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Abstract

With the development of cutting-edge technologies like machine learning and natural language processing (NLP),
instruction analysis has changed. These methods concentrate on comprehending and analyzing both structured and
unstructured educational data. These days, computerized systems are taking the role of manual review methods. This
change enhances the speed and precision of deciphering intricate instructions.

Prevailing techniques include text summarization, object detection, and semantic segmentation. They help in extracting
essential information, identifying components, and mapping workflows. Computer vision also plays a key role in analyzing
visual instructions and diagrams. Together, these methods create a detailed understanding of instructional content.

In our project, these techniques are applied to automate product assembly manual analysis. Al models process both text
and images to generate structured, easy-to-follow assembly steps. This approach reduces manual effort, minimizes errors,
and enhances user experience. It lays the groundwork for smarter, Al-assisted instruction systems.

Keywords - Automated Assembly Instructions, Computer Vision, Graph Neural Networks, Natural Language Processing,
Large Language Models, 3D Scene Understanding, Task Sequencing, Instruction Generation, Smart Manufacturing, Al in
Documentation.
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1. Introduction

In today's era of Industry 4.0, the automation of
manufacturing and product development
processes is reshaping how businesses operate.
One critical yet often overlooked component of
product delivery is the creation of assembly
instructions. Traditionally, assembly manuals
are crafted manually by designers or technical
writers, which can be time-consuming,
inconsistent, and prone to human error.
Moreover, with increasing product
customization and complexity, manual methods
struggle to meet the demand for rapid, accurate,
and scalable documentation.

New prospects to transform this field are
presented by artificial intelligence (Al)
technologies, especially those in computer
vision (CV), graph neural networks (GNNSs),
and natural language processing (NLP).
Artificial intelligence (Al) systems may
understand the structural links between
components and forecast the proper assembly
sequences by examining 3D product models,
CAD drawings, or even product pictures.
Furthermore, these systems can produce clear,
succinct, and simple instructions that are
legible by humans when Large Language
Models (LLMs) are included.

In addition to speeding up the documentation
process, automating the analysis and creation
of assembly instructions enhances the precision
and caliber of manuals. It makes it possible for
producers to effectively create dynamic,
personalized, and multilingual instructions.
Furthermore, this kind of automation helps
meet the expanding demands of smart
factories, where Al-driven maintenance
solutions, real-time updates, and digital twins
are increasingly indispensable.

However, building a fully automated system for
assembly  instruction  generation  poses
significant challenges. These include accurate
spatial understanding of parts, logical task
sequencing, generalization to unseen products,
ensuring safety and ethical considerations, and
maintaining  user-centric ~ communication
quality. Addressing these challenges requires
the integration of multimodal Al methods that
combine visual, structural, and linguistic
information effectively.

This research proposes an Al-driven framework
that utilizes CV, GNNs, and LLMs to automate
the analysis and generation of product assembly
instructions. The goal is to develop a scalable,
accurate, and intelligent system that can be
applied across industries ranging from
consumer electronics and furniture
manufacturing to automotive and aerospace
sectors.

The subsequent sections of this paper present a
detailed literature review, describe the proposed
methodology, discuss experimental results, and
explore future directions for this emerging area
of research.

2. Literature Review

The automation of assembly instruction
generation has gained significant attention in
recent years, driven by advances in Artificial
Intelligence (Al), Computer Vision (CV), Natural
Language Processing (NLP), and Robotics.
Several  researchers have explored different
approaches to address the challenges associated
with automating the creation of technical manuals.

2.1 Instruction Generation from Visual and
CAD Data

Early research efforts have focused on extracting
assembly sequences directly from CAD models
and images. Chen and Scherer [2] proposed
methods to automatically generate instructions
from CAD data by analyzing part relationships.
Similarly, Wu et al. [5] and Krishna et al. [13]
introduced the use of 3D scene graphs to model
product  assemblies  for  better  spatial
understanding. Image-based approaches were
explored by Das and Batra [10], and Gan and
Wang [18], where product images were used to
infer procedural knowledge and task sequences,
demonstrating the potential of vision-based
methods for instruction generation.
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2.2 Al Models for Task Decomposition and
Sequencing

The decomposition of assembly tasks into logical
steps is crucial for generating understandable
instructions. Wang et al. [3] introduced neural-
symbolic models for task decomposition,
combining the strengths of neural networks and
symbolic reasoning. Liang et al. [9] utilized deep
reinforcement learning to plan optimal assembly
sequences, while Wang and Chen [22] focused on
learning action sequences directly from product
blueprints, highlighting the growing trend of
applying machine learning techniques for task
planning.

2.3 Language Generation for Assembly
Instructions

Generating human-readable instructions requires
sophisticated natural language capabilities. Huang
et al. [1] and Yao et al. [6] explored step-by-step
instruction generation using deep learning models
trained on large datasets. Wu and Yu [14]
proposed the use of multimodal transformers to
generate instructional content from videos. In the
domain  of instruction  refinement and
explainability, Gupta and Singh [11] emphasized
the importance of explainable Al for ensuring that
generated manuals are user-friendly and
trustworthy.

2.4 Integration of Vision and Language for
Robotic Assembly

Several works have investigated joint vision-
language models to enable robots to understand
and execute assembly tasks. Stone et al. [7] and
Wang et al. [21] highlighted how vision-language
pretraining can improve robotic comprehension of
assembly tasks. Cho et al. [25] demonstrated
instruction-guided  action  generation  using
transformers, bridging the gap between visual
perception and task execution.

2.5 Graph-Based Learning and 3D
Understanding

Graph Neural Networks (GNNs) have proven
effective for understanding complex assembly
structures. Zhang and Song [8], and Wu et al. [28]
applied GNNs for assembly part analysis and step
prediction. Their approaches capture the relational
information between parts, leading to more
accurate assembly planning and instruction
generation.

2.6 Emerging Trends: Few-Shot, Zero-Shot,
and Interactive Learning

Addressing generalization to new products, Yu
and Gupta [26] proposed few-shot learning
techniques, while Duan et al. [27] explored zero-
shot instruction understanding. Interactive
learning systems, such as AutoManual by Chen et
al. [31], leverage environmental feedback to
iteratively improve the quality of generated
manuals, representing the latest trend toward more
adaptive and autonomous Al-driven instruction
generation.

2.7 Augmented Reality and Human-Al
Collaboration

Emerging technologies like Augmented Reality
(AR) are also being integrated into assembly
instruction systems. Neb and Strieg [32]
developed AR-enhanced manuals based on
assembly features. Furthermore, Johnson et al.
[17] and Kim et al. [30] investigated human-Al
collaboration models to enhance the quality and
effectiveness  of  automatically  generated
instructions through user studies and Al-
augmented authoring tools.

2.8 Challenges and Future Directions

Despite substantial progress, several challenges
remain. As pointed out by Levine et al. [12] and
Finn and Levine [20], accurately learning object
affordances and relationships is critical for
reliable instruction generation. Tedrake [19]
discussed the complexity of analyzing assembly
tasks using machine learning, emphasizing the
need for models that can handle diverse and
intricate product designs. The generation of
synthetic datasets, as proposed by Hoiem and
Lazebnik [16], is also essential to overcome data
scarcity issues in training robust Al models.

3. PROPOSED METHODOLOGY

The proposed system is designed to automate the
analysis of product assembly information from
PDF documents containing spare part images and
generate detailed assembly instructions using Al
technologies. The system integrates Computer
Vision techniques, Large Language Models
(LLMs), and a user-friendly web interface for a
complete end-to-end solution. The overall
workflow consists of the following major
components:
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3.1 System Architecture Overview
The system is composed of three main layers:

o Frontend=Layer:
Implemented using Streamlit, this layer
provides user authentication
(login/signup), file upload capability, and
visualization of outputs. It ensures easy
interaction with the system without
requiring technical expertise.

e Processing-Layer:
This layer handles the core functionality:

Extracts image data from uploaded PDFs,
Analyzes the extracted images to detect
and interpret spare parts,

Processes the visual information to predict
assembly sequences,

Uses an LLM (GPT-40 Mini) to generate
human-readable step-by-step instructions.

o Output-Layer:
The output is produced in JSON  format,
representing a structured version of the generated
assembly manual, which can be further converted
into different display formats (text, PDF manuals,
web guides, etc.).

3.2 Detailed Workflow

3.2.1 User Authentication and File Upload

Users interact with a secure login and signup
interface. After authentication, they can upload a
PDF file that contains spare part diagrams or
images. The system ensures the uploaded file
meets format and size requirements.

3.2.2 PDF Processing and Image Extraction
Once a file is uploaded:

e The system extracts images from the PDF
using libraries such as PyMuPDF or
pdf2image.

o Each image is preprocessed (resizing,
denoising, contrast adjustment) to enhance
visual clarity for further analysis.

3.2.3 Spare Part Detection and Feature
Extraction

To analyze individual spare parts:

e Computer Vision models or pre-trained
deep learning techniques (e.g., using
OpenCV, YOLO models, or CLIP
embeddings) are employed to detect
distinct parts from the extracted images.

o Features such as part shape, connectors,
and spatial relationships are extracted.

o This information helps form a part graph,
representing how different parts may
connect logically.

3.2.4 Assembly Sequence Prediction
Based on detected parts:

e An Al-driven reasoning system predicts a
feasible assembly order.

e This step imitates task decomposition
research (as discussed by Wang et al. [3]
and Liang et al. [9]) where logical
sequencing is crucial.

o Graph-based models or logic rules can be
used here to understand dependencies
between parts.

3.2.5 Instruction Generation using LLM

For converting technical assembly sequences into
natural language:

e The processed parts and their predicted
order are fed into the GPT-40 Mini
model.

e The LLM generates step-by-step assembly
instructions, including clear actions like
"Attach Part A to Part B using Connector
C" or "Insert screw X into slot Y."

e If needed, the system can also generate
visual descriptions or assembly warnings
for better understanding, following work
by Huang et al. [1] and Gupta et al. [11].

3.2.6 Output Formatting

o The final instructions are structured into a
JSON format.
e Each step in JSON includes fields such as:

Step Number

Action Description

Related Part Names
Optional Notes or Warnings

e This structured output can later be adapted
into fully designed PDF manuals, AR
visualizations, or mobile guides.
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3.3 Technologies and Tools Used

Component Technology
User Interface |[Streamlit |
Streamlit  Authentication

Authentication

APIls
IPDF Handling |PyMuPDF, pdf2image |
Image Preprocessing ||OpenCV, PIL |

Part Detection
(Optional)

lLanguage Processing ||GPT-40 Mini (LLM) |

Data Handling &
Output

OpenCV, YOLOVS, CLIP

Python, JSON

3.4 Advantages of the Proposed System

o Scalability: Can process new products
without manual redesigning of manuals.

o Efficiency: Reduces time and cost
compared to human-authored guides.

e Accuracy: Al ensures logically consistent
assembly orders.

e Customization: JSON outputs allow easy
adaptation to multiple formats.

e User-Friendliness: Streamlit interface
makes it accessible to non-technical users.

3.5 Challenges and Future Improvements

o Complex Assemblies: Handling highly
intricate or modular assemblies may
require more advanced 3D reasoning.

« Vision Errors: Misinterpretation of poor-
quality images can affect the correctness
of instructions.

e Multilingual Manuals: Future versions
could automatically translate the generated
manuals into different languages.

To evaluate the performance and effectiveness of
the proposed system for automated assembly
instruction generation, a set of experiments was
conducted. The goal was to assess the system’s
response time, quality of generated instructions,
and user satisfaction.

4.1 Testing Setup

Platform:
The system was deployed using Streamlit as a
web application.

Hardware:

The experiments were conducted on a standard
laptop with moderate specifications (Intel Core i5,
16GB RAM).

Test Data:

A total of 5 different PDF files containing spare
parts diagrams were selected. These PDFs varied
in complexity — ranging from simple two-part
assemblies to moderately complex structures
involving 6-8 parts.

Test Runs:

Each PDF was processed twice, resulting in a
total of 10 experimental runs.

4.2 Metrics Evaluated

Three primary aspects were measured during
testing:

Response Time: Time taken from file upload to
receiving the generated JSON output

Instruction Clarity: Quality and understandability
of the generated assembly steps

User Satisfaction: Subjective feedback on the
usability and relevance of generated output

4.3 Results and Observations

Response-Time:
The system exhibited fast performance:

Minimum time: 4 seconds

Maximum time: 8 seconds

Average time: Approximately 5 seconds across
all runs.

Instruction-Clarity:
The instructions generated were:

Easy to follow,

Logically ordered,

Free from ambiguities or technical jargon, making them
suitable for general users as well as technical staff.

User-Satisfaction:
Based on informal feedback collected during the
testing phase:

Users reported high satisfaction with the
generated instructions,
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They appreciated the clarity and logical
sequencing of steps,

The structured JSON format was found to be
easily adaptable for other applications (like
mobile apps or printed manuals).

4.4 Sample Output Snapshot

A sample JSON snippet generated by the system
for a PDF containing 5 parts is shown below:

json
CopyEdit
[
{
"Step™: 1,
"Action™: "Attach Part A to Part B using
Connector C",
"Notes": "Ensure tight fit to avoid loosening."
h
{
"Step": 2,
"Action™: "Align Part D with the assembly and
insert screws.",
"Notes": "Use screwdriver size #3."
h
{
"Step": 3,
"Action"™: "Secure Part E on top of the
structure.",
"Notes™: "Check for alignment before final
tightening."
}
]

4.5 Discussion

The experimental evaluation demonstrates that the
proposed system is both efficient and effective in
generating assembly instructions from PDF-based
product diagrams.
Key observations include:

The quick processing time supports real-time or
near-real-time applications,

The high-quality instructions promote better
understanding and usability,

The system’s ability to generalize across different
PDF inputs shows strong scalability potential.

Minor challenges were noted in processing
heavily cluttered or low-resolution diagrams,
suggesting future improvements could focus on
advanced image preprocessing and noise
handling.

5. CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this study, an Al-driven system for the
automated analysis of product assembly
instructions was developed and evaluated. The
proposed framework combines computer vision
techniques, large language models (LLMs), and a
user-friendly web application interface to process
spare part images from PDFs and generate
structured assembly manuals in JSON format.

Experimental results demonstrate that the system
is capable of producing high-quality, logically
ordered, and easily understandable assembly
instructions within an average response time of 5
seconds. Users reported high satisfaction
regarding the clarity and utility of the generated
outputs.

The integration of Streamlit for the user interface
and GPT-40 Mini for natural language generation
proved effective in providing a seamless and
scalable solution for technical documentation
automation.

Overall, the project successfully addresses key
challenges in manual instruction generation by
offering a fast, accurate, and scalable Al-based
alternative that can be deployed across various
industries involved in manufacturing and product
design.

5.2 Future Work

While the current system shows strong
performance, several avenues for improvement
and expansion have been identified:

« Enhanced Vision Models:

Implementing advanced object detection
models (such as YOLOv8 or Mask R-
CNN) could improve the system’s ability
to handle more complex and cluttered
spare part diagrams.

e 3D Assembly Understanding:

Extending the system to process 3D CAD
models directly could further enhance
spatial understanding and allow for more
detailed and  accurate  instruction
generation.
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e Multi-language Instruction Generation:

Integrating translation capabilities would
enable automatic generation of assembly
manuals in multiple languages, supporting
global users.

o Interactive Assembly Guides:

Future versions could provide dynamic,
step-by-step interactive manuals, including
augmented reality (AR) overlays, to
improve user engagement and error
reduction during assembly.

e Error Detection and Correction:

Incorporating error detection mechanisms
to automatically flag inconsistencies or
potential assembly mistakes could increase
reliability and safety.

o Deployment and Scalability:

Developing a cloud-based version of the
system would allow wider accessibility
and scalability for industries needing
large-scale document automation.

By addressing these directions, the system can
evolve into a comprehensive platform for next-
generation smart manufacturing and technical
communication.
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