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 Order tracking systems are now an inherent part of supply chain management, 

guaranteeing the unhampered flow of goods, real-time monitoring of shipments, 

and improved customer satisfaction. Nevertheless, such systems are frequently 

faced with impassable hurdles, including delayed shipments, fraud, 

inconsistencies in data, and mismatches in delivery. Conventional rule-based 

detection approaches are less flexible and scalable to process huge volumes of 

complicated data in real time, and it is challenging to detect concealed anomalies 

in logistics networks. The integration of Python and machine learning has 

emerged as a breakthrough approach to anomaly detection in order tracking 

systems. Through the utilization of historical data, sensor data, and transaction 

logs, machine learning al- gorithms identify anomalous patterns in shipment 

data. Unlike conventional approaches, AI-driven anomaly detection utilizes 

supervised and unsupervised learning models to predict, classify, and prevent 

anomalies before they impact logistics processes. Supervised learning algorithms 

like decision trees and support vector machines (SVM) are efficient in identifying 

pre-defined anomalies, whereas unsupervised learning algorithms like k- means 

clustering and autoencoders are proficient in identifying unknown patterns. 

Python has a comprehensive library and framework base, such as TensorFlow, 

Scikit-learn, Pandas, and NumPy, which enables effective data preprocessing, 

feature engi- neering, model training, and anomaly detection. As AI continues 

to be at the core of supply chain operations, companies are using Python-based 

applications to enable better real-time decision- making, fraud detection, and 

logistics optimization. The research explores the utilization of machine learning 

in Python for the detection of anomalies in order tracking systems. By analyzing 

actual datasets and testing different algorithms, the research aims to determine 

the optimal methods for shipment anomaly detection. Additionally, challenges 

related to data quality, com- putational overhead, and model interpretability will 
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be discussed, along with possibilities for future enhancement in AI-enabled 

order tracking systems. 

Index Terms : Python, AI, Ml 

 

I. INTRODUCTION 

 

Order tracking software is a vital part of modern 

supply chains, ensuring shipments arrive correctly 

and at the right moment. Nevertheless, these 

systems are often faced with issues such as delayed 

deliveries, fraudulent activity, and incorrect 

deliveries, which can potentially impact business 

operations and customer satisfaction significantly 

[1]. Legacy rule-based anomaly detection methods 

struggle to keep up with the complexity of modern 

supply chains and therefore rely on machine 

learning (ML) and artificial intelligence (AI) to be 

useful tools for detecting and responding to 

anomalies [2]. Machine learning enables 

businesses to move beyond the limitations of 

simple threshold-based rules by detecting 

submerged patterns in large datasets. In contrast to 

traditional anomaly detection methods that rely 

on pre-established rules, ML models can learn 

from historical shipment records in real time and 

identify anomalies [3]. Python’s vibrant ML 

environment has positioned it as the go-to 

programming language for implementing anomaly 

detection systems in logistics. Scikit-learn, 

TensorFlow, Pandas, and NumPy, some of the 

most widely used Python libraries, allow 

businesses to develop high-accuracy AI-driven 

fraud detection frameworks [4]. One of the 

significant challenges of order tracking systems is 

detecting fraudulent behavior such as fake 

transactions, illicit shipments, and manipulated 

delivery records. Wang et al. (2022) recognized in 

one of their researches that fraud detection models 

based on ML had the potential to reduce supply 

chain monetary losses up to 30Some of the 

machine learning techniques applied to anomaly 

detection in order tracing systems are supervised 

learning models like decision trees, SVM, and 

logistic regression, which are effective when there 

is access to labeled data. Such models classify 

shipments as normal or fraudulent against the 

backdrop of past trends [7]. On the other hand, 

unsupervised methods such as k- means clustering 

and isolation forests are useful in detecting long-

hitherto unknown anomalies by picking up 

shipments that are significantly different from 

normal behavior [8]. Deep learning models, from 

autoencoders to recurrent neural networks 

(RNNs), have also been used to examine time-

series logistics data to improve the accuracy of 

anomaly detection [9]. Traditional rule-based 

order monitoring systems are prone to very high 

false positives since stringent requirements label 

authentic orders as suspect orders. Studies 

conducted by Gartner (2021) showed entities 

using ML-powered anomaly detection reported a 

40Python’s capability to handle big data analytics 

has established it as a top industry standard for 

anomaly detection in logistics. An IBM AI Labs 

case study (2022) demonstrated that Python-based 

predictive analytics models led to 25Highlight the 
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significance of data analytics in optimizing 

business processes, which is crucial for enhancing 

anomaly detection in order tracking systems[14]. 

The utiliza- tion of machine learning models in 

Python allows businesses to automate the 

identification of irregular patterns, improving 

efficiency and reducing errors in logistics 

operations [15]. By integrating real-time analytics, 

companies can proactively detect and mitigate 

potential disruptions, ensuring seamless order 

tracking and delivery management [16]. 

 

II. LITERATURE REVIEW 

 

A. Introduction to Anomaly Detection in Order 

Tracking 

Anomaly detection has become a vital component 

of mod- ern order tracking systems, ensuring 

seamless logistics oper- ations, fraud prevention, 

and enhanced supply chain security. Traditional 

order tracking systems rely on rule-based methods 

that often fail to detect sophisticated fraud 

patterns and oper- ational inefficiencies. With the 

rise of artificial intelligence and machine learning, 

anomaly detection techniques have significantly 

improved in accuracy and scalability, making 

them indispensable for order tracking and fraud 

prevention. 

Machine learning-based anomaly detection 

methods provide real-time insights into shipment 

irregularities, fraudulent activ- ities, and 

operational delays. Python, with its vast 

ecosystem of machine learning libraries, has 

emerged as a dominant tool for developing AI-

driven anomaly detection models. These models 

help identify fraudulent transactions, optimize 

delivery accuracy, and mitigate supply chain risks. 

B. Machine Learning Techniques for Anomaly 

Detection 

Machine learning techniques used in anomaly 

detection in order tracking systems can be 

categorized into three main types: supervised 

learning, unsupervised learning, and deep 

learning. These approaches enable businesses to 

detect fraud- ulent transactions, unexpected 

shipment delays, and errors in logistics operations. 

1) Supervised Learning Models: Supervised 

learning mod- els require labeled datasets to train 

machine learning algo- rithms on known 

fraudulent and normal transactions. Once trained, 

these models classify new transactions based on 

their likelihood of being fraudulent or normal. 

• Decision Trees 

Random Forests: Decision trees create a structured 

flowchart to classify transactions, while random 

forests combine multiple decision trees to improve 

prediction accuracy. 

• Support Vector Machines (SVM): This technique 

sepa- rates fraudulent and non-fraudulent 

transactions by iden- tifying optimal hyperplanes 

in multidimensional space. 

• Logistic Regression: A statistical model that 

predicts the probability of fraud based on 

transaction history and shipping patterns. 

2) Unsupervised Learning Models: Unsupervised 

learning models are useful when labeled fraud 

datasets are unavailable. These models detect 

anomalies by analyzing deviations from normal 

behavior patterns. 

• K-Means Clustering: Groups similar transactions 

to- gether, flagging data points that deviate 

significantly as potential anomalies. 

• Isolation Forests: A tree-based anomaly detection 

method that isolates rare transactions faster than 

tradi- tional classification models. 
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 • Autoencoders: Deep learning models used to 

detect fraudulent transactions by reconstructing 

normal patterns and identifying outliers. 

C. Python-Based Frameworks for Anomaly 

Detection in Order Tracking 

Python has become the preferred language for 

implementing machine learning-driven anomaly 

detection. Several frame- works and libraries 

support AI-driven fraud detection in lo- gistics 

and supply chain management. 

• Scikit-learn: Provides traditional machine 

learning mod- els such as decision trees, SVM, and 

clustering tech- niques. 

• TensorFlow 

Keras: Enable the deployment of LSTMs and 

autoen- coders for complex fraud detection. 

• Pandas 

NumPy: Used for data preprocessing, feature 

engineer- ing, and exploratory data analysis before 

training machine learning models. 

 
Fig. 1. structure of tracking system. 

 

III. METHODOLOGY 

 

A. Data Collection 

The first step in developing an anomaly detection 

system is data acquisition. A high-quality dataset 

is essential for train- ing machine learning models 

to accurately detect fraudulent activities and 

irregularities in order tracking. The sources of data 

include: 

• Order Management Systems (OMS): Data from e- 

commerce platforms, logistics firms, and 

warehouses. 

• Shipment Logs: Real-time tracking data from 

GPS- enabled fleet management systems. 

 • Transaction Data: Payment records, customer 

purchase behavior, and historical sales data. 

• IoT and Sensor Data: Smart warehouse sensors 

that monitor package movements and 

temperature-sensitive shipments. 

B. Data Preprocessing 

Raw data often contains inconsistencies, missing 

values, and duplicate records that must be cleaned 

before analysis. The preprocessing phase ensures 

that data is standardized and prepared for machine 

learning model training. The key steps in data 

preprocessing include: 

• Handling Missing Values: Imputation using mean, 

me- dian, or mode; removal of records with 

excessive missing values. 

• Data Normalization and Scaling: Techniques 

include Min-Max Scaling (scales values between 0 

and 1) and Standardization (mean of 0, standard 

deviation of 1). 

• Feature Encoding: Converting categorical 

variables into numerical values using One-Hot 

Encoding or Label En- coding. 

• Removing Duplicate and Corrupt Data: Ensures 

model accuracy and prevents redundancy in 

training data. 

C. Machine Learning Model Selection 

Various machine learning techniques are 

evaluated to deter- mine the most suitable model 

for anomaly detection. 
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• Supervised Learning Models: Logistic Regression, 

De- cision Trees, Random Forests, and Support 

Vector Ma- chines (SVM). 

• Unsupervised Learning Models: K-Means 

Clustering, Isolation Forest, and Autoencoders. 

• Deep Learning Models: Recurrent Neural 

Networks (RNNs) 

Long Short-Term Memory (LSTM), Convolutional 

Neu- ral Networks (CNNs). 

D. Model Training and Evaluation 

After selecting the best models, they are trained 

using historical transaction data. The training 

process follows these steps: 

• Splitting the Dataset: Training Set (70%), 

Validation Set (15%), Test Set (15%). 

• Hyperparameter Tuning: Techniques such as 

Grid Search and Random Search. 

• Performance Metrics: Precision, Recall, F1-Score, 

and ROC-AUC Curve. 

E. Model Deployment and Real-Time Anomaly 

Detection 

Once the model is trained and optimized, it is 

deployed in a production environment using: 

• Cloud-Based Deployment: AWS SageMaker, 

Google AI, and Azure ML for scalable fraud 

detection. 

• REST API Integration: The model is integrated 

into the order tracking system for real-time 

monitoring. 

  

F. Continuous Model Improvement 

Fraud patterns evolve, requiring continuous 

model updates. Periodic retraining and adaptive 

learning approaches ensure accuracy and 

effectiveness over time. 

 
Fig. 2. life cycle of order tracking system. 

 

IV. CONCLUSION 

 

Anomaly detection in order tracking systems is a 

critical aspect of modern logistics and supply chain 

management. The integration of Python and 

machine learning has revolution- ized the way 

businesses detect fraudulent activities, monitor 

shipment irregularities, and enhance operational 

efficiency. By leveraging advanced artificial 

intelligence techniques, or- ganizations can move 

beyond traditional rule-based tracking systems 

and adopt real-time anomaly detection solutions 

that offer superior accuracy and automation. The 

implementation of machine learning-based 

anomaly detection involves a struc- tured 

approach, starting from data collection and 

preprocess- ing to feature engineering, model 

selection, and deployment. Python’s powerful 

libraries, such as Scikit-learn, TensorFlow, and 

Pandas, enable efficient data handling and model 

training, making it an ideal platform for anomaly 

detection in logistics. By analyzing shipment logs, 

transaction histories, and real- time sensor data, 

machine learning models can identify devi- ations 
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from expected behavior, flagging suspicious 

activities for further investigation. One of the 

major advantages of using machine learning for 

anomaly detection is the ability to detect complex 

fraud patterns that traditional tracking systems 

might overlook. Supervised learning models, such 

as decision trees and support vector machines, 

provide high accuracy in detecting predefined 

anomalies, while unsupervised learning 

techniques, such as clustering and autoencoders, 

help discover previously unknown fraud patterns. 

Deep learning models, in- cluding long short-term 

memory (LSTM) networks and convolutional 

neural networks (CNNs), further enhance 

anomaly de- tection by analyzing sequential order 

tracking data and detect- ing tampered invoice 

documents. Despite its advantages, the 

deployment of AI-driven anomaly detection 

presents several challenges. Data quality remains a 

major concern, as missing values, inconsistencies, 

and biases in training datasets can lead to 

inaccurate predictions. The computational cost 

associated with training deep learning models can 

be high, requiring businesses to invest in cloud-

based solutions for scalability. Additionally, false 

positives are a common issue in fraud detection 

systems, as legitimate transactions may 

occasionally be flagged as anomalies. Addressing 

these challenges re- quires a combination of robust 

data preprocessing techniques, continuous model 

retraining, and hybrid AI approaches that 

integrate rule-based heuristics with machine 

learning models. Security is another crucial aspect 

of anomaly detection in order tracking systems. As 

fraudsters evolve their tactics, machine learning 

models must continuously adapt to new fraud pat- 

terns. Cybersecurity threats, such as adversarial 

attacks on AI models, pose risks to the reliability 

of fraud detection systems. Implementing 

blockchain-based verification mechanisms and 

secure API endpoints can help mitigate these risks, 

ensuring that order tracking data remains tamper-

proof and transparent. The future of anomaly 

detection in logistics lies in further advancements 

in artificial intelligence and automation. Edge 

computing is expected to play a major role in real-

time fraud detection by enabling AI models to 

process order tracking data directly at shipment 

hubs, reducing latency and improving response 

times. Hybrid AI models that combine supervised, 

unsupervised, and reinforcement learning will 

improve de- tection accuracy while minimizing 

false alarms. Furthermore, the integration of 

blockchain technology will enhance supply chain 

security by providing immutable transaction 

records that prevent data manipulation. In 

conclusion, the use of Python and machine 

learning for anomaly detection in order tracking 

systems has the potential to transform logistics 

operations by increasing security, reducing fraud, 

and improving efficiency. Businesses that invest in 

AI-driven anomaly detection will gain a 

competitive edge in the rapidly evolving global 

supply chain landscape. Moving forward, 

continued research and technological 

advancements will further optimize anomaly 

detection frameworks, ensuring more reliable and 

intelligent order tracking solutions. 
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