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Introduction:

In the modern logistics industry, data plays a critical role in improving operational efficiency and supporting strategic decision-making. DHL Supply Chain operates a complex network across the United Kingdom and Europe producing vast amounts of data from systems such as Warehouse Management Systems (WMS), Transportation Management Systems (TMS), and Order Management Systems (OMS). However, these systems operate in silos, resulting in a fragmented data landscape that limits visibility across operations and reduces the ability to identify inefficiencies, monitor performance, and optimise resources [1].
To address these challenges, this report proposes the implementation of a data warehousing solution that integrates data from multiple sources into a centralised platform. Data warehouses are designed to support analytical processing and provide historical insights for decision-making, unlike traditional OLTP systems which focus on transactional efficiency [2]. The purpose is to highlight how data warehousing empowers DHL to gain valuable insights, strengthen decision-making capabilities, and improve overall logistics operations.


DHL Supply Chain: Data Warehousing Strategy for UK and European Logistics
Task 1

A variety of OLTP systems are employed by DHL Supply Chain, covering warehouse operations (WMS), transport coordination (TMS), and order handling (OMS).These systems handle real-time activities including order processing, inventory updates, parcel tracking, and fleet management. They are highly optimised for speed and accuracy, ensuring efficient logistics operations across DHL’s UK and European network. However, OLTP systems are often siloed and focused on specific functions, limiting their ability to provide a unified, organisation-wide view of data.
In contrast, a data warehouse is built for analytical purposes. It combines data from multiple systems into a single central repository and stores historical information for analysis. This enables DHL to identify trends such as delivery performance, customer behaviour, and regional profitability. Implementing a data warehouse would improve data consistency and accessibility, enabling better decision-making. It would help DHL identify inefficiencies, monitor SLA performance, and optimise operations. Additionally, it supports business intelligence tools and predictive analytics, helping DHL respond to challenges such as e-commerce growth, Brexit impacts, and sustainability requirements [7]
1.1 OLTP vs Data Warehouse



DHL Supply Chain relies on Online Transaction Processing (OLTP) systems like as Warehouse Management Systems (WMS), Transportation Management Systems (TMS), and Order Management Systems (OMS) to manage its daily logistics operations. OLTP systems are designed to handle real-time transactions efficiently, including order processing, shipment tracking, and inventory updates. They use highly normalised database structures to ensure fast performance, accuracy, and data consistency. However, OLTP systems are not suitable for complex analysis or long-term strategic decision-making.


1.2 Data Warehouse Architecture and ETL 

A modern data warehouse architecture for DHL Supply Chain follows a multi-layered approach, integrating data from various operational systems across the UK and Europe. Due to the scale of DHL’s logistics operations and the diversity of its systems, this architecture ensures that fragmented data is consolidated into a consistent and reliable platform for analysis and decision-making.
The proposed architecture follows a structured flow: Source Systems, ETL Layer, Data Warehouse , Data Marts , Business Intelligence Tools. This layered design supports efficient data processing, storage, and reporting while maintaining scalability and performance.
DHL’s data originates from multiple internal systems, including OMS (order data), WMS (warehouse and inventory operations), TMS (transport and fleet management), and financial systems that manage cost and revenue information. External data sources such as GPS tracking systems, customs databases, and customer portals also contribute valuable information. These systems operate across key logistics hubs such as Daventry, Heathrow, and Rotterdam, resulting in distributed and fragmented datasets that require integration.
The ETL (Extract, Transform, Load) layer is used to integrate and prepare data for analysis. In the extraction phase, data is gathered from source systems using scheduled batch processes or near real-time streams. During transformation, the data is cleansed and standardised by eliminating duplicates, fixing inconsistencies, and formatting elements such as dates and currencies. Additional processing includes data enrichment, such as calculating delivery delays and carbon emissions, while applying business rules to categorise services. The final step involves loading the processed data into the data warehouse in a structured format. The data warehouse stores integrated and historical data using dimensional models, enabling cross-functional analysis across operations, transport, and finance. To improve performance and usability, data marts are created for specific departments such as operations, finance, and sales, allowing users to access relevant insights quickly.
The Business Intelligence layer provides dashboards and reports that present key performance indicators (KPIs), including delivery performance, warehouse utilisation, and profitability. Importantly, ETL processes are scheduled outside peak hours and use read-only extraction, ensuring minimal disruption to daily operations. [4][18]

1.3 Data Marts for Decision-Makin
Data marts are customised parts of a data warehouse developed to support the specific needs of individual departments.
Data marts are tailored portions of a data warehouse designed to meet the specific requirements of individual departments. In a global logistics company such as DHL, substantial volumes of data are generated from activities including shipping, warehousing, customer orders, and financial operations. By establishing dedicated data marts for key stakeholders, organisations can provide precise and relevant information to support effective decision-making.
Managing Director Data:
The Managing Director requires a strategic overview of organisational performance, including key indicators such as revenue, operational efficiency, delivery performance, and overall profitability to support high-level decision-making.
Mart
The managing director requires a high-level view of overall performance. This data mart provides key performance indicators (KPIs) such as shipment volumes, on-time delivery rates, customer satisfaction, and regional performance. It uses aggregated data and dashboards to support strategic decisions, such as identifying inefficiencies or analysing market trends across regions.
Finance Director Data Mart
The finance director focuses on financial performance and cost control. This data mart includes metrics such as revenue by service type, operating costs, profit margins, and budget variance. It also tracks expenses like fuel and warehouse costs, enabling the identification of cost-saving opportunities and improved financial planning.
Sales and Marketing Director Data Mart
The sales and marketing director needs insights focused on customers. This data mart includes data on customer behaviour, shipment frequency, revenue by region, and campaign performance. It helps identify high-value customers and supports targeted marketing strategies, such as focusing on high-demand sectors like e-commerce.

1.4 OLTP vs Dimensional Modelling 
OLTP systems utilise normalised database models, where data is structured across multiple related tables to reduce redundancy. (e.g., shipment, client, and vehicle data) to reduce redundancy and improve data integrity. This design is efficient for transaction processing but makes complex analytical queries slower and more difficult.
By contrast, data warehouses adopt dimensional modelling, commonly using a star schema, to make data easier to analyse.Star Schema Example (DHL Logistics)
Fact Table (Fact_Shipment):
Contains measurable data such as shipment ID, delivery time, cost, revenue, and distance. 
Dimension Tables: 
Dim_Client: client name, industry 
Dim_Route: origin, destination 
Dim_Date: time hierarchy 
Dim_Warehouse: location, capacity 
Dim_Vehicle: type, fuel usage 
Key Differences
OLTP (Normalised)	Data Warehouse (Dimensional)
Optimised for transactions	Optimised for analysis
Highly normalised	Demoralised
Complex queries	Fast queries
Current data	Historical data

For DHL, dimensional modelling enables fast and efficient analysis of logistics performance, such as identifying delivery delays by route or analysing profitability by client. [5]


Task 2
DHL’s data warehouse integrates data from multiple internal and external sources to provide a unified analytical platform.
2.1: Source System Identification
Internal Sources
The data warehouse for DHL Supply Chain integrates data from a wide range of internal and external systems to provide a complete and unified view of logistics operations. [15]
Internal Sources
Order Management System (OMS): Captures order data, customer requests, and service details 
Warehouse Management System (WMS): Manages inventory levels, storage, and warehouse operations 
Transportation Management System (TMS): Provides transport planning, routing, and delivery data 
Fleet Management Systems: Collect GPS and telematics data such as vehicle location, speed, and fuel usage 
Financial Systems: Record billing, invoicing, operational costs, and revenue data 
HR Systems: Store workforce data including staff allocation, scheduling, and performance [6] 
External Sources
Client Portals: Provide customer order inputs, tracking updates, and service feedback 
Customs and Regulatory Systems: Supply cross-border logistics and compliance data 
Third-Party Carriers: Contribute delivery and transport performance data 
Fuel Price & Environmental Data: Provide information for calculating fuel costs, carbon emissions, and sustainability metrics 
These sources collectively generate comprehensive operational, financial, and customer data. Integrating them into a central data warehouse enables DHL to perform advanced analytics, improve visibility, and support informed decision-making across the organisation.

2.2 Star Schema Design
DHL’s data warehouse adopts a multi-star schema design, allowing different business areas to be analysed efficiently while maintaining high query performance and scalability.
1. Shipment Star Schema
Fact Table – Fact_Shipment:
Shipment_ID, Delivery_Time, Cost, Revenue, Weight, Distance
Dimension Tables:
Dim_Client, Dim_Date, Dim_Route, Dim_Service_Type, Dim_Warehouse
This schema supports analysis of delivery performance, cost efficiency, and customer service.

2. Warehouse Operations Star Schema
Fact Table – Fact_Warehouse:
Pick_Time, Pack_Time, Inventory_Level, Space_Utilisation
Dimension Tables:
Dim_SKU, Dim_Warehouse, Dim_Date, Dim_Staff
This enables monitoring of warehouse efficiency, inventory management, and workforce productivity.

3. Fleet & Transport Star Schema
Fact Table – Fact_Transport:
Fuel_Consumption, Mileage, Delivery_Time
Dimension Tables:
Dim_Vehicle, Dim_Driver, Dim_Route, Dim_Date
This schema supports analysis of fleet performance, fuel efficiency, and transport optimisation.

Supporting Data Structures
Master Data:
Includes core reference data such as client details, vehicle registry, and warehouse locations, ensuring consistency across the system 
Metadata:
Defines business rules and data definitions, including service types (e.g., express, standard), SLA requirements, and pricing policies 
Aggregate Tables:
Store pre-calculated summaries such as monthly delivery performance, regional profitability, and carbon emissions reports to improve query speed 

Justification of Design
The multi-star schema design provides several benefits:
Improves scalability by supporting multiple business functions 
Enables cross-functional analysis across logistics, finance, and operations 
Enhances query performance through simplified structures 
Supports DHL’s key performance indicators (KPIs) such as delivery time, cost efficiency, and sustainability [15]
Overall, this design ensures that DHL can efficiently analyse large volumes of data and make data-driven decisions to improve operational performance and customer satisfaction.

2.3 Data Marts and Schema 


OPERATIONS DATA MART
Schema: Star schema based on shipment and warehouse facts
Data: delivery times, warehouse efficiency, fleet usage
Finance Data Mart
Schema: Fact tables for cost and revenue
Data: profit margins, invoices, cost drivers
Client Services Data Mart
Schema: Customer-centric star schema
Data: SLA performance, customer interactions
Each mart is derived from the central warehouse and optimised for departmental use.[7]

2.4 ETL Plan 
Data is extracted from multiple DHL operational systems, including OMS, WMS, TMS, and financial systems. This extraction is performed through scheduled batch processes or near real-time data streams where required.
Transform
The extracted data is processed to ensure quality and consistency:
Removal of missing and duplicate records 
Standardisation of formats (e.g., currency, dates across UK and EU regions) 
Calculation of key performance indicators (KPIs), such as delivery delays and carbon emissions 
Application of business rules for data consistency 
Load
The transformed data is first loaded into a staging area and then into the data warehouse’s fact and dimension tables. Incremental loading techniques are used to update only new or changed data, ensuring efficiency. Data refresh occurs on a daily or near real-time basis where necessary.

For a data warehouse to deliver accurate and reliable insights, DHL Supply Chain must implement strong data quality management and governance practices. High-quality data is essential for effective decision-making, operational efficiency, and regulatory compliance across its global logistics network.
DHL must ensure the following key aspects of data quality:
Accuracy:Data must be validated to ensure correctness, particularly for shipment details, delivery times, and financial transactions. Inaccurate data can lead to poor decision-making and operational inefficiencies. 
Consistency:
Data should be standardised across all regions and systems. This includes using uniform formats for dates, currencies, units of measurement, and customer identifiers, ensuring seamless integration across international operations. 
Completeness:
Missing or incomplete data must be identified and handled appropriately. Techniques such as data validation rules, default values, and data enrichment can be used to ensure datasets are complete and usable for analysis. 
In addition to data quality, strong data governance is required:
Governance (Access Control):
Role-based access control (RBAC) ensures that only authorised users can access, modify, or analyse data. This improves data security and prevents unauthorised usage. 
Compliance:
It is essential for DHL to follow global data privacy standards, including General Data Protection Regulation and other relevant international frameworks. Adhering to these rules helps ensure that both customer and operational information is managed responsibly, securely, and in an ethical mannerFurthermore, governance policies should include data ownership, data stewardship, and regular auditing to maintain data integrity over time.
Strong data quality and governance frameworks ensure that DHL’s data warehouse provides reliable, secure, and high-quality insights, supporting better decision-making and maintaining trust across stakeholders [8].

Conclusion
Implementing a data warehouse enables DHL to overcome fragmented OLTP systems and gain integrated, historical insights for better decision-making. [9] By combining data through ETL processes and dimensional modelling, DHL can improve efficiency, optimise operations, and enhance customer satisfaction. Data marts support targeted analysis, while strong governance ensures data quality and security. Overall, a data warehouse allows DHL to respond effectively to industry challenges and supports long-term growth and competitive advantage.[10]
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Architecture of a Data Warehouse with a Staging Area and Data Marts
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