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Abstract: The world of international trade and finance is becoming increasingly complex, which has turned trade-based money
laundering (TBML) into a major headache for banks and regulatory agencies. Traditional ways of spotting suspicious activities
in trade finance—like manual checks and rule-based systems—often struggle to keep up with the ever-changing tactics used by
money launderers. This paper dives into how artificial intelligence (Al) and machine learning (ML) can be leveraged to improve
the detection of TBML in trade finance, with a particular focus on Letters of Credit (LCs) and Bank Guarantees (BGs). By using
machine learning models for spotting anomalies, we suggest a method that can automatically sift through trade documents,
transaction patterns, and the parties involved in trade financing to pinpoint irregularities. Our model utilizes both supervised
and unsupervised learning algorithms to reveal hidden connections between entities and transactions, making it easier to identify
potential TBML cases with greater precision and efficiency. The study underscores the need to integrate advanced Al
techniques, like natural language processing (NLP) and anomaly detection, to create scalable solutions that bolster the
effectiveness of anti-money laundering (AML) efforts in trade finance. Early test results show that this approach could
significantly cut down on false positives, enhance detection rates, and ultimately aid in preventing financial crimes linked to
international trade.
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I INTRODUCTION

Trade-based money laundering (TBML) has emerged as
one of the toughest challenges in the global financial landscape.
Unlike traditional money laundering, which typically involves
layering and integrating dirty money through banks, TBML
cleverly uses international trade transactions to hide, disguise,
or move the proceeds of crime across borders. These schemes
take advantage of the intricate, high-volume, and cross-border
nature of global trade, making it tough to spot illicit activities.
Financial institutions and regulatory agencies around the world
struggle to detect these schemes, as they often involve
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tampering with legitimate trade documents and manipulating
the invoicing of goods and services. The very nature of these
trade-based transactions makes it even harder to pinpoint the
illegal activities, blending them seamlessly with genuine trade
and creating a significant hurdle for anti-money laundering
(AML) efforts. Letters of Credit (LCs) and Bank Guarantees
(BGs) are essential tools in international trade, acting as secure
payment methods between buyers and sellers across borders.
These instruments provide guarantees for payment or
performance, ensuring that both exporters and importers are
protected by confirming that payments will be made once
certain conditions are fulfilled. However, their widespread use

WWW.ijisrt.com 3233


https://doi.org/10.38124/ijisrt/25mar1925
http://www.ijisrt.com/
https://doi.org/10.38124/ijisrt/25mar1925

Volume 10, Issue 3, March — 2025
ISSN No:-2456-2165

also makes them attractive targets for TBML exploitation.
Criminals often manipulate these instruments, changing their
terms or forging their authenticity, to transfer illicit funds
disguised as legitimate trade transactions. Given that LCs and
BGs usually involve multiple parties—including exporters,
importers, banks, and intermediaries—their complexity and
volume make it even harder to spot discrepancies or suspicious
activities. Consequently, these instruments are particularly
susceptible to manipulation, raising significant concerns about
detecting TBML in trade finance for financial institutions,
regulatory bodies, and global trade partners[1]. The surge in
financial crimes, especially money laundering, has become a
growing worry for the global economy. This issue has serious
implications for financial stability, economic growth, and
international trade. Financial crimes not only shake the
foundations of financial institutions but also enable the illegal
flow of money, often tied to organized crime, terrorism,
corruption, and other unlawful activities. The complexity of
today’s financial crimes, such as trade-based money laundering
(TBML),[2] presents major challenges for both regulators and
financial institutions. These crimes can destabilize economies,
diminish investor trust, and result in capital loss. When illegal
funds infiltrate the financial system through trade-based
methods, they skew market dynamics, heighten risks in
international transactions, and make it harder to enforce
financial regulations. Therefore, the unchecked rise of financial
crime poses a significant threat to the stability of the global
economic system, highlighting the urgent need for governments
and financial institutions to tackle these risks with more focus
and precision. As we move forward, the regulatory environment
is tightening up significantly. Global authorities like the
Financial Action Task Force (FATF) and various national
regulators are stepping up their game, imposing stricter
compliance requirements on financial institutions. This means
that these institutions are under more pressure than ever to spot
and prevent money laundering. They need to implement more
advanced, real-time monitoring systems to catch any suspicious
activities. The old-school methods, such as manual
investigations and basic rule-based systems, just don’t cut it
anymore, especially with the growing complexity of trade-
based money laundering (TBML) schemes. Given the massive
volume of global trade transactions and the complicated nature
of financial instruments like Letters of Credit and Bank
Guarantees, financial institutions really need to embrace more
efficient and scalable solutions. This has led to a strong demand
for cutting-edge technologies[3], especially artificial
intelligence and machine learning, which can streamline and
improve the detection process, helping to minimize false
positives and the chances of overlooking potential money
laundering activities. As regulatory demands keep increasing,
being able to quickly and accurately identify TBML will be
crucial for maintaining the integrity of the financial system and
ensuring trust in international trade.

The main goal of this paper is to dive into how artificial

intelligence (Al) and machine learning (ML) can boost the
detection of anomalies in international trade finance,
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particularly when it comes to Letters of Credit (LCs) and Bank
Guarantees (BGs). As financial crimes, especially trade-based
money laundering (TBML), become more sophisticated and
widespread, it’s essential to harness advanced technologies to
spot suspicious activities that might slip through the cracks of
traditional methods. This paper will explore how Al and ML
can sift through massive datasets tied to trade transactions,
revealing patterns and irregularities that could signal potential
money laundering schemes. By employing machine learning
algorithms, the paper aims to showcase how these technologies
can pick up on subtle and complex behavioral patterns across
various trade documents, entities, and payment histories.
Moreover, this paper suggests creating a robust anomaly
detection system specifically designed for the unique traits of
trade finance instruments like LCs and BGs. This system would
use Al-driven methods to automatically monitor and analyze
transaction details, flagging any unusual activities that stray
from standard trade practices. Through this approach, the paper
seeks to illustrate the value of Al in developing a scalable and
efficient strategy for TBML detection—one that not only eases
the workload for financial institutions but also improves the
accuracy and effectiveness of anti-money laundering (AML)
initiatives. By emphasizing the potential of Al to foster smarter,
more adaptable, and responsive detection systems, the paper
envisions a future where financial institutions can proactively
identify and thwart money laundering in the realm of
international trade.

1. TRADE-BASED MONEY LAUNDERING
(TBML)

> Definition and Mechanisms of TBML

Trade-Based Money Laundering (TBML) is a snheaky
tactic where criminals use international trade to hide or move
dirty money across borders. The main way they pull this off is
by fiddling with trade documents like invoices, bills of lading,
or Letters of Credit (LCs) to make it look like everything's
above board. A common trick is over or under invoicing, where
they either jack up or lower the price of goods or services to
move money around without raising any eyebrows[4]. By
changing the transaction value, they can shift illicit funds
disguised as legitimate trade payments, often flying under the
radar of financial institutions. Another tactic involves
misrepresenting goods, where the items being shipped are either
inaccurately declared or described to mask the real nature of the
deal. Sometimes, they even create completely fake transactions,
where no goods are shipped at all, but payments still go through
to cover up the illegal money transfer.

These strategies let criminals take advantage of the
international trade system to hide where the dirty money really
comes from and where it’s going. Intermediaries like brokers,
freight forwarders, and even shell companies often play a key
role in making TBML happen. They help to hide the identities
of the people involved, making it trickier to trace the money's
path. These middlemen might help forge documents or set up
deals in ways that are tough for traditional financial oversight
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to catch. By acting as buffers, they add layers of complexity that
make spotting suspicious activities even harder.

» Significance of TBML in the Global Financial System

The importance of Trade-Based Money Laundering
(TBML) goes well beyond just affecting individual banks; it
poses serious threats to the entire global financial system.
TBML is frequently associated with organized crime, terrorism
financing, corruption, and various other illegal activities, all of
which can have a widespread impact on economies worldwide.
Large TBML operations can result in significant financial
losses and compromise the integrity of the financial system. For
instance, there have been cases where TBML was used to
launder money from drug trafficking, human trafficking, and
other organized crime activities. The illegal funds that move
through trade transactions often end up in legitimate markets,
skewing  competition and promoting  corruption[5].
Consequently, TBML not only stifles economic growth but also
fosters an environment that encourages further criminal
behavior. On a larger scale, TBML can lead to serious
repercussions for global trade. It can distort market prices,
create unfair competition, and even erode market confidence.
When financial institutions fail to spot TBML, they risk
becoming entangled in money laundering schemes, which can
result in penalties, damage to their reputation, and loss of
business. The wider economy also takes a hit, as illicit funds
infiltrate legitimate industries, leading to inefficiencies and a
decline in public trust in financial markets.

» Challenges in Detecting TBML

Detecting TBML is no walk in the park; it’s a tough nut
to crack, mainly because of the clever tactics criminals use.
TBML schemes often mix legitimate and shady activities,
making it tricky to tell apart the genuine transactions from the
suspicious ones. The trade documents involved can be hard to
verify, and since trade is often international, it adds even more
layers of complexity. Criminals have a knack for manipulating
these documents in ways that look perfectly reasonable at first
glance, which makes it tough for traditional detection systems
to spot anything out of the ordinary. Traditional detection
systems, like rule-based algorithms and manual checks, often
fall short when faced with the massive volume and complexity
of trade transactions. These systems usually depend on set rules
or red flags, which savvy criminals can easily sidestep with
their increasingly sophisticated methods. Plus, human oversight
can lead to mistakes, especially when dealing with large
amounts of trade data. Financial institutions often find it hard
to keep pace with the rising tide of international trade, and
manually inspecting every single transaction is not only time-
consuming but also inefficient. As TBML techniques continue
to evolve, the old-school methods of detection are becoming
less effective. Financial institutions really need to adopt more
dynamic[6], automated solutions to stay ahead of these ever-
changing crimes. Without advanced technology and more
refined detection methods, tackling TBML on a large scale will
remain a daunting challenge.
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1. LETTERS OF CREDIT (LCS) AND BANK
GUARANTEES (BGS)

Letters of Credit (LCs) and Bank Guarantees (BGs) are
vital financial tools in the world of international trade. They act
as safety nets, ensuring that both buyers and sellers are
protected during cross-border transactions. An LC is issued by
a bank on behalf of the buyer, guaranteeing that the seller will
get paid once certain conditions are fulfilled. On the other hand,
a BG is a commitment from a bank to pay the seller if the buyer
fails to meet their obligations, providing peace of mind for
everyone involved. These instruments help reduce the risk of
non-payment, making it easier for trade to happen, especially
when the buyer and seller come from different countries where
trust might be limited. However, while LCs and BGs are crucial
for secure international trade, they can also be misused.
Unscrupulous individuals might exploit these financial tools for
money laundering, using them to move illegal funds across
borders. For example, they might forge documents or create
fake transactions to obtain an LC or BG[7], effectively hiding
the source of their illicit money. Spotting fraudulent activity in
these instruments can be tricky, but some warning signs include
discrepancies in paperwork, the involvement of too many
intermediaries, or transactions with unknown or dubious
financial institutions.

To tackle the misuse of Letters of Credit (LCs) and Bank
Guarantees (BGs), there are international regulations designed
to protect against illegal financial activities. Groups like the
Financial Action Task Force (FATF) establish worldwide
standards for Anti-Money Laundering (AML) practices, which
play a vital role in spotting and stopping money laundering and
other financial crimes in global trade. These regulations help
ensure that trade transactions are clear and that banks and
financial institutions adhere to rigorous due diligence processes
to detect and prevent any fraudulent activities.

(AVA ARTIFICIAL INTELLIGENCE (Al) AND
MACHINE LEARNING (ML) IN FINANCIAL
CRIME DETECTION

Artificial Intelligence (Al) and Machine Learning (ML)
have emerged as powerful allies in the battle against financial
crimes, particularly trade-based money laundering (TBML).
Within the financial services sector, these technologies play a
crucial role in spotting and preventing illicit activities by sifting
through complex financial transactions. They streamline the
monitoring process, making it much easier to detect suspicious
patterns that might otherwise slip under the radar. As they
continuously learn from new data, Al and ML systems become
increasingly accurate and efficient at identifying potential fraud
or money laundering activities. When it comes to tackling
trade-based money laundering, Al and ML provide a variety of
effective techniques. One notable method is supervised
learning, where a machine learning model is trained using
labeled data[8].
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Fig 1 The Image Shows the Key Component of Al

This allows the model to recognize patterns linked to
known types of financial fraud based on historical information.
Another approach is unsupervised learning, which enables the
system to spot anomalies or unusual transactions in trade data
without relying on predefined labels. This can be especially
valuable for uncovering new, previously unrecognized types of
fraudulent activities. Moreover, natural language processing
(NLP) empowers Al to analyze textual data found in documents
like Letters of Credit and Bank Guarantees, helping to pinpoint
inconsistencies or suspicious patterns that could signal fraud.
Deep learning, a more sophisticated branch of machine
learning, employs neural networks to detect complex patterns
in large datasets, aiding in the discovery of hidden fraudulent
activities that traditional methods might overlook. The
integration of Al and machine learning in the fight against
financial crimes offers a host of benefits. These advanced
technologies can sift through and analyze vast amounts of
trading data much quicker than any human could, allowing for
the immediate identification of suspicious activities. This rapid
processing and ability to scale up make it much easier to keep
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an eye on a high volume of transactions, significantly lowering
the risk of fraud going unnoticed[9]. Additionally, Al and
machine learning help minimize human errors by automating
many of the monitoring and detection processes, which leads to
greater accuracy. As these technologies continue to advance,
they also improve our capacity to spot more complex or new
types of trade-based money laundering that traditional methods
might struggle to catch. In summary, Al and machine learning
are revolutionizing how financial institutions tackle financial
crime, offering more effective and efficient solutions.

V. DEVELOPING A MACHINE LEARNING
APPROACH FOR ANOMALY DETECTION IN
LCS AND BGS

Creating a machine learning strategy for spotting
anomalies in Letters of Credit (LCs) and Bank Guarantees
(BGs) involves several important steps to make sure the model
can effectively flag suspicious activities in trade transactions. It
all starts with gathering and prepping the data. Having high-
quality, accurate datasets is crucial since they form the
backbone of any machine learning model. The data is sourced
from various trade documents like LCs and BGs, and it needs
to be thoroughly cleaned and organized before diving into
analysis. Preprocessing techniques such as data cleaning,
normalization, and feature engineering are employed to get the
data into a format that the machine learning model can work
with. Cleaning helps eliminate errors or inconsistencies,
normalization brings values to a common scale, and feature
engineering is about creating new variables that can boost the
model’s ability to spot anomalies[10].
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Fig 2 This Image Shows the Anomalities Detection
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After the data is ready, the next phase is feature selection
and engineering. This step is all about pinpointing the most
relevant factors or features that can aid in detecting suspicious
activities. For instance, features like trade volume, transaction
history, profiles of exporters and importers, and any
inconsistencies in trade terms are all key indicators to keep an
eye on. Bringing in domain-specific knowledge—Ilike
understanding the usual structure of trade agreements or
common fraudulent practices—can really enhance the model’s
performance by ensuring it zeroes in on the right aspects of the
data. Now that we have our data and features all set, it’s time to
dive into model selection and training. When it comes to
spotting anomalies, we often turn to machine learning
algorithms like decision trees, random forests, support vector
machines, and neural networks. These models get their training
from historical trade data, which helps them pick up on patterns
and figure out what "normal™ looks like in trade transactions.
After they’ve been trained, we can put them to the test by
simulating various money laundering scenarios to see how
effectively they can spot anomalies. This process is crucial for
helping the model catch those subtle signs of potential fraud
that might slip past human eyes. Once we’ve got the model up
and running, it’s time to evaluate its performance. We use a
range of metrics to see how well it identifies fraudulent activity,
including precision, recall, F1 score, and the ROC curve[11].
These metrics are essential for gauging how accurately the
model flags suspicious transactions while keeping false
positives to a minimum. We also employ cross-validation to
make sure the model can generalize well and doesn’t just
memorize the training data. Overfitting is a common pitfall
where a model becomes too tailored to its training set, making
it struggle with new data. One of the key challenges in anomaly
detection is finding the right balance between sensitivity (the
ability to correctly identify fraud) and specificity (the ability to
avoid mislabeling legitimate transactions as fraudulent).
Tackling false positives is vital because too many incorrect
alerts can bog down investigators and hinder the system's
efficiency. By continuously fine-tuning these processes,
machine learning models can significantly improve their ability
to detect and prevent fraudulent activities in letters of credit and
bank guarantees.

VI REAL-WORLD APPLICATIONS AND CASE
STUDIES

In recent years, Al and machine learning have emerged as
powerful allies in the fight against trade-based money
laundering (TBML) within financial transactions. Financial
institutions across the globe are increasingly turning to these
technologies to spot suspicious activities and curb illicit
financial flows. Numerous success stories illustrate how
implementing Al and ML can greatly enhance the detection of
TBML in trade transactions. For example, some banks have
started using machine learning systems in their transaction
monitoring processes, allowing these systems to sift through
massive amounts of trade data to identify unusual patterns that
might suggest money laundering[12]. These Al-driven
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solutions excel at spotting anomalies that traditional methods
might overlook, making them essential for uncovering intricate
laundering schemes. Case studies reveal that banks and
financial institutions embracing Al-based solutions have seen
improvements in both the accuracy and speed of their fraud
detection efforts, resulting in more streamlined operations and
better security for their clients. While Al and machine learning
hold incredible potential in the battle against trade-based money
laundering (TBML), there are still some pretty significant
hurdles to overcome when it comes to putting these
technologies into action. One of the biggest worries is data
privacy; financial institutions have to navigate strict regulations
to protect sensitive customer information. On top of that,
staying compliant with regulations is a constant challenge, as
banks and other financial entities must follow global standards
like Anti-Money Laundering (AML) rules[13]. The ever-
changing tactics used by money launderers add another layer of
complexity, since models that are effective today might need
regular updates and retraining to keep up. Criminals are always
coming up with new ways to slip through the cracks, so Al
systems need to be flexible and capable of spotting new patterns
as they emerge. Moreover, while Al models can be incredibly
powerful, it’s essential to ensure they are transparent and
interpretable to meet regulatory requirements. Regulators often
expect financial institutions to explain how automated systems
make decisions, especially when those decisions relate to
compliance with laws. This means that Al systems should be
designed in a way that allows human experts to grasp and
articulate the reasoning behind a model's conclusions, which
can be tricky with complex machine learning algorithms[14].
Despite these challenges, there’s no denying that Al and
machine learning are reshaping how financial institutions tackle
TBML, with ongoing efforts to overcome these limitations and
enhance the technology’s effectiveness and transparency.

VILI. FUTURE DIRECTIONS AND OPPORTUNITIES

As Al technology keeps advancing, we're on the brink of
some exciting developments that could significantly improve
how we detect financial crimes, especially trade-based money
laundering (TBML). One major area of focus is the rise of
explainable Al. This type of Al is designed to offer clear and
understandable reasons behind its decisions, which can help
financial institutions comply with regulations and boost
transparency[15]. Another promising advancement is federated
learning, a technique that allows Al models to be trained across
various devices or organizations without the need to share
sensitive information. This could enable financial institutions to
work together and share insights to spot TBML while keeping
data private and secure. These advancements in Al technology
could greatly enhance the accuracy, transparency, and
efficiency of TBML detection[16], making it increasingly
difficult for criminals to conceal illegal activities within
intricate trade transactions. In addition to these Al
advancements, there's a growing interest in merging Al with
traditional financial crime prevention systems. While Al excels
at quickly processing large volumes of data and identifying
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patterns that might elude human analysts, it performs best when
complemented by human oversight[17]. A hybrid approach,
where Al models flag potentially suspicious activities and
human experts conduct manual reviews, can lead to a more
effective system for detecting TBML. This combination
ensures that Al captures the subtleties that a human investigator
might notice, all while leveraging the speed and scalability that
Al offers. By blending Al with traditional methods, financial
institutions can develop a more thorough and effective strategy
for combating TBML[18]. The use of Al and machine learning
in tackling financial crime is really taking off, and it goes way
beyond just trade-based money laundering (TBML). The same
smart techniques that help spot money laundering can also be
used in other areas, like detecting fraud in payments or trade
financing[19]. For instance, Al models can analyze payment
transactions to catch any unusual patterns, helping to identify
potential fraud before it escalates. In the realm of trade
financing, machine learning can pinpoint discrepancies or
oddities in financial documents—think invoices or letters of
credit—to help prevent fraud. As Al technology keeps
advancing, we can expect these applications to expand even
further, empowering financial institutions to combat a wider
array of financial crimes and providing stronger protection
throughout the financial system.

VIII. CONCLUSION

In wrapping things up, we can't underestimate the impact
that Al and machine learning have on fighting trade-based
money laundering (TBML). These technologies have truly
changed the game for financial institutions, helping them spot
and prevent shady activities in international trade by
automating the analysis of huge amounts of transaction data.
Thanks to Al's knack for learning from patterns and evolving
over time, it can catch suspicious activities that might slip
through the cracks with traditional methods. Machine learning
models are also able to process data much faster and more
accurately, which cuts down on human error and ensures that
potential fraud is flagged in real-time. This is especially vital in
the fast-moving world of international trade, where countless
transactions happen every day. By harnessing the power of Al
and machine learning, institutions are not just getting better at
detecting TBML; they're also building more efficient and
secure financial systems. Looking ahead, the possibilities for Al
to revolutionize financial crime prevention are huge. As
technology continues to evolve, the accuracy, speed, and
adaptability of Al-driven solutions will only get better, making
them even more effective at spotting complex financial crimes.
These advancements could significantly lower the rates of
TBML and other financial crimes, making it tougher for
criminals to take advantage of the financial system. By
integrating Al with traditional systems, developing explainable
Al, and exploring innovations like federated learning, we can
further boost the capabilities of detection models, leading to a
more thorough approach to tackling financial crime. The
transformative power of Al is just getting started, and its
potential to reshape the landscape of financial crime prevention
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is truly remarkable. To truly tap into this potential, we need to
keep pushing forward with research, teamwork, and fresh ideas.
Financial crime is always changing, and our methods for
spotting it need to evolve as well. It's essential to keep exploring
Al techniques and how they can be used in detecting financial
crime if we want to stay ahead of those engaging in illegal
activities. Working together—financial institutions, regulatory
agencies, and tech developers—is vital to make sure our Al
systems are effective, transparent, and in line with regulations.
By nurturing a spirit of innovation and sharing insights, the
financial sector can create stronger systems for identifying and
preventing financial crimes, ultimately leading to a safer and
more reliable global financial landscape.
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