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Synthetic databases are increasingly used in research and industry to support testing, training, 

and analysis without exposing sensitive information. This paper proposes a practical frame-

work for generating and validating synthetic databases, structured around a pipeline that en-

sures structural consistency, business relevance, and reproducibility. The framework is illus-

trated through a case study on freight transport in Romania, where a relational model was 

designed to capture entities such as clients, trains, conductors, and transported goods. A Py-

thon-based generator was developed to populate the database with realistic values under do-

main-specific constraints (e.g., valid national identifiers, capacity limits, distinct departure/ar-

rival stations). Validation is focused on structural integrity, query performance, and privacy 

preservation. The results show that the generated dataset is both realistic and safe for academic 

or enterprise use, while the methodology is transferable to other economic and business con-

texts.  
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Introduction 

Modern data-driven projects require ac-

cess to large and diverse datasets, yet obtain-

ing real-world data often poses challenges due 

to privacy restrictions and scarcity [1]. Syn-

thetic data offers a compelling solution to this 

problem. Synthetic data is exactly what it 

sounds like: information artificially created – 

usually via algorithms, statistical models, or 

generative AI – rather than collected from 

real-world events. By analyzing patterns in 

source data and recreating them, synthetic da-

tasets can mimic the statistical properties of 

real data without exposing any actual sensitive 

records. This approach enables researchers 

and businesses to perform analysis, under-

stand customer behaviors, develop new prod-

ucts or even generate new revenue using fake 

data generated from real data – all while side-

stepping many privacy issues inherent to us-

ing true personal data. 

The use of synthetic data has grown rapidly in 

recent years and is becoming mainstream in 

industry. Analysts estimated that by 2024, 

60% of data used for analytics and AI devel-

opment will be synthetically generated [2]. 

This trend reflects the considerable ad-

vantages synthetic data provides in terms of 

speed and scale. In contrast to traditional data 

collection, generating data artificially can be a 

lower-cost, faster way to obtain vast quantities 

of training or test data. In fact, synthetic data 

has the potential to “turbocharge the data-

driven transformation of every industry” by 

serving as the foundation for training machine 

learning models and AI systems. Organiza-

tions across domains – from finance and 

healthcare to retail and technology – are al-

ready exploring synthetic data to fuel innova-

tion. For example, companies have used syn-

thetic datasets to improve multilingual speech 

recognition for voice assistants and to create 

shareable, anonymized healthcare records for 

research, thereby enabling new analyses that 

would be infeasible with strictly real data. 

Synthetic data’s flexibility allows it to fill 

gaps where real data is unavailable or insuffi-

cient, amplifying opportunities for business 

insights and AI development. 

One of the most celebrated benefits of syn-

thetic data is its ability to preserve privacy and 

enhance data security. By design, a well-gen-

erated synthetic dataset contains no real per-

sonal identifiers, yet maintains the statistical 

realism of the original data. Thus, “synthetic 

data’s most obvious benefit is that it 
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eliminates the risk of exposing critical data 

and compromising the privacy and security of 

companies and customers” [3]. In other 

words, synthetic data can give a clear impres-

sion of real-world phenomena without ever re-

vealing the underlying sensitive information. 

This makes it invaluable for organizations 

dealing with strict data protection regulations. 

Furthermore, synthetic data allows machine 

learning models to be trained on large-scale 

examples far more quickly and safely. With 

synthetic data, a company can rapidly train 

and test models on massive datasets, acceler-

ating the development and deployment of AI 

solutions. The result is faster iteration of ana-

lytics projects, unhindered by the delays and 

compliance checks associated with using con-

fidential real datasets. In summary, synthetic 

data enables both privacy preservation and 

technical progress hand-in-hand – a combina-

tion highly attractive to modern businesses 

aiming to be data-driven yet compliant. 

Beyond conventional structured data (e.g. ta-

bles of transactions or customer profiles), syn-

thetic data generation now extends to unstruc-

tured domains such as images and audio. Ad-

vances in generative models, particularly 

Generative Adversarial Networks (GANs), 

have enabled the creation of photorealistic 

synthetic media that is often indistinguishable 

from real data. A striking example is the web-

site “This Person Does Not Exist”, an AI face 

generator powered by Nvidia’s StyleGAN al-

gorithm. Each refresh of that site produces a 

completely new human face that looks authen-

tic despite belonging to no real person. Such 

technology showcases how synthetic data can 

be used to generate realistic portraits for fic-

tional individuals, providing visual anonymity 

while preserving realism. In general, the same 

techniques can synthesize any complex data 

modality – from voice recordings to sensor 

data – broadening the scope of synthetic 

data’s applications. In business settings, these 

innovations mean organizations can create en-

tire fictional yet plausible datasets (including 

images or multimedia) for testing and devel-

opment purposes. For instance, banks could 

generate synthetic customer profiles complete 

with profile pictures, or automotive 

companies could simulate video footage of 

driving scenarios – all without involving any 

real people or events. This versatility of syn-

thetic data generation opens the door to new 

use-cases and safer sharing of data across de-

partments or with partners. 

It is important to note, however, that synthetic 

data is not a silver bullet and must be used 

with care. The process of generating high-fi-

delity synthetic data can be complex, and poor 

implementation can introduce new risks. Re-

searchers caution that without proper safe-

guards, synthetic data could inadvertently re-

veal patterns traceable to real individuals, thus 

undermining the privacy benefits is purports 

to offer. For example, if the generation pro-

cess is naively done, a synthetic dataset might 

retain identifiable details from the original 

data, leading to potential privacy violations 

[4]. There are also concerns about bias and fi-

delity: if the source data is biased or limited, 

the synthetic data will reflect those issues, 

possibly amplifying unfairness or misrepre-

senting rare cases. Moreover, recent studies 

even suggest that over-reliance on AI-gener-

ated data can cause feedback loops (e.g. model 

collapse in AI models repeatedly trained on 

their own synthetic outputs). These security 

and quality implications underscore the need 

for rigorous validation of synthetic data. In 

practice, organizations should combine syn-

thetic data generation with robust privacy 

checks (such as ensuring no record in syn-

thetic data maps uniquely to a real individual) 

and with careful evaluation of the synthetic 

data’s statistical accuracy and fairness. When 

done correctly, synthetic data can indeed be, 

as one industry toolkit describes a “safer, 

smarter solution” for data-driven develop-

ment – but responsible AI principles must 

guide its use [5]. 

In this context, our work explores a practical 

approach to generating complex synthetic da-

taset while addressing the above opportunities 

and challenges. We focus on the creation of a 

multi-table synthetic database modeled after a 

real-world scenario, in which one table 

(termed “Conductors”) contains fictional 

person records. Each synthetic person entry 

includes various attributes (such as name, 
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contact information, etc.) as well as a photo-

graph, demonstrating how both structured 

data and images can be generated artificially. 

To ensure realism, we leveraged a combina-

tion of techniques: web scraping of public in-

formation to gather authentic-looking data 

points, programmatic data synthesis using li-

braries and custom scripts, and incremental 

refinement of synthetic profile images using 

multiple generative services. In particular, the 

photo field for each “Conductor” was popu-

lated by experimenting with several AI image-

generation tools and selecting the most con-

vincing results – ultimately using the Style-

GAN-based ThisPersonDoesNotExist genera-

tor to obtain high-fidelity human faces that 

have no real identity. We document the meth-

odology of this process, including the chal-

lenges encountered (such as balancing realism 

with anonymity and automating web data ex-

traction), and how they were overcome. The 

remainder of this article is organized as fol-

lows: Section 2 reviews the relevant literature 

and background on synthetic data generation 

and its applications. Section 3 details the re-

search methodology, including the data sourc-

ing (web scraping), synthetic data generation 

pipeline, and the design of the synthetic data-

base (with an outline of its schema and entity-

relationship structure). Section 4 discusses 

potential future improvements and extensions 

of this work, and Section 5 concludes with fi-

nal observations and the key takeaways of our 

study. 

 

2 Literature review 

2.1 AI and Digital Transformation in the 

Modern Economy 

Over the past decade, artificial intelligence 

has rapidly moved from research labs to main-

stream business operations. Surveys show that 

AI adoption is now widespread in enterprises: 

more than three-quarters of organizations re-

port using AI in at least one business function 

[6]. In fact, AI is increasingly seen as a cor-

nerstone of innovation in the business domain, 

enabling a transition toward smarter and more 

sustainable practices. This trend is under-

pinned by a booming industry – the global AI 

market was estimated at around USD 196.6 

billion in 2023, with projections of a stagger-

ing 36.6% compound annual growth through 

2030 [7]. Such growth reflects the high expec-

tations that companies place on AI technolo-

gies to drive efficiency, productivity, and 

competitive advantage in the modern econ-

omy. 

In parallel, organizations are embracing a 

broader wave of digital transformation often 

termed Industry 4.0. This concept denotes the 

convergence of AI with other advanced tech-

nologies – including the Internet of Things 

(IoT), cloud computing, big data analytics, 

and robotics – to create smart, data-driven en-

terprises. Manufacturers and service providers 

alike are integrating these technologies 

throughout their operations, enabling real-

time decision-making and automation on an 

unprecedented scale. For example, IoT sen-

sors combined with AI-driven analytics allow 

firms to perform predictive maintenance on 

equipment, reducing downtime and improv-

ing operational efficiency. Similarly, AI-pow-

ered data analysis across previously siloed 

business systems (from supply chain logistics 

to customer service) yields new insights that 

inform better strategic decisions. Industry 4.0 

thus represents a fusion of modern technolo-

gies in economic activities, bringing increased 

agility, productivity, and innovation across 

sectors. In summary, the contemporary litera-

ture highlights that businesses which leverage 

AI and related technologies can “revolution-

ize the way [they] operate” through automa-

tion, self-optimization and enhanced data vis-

ibility, ultimately achieving levels of effi-

ciency and responsiveness not previously pos-

sible [8]. 

 

2.2 Synthetic Data Generation and Appli-

cation 

As AI becomes ubiquitous in business, the 

availability of high-quality data emerges as a 

critical enabler for model training, testing, and 

validation. However, real-world data can of-

ten be scarce, expensive, or sensitive (e.g. 

subject to privacy regulations), especially in 

fields like finance or healthcare. In this con-

text, synthetic data has rapidly gained promi-

nence as a viable solution. Forecasts also 
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underline this trend: as shown in Fig. 1, the 

synthetic data market is expected to grow 

steadily between 2023 and 2030, confirming 

its adoption across industries. Synthetic data 

refers to artificially generated datasets that 

mimic the statistical properties of real data 

while omitting any real personal or confiden-

tial information.

 

 
Fig. 1. Synthetic Data Generation Market Growth (2023-2030) [9] 

 

Recent research underscores the surge of in-

terest in this approach: major tech organiza-

tions such as OpenAI, Apple, Microsoft, 

Google, Meta, and IBM have all reported us-

ing synthetic data in their AI development 

pipelines, highlighting its growing importance 

in practice. The appeal lies in its ability to ad-

dress key data challenges. By replacing or 

augmenting real datasets with realistic simu-

lated data, organizations can sidestep privacy 

risks and compliance barriers, enabling data 

sharing and AI experimentation without ex-

posing sensitive records. For instance, in the 

financial sector – where strict regulations and 

proprietary data silos limit information shar-

ing – there is a “growing need for effective 

synthetic data generation” to produce datasets 

that preserve the statistical patterns of original 

customer data while protecting privacy [10]. 

In short, synthetic data offers a pathway to 

harness AI capabilities in domains where real 

data is constrained, by generating realistic yet 

safe proxies of the information needed. 

Underlying the rise of synthetic data are ad-

vances in generative AI models. Techniques 

such as Generative Adversarial Networks 

(GANs) and variational autoencoders have 

dramatically improved the fidelity of syn-

thetic data over the past decade. These models 

learn the complex patterns of real datasets and 

can produce entirely new data points (images, 

text, numeric records, etc.) that are statisti-

cally credible. As a result, synthetic data is 

now being applied in a wide range of fields. 

Researchers report successful applications in 

robotics, autonomous driving, finance and 

healthcare, among others. A key benefit is the 

ability to create or augment data for scenarios 

that are rare or hard to observe. For example, 

in machine learning for image recognition, 

generating additional synthetic samples of 

rare defects or uncommon cases can help alle-

viate class imbalance and improve model ro-

bustness. Likewise, to combat bias, one can 

enrich training datasets with simulated exam-

ples of underrepresented groups or conditions, 

thereby enhancing fairness in AI outcomes 

[11]. From an industry perspective, synthetic 

data is increasingly seen as a “controlled and 

scalable data source” for AI development, of-

fering an endless supply of tailored data with-

out the cost and delay of traditional data col-

lection. 
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In an economic and business context, syn-

thetic data generation opens new avenues for 

innovation and experimentation. Companies 

can use synthetic datasets to simulate realistic 

business scenarios and test “what-if” analyses 

without relying on proprietary or live data. A 

pertinent example is in supply chain and logis-

tics management: organizations are building 

digital twin models of their operations (ware-

houses, transport routes, inventories) and then 

feeding them with AI-generated synthetic sce-

narios – such as sudden demand surges, ma-

chine failures, or transportation disruptions – 

to evaluate system resilience and optimize 

contingency plans. This approach allows 

firms to stress-test their strategies safely, an-

ticipating problems and refining processes in 

a virtual environment before they occur in re-

ality. Studies report that such AI-driven simu-

lations can reveal bottlenecks and yield faster 

insights, ultimately leading to more robust and 

efficient supply chains. More broadly, syn-

thetic data empowers organizations to develop 

and validate data-intensive applications (for 

example, customer behavior models, risk 

analysis tools, or AI-driven decision support 

systems) even when real datasets are limited 

or cannot be shared. The literature thus por-

trays synthetic data as a powerful catalyst for 

business analytics and AI development – one 

that complements the overall trend of digital 

transformation. By enabling richer training 

data and safe experimentation, synthetic data 

techniques help businesses fully leverage 

modern AI models and technologies in pursuit 

of innovation and competitive advantage. In 

summary, the confluence of advanced AI 

models and modern data-generation tech-

niques is providing organizations with un-

precedented capabilities to generate realistic 

synthetic data, which in turn accelerates re-

search and development in various economic 

sectors while safeguarding privacy and integ-

rity. This confluence is a recurring theme in 

recent literature and forms a foundation for 

the present work. 

 

3 Research methodology 

This section details the data sourcing, the syn-

thetic data generation pipeline, and the design 

of the synthetic database underpinning our 

railway transport scenario. We also discuss 

the tools and technologies used, as well as 

steps taken to ensure the synthetic data’s real-

ism and integrity. Finally, we outline how one 

might validate and benchmark the resulting 

dataset. The approach follows state-of-the-art 

practices in synthetic data generation, com-

bining web scraping, programmatic data syn-

thesis, and generative AI techniques. 

 

Data Sourcing and Collection 

The first step was gathering real-world data to 

ground the synthetic dataset in reality. We em-

ployed web scraping techniques to collect ref-

erence data from multiple sources. For exam-

ple, lists of personal names were obtained to 

generate realistic identities for train conduc-

tors. Using Python-based scraping, we col-

lected extensive lists of Romanian first names 

(separate lists for males and females) and 

common surnames from online databases and 

public resources. This ensured that the syn-

thetic identities would reflect authentic nam-

ing patterns (e.g., containing Romanian dia-

critics and culturally appropriate name fre-

quencies). Additionally, we sourced geo-

graphical data for railway stations and routes. 

Key location names (major cities and train sta-

tions) were compiled, either from public 

transport websites or open data repositories, to 

serve as origin/destination points in the rail-

way network. These real place names allow 

the creation of plausible routes (e.g. 

București-Brașov) rather than fictional lo-

cales. 

Another critical dataset was a catalog of rail-

way freight goods. Instead of relying on lim-

ited or random examples, we took an innova-

tive approach: leveraging data from the do-

main of transportation simulation games. We 

curated a list of cargo types from SCS Soft-

ware’s popular simulators Euro Truck Simu-

lator 2 and American Truck Simulator. These 

games offer rich and varied cargo lists (e.g. 

lumber, fuel, machinery, food products), 

which we scraped from a fan-maintained wiki 

[12]. By parsing these lists (with permission 

credited to the game developers and commu-

nity), we obtained over a hundred distinct 
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freight item names along with their unit 

measures. The descriptions of the goods were 

generated using the Selenium automation tool 

alongside ChatGPT and Python. At the time, 

ChatGPT was on its first steps, not having a 

publicly available API, so this idea crossed 

our minds. We prompted for accurate descrip-

tions of the goods and retrieved the answers 

programmatically. This provided a realistic 

distribution of goods that might be transported 

via rail – from agricultural products to hazard-

ous materials – greatly enhancing the authen-

ticity of our freight transport data. 

Data cleaning was performed on all scraped 

inputs. We removed any duplicate entries and 

standardized formatting (for example, ensur-

ing consistent capitalization, and removing 

any special characters that could conflict with 

SQL syntax, such as apostrophes). The name 

lists were stripped of any extraneous metadata 

so that they contained one name per line. The 

cargo list from the game wiki was tabulated 

into a structured format (CSV), separating 

each item’s name, a short description, and a 

typical unit of measurement (e.g. tons, liters, 

packages). These curated lists became the 

foundation for the next phase of synthetic data 

generation.  

 

Synthetic Data Generation Pipeline 

With source data in hand, we designed a 

multi-stage synthetic data generation pipeline 

to create the full database content. The pipe-

line was implemented in Python as a script 

(see our GitHub repository for reference [13]) 

that programmatically produces synthetic rec-

ords and writes them as SQL insert state-

ments. The generation process was broken 

into clear steps, executed in a logical sequence 

to satisfy all relational dependencies: 

 

1. Generation of Synthetic Identities: We 

created lifelike personal profiles for train 

conductors (the railway staff). Each syn-

thetic conductor was assigned a first name 

and last name by randomly drawing the 

real name lists (ensuring gender con-

sistency, i.e. female first names for female 

profiles, etc.) To each profile we also as-

signed a birthdate and gender, from which 

we derived a Personal Numeric Code 

(CNP) – the Romanian national identifica-

tion number. The CNP format encodes an 

individual’s gender and date of birth 

within its digits, so we leveraged this 

structure to enhance authenticity. For each 

conductor, the script generates a random 

birth date (within a plausible range for an 

active railway employee, e.g. 24 to 60 

years of age) and determines the CNP dig-

its accordingly (including the correct gen-

der digit and birth year/month/day compo-

nents). A modulo-11 checksum is com-

puted for the final CNP digit to ensure 

each code is formally valid. The structure 

of the Romanian CNP used in our syn-

thetic data is summarized in Fig. 2. By im-

itating the official CNP scheme, our syn-

thetic identities attain high fidelity – each 

fake conductor has an ID number that 

could pass as real, matching their age and 

gender. 

 

 
Fig. 2. CNP structure [14] 

 

For the record, we also generated a fake ad-

dress using the most common street names 

and all cities from Romania. To ensure high 

fidelity to the end, we chose a city based on 

the corresponding CNP number. For instance, 

if the conductor’s JJ is 19, we choose Harghita 

and one locality from there. This level of de-

tail is crucial in an academic context, as it em-

beds domain-specific realism into the data ra-

ther than simple random identifiers. 

2. Synthetic Portrait Generation: To fur-

ther enrich the conductor profiles, we at-

tached a photorealistic face image to each 

synthetic identity. We experimented with 

multiple approaches to generate facial 

photographs for our fake persons. Early 

attempts included using stock photos or 

random images from the internet, but 

these either lacked diversity or risked us-

ing real identities. We then turned to AI-
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generated faces. Initial trials with generic 

face generation yielded realistic images 

but with no control over attributes; for in-

stance, a random face generator might 

produce a 20-year-old female even when 

we needed a 50-year-old male conductor. 

The breakthrough came with using the 

ThisPersonDoesNotExist-style generative 

model with filtering options. We utilized a 

GAN-based face generation service that 

allowed specifying desired attributes – no-

tably age range and gender – before gen-

erating the image. By inputting the age 

and gender from our synthetic profile (as 

determined by the CNP), we obtained a 

matching face that looks consistent with 

the rest of that character’s data. For exam-

ple, a 55-year-old male conductor’s pro-

file would receive a GAN-generated por-

trait of an older male, whereas a 30-year-

old female conductor profile would get an 

image of a younger woman. These AI-

generated faces are indistinguishable from 

real photos to the human eye in most 

cases, having passed through the “un-

canny valley” thanks to advances in Style-

GAN2. One challenge remained: the high-

fidelity face generator we used imposed a 

subtle watermark on the output (a com-

mon practice for free AI image services). 

To maintain visual authenticity, we pro-

cessed each image through an AI-powered 

watermark removal tool. This image 

inpainting step cleared any logos or arti-

facts without perceptibly degrading the 

face. The result was a clean, realistic por-

trait for every synthetic conductor, with no 

hints of its artificial origin. These sequen-

tial steps are captured schematically in 

Fig. 3, which illustrates the data flow from 

input sources through the generation pro-

cess to the final SQL output. 

 

 
Fig. 3. Flowchart of the data generation pipeline 

 

3. Generating Railway Assets (Locomo-

tives and Stations): In parallel, we gener-

ated a roster of locomotives as the rolling 

stock for our railway scenario. Each loco-

motive was assigned an identifier and 

basic attributes like a type (e.g. Diesel or 

Electric) and a model designation. For re-

alism, a list of common locomotive clas-

ses in regional rail service was compiled 

(e.g. “Class 60 Diesel” or “Siemens Tau-

rus Electric”), from which the script ran-

domly picks entries. We also created a 
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table of stations to serve as endpoints for 

train routes. This included a mix of major 

city terminals and smaller junctions, re-

flecting a realistic railway network. Rather 

than purely random generation, we used 

actual station names/geographical points 

sourced earlier, giving context to the 

routes (for instance, including capital cit-

ies and border towns that make sense for 

freight corridors). These station records 

include details like station code and loca-

tion coordinates (latitude/longitude) if 

needed for completeness. 

4. Simulating Train Routes and Sched-

ules: Using the pool of stations and loco-

motives, the pipeline next generated 

transport records representing individual 

train journeys (or freight consignments). 

Each transport record in our database links 

a conductor (staff), a locomotive, a depar-

ture station, an arrival station, and a depar-

ture date/time. The script iterates to create 

numerous such records, essentially popu-

lating a timetable of synthetic train trips. 

For each trip, key variables were random-

ized within realistic bounds: routes were 

chosen by picking two distinct stations 

(ensuring a logical start-end pair), depar-

ture times were spread across different 

days and hours (with perhaps a bias ensur-

ing more daytime departures if modeling 

real operations), and conductors were as-

signed in rotation (making sure workload 

is balanced and no single employee ap-

pears in implausibly many trips). We also 

took care to enforce domain constraints – 

for example, if a conductor was assigned 

to a trip, they would not be assigned to an-

other that departs at the same time, mim-

icking how a staff member can only be on 

one train at a time. Similarly, locomotive 

assignments were unique per trip to avoid 

one engine “being in two places” simulta-

neously. 

5. Populating Freight Details: Each 

transport (trip) was further associated with 

a set of freight details describing the cargo 

carried. Here we utilized the extensive 

cargo catalog from the ETS2/ATS data. 

For every transport record designated as a 

freight service, the script adds several 

cargo line-items to a transports table. 

Each line references a specific cargo ID 

(from our goods table) along with a quan-

tity and a unit price. To simulate realistic 

scenarios, we implemented logic to vary 

the number and type of goods per train: 

e.g., one train might carry 3-4 types of 

goods (perhaps coal, lumber, and steel on 

a single freight train), while another spe-

cialized tanker train might carry a single 

commodity (e.g. petroleum) but in large 

quantity. Quantities were randomly gener-

ated within sensible ranges depending on 

the cargo type (for instance, coal in hun-

dreds of tons, but electronics in tens of 

crates), and unit prices were assigned 

based on typical market values (we used 

uniform random ranges that differ by cat-

egory of good – inexpensive bulk goods 

vs. high-value goods). These price ranges 

were informed by real-world data; for ex-

ample, common commodities like sand or 

gravel were given low per-unit prices (a 

few dollars per ton), whereas pharmaceu-

ticals or electronics got higher values. The 

insertion script wrote out an SQL INSERT 

statement for each cargo detail, linking it 

to the corresponding transport by foreign 

key. By the end of this step, every syn-

thetic transport had a detailed manifest, 

and our Mărfuri (goods) table had been 

fully utilized in a realistic way. The com-

plete set of entities and their relationships 

is shown in Fig. 4, providing a visual over-

view of the schema supporting the freight 

transport scenario.
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Fig. 4 Entity-relationship diagram of the synthetic database 

 

6. Sequential Data Insertion and Integrity 

Checks: The order of generation in the 

pipeline was carefully chosen to respect 

foreign key dependencies. The script first 

generated and inserted base entities (con-

ductors, locomotives, stations, goods) and 

then created dependent records. This ap-

proach guaranteed referential integrity in 

the synthetic database. After generation, 

we performed automated integrity checks: 

verifying that all foreign key references 

(IDs) in transports and details indeed exist 

in the parent tables, and that each CNP 

was unique, each primary key was unique, 

etc. Any inconsistencies in early trials 

were corrected by adjusting the generation 

logic (for example, increasing the pool 

size of conductors if too many trips caused 

reuse of the same person excessively). The 

final run of the pipeline produced a com-

plete SQL dump file consisting of IN-

SERT statements for every table. This out-

put .sql file can be run on a relational da-

tabase system to instantiate the synthetic 

database with all the records. In our case, 

the output contained hundreds of thou-

sands of INSERT statements, which were 

gracefully executed by the SQL engine of 

an Oracle database to verify that the 

schema constraints (primary keys, foreign 

keys, data types) were all satisfied. The 

successful execution of this SQL dump 
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confirmed the correctness of our pipe-

line’s output. 

Overall, this pipeline demonstrates a compre-

hensive methodology for synthetic database 

population. It starts from data sourcing to 

gather realistic input distributions, then uses 

algorithmic generation (augmented with AI 

services for certain fields) to produce a rich, 

coherent dataset. The process illustrates how 

combining multiple techniques – from web 

scraping to GAN-generated media – can yield 

a synthetic dataset that closely mimics a real-

world scenario. According to definitions by 

management experts, synthetic data genera-

tion strives to “create artificial data that 

mimics the features, structures, and statistical 

attributes of production data” [15], and our 

pipeline was designed with exactly this goal 

in mind. 

 

Database Schema and Design 

The synthetic database was designed to model 

a railway transport management scenario, 

capturing both operational details of train 

journeys and the personal details of conduc-

tors managing those journeys. The schema 

was crafted in third normal form, with each 

entity in its own table and relationships man-

aged via foreign keys. The main entities and 

relationships are outlined below.

 

Table 1. Brief of entities and relationships 

Table Relationships 

Conductors 

This table holds the synthetic train conductors (railway staff). Key at-

tributes include an internal conductorId (primary key), the person’s full 

name (concatenated first and last name), CNP, address, phone and 

email. We also store the person’s portrait as a BLOB, linking each pro-

file to the AI-generated image. The Conductors table is linked to the 

Transports table, as each transport record is assigned one conductor in 

charge. 

Locomotives 

This table lists the locomotives (engines) available in the railway sys-

tem. Attributes include locomotiveId (PK), model (e.g. “Electroputere 

LE5100”), maxSpeed, description. Each transport uses one locomo-

tive, establishing a one-to-many relationship (one locomotive can 

serve in many transport trips over time). A locomotive’s availability 

could be inferred from the transports schedule (though we did not en-

force maintenance windows in the data). 

Stations 

This table contains railway stations or major yards. Attributes: sta-

tionId (PK), stationName (e.g. “București Nord”, “Brașov”), city and 

address. In our schema, a transport has a reference to one origin station 

and one destination station (self-join via the Station table, or two sep-

arate foreign keys to Station for departureStationId and arri-

valStationId). Stations are not the main focus of synthetic generation 

beyond providing realistic route endpoints, but having this table allows 

meaningful queries (e.g., listing all transports departing a given station, 

listing the most transited station, etc.) 

Transports 

This is the central fact table representing each train journey or freight 

delivery instance. Important fields: transportId (PK), departureSta-

tionId, arrivalStationId (FKs to Locomotives), conductorId (FK to 

Conductors), startDate and endDate which were specifically gener-

ated: startDate is at least 24 years after the birth date of the conductor 

and endDate is at most 14 days after the startDate. Each row here ties 

together one conductor, one locomotive and a route on a specific date. 

Each transport is also linked to some transport details which further 

expand into the goods transported. Also, each transport uses a certain 
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number of wagons which is generated for each entry. This allows sta-

tistics such as “which is the main good transported in transport no. 

324?” to be computed easily. 

Transport_Details 

This is an associative (junction) table that links Transports to Goods 

implementing a many-to-many relationship between transports and 

cargo items. Each entry in here represents one type of commodity car-

ried on a given transport. Its attributes include a composite key or its 

own transportDetailId (PK), plus transportId (FK to Transports) and 

goodsId (FK to Goods). It also has fields for Quantity (the amount of 

that good on the train, in the units of the Goods table). For example, if 

Transport #5 is a train carrying coal and steel, there would be two rows 

in Transport_Details for TransportID=5: one linking to Goods “Coal” 

with quantity e.g. 500 tons, and one linking to Goods “Steel” with 

quantity e.g. 100 tons, each with their respective prices. The 

Transport_Details table thus can grow quite large (total rows = sum of 

all goods carried on all transports) – in our synthetic generation, this 

was the largest table by row count. We ensured that every 

Transport_Details entry corresponds to a valid transport and goods rec-

ord, and our generation logic avoids creating duplicate goods line for 

the same transport. 

Goods 

Here is the home of found goods on ETS2/ATS wiki. We have the 

goods, their respective units of measurement, a brief description and a 

price based on the average market. 

Wagons 
This table helps us to see how many wagons correspond to a transport, 

how much they are loaded and how much they could transport. 

 

In addition to the core tables above, the 

schema may include supporting tables such as 

Routes (pre-defining sequences of stations for 

multi-stop routes, if needed) or Schedules (if 

modeling recurring services), but for the 

scope of our project, we kept the design con-

cise. Every foreign key is one-to-many (e.g., 

one Conductor to many Transports, one 

Goods item to many Transport_Details), en-

forcing the proper hierarchy of data. We also 

applied constraints and validations at the da-

tabase level: for instance, ensuring that depar-

tureStationId and arrivalStationId are differ-

ent (to avoid zero-distance transports), or that 

a transport’s startDate precedes its endDate. 

Where applicable, we added check constraints 

(e.g., Quantity > 0, UnitPrice > 0) to prevent 

nonsensical data. These measures align the 

synthetic database with real-world business 

rules, increasing its utility for downstream ap-

plications. 

 

Tools and Technologies Used 

Our methodology leveraged a range of tools, 

each chosen to fulfill a specific role in the 

pipeline. The core generation script was writ-

ten in Python. It was ideal due to its rich eco-

system for data processing. We utilized librar-

ies such as requests and BeautifulSoup for 

web scraping, pandas for data manipulation 

(especially when reading and writing CSV 

data like the goods list), and Python’s built-in 

random module for random number genera-

tion. Where necessary, we also used datetime 

for date calculation (e.g., computing 

birthdates and ages). Selenium was also used 

to generate descriptions for goods. Python’s 

ease of string handling made it straightfor-

ward to assemble SQL insert statements on 

the fly. For synthetic image generation, we 

used GAN-based face generators. Notably, 

the website generated.photos provided an ini-

tial solution for random face images, but since 

it lacks control, we moved to a more 
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configurable platform (such as ThisPerson-

DoesNotExist) which allowed specifying age 

and gender attributes. These services were ac-

cessed entirely via Selenium hence APIs were 

not publicly accessible or were costing money 

and we wanted to keep this as free and repro-

ducible as possible. With this approach, we 

fed in parameters (gender, age bracket) and re-

ceived back high-resolution face images. 

While these images were convincing, they 

carried watermarks when obtained through 

free channels. To remove these, we used an 

AI-powered image inpainting tool (for exam-

ple, WatermarkRemover.io), which is capable 

of detecting and erasing watermark patterns 

and filling in the background intelligently. 

This step was semi-automated: our pipeline 

logged the needed attributes for each face, and 

we then batched the images through the 

inpainting model. The end result was a set of 

portrait images with no identifiable marks. 

By combining these tools and technologies, 

we created a robust pipeline that is both repro-

ducible and extensible. One can easily swap in 

a different names list or update the goods cat-

alog, re-run the script, and obtain a new syn-

thetic dataset – a valuable property for testing 

what-if scenarios or scaling the data size up 

for stress testing a system. 

 

Data Quality Assurance and Benchmark-

ing 

Achieving a realistic synthetic dataset is not 

only about generation, but also about evalua-

tion. We approached this by devising methods 

to benchmark the fidelity of the data against 

real-world expectations and to validate that 

the dataset meets the project requirements. 

To quantitatively assess how realistic our syn-

thetic data is, we identified key properties to 

compare with known real-world data. For ex-

ample, we evaluated the age distribution of 

synthetic conductors against typical age distri-

butions of actual railway staff. (In practice, 

one might use publicly available demographic 

data for railroad employees if available, or as-

sume a distribution and ensure the synthetic 

follows suit.) In our case, we generated con-

ductors’ ages uniformly in a range, but one 

could refine this by sampling from a normal 

distribution centered around, say, mid-40s if 

that is a known average in reality. This com-

parison is illustrated in Fig. 5, which shows 

the histogram of synthetic conductors’ ages 

alongside an expected real distribution. A 

simple histogram comparison can reveal any 

glaring differences. 

 

 
Fig. 5. Histogram of conductors’ age 

distribution. Synthetic vs. Real Conductors 

 

We also looked at name uniqueness – ensur-

ing that the variety of names is high and no 

single name is over-represented – which was 

inherently satisfied by our large input lists, but 

is good to confirm. For the goods data, we re-

viewed the frequency of each cargo type ap-

pearing in transports, checking that it made in-

tuitive sense (for instance, common goods like 

gravel or timber should appear more often 

than niche goods like aerospace components, 

assuming our random selection was uniform, 

we might actually see equal frequencies; if 

needed, we could weight the selection proba-

bility by real rail freight statistics – which is 

not so easy obtainable). In summary, these re-

alism benchmarks help demonstrate that our 

synthetic dataset “looks and feels” like a plau-

sible snapshot of railway operations, not a ran-

dom soup of data. 

We also performed integrity checks on gener-

ated data. This involved verifying all primary 

key and foreign key relationships with auto-

mated scripts – essentially ensuring no dan-

gling references. Additionally, we wrote small 

validator functions for things like CNP. Busi-

ness logic constraints were also validated: no 
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transport had the same station as both origin 

and destination; all departure dates were be-

fore arrivals; and no conductor or locomotive 

was double-booked at overlapping times. Any 

violations found would indicate a bug in gen-

eration (none were found in the final dataset 

after earlier fixes). This level of validation is 

crucial in an academic project to ensure that 

the synthetic data is internally consistent and 

reliable for any experiments or demos built on 

top of it. For the synthetic portrait images, an 

interesting benchmark is a “visual Turing 

test”. We conducted an informal survey by 

presenting a sample of the conductor profile 

images to colleagues without context, mixed 

with a few real photographs, asking if they 

could tell which ones were AI-generated. 

Consistent with recent studies on GAN-gener-

ated faces [16], people performed at roughly 

chance level in identifying our synthetic faces 

– they found them highly realistic. This quali-

tative test bolsters the claim that synthetic 

identities could pass for real individuals. Fur-

thermore, we considered using an AI deepfake 

detector on the portraits to see if an algorithm 

could flag them. Modern GAN images (espe-

cially when not seen in motion) are challeng-

ing to detect; a state-of-the-art detector might 

still find subtle artifacts, but the fact that spe-

cialized tools are needed itself indicates how 

true-to-life these images are. This experiment 

touches on the broader issue of content au-

thenticity, which is a relevant discussion in 

our methodology: balancing the need for real-

ism with ethical considerations (we ensured 

all images were synthetic to avoid using any 

real person’s likeness without consent). 

We also benchmarked the performance of our 

data generation pipeline. On a commodity lap-

top, generating and writing the SQL for 

~10.000 conductors, ~1000 locomotives, 

~300 stations, ~100.000 transports and a 

~150.000 transport detail lines took some 

good minutes. This suggests the approach 

scales well. We extrapolated that even if we 

increased the volume, Python’s efficiency 

with our method would handle it in a reasona-

ble time. For an academic exercise, this per-

formance is more than sufficient, but it opens 

the door to scaling up the synthetic data for 

stress testing. For instance, one could generate 

a million transport records to test how a data-

base or application performs under large 

loads, which is a typical use-case for synthetic 

data in industry. Our methodology could eas-

ily accommodate such scaling, given more 

powerful hardware and slight refactor to lev-

erage more threads. 

In terms of database performance, after load-

ing the data, we ran a series of benchmark 

queries on the database. These included com-

plex joins (e.g., joining Conductors → Trans-

ports → Transport_Details → Goods) to sim-

ulate typical analytical questions like “which 

conductor transported the highest total value 

of goods this month” or “what is the average 

number of different goods per freight train”. 

The query response times on the synthetic da-

taset were observed and, unsurprisingly, they 

were very fast given the modest size of the 

data. However, by indexing key columns (IDs 

and foreign keys) as one would in a produc-

tion database, we ensured that even scaled-up 

data would be queryable in a performant man-

ner. The takeaway is that our synthetic data-

base not only structurally mirrors a real sys-

tem, but can also functionally support realistic 

operations and queries, making it suitable for 

testing and development purposes. 

Finally, to benchmark the methodology itself, 

we reflected on how our approach compares 

with standard practices. In synthetic data re-

search, a combination of rule-based genera-

tion and AI generation (hybrid approach) as 

we have used is considered a best-of-both-

worlds strategy. Rule-based logic (for rela-

tional data integrity, domain constraints, etc.) 

ensured that the data made sense globally, 

while AI generative components (for faces) 

injected realistic variability at the individual 

level. We documented each step of the process 

(as presented above) so that the results are re-

producible – a key benchmark of quality in re-

search methodology. Each component of the 

pipeline can be improved or swapped (for in-

stance, one could replace our GAN faces with 

perhaps diffusion model-generated images in 

the future), demonstrating the extensibility of 

the framework. The success of our methodol-

ogy can thus be measured by how well it 
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achieves its original goal: creating a high-fi-

delity synthetic dataset that is safe (contains 

no real personal data), realistic, and useful for 

simulating a railway transport database. By all 

the points discussed – visual realism, statisti-

cal plausibility, and referential integrity – the 

project meets the state-of-the-art standards for 

synthetic data generation and provides a 

strong foundation for any downstream appli-

cation that requires such data. 

 

4 Future work 

The present study focused on freight transport 

scenario, but the approaches and insights are 

broadly applicable. An immediate extension is 

to apply our analytical framework to other do-

mains where large datasets can yield statistical 

insights. For instance, the methods used here 

could be transferred to passenger transporta-

tion, supply chain logistics, or even energy 

distribution networks – any context where 

identifying patterns and anomalies in opera-

tional data is valuable. By demonstrating the 

framework’s versatility across multiple sce-

narios, we would validate its generality and 

increase its impact. 

Another important direction is to refine and 

package our framework as an open-source 

project. This would involve modularizing the 

analysis tools, adding documentation, and en-

suring ease of use for practitioners and re-

searchers. Publishing the toolkit openly not 

only encourages adoption beyond the specific 

freight context of this study but also invites 

collaboration and peer review. In doing so, the 

framework-as-a-product could continuously 

improve through community contributions, 

and its potential could extend well beyond the 

scope of our initial scenario. 

Several technical enhancements are also 

worth exploring. Incorporating real-time data 

streams (e.g., live tracking information) into 

the analysis could enable dynamic insights 

and timely decision support. We acknowledge 

that achieving continuous, reliable freight vis-

ibility is challenging due to issues like data in-

tegration and connectivity. Future work could 

tackle these challenges by integrating robust 

data ingestion pipelines and addressing data 

quality in streaming contexts. Additionally, 

coupling our statistical analysis with optimi-

zation models is a promising avenue. For ex-

ample, insights gleaned (such as peak usage 

periods or route bottlenecks) could feed into 

route planning algorithms or capacity alloca-

tion models to directly improve operational 

efficiency. Exploring machine learning tech-

niques for predictive analytics (forecasting 

demand surges or delays) is another intriguing 

yet ambitious possibility. While fully imple-

menting such advanced features is beyond our 

current scope, acknowledging these opportu-

nities underscores the rich landscape for ex-

tending this work. Finally, conducting real-

world pilot studies or case studies in collabo-

ration with industry partners would provide 

valuable feedback. Such validation efforts in 

different environments would not only test the 

robustness of our approach but also demon-

strate its practical value in live operational set-

tings. Each of these future enhancements 

moves the research closer to a comprehensive 

decision-support ecosystem for freight 

transport and analogous domains. 

 

5 Conclusions 

In this study, we developed a data-driven 

framework to analyze freight transportations 

operations and demonstrated its utility 

through a real-world scenario. Our approach 

combined domain knowledge with statistical 

analysis to extract meaningful patterns from 

freight data addressing the need for better in-

sight into logistics processes. By applying the 

framework to the chosen case, we were able 

to identify key trends and anomalies – for ex-

ample, highlighting temporal demand peaks 

and route usage imbalances – which can in-

form stakeholders and support evidence-based 

decision making. The results confirm that sys-

tematic data analysis in freight transport can 

reveal non-obvious inefficiencies and oppor-

tunities for optimization, thereby providing a 

foundation for informed strategic planning. 

In summary, the work achieves its primary ob-

jectives by shedding light on freight transport 

dynamics through rigorous analysis and by 

proposing a reusable approach for similar 

problems. The study’s contributions provide 

both practical value for logistics management 
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and a steppingstone for academia. We envi-

sion that our framework and findings will 

serve as a baseline for future studies, helping 

others to build upon our results. Ultimately, 

this research lays the groundwork for more so-

phisticated, data-informed strategies in freight 

transportation and beyond, supporting contin-

uous innovation in the pursuit of efficient and 

intelligent logistics systems. 
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