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ABSTRACT

The oil and gas industry in the Niger Delta faces a significant challenge with heterogeneous
datasets fragmented across multiple platforms and stored in diverse file formats, a situation that
impedes efficient research and operational optimization. To address this problem, this study
develops a Unified Field Model (UFM) designed to aggregate, harmonize, and standardize
these varied petroleum engineering datasets, including well logs, seismic data, and production
logs, using scalable cloud storage and data processing pipelines. The core of the research
involves creating a durable and adaptable data structure capable of handling both structured
and unstructured data while preserving relational attributes. This process is supported by
rigorous data quality assurance techniques, such as feature engineering, anomaly detection, and
petroleum engineering domain-specific imputation strategies. This UFM then serves as the
foundation for a web-based data brokerage platform, known as Petroleum Engineering
Research Datasets (PERD), which enables researchers and industry operators in the Niger Delta
to efficiently access high-quality petroleum datasets. This study provides a foundational
improvement for the sector, enhancing operational efficiency, improving data interoperability,
and allowing for the better use of computational tools to tackle complex Petroleum engineering
challenges, thereby improving study reproducibility and performance in the region.
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CHAPTER ONE

1.0 INTRODUCTION

1.1 Background to the Study

The oil and gas industry, particularly in the Niger Delta region, has long struggled with the
integration of diverse datasets, often leading to inefficiencies in both research and operational
decision-making. The petroleum engineering field generates massive volumes of
heterogeneous data, ranging from seismic readings and well logs to production logs and sensor
data. Unfortunately, these data types often exist in disparate formats, including structured
datasets such as CSV and Excel files, semi-structured data like LAS and SEG-Y files, and

unstructured data like PDFs and free text reports.

This fragmentation of data has become a significant barrier to the effective analysis and
decision-making that is vital for the efficient operation of the industry. As datasets come from
multiple sources, with varied structures and standards, integrating them for meaningful analysis
becomes an arduous task. Traditional database systems are ill-suited to handle such diverse and
complex data types, often leading to inconsistent results and prolonged decision-making

cycles.

The relevance of this study lies in addressing these integration challenges. A unified data model
capable of homogenizing disparate datasets is essential for enhancing data accessibility and
promoting data-driven decision-making. A Unified Field Model (UFM), which integrates and
standardizes these diverse datasets, could transform how petroleum engineering research is
conducted, leading to more efficient workflows, improved reservoir management, and

enhanced operational strategies.



This research aims to develop a robust, scalable platform that can aggregate, harmonize, and
deliver high-quality petroleum engineering datasets. By focusing on the local context of the
Niger Delta, it will address both the technical and operational challenges unique to this region,

providing a framework for the broader oil and gas industry.

1.2 Problem Statement

Effective petroleum engineering research and the successful deployment of Al and ML models
are fundamentally constrained by the lack of reliable, accessible, and integrated datasets.
Researchers and engineers spend a significant portion of their time on data cleaning,
preparation, and integration rather than analysis, investing substantial effort to resolve
inconsistencies and anomalies. This data bottleneck is increased by the diverse, non-

standardized, and often proprietary formats used across the industry.

This problem is particularly evident in the Niger Delta region. While global data repositories
like Volve exist, their content is generic and fails to capture the complex and specific geological
formations unique to the Niger Delta. Furthermore, researchers in Nigeria face significant
operational barriers in accessing commercially and nationally sensitive petroleum data, which

is governed by strict corporate and national policies.

Finally, traditional database technologies, such as relational database management systems
(RDBMS), are ill-equipped to handle the complex, hierarchical, and semi-structured nature of
petroleum data. Their rigid schemas and inability to natively store unstructured data make them

unsuitable for the agile and flexible data models required by modern analytics.

Therefore, a critical gap exists for a specialized data solution tailored to the Niger Delta. This
solution must be capable of harmonizing heterogeneous data, ensuring high quality, and
providing a scalable, secure, and accessible platform for researchers to advance data-driven

studies specific to the region's unique geology.



1.3 Aim and Objectives

The aim of this research is to design a scalable, web-based data brokerage platform (PERD)

that aggregates, harmonizes, and delivers high-quality heterogeneous petroleum datasets to

researchers, specifically tailored for the local context of the Niger Delta region.

Project Objectives:

To design a Unified Field Model (UFM) that is robust, flexible, and scalable with a data
structure capable of harmonizing heterogeneous petroleum datasets for efficient storage
while maintaining relational attributes.

To architect and provision an appropriate cloud storage solution to store, serve, and
query UFM data quickly in an online environment.

To ensure data quality by performing feature engineering and relationship analysis on
a pilot dataset, thereby informing the design of the automated data cleaning and
validation pipeline.

To investigate suitable data imputation strategies for a pilot dataset leveraging
Petroleum Engineering (PE) domain knowledge.

To establish a comprehensive and standardized set of columns for the pilot dataset by
researching all essential and expected columns in petroleum production datasets,

enabling accurate data mapping and the development of column-specific cleaning rules.

1.4 Significance of the Study

This study provides a practical solution to the persistent data interoperability challenges in the

petroleum industry. By developing and validating a Unified Field Model (UFM), this research

offers a pathway to unlock siloed data, directly contributing to the improvement of data

management for petroleum engineering research.

This work is significant for several key stakeholders:



For Researchers: It provides a model for accessing harmonized, high-quality, and
reliable datasets, which enables more efficient data exchange, supports reproducible
research, and accelerates the development of new models.

For the Nigerian Qil and Gas Sector: The UFM serves as a critical framework and
reference for future digital transformation initiatives. It directly addresses the data
access and quality barriers that are specific to Nigeria and the Niger Delta region.

For AI and ML Adoption: The UFM acts as a foundational layer for integrating
advanced analytics. By delivering clean, standardized, and analysis-ready data, it
enables the practical application of Al and machine learning tools to solve complex

petroleum engineering problems.

1.5 Scope of the Study

The scope of this project covers the design, development, and validation of the Unified Field

Model (UFM) and its supporting data processing pipeline. The research encompasses:

1.

Model Design: The design of a robust UFM utilizing JSON as the core data structure
to handle heterogeneous and hierarchical petroleum data.

Architecture: The implementation of a scalable, cloud-native architecture using
Google Cloud Firestore as the NoSQL document database, supported by Cloud Run
and Pub/Sub for automated data ingestion pipelines.

Data Processing: The development of Python scripts to process, clean, transform, and
standardize pilot datasets. This includes specific procedures for handling .grdecl (grid)
files and .xlsx (production spreadsheet) files.

Data Quality and Validation: The application of feature engineering, Exploratory
Data Analysis (EDA), and domain-specific imputation strategies using a pilot dataset

from the Volve field (referred to as the Saturn Field dataset).



5. Anonymization: The development and testing of a data anonymization protocol using

UUIDs to protect sensitive information while maintaining data structure.

The study focuses on establishing the proof-of-concept for the data pipeline and architecture.
It does not extend to the development of final AI/ML models, but rather prepares the data

foundation that these models require.

1.6 Limitations

While this research successfully validates the UFM concept, it is subject to the following

limitations:

o Dataset Source: The validation was performed using the publicly available Volve field
dataset. Although this dataset is comprehensive, it originates from the North Sea and
does not fully represent the unique geological complexities and specific data challenges
characteristic of the target Niger Delta region.

o File Format Scope: The proof-of-concept primarily focused on harmonizing structured
spreadsheet files (.x1sx, .csv) and semi-structured grid files (. grdec1). Other critical
and complex industry formats, such as . 1as (well logs) and . segy (seismic data), were
not included in the scope of this project and are recommended for future work.

o Scalability Testing: The cloud architecture performance tests for concurrent uploads
were validated with a maximum of 10 devices. While the results were positive, this
limited test phase does not fully simulate the potential load of a large-scale, industry-

wide deployment with thousands of data sources.



CHAPTER TWO

2.0 LITERATURE REVIEW

Modern advances in petroleum engineering encompass a dynamic landscape shaped by digital
transformation, the integration of artificial intelligence (Al) and machine learning (ML),
industrial internet of things (IloT), digital twin technology, advanced robotics, cloud and edge
computing, blockchain, and sophisticated imaging systems. Recent reports project that, in 2025
and beyond, trends such as generative Al for operational optimization, emissions reduction,
predictive maintenance, smart exploration using IoT sensors, and asset integrity monitoring are
revolutionizing the field, improving safety, efficiency, and sustainability objectives for
operators worldwide (AlphaSense, 2025; CapTech Consulting, 2024; AVEVA, 2024; StartUs

Insights, 2025).

These innovations in reservoir management, simulation, and predictive modeling, especially
when ML is applied, depend fundamentally on access to high-quality, high-volume datasets.
The success of ML and Al initiatives is anchored in data that is accurate, reliable, and
representative. Poorly curated data inevitably results in inaccurate or biased predictions,
undermining trust in outcomes. Literature affirms that robust data enhances the performance,
fairness, and robustness of analytic models, while the lack of data integration can introduce
error, bias, and misinterpretation (Kotwel, 2023; Adata.pro, 2020; Prometeia, 2020; Ayadata.ai,

2020).

Effective research within petroleum engineering is constrained without reliable datasets.
Studies in several fields, including petroleum, emphasize that model training, theoretical
development, and complex simulation are limited unless quality, completeness, and
consistency of data are guaranteed. Challenges encountered in the oil and gas sector—such as
missing values, data inconsistency, and extensive cleaning needs—delay research workflows

and data-driven decision-making. As noted by authorities in the domain, “high-quality data is
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essential to the development and refinement of Al applications because it directly affects the
accuracy, reliability, and fairness of model outputs” (Adata.pro, 2020; Mehdi Mohammadpoor,

2018; Anomalo, 2020).

Researchers have long faced hurdles in accessing high-quality petroleum data due to sensitivity,
ownership, and heterogeneity of data sources. Drilling records, reservoir performance datasets,
and production logs are typically considered sensitive commercial or national assets. These
data often exist in proprietary formats and require careful management, governed by strict
policies to safeguard intellectual property and national security interests. In Nigeria,
researchers confront significant operational barriers stemming from rigorous data governance
and corporate acquisition procedures imposed to protect the nation’s oil and gas resources.
Literature also highlights that security, privacy, and format compatibility are consistent
challenges for big data usage in oil and gas, compounding access issues for the research

community (Petroleum Agency SA, 2024; FileCloud, 2023; Gong et al., 2018).

Furthermore, researchers spend significant time on data cleaning, preparation, and integration.
Before analysis can commence, substantial effort is invested in resolving inconsistencies—
such as those arising from data being routed through multiple agencies or reported in disparate
formats—thereby slowing innovation. This struggle is intensified in the petroleum sector,
where formats range from structured CSV/Excel files to unstructured PDFs and well logs, and
where datasets may be incomplete or carry anomalies (Adata.pro, 2020; JPT/Society of

Petroleum Engineers, 2019; Kumari et al., 2023; Gong et al., 2018).

While global dataset repositories like UNISIM, The Well, and Volve offer valuable resources
for petroleum research, their content is often generic and does not cover the complex and

specific formations characteristic of regions such as the Niger Delta. The unique geology and



stratigraphy of the Delta create additional hurdles, reinforcing the case for regional or bespoke

data solutions.

The complex hierarchy, structure, and evolving parameters present in petroleum datasets
expose the limitations of traditional relational database management systems (RDBMS).
Industry practice reveals the prevalence of formats including .csv, .xls, .dlis (well logs), .las,
.segy (seismic), .pdf, and shapefile (GIS)—each designed for specific contexts and rarely
interoperable out-of-the-box. The heterogeneity and lack of standardization complicate
integration and analysis. Relational databases, with their rigid schemas and focus on structured,
tabular data, struggle to manage this diversity, posing well-documented challenges in handling
unstructured and hierarchical datasets, scaling horizontally, and maintaining schema flexibility

(Milvus, 2025; Atlan, 2023; Gong et al., 2018).

A robust solution must accommodate both structured and unstructured data, maintaining
relations among disparate input files, and supporting the inclusion of new fields without major
schema modifications. Examples of unstructured data prevalent in oil and gas include scanned
technical reports, handwritten field notes, and equipment status updates stored as free text or
image files. The sensitivity of these datasets is underpinned by their commercial value, national
security implications, and competitive advantage for operators, making security and access

control a top priority (Milvus, 2025; Kumari et al., 2023).

Relational databases are often unsuitable as they do not naturally support unstructured data, are
not compact when dealing with large, varied file types, and have rigid schemas which hinder
agile model development and integration of emerging data fields. Binary Large Object (Blob)
storage, while effective for raw data, lacks native update mechanisms and does not support
relational querying or direct relational mapping needed for analytic workflows. XML databases

can store unstructured data, but data representation is verbose and they are not compact for



high-volume industrial workflows. Moreover, XML lacks out-of-the-box relational support,

compared to modern document databases (Milvus, 2025; Atlan, 2023; FileCloud, 2023).

Graph databases provide support for unstructured data and enable modeling of relationships
through nodes and edges, satisfying requirements for direct updateability and relational
support, but can be less compact—a result of their storage model—which is noted in major

industry use cases (Gong et al., 2018; PLoS ONE, 2018).

JSON, on the other hand, offers a solution that aligns with the industry’s needs. It is well-suited
for representing semi-structured and unstructured data, is lightweight, supports schema
flexibility, offers natural relational mappings (via nested documents), and is human-readable
for easy debugging and maintenance. JSON files can directly model hierarchical petroleum
data—such as wells, reservoirs, and time-series logs—in a compact representation. The
widespread use of JSON in oil and gas for sharing drilling metrics, production updates, and
operational data indicates its acceptance within modern digital workflows. Adaptation of JSON
also streamlines integration with analytic platforms and cloud storage solutions, enabling
scalable, secure remote access—a critical industry priority in the era of distributed and

digitalized assets (JSON, 2025; Gong et al., 2018; PLoS ONE, 2018).

Cloud adoption has become standard practice in petroleum engineering, meeting needs for
scalability, rapid deployment, and remote access—with security, data encryption, and
compliance supported by best-in-class providers. Google’s Firestore is one such database-as-
a-service designed for cloud-native operations, combining schema flexibility, nested document
support, security, and efficient querying. Firestore is natively designed to store data in JSON-
like formats, supporting structured, semi-structured, and unstructured data, and facilitating

integration with cloud analytics pipelines (Firestore, 2025; Firebase, 2025).



CHAPTER THREE

3.0 METHODOLOGY

3.1 Design of the Unified Field Model (UFM)

The first step in this methodology involves the design of a robust, flexible, and scalable Unified

Field Model (UFM). The UFM is aimed at harmonizing heterogeneous datasets in the

petroleum industry, ensuring efficient storage while maintaining relational attributes.

Data Sources and Compatibility Evaluation:

Petroleum datasets exist in various formats like . grdecl, .egrid, .csv, .xls, .pdf,

etc., and each dataset requires an understanding of its unique structure and metadata.

relational mappings between the different types of data.

The challenge lies in creating a model that can handle such diversity and support

A conceptual model is developed using JSON to represent key entities, their attributes,

and their relationships. This model incorporates Entity-Relationship (ER) mapping and

ontology-based schemas.

Unified Field Model

(UFM) - JSON Schema

RESERVOIR

STATIC
MODEL

DYNAMIC
MODEL

FRONT END \ APPLICATION >
- SERVICES

PRODUCTION

‘DRILL\NG DATA‘ | WELL LOG ‘ DATA

Figure 3-1: UFM Structure
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Why JSON?: JSON is chosen because it supports flexibility, schema evolution, and
efficient storage of complex and nested data structures common in petroleum datasets.
Its ability to represent hierarchical data and relationships (e.g., wells within reservoirs,
production logs within wells) is crucial for the model’s success.

JSON also eliminates the need for complex joins, typically required in SQL databases,

which are inefficient for handling semi-structured datasets.

11



Characteristic JSON Graph | XML SQL Table | Blob
(Document) | (DB) (Document) | (RDBMS) (Binary
Data)
Human Readable Yes No Yes Yes No
Unstructured Data | Yes Yes Yes No Yes
Support
Direct Updatability Yes Yes Yes Yes No
Compact Yes No No No Yes
Schema Yes Yes Yes No Yes
Flexibility/Evolution
Relational Support Yes Yes No Yes No
Simple to Learn Yes No Yes No No
Directly Usable with | Yes No No No No
Firestore

Table 3-1: Comparison of the characteristics of various data storage technologies.

System Architecture and Evaluation:

e Performance tests with pilot data from the Saturn Field confirm that JSON-based
architecture maintains relational connections and supports low-latency queries,

validating its suitability for the UFM.

12



3.2 Cloud Storage Architecture for UFM Data

The next stage of the project focuses on the architecture and provisioning of an appropriate

cloud storage solution that can store, serve, and query UFM data efficiently.

Key Requirements:

e The cloud storage solution must accommodate large volumes of heterogeneous
petroleum data, ensuring scalability, low latency, and high availability.

e Google Cloud Firestore is chosen for its distributed, object-based storage model, which
can efficiently store JSON documents. Firestore’s low-latency and automatic scaling

features are critical for handling concurrent queries and large datasets.

System Design:

e Firestore functions as the primary NoSQL datastore, organizing each field’s data into
collections of lightweight JSON documents, which optimizes query speed.
¢ Data transfer pipelines are automated using Cloud Run and Pub/Sub to ensure efficient,

batch-upload handling.

13
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Figure 3-2: Cloud Architecture

3.3 Data Quality Assurance and Feature Engineering

The third stage focuses on ensuring the quality of data by performing feature engineering and
relationship analysis. This process utilizes a pilot dataset from the Saturn Field to evaluate data

consistency, detect anomalies, and inform the design of an automated data cleaning and

validation pipeline.
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Data Preprocessing:

e Raw datasets are pre-processed using Python, which systematically separates numerical
and non-numerical columns for targeted analysis.

e Exploratory Data Analysis (EDA) is performed to identify relationships and
correlations within the dataset, visualized using tools like Pandas, Seaborn, and
Matplotlib. This helps detect anomalies and understand how various data attributes

interact.

Data Cleaning and Transformation:

e Numerical and categorical columns undergo specific cleaning processes, such as
handling missing values, filling blank cells with the dominant value, and ensuring
pressure and temperature columns maintain logical relationships.

e For non-numerical fields, string values are converted to UTF-8 encoding and
standardized for consistency, such as adjusting capitalization or handling extra

whitespace.

Data Formatting:

e Each column is converted into standardized, machine-readable formats like datetime,
float, and geographic coordinates. This enables easier analysis, query execution, and

geospatial analysis for future use.

15
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3.4 Data Imputation Strategies Using Petroleum Engineering Knowledge

The fourth stage investigates data imputation strategies tailored to the petroleum domain. This
involves leveraging domain-specific knowledge to restore missing or incomplete data while

preserving the relationships and characteristics inherent in petroleum data.

16



Identifying Relationships and Missing Data:

e The dataset is analyzed for missing values and structural anomalies. Strong correlations
between variables like Onstream Hours and Oil Produced are explored to guide
imputation strategies.

e Pair plots and other visual tools help identify correlations, clusters, and outliers, which

are addressed using imputation methods informed by petroleum engineering principles.

Imputation Techniques:

e A systematic approach is adopted to recover missing values based on domain
knowledge. For example, missing production values are imputed based on associated
metrics, such as the proportional relationship between production volumes and
operating hours.

e OQutliers are removed using statistical methods like the Interquartile Range (IQR),

ensuring that only valid data is retained.

3.5 Column Standardization and Development of Cleaning Rules

The final stage of the methodology involves standardizing the dataset's columns and
developing column-specific cleaning rules. This process ensures that the pilot dataset adheres

to industry standards and improves data quality for future research and analysis.

Research and Standardization:

e An extensive review of industry-standard data models, like the PPDM schema, is
conducted to identify essential columns commonly found in petroleum production
datasets. These include well identifiers, production volumes, reservoir characteristics,
and operational parameters.

e Columns are categorized into relevant groups such as identifiers, temporal records, and

production metrics.

17



Data Mapping and Cleaning Rules:

A detailed mapping process is established to ensure all identified columns are included
in the dataset. Column-specific cleaning rules are implemented to ensure data
consistency and integrity. For example, missing production data is filled conditionally,
and spatial coordinates are standardized for geospatial analysis.

This standardized dataset serves as the foundation for future automation, analysis, and

visualization tools.
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CHAPTER FOUR

4.0 RESULTS AND DISCUSSION

4.1 Design of the Unified Field Model (UFM)

The design and implementation of the Unified Field Model (UFM) employed a JSON-based
architecture, ensuring the seamless integration of various petroleum datasets. The model was
particularly effective in managing complex relationships between different datasets such as
wells, reservoirs, and production logs. A series of tests with pilot data demonstrated that the
UFM could effectively handle heterogeneous formats (.grdecl, .csv, .egrid, .pdf)

without compromising data structure or query performance.

JSON's flexibility and hierarchical structure were key to ensuring the scalability and ease of
data retrieval, far surpassing the capabilities of traditional relational databases and XML in the

context of this project.

Below is a preview of a pilot .grdec1 file, which contains critical information on the 3D
computational grid and the physical properties of each cell, integral for reservoir flow

simulations. Key properties extracted include:

Porosity (PORO): The fraction of the rock volume that is void space, allowing for fluid

storage.

e Permeability (PERMX, PERMY, PERMZ): The rock's ability to transmit fluids in
the X, Y, and Z directions, respectively.

e Net-to-Gross (NTG): The ratio of reservoir rock to total rock volume.

e Active/Inactive Cells (ACTNUM): Flags indicating which cells are part of the flow

model.

The following Python script was developed to extract and store these values into JSON format:
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5. 5. def extract_grdecl _data(input_file_path, output_dir):
6. 6 input_base = os.path.splitext(os.path.basename(input_file path))[0]
7. 7
8. 8. suffix = 1
9. 9. while True:
10. 10. output_file_name = f"{input_base}{suffix:02d}.txt"
11. 11. output_file_path = os.path.join(output_dir, output_file_name)
12. 12. if not os.path.exists(output_file_path):
13. 13. break
14. 14. suffix += 1
15. 15
16. 16. data_dict = {
17. 17. "Textual Data": [],
18. 18. "Numerical Data": []
19. 19. }
20. 20
21. 21. try:
22. 22. with open(input_file_path, 'r') as file:
23. 23. lines = file.readlines()
24, 24.
25. 25. filtered_lines = [line for 1line in 1lines if 1line.strip() and not
line.startswith(("#", "!1"))]
26. 26.
27. 27. for line in filtered_lines:
28. 28. if line.strip():
29. 29. if any(char.isdigit() for char in line):
30. 30. try:
31. 31. values = list(map(float, line.split()))
32. 32. data_dict["Numerical Data"].append(values)
33. 33. except ValueError:
34, 34. data_dict["Textual Data"].append(line.strip())
35. 35. else:
36. 36. data_dict["Textual Data"].append(line.strip())
37. 37.
38. 38. with open(output_file_path, 'w') as output_file:
39. 39. output_file.write("Textual Data:\n")
40. 40. for line in data_dict["Textual Data"]:
41. 41. output_file.write(f"{line}\n")
42. 42.
43. 43. output_file.write("\nNumerical Data:\n")
44. 44. for row in data_dict["Numerical Data"]:
45. 45. output_file.write(f"{row}\n")
46. 46.
47. 47. print(f"Data extraction complete. Extracted data saved to: {output_file_path}")
48. 48.
49, 49. json_output_file_name = f"{input_base}{suffix:02d}.json"
50. 50. json_output_file_path = os.path.join(output_dir, json_output_file_name)
51. 51.
52. 52. with open(json_output_file_path, 'w') as json_file:
53. 53. json.dump(data_dict, json_file, indent=4)
54. 54.
55. 55. print(f"JSON data saved to: {json_output_file_path}")
56. 56.
57. 57. except FileNotFoundError:
58. 58. print(f"Error: The file '{input_file_path}' was not found. Please check the file
path.")
59. 59. except Exception as e:
60. 60. print(f"An error occurred: {e}")

The image below (Figure 4-1) shows an expanded view of the Porosity values extracted from

the JSON document, capturing the number of occurrences of each value.The code interpreted
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and represented the number of times each porosity value is repeated in the file which typically

has

N * Value

this structure.

Where N = the number of times the value exists

Value

= The actual value of the parameter which can be porosity, permeability, etc.
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Figure 4-1: Expanded view of Porosity values captured within th