deliberate design choice, as positional data are mainly
intended for producing visually coherent diagrams and do not contribute semantically
meaningful information to the underlying schema.

Finally, an execution time analysis has been conducted to evaluate the computational
impact introduced by Google Gemini 1.5 Flash within the proposed pipeline. The aver-
age execution times observed during the experimentation are reported in Table 4. The
experimental results show that the semantic inference stage performed represents the most
computationally intensive component of the pipeline, accounting for nearly half of the
total execution time. This behavior is expected due to the complexity of the multimodal
reasoning task, which requires the joint interpretation of visual symbols, textual anno-
tations, and structural relationships extracted from the industrial diagrams. Despite the
additional latency introduced by the LLM module, the overall average execution time of
approximately 13 s per diagram demonstrates that the proposed approach remains compu-
tationally feasible for semi-automated industrial knowledge graph generation workflows.
Furthermore, the relatively limited overhead associated with KG construction and RDF
triple generation confirms the efficiency of the downstream semantic processing stages.
These results suggest that the integration of multimodal LLMs can significantly enhance
semantic understanding capabilities while maintaining acceptable execution times for
real-world industrial scenarios.

Overall, the generated KG provides a machine-interpretable representation of complex
P&ID schematics and acts as a semantic backbone for downstream applications, including
schema analysis, natural language-based manipulation, simulation input generation, and
digital-twin integration. The semantic coherence achieved through ontology alignment,
combined with the robustness of the detection pipeline, enables the construction of com-
prehensive and interpretable graph-based models that support advanced reasoning and
decision-making processes in industrial contexts.
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Table 4. Average processing time of the proposed pipeline.

Processing Task Time (s) % of Total Time
Image preprocessing 0.8 6.1

YOLO + SAHI object detection 29 22.0

Feature extraction and image reconstruction 1.1 8.3
LLM-based semantic inference 6.4 48.5

RDF triples generation 1.3 9.8

Neo4j graph generation 0.7 53

Total 13.2 100

4.3. Challenges and Limitations

The proposed framework represents an initial step toward addressing the digitaliza-
tion challenges of industrial documentation through the integration of LLMs and automated
KG generation. Although the achieved results confirm the technical soundness and feasibil-
ity of the approach, several challenges remain that may influence large-scale deployment
and domain transferability. A first limitation concerns the absence of a standardized and
comprehensive repository of industrial symbols and related ontologies for P&ID design.
Existing standards, such as DIN 30600 [45] and ISO 14617-1 [46], only partially cover the
diversity of graphical conventions adopted across industries. Consequently, current imple-
mentation still relies on manual symbol extraction and labeling to build training datasets
and ontological mappings. Nonetheless, preliminary analyses suggest that this dependency
can be mitigated, as the majority of symbols across industrial software suites share similar
graphical structures and semantics.

Another challenging aspect concerns the reasoning capabilities of current LLMs when
handling complex schematic representations. As discussed in Section 3.4, LLMs have
proven effective in identifying and structuring relationships among detected symbols.
However, this process focuses primarily on the detection of lines, connectors, and simple
associations. Incorporating domain-specific engineering knowledge, effectively embedding
specialized expertise within LLMs or dedicated Small Language Models (SLMs), could
substantially enhance contextual understanding, enabling the reconstruction of partially
degraded diagrams and the intelligent manipulation of schematic data. The interpretation
of textual labels in densely populated or low-quality diagrams is another area for improve-
ment. When schematics are derived from aged or scanned documents, text recognition
and symbol association become increasingly error-prone due to noise, distortion, or the
use of legacy notation systems. Addressing this issue will likely require hybrid strategies
that combine optical character recognition with multimodal reasoning and alignment with
historical datasets.

From an operational perspective, data privacy and security are also key considera-
tions. Industrial documentation often contains sensitive process information, making it
unsuitable for external, cloud-based inference. For this reason, local deployment of LLMs
or inference performed within secured, on-premise environments emerges as the preferred
strategy in the short term. Nevertheless, this approach raises legitimate concerns regarding
computational costs and energy efficiency, particularly when running large models on
dedicated Graphics Processing Unit (GPU) infrastructures. Ongoing comparative studies
of private inference frameworks are beginning to assess trade-offs among model accuracy,
latency, and energy consumption, suggesting that this area will remain an active focus
of research. Finally, while the proposed framework is theoretically scalable to other in-
dustrial domains, such scalability relies on the availability of well-defined ontologies and
pre-labeled symbol repositories. In contexts where these resources already exist or can be
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efficiently developed, the methodology can be rapidly adapted to new schematic types,
e.g., electrical diagrams or mechanical layouts.

5. Conclusions

This paper presented a novel framework for the automated interpretation of indus-
trial schematics through the integration of object detection techniques and KG generation
supported by LLMs. The approach enables the transformation of static P&ID diagrams
into structured, machine-interpretable representations, contributing to the broader goal of
industrial digitalization and data-driven process optimization. The integration of LLMs
has demonstrated to be effective in semantic structuring and contextual enrichment, al-
though more work is required to improve their reasoning ability on complex diagrams
and incorporate deeper domain-specific knowledge. Additional challenges include the
lack of standardized industrial ontologies and symbol repositories, the need for robust
multimodal reasoning over noisy or legacy documents, and the development of scalable
privacy-preserving deployment strategies.

Experimental validation has also confirmed the robustness and reliability of the pro-
posed pipeline. The object detection model achieved high precision, recall, and mean
average precision values, with well-behaved convergence across training metrics, demon-
strating its capability to accurately identify and classify industrial symbols under diverse
conditions. The resulting KG preserved the completeness and semantic coherence of the
original schematics, allowing the extracted information to be leveraged for downstream
applications such as schema analysis, natural language-based interaction, simulation input
generation, and digital twin integration.

Future research aims to expand the present pipeline towards achieving fully au-
tonomous and domain-adaptive functionality. Promising areas include: (i) developing
shared symbol repositories and unified ontological standards for PID and associated
schematics; (ii) refining LLMs and SLMs to incorporate expert engineering knowledge
for reasoning over incomplete or partially degraded documents; and (iii) optimizing on-
premise inference to balance accuracy, latency, and energy efficiency in privacy-sensitive
industrial settings. Future work may explore the exploitation of domain-specific fine-
tuning and transfer learning techniques to facilitate broader adoption and cross-domain
interoperability and the integration of specialized LLMs to automatically label previously
unlabeled symbols. Finally, the proposed framework will be tested in other technical fields,
e.g., electrical and mechanical schematics, to assess its scalability and compatibility with
existing digital twin ecosystems.
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