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ABSTRACT: Logistics tracking systems involving complex global distribution networks emit massive amounts of 

data that are typically stored in on-premises data warehouses followed by an export to a data mart for analytical 

consumption. Analytical operations are also often Monte Carlo simulations, sensitive to how closely the empirical data 

distribution matches the real-world distribution. Newer capabilities of cloud-based data warehouses can provide better 

scalability, elastic execution environments, and routing or geospatial capabilities with significantly reduced operational 

overhead. 

 

Three data warehousing aspects common in traditional designs pursued by cloud-based data analytics of captured 

logistical shipment data over global tracking routes are analysed with respect to a data warehouse model supporting 

both real-time or near-real-time workloads: (a) multi-tenancy of the data warehouse schema, (b) data modeling features 

supporting these analytics, especially the temporal dimension, and (c) additional techniques supporting a global-scale 

query workload of such a model, especially the ability to elastically scale compute resources for query execution. 

Results suggest that given the massive scale of global tracking workloads, a design employing a multi-tenant schema 

configuration is reasonable if not essential to maintain a reasonable cost for operating the data warehouse. 
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I. INTRODUCTION 

 

Recent research points to an ever-increasing interest in the logistics and supply chain domain, where the enhancement 

of the governance, risk and compliance aspects of commercial planning and execution is now strategically relevant. 

The successful global coordination of increasingly complex logistics networks introduces a range of risk and quality 

analysis issues that support decision making through the alignment of traditional analytical tools with real time 

operational data and their visualization through more appropriate information dashboards. In this context, the formation 

of distributed yet interrelated data it is crucial for the effectiveness of predictive analysis methods. 

 

Cloud public data services allow system owners to establish global distributed control dashboards without high 

implementation costs and reduced governance constraints on the opening of sensitive company data. The fulfillment of 

these requirements through the construction of separate cloud data warehouses for each company within the logistics 

network requires the architectural development of a global data warehouse capable of supporting the information needs 

of all network companies. For cloud data warehouses, the analysis of the architectural components and solution 

paradigms must be complemented by the big data characteristics of the geographical distribution of information, in the 

dimension of scalability, in the relation of data locality and processing, in the real-time nature of data traceability, 

quality checks and controls on compliance with international rules. 

 

1.1. Overview of the Study’s Purpose and Objectives 

We present an objective, scholarly, evidence-based synthesis of scalable cloud data warehousing models for global 

logistics tracking systems. By the nature of their operations and geography, logistics networks generate vast amounts of 

data on deliveries. Emerging opportunities for cloud data analytics now allow the construction of a global data 

warehouse to support tracking, analytics, and reporting for the entire network. Such a business model is favorable for 

cloud data warehouses since the workload is predictable and can  
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Fig 1: A Multi-Tenant, Spoked-Cloud Architecture for Global Logistics Tracking: Balancing Scalability, 

Elasticity, and Governance 

 

However, a global tracking warehouse that serves multiple customers also introduces complex challenges. Scalability 

and elasticity can be supported natively by the cloud infrastructure, yet raising clouds is often accompanied by a low 

signal-to-noise ratio. A multi-tenant design in a spoked-cloud architecture can bring down operational overhead 

significantly, yet it raises issues around data isolation, security, and compliance with the laws of international logistics. 

Moreover, globally distributed and dynamic workloads must also be statistically optimized to utilize the system 

resources in a cost-effective manner. 

 

The development of a global tracking warehouse is broken into three main components: data modeling and structuring, 

scalability and performance techniques, and data quality and governance controls. These components are examined 

through the questions listed above, which evaluate the paradigms and techniques for scalable cloud data warehousing in 

the context of a logistics tracking system. 
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II.  BACKGROUND AND CONTEXT 

 

The data warehousing landscape for logistics tracking systems is currently experiencing considerable activity, driven in 

part by the requirements of the global COVID-19 pandemic response and the recovery process. Consumer demand for 

real-time information about goods in transit, especially orders of increasing complexity, is reflected in a wide range of 

new academic and commercial contributions. Relatively recent literature on data warehouses for logistics is extensive 

and varied. The specific interest here is in scalable, cost-efficient constructions for global shipping tracking systems. As 

with other workloads that are suitable for cloud-based architecting, solutions should exploit the inherent multi-tenancy 

of the public cloud. Their distributed nature makes such tracking systems prime candidates for follow-the-sun data 

processing, but this demands special techniques to maintain low latency in a global operating environment. Adequate 

data quality is also non-negotiable. Regardless of the predictive value of deterministic modeling, end-user expectations 

demand that records deviate as little as possible from the realities of the present moment. 

 

The capabilities and functions of public cloud vendors operating in the data analytics space have expanded rapidly. 

Proprietary cloud data warehouses developed by major commercial players are gaining traction in large enterprises and 

more cautious smaller organizations. Requests posed to these services by different tenants can be processed in either 

the same or separate sets of control logic. While the former approach offers smaller per-query processing overheads 

and faster response times, it complicates the spatial data distribution from a data locality perspective. Multiple tenants 

sharing a schema in a cloud data warehouse introduce a new range of data protection and integrity considerations.  

 

These must encompass database system-level isolation, additional security controls, and potentially different retention 

periods for different clients, such as airlines and passenger accounting authorities. Decision support functionality for 

logistics tracking is supported in part by an appropriate data modeling approach. The design of the primary facts and 

dimensions should reflect the lifetime of shipments, maintain suitable links with external temporal and spatial data, and 

support both streaming and batch updating of the warehouse. 

 

Metric Value 

Temporal freshness 0.86 

Completeness ratio 0.92 

Data match ratio 0.9 

Anomaly detection ratio 0.07 

Attribute-on-time ratio 0.88 

 

2.1. Key Considerations in Data Warehouse Design for Logistics 

Current cloud innovations facilitate the realization of scalable data management architectures for global distribution 

systems that enable comprehensive tracking of shipments across their entire journeys. Cloud data warehousing reduces 

the total cost of ownership compared to on-premises solutions, provided that organizations are willing to adopt a multi-

tenant approach. While such models deliver significant operational advantages, they may nevertheless entail some 

disbenefits by exposing organizations to performance issues arising from the resource demand of other tenants and 

potentially challenging compliance with regulatory requirements, such as data jurisdiction rules. The specific dataset 

and usage characteristics of international logistics tracking systems suggest a dedicated schema model as preferable. 

Such an approach incurs a higher operational cost but can offer improved isolation, higher likely security, and easier 

management of compliance implications. 

 

As analytics become increasingly cloud-based, the distribution of data in space, time, and frequency of use will 

necessitate the integration of data at a global level, with reconciling temporal and spatial dimensions now moving to the 

forefront with respect to data modeling. The near real-time ingestion of global tracking data through a cloud data 

warehouse further amplifies the challenge. Decision makers need to understand the required data freshness and 

analytics speed to determine whether a near real-time stream-processing or a batch-processing paradigm is appropriate 

for a given processing requirement. Nevertheless, for many applications, the benefits of advanced analytics using actual 

latest-node dwell times will outweigh the lower costs of historical-batch processing. 

 

Equation A. Temporal freshness (timeliness) metric 

Step 1: Define event timestamps 

• Expected update time: 𝑡exp 

• Actual update time: 𝑡act 
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Step 2: Define delay 𝛥𝑡 = 𝑡act − 𝑡exp 

If updates arrive early, you can clamp: 𝛥𝑡+ = max(0, 𝛥𝑡) 
 

Step 3: Convert delay into a 0–1 score  

Choose an SLA threshold 𝑇 (e.g., “acceptable delay”). 𝐹 = 1 − 𝛥𝑡+𝑇  

 

Step 4: Clamp to valid range 𝐹clamped = min(1,max(0, 𝐹)) 
So the temporal freshness score is: 𝐹clamped = min(1,max (0,1 − max(0, 𝑡act − 𝑡exp)𝑇 ))  

 

 
 

III. DATA WAREHOUSE ARCHITECTURES FOR LOGISTICS 

 

Many transaction processing and data analytics workloads have effectively utilized off-the-shelf cloud services in a 

pay-per-use manner. However, global logistics tracking systems, often involving geographically distributed 

heterogeneous data sources and heavy resource consumption, have not yet converged. Distributed and partitioned data 

processing and storage capabilities have evolved to support such workloads, breaking the earlier one-size-fits-all 

approach of on-demand offerings. Traditional cloud data warehouses have achieved the objectives of scalability, 

elasticity, and operational simplicity, superseding commercial or in-house constructed systems. 

 

Within the context of global logistics tracking requirements, the essential differentiation between traditional on-

premises data warehouse architectures and cloud-based alternatives is on operational overhead. Traditional on-premises 

architectures require a continuous ITOps effort, accounting for a substantial fraction of the infrastructure TCO, while 

cloud DWaaS offerings inherently require minimal operational effort and associated cost. The main remaining aspect to 

decide is whether a multi-tenant or dedicated-schema DWaaS offering is more suitable for global tracking workloads. 

Global cross-organizational data sharing generally has an impact on data sense-making, isolation, and security aspects, 

as well as on regulatory compliance, especially with respect to personally identifiable information. 
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3.1. Traditional vs. Modern Cloud Data Warehouses 

The comparison begins with traditional data warehouses, designed for a fixed load that is expected to change only 

slowly as the business grows. As long as the load remains within deployment limits, maintenance is relatively 

straightforward and predictable.  

 
 

Fig 2: Comparative Analysis of Fixed vs. Elastic Data Warehouse Architectures: Operational Implications of 

Cloud-Native Multi-Tenancy on Public Sector Scaling 

 

However, when demand peaks or exceeds capacity, either the online services become delayed or unusable, or 

impending demand must be forecast, hardware provisioning arranged, and added capacity tested before becoming 

available. These issues are not new, and many development teams address them during a project. What is different now 

is the existence of cloud data warehouses, which—given access to external systems—can offer at least a workable 

solution. 

 

Unlike a traditional data warehouse, a cloud data warehouse can scale up to meet demand. The obvious solution is to 

create multiple copies, each serving a subset of users, or one copy with distinct roles. This approach is certainly 

possible and appears—at least anecdotally—common, but is it really a cloud data warehouse? Is it not rather an on-

premises data warehouse that happens to be running on an external service provider? The question is moot. Much 

consulting documentation continues to refer to on-premises solutions as “cloud ready,” as long as external services can 
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be incorporated. Nevertheless, the discussion is helpful, as it identifies multi-tenancy as an essential cloud feature that 

enables other features such as elasticity and low operational overhead. 

 

3.2. Multi-tenant Versus Dedicated Schemas 

The fundamental schemes used in most cloud DWaaS implementations are multi-tenant in nature, where multiple 

customers share the same physical resources and the same underlying database engines. For cloud data warehousing 

services supporting globally distributed logistics processes, a dedicated schema per principle can be considered, even if 

such a design does not conform to the standard. Each principal and its data can be better isolated to meet data 

sovereignty, security, and privacy protection requirements. Also, regulatory or organizational policies may require the 

isolation of sensitive data from other customers even when making use of a cloud service supporting a multi-tenant 

architecture. 

 

Logistics principles supporting large-scale cloud data warehouse solutions for global tracking purposes may benefit 

from a dedicated schema per principle. However, such a design imposes additional operational overhead in terms of 

provisioning, scaling, monitoring, and maintaining the dedicated underlying database engines, and it may obscure the 

cloud service from being perceived as a DWaaS. Fig. 8 illustrates a workload such a distribution orchestrates, showing 

the processing of shipments moving from Singapore to New Zealand across different logistics principles in the 

network. Three shipping events may be completed within hours of each other, but the warehouse design enables the 

event with larger space requirements to be processed first, such that the warehouse is not running at full utilization yet 

and the two smaller events can be processed next at lower data freshness latencies. 

 

Equation B. Completeness ratio 

Step 1: Define required fields count 

• Total required attributes: 𝐴req 

 

Step 2: Count present attributes 

• Present (non-null, valid) attributes: 𝐴present 

 

Step 3: Ratio 𝐶 = 𝐴present𝐴req
 

Clamp to [0,1] if needed. 

 

IV. DATA MODELING FOR GLOBAL TRACKING 

 

The data modeled in a cloud warehouse geared towards global logistics tracking is an event sequence associated with a 

parcel's shipment. Each shipment typically obeys the same flow from origin to destination, albeit with a number of 

routing options and an associated flow sequence that is only occasionally subject to change. The relevant movement is 

that of the shipment itself, but events process within the parcel's flow—pickups, transfers, and deliveries—are analyzed 

in conjunction with the shipment. 

 

To allow easy analysis with other applications, a primary business key with a defined scope must be established within 

the staging area. Both the temporal and spatial dimensions of an event should be described. The temporal dimension 

tracks the time of the event and ideally stores a date and timestamp in UTC format. In practice, though, the time zone(s) 

of carriers and the timestamps applied are frequently inconsistent. The spatial dimension can consist of a combination 

of attributes covering the identity of the main carrier and the place of occurrence as captured in the original travel 

chain. Routing analysis is typically directed at dwell times, so a conformed departure dimension, spanning worldwide 

locations along with their GPS coordinates, is required. From this, a carefully defined set of slowly changing 

dimensions can be built: departure-stop dimensions that represent the current flow from origin to destination, the flow 

seat of the carrier responsible for the shipment at the moment of processing, and the current flow router. 
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Equation C. Data match ratio 

Step 1: Define matching predicate  

Let each record 𝑖 have: 

• observed event type 𝑒𝑖 
• expected event type from partner mapping 𝑒̂𝑖 
Define indicator: 𝑚𝑖 = {1, 𝑒𝑖 = 𝑒̂𝑖0, otherwise 

 

Step 2: Average over 𝑁 events 𝑀 = 1𝑁∑𝑚𝑖𝑁
𝑖=1  

 

4.1. Temporal and Spatial Dimensions 

Data movement through a distributed logistics network can be viewed as a sequence of shipment events appointed to 

carriers over time. For each event, active logistics partners, the current load, systemic routing, and other relevant 

business data are represented by non-temporal dimensions. Besides a timestamp, tracking events can be accompanied 

by additional information about monitored installations, checked inspections, applied transports, and passed 

transshipments. In this extended fact constellation, lanes for the complete shipment remain available, and a dedicated 

logical grouping of the main partner dimensions supports a descriptive routing analysis of shipments. Other dimensions 

describe the duration of transports and the dwell time of loads at hubs and terminals. Arrival delays can be investigated 

relative to planned transports and dwell times. 

 

Logistics organizations adopt cloud data warehousing more in the direction of analytics as a service, scaling up or down 

according to the business cycle. Batch-oriented architectures remain acceptable for global workload characteristics. 

Incoming events tend to exhibit sudden spikes rather than smooth streaming patterns. Top latency requirements concern 

the freshness of tracking information rather than the speed of updates. Global tracking systems thus commonly prefer a 

near real-time availability of fresh data. Such batch-mode storage and processing also align well with distribution and 

load-balancing issues of geographically distributed cloud resources. 

 

Tenants Multi-tenant cost/tenant (example) Dedicated cost/tenant (example) 

7 305.7142857142857 490.0 

8 282.5 490.0 

9 264.44444444444446 490.0 

10 250.0 490.0 

11 238.1818181818182 490.0 
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Tenants Multi-tenant cost/tenant (example) Dedicated cost/tenant (example) 

12 228.33333333333334 490.0 

 

4.2. Real-time vs. Batch Ingestion Paradigms 

Concerning the ingestion paradigm supporting the data warehouse for a real-time global tracking workload, the need 

for sufficient freshness and the resulting latency target favor a real-time approach. However, a real-time ingestion mode 

does not introduce an additional dimension for query processing; ingestion can follow streamed micro-batch processing 

and batch processing paradigms, thus either conforming to or supporting the temporal scale of the analytical 

processing. A real-time ingestion mode ideally supports supply chain events as they occur at source nodes. It can, 

however, also focus on a subset of events where real-time query executions are expected to help decision-making, such 

as those likely affecting the customer experience. 

 

Real-time ingestion facilitates limited timeliness of change-data capture for the route and dwelling-time dimensions, 

but it may also incorporate delta updates for all temporally partitioned tables. Sensible timeliness for events at volume 

nodes justifies processing-fresh data, but the ally-dimensioned volume distribution along the settled supply chain still 

enables traditional batch-analytical or hybrid-analytical modes, with processing-lengthy freshness constraints. 

Combined real-time alongside batch update supports sufficiently refreshed data handling and implies the real-time 

Layer-1 throughput, also qualified to diminish batch latency at key sections. 

 

V. SCALABILITY AND PERFORMANCE TECHNIQUES 

 

When catering to a global workload, distributed storage and compute mechanisms improve scalability and 

performance. In cloud-based data warehouses such as Amazon Redshift, Google BigQuery, and Snowflake, the user 

can choose how to partition the data in the underlying storage. Data can be split across physical storage nodes by 

specifying a partitioning column; however, in some cases, it may not be obvious how to generate a splitting column 

using the standard partitioning operation. Among the data found in shipment events, a natural choice of partitioning is 

event time. Data can also be distributed across multiple clusters for improving scalability and elasticity, which has been 

made possible by routing data to different clusters in a multi-cluster setup in Snowflake or via Federated Queries in 

BigQuery utilizing BigQuery Data Transfer Services and scheduled queries. During off-peak hours, the amount of data 

being routed is usually low, and therefore, additional clusters can be granted to meet such high workloads. The auto-

scaling capability can be further tuned by utilizing utilization metrics such as concurrency utilization, CPU utilization, 

storage utilization, and queues to optimize scaling decisions. 

 

As a result of the highly variable and geographically distributed nature of global logistics workloads, it is important to 

eliminate cold-start latency as much as possible. The most popular queries of a data warehouse can be cached and 

resources can be provisioned to colocate data and processing as close as possible to the region from where a workload 

originates. After analyzing a historical set of workload execution traces, the information can be formulated in a 

mapping of regions to data questions. During peak demand for certain types of questions in certain regions, the 

processing capabilities can be proactively stepped to meet the forecasted demands. Such workload-aware resource 

allocation is also similar to the previously discussed concept of geo-patterns. 

 

Equation D. Anomaly detection ratio 

Step 1: Define anomaly flag 𝑎𝑖 = {1, event 𝑖 is flagged anomalous0, otherwise  

 

Step 2: Ratio 𝐴 = 1𝑁∑𝑎𝑖𝑁
𝑖=1  

Note: Lower is not always “better”—a very low 𝐴 can mean either “clean operations” or “weak detection.” 

 

5.1. Distributed Storage and Compute 

Distributed storage and compute are critical for globally distributed cloud data warehouses. Storage servers are usually 

organized in cloud storage services as large object stores but can also take the form of an object store with key value 

tables as in Google BigTable or columnar NoSQL stores. They employ redundant data replication across multiple 

regions to ensure high availability. Computing resources involve the services provided in Infrastructure as a Service 
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cloud environments: virtual machines from colocated pools that can be dynamically allocated or de-allocated on 

demand via automation tools. Latency affecting workloads are thus always served by resources deployed or shipped 

closer to the user or the data center. 

 

Multi-tenancy or shared schema models usually require high availability and low latency on the storage level. 

Consequently, queries executing on several data shards tend to see their costs grow exponentially with the number of 

shards. Optimization techniques trading performance for cost include caching results from commonly executed queries 

in a scalable low-latency storage (in-Memory Databases, NoSQL key-value stores) that store small portions of the 

global dataset to avoid shuttling data all over the system and enable real-time response for popular requests. In 

environments where query execution volume is high enough for the problem of efficiently distributing the data traffic 

load among the database response resources to be noticeable, a workload-aware resource auto-scaling strategy can be 

employed to ensure continuous optimal resource allocation. 

 

 
 

Fig 3: Dynamic Scalability in Global Cloud Data Warehousing: Optimizing Multi-Tenant Latency through 

Workload-Aware Auto-Scaling and Distributed Caching 

 

5.2. Query Optimization for Geographically Distributed Workloads 

Query optimization for geographically distributed workloads can address the impacts of data locality, caching, and 

workload-aware resource management on response time. For analytical processing, reducing data-transit time between 

warehouse and processing nodes is a primary optimization strategy. For situations in which global data availability is 

important, a query latency of minutes is acceptable, allowing either data-caching solutions or hot-region processing at 

the edge of the logistics network. 
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An obvious solution for reducing response time for geographically distributed workloads is to have the compute nodes 

located wherever the data reside. This usually requires a full data copy, which incurs high costs. Because this data 

redundancy often changes, a more cost-efficient solution is to keep only a hot copy of the frequently used data and the 

cold copy that incurs low maintenance cost. Such a partitioning strategy can reduce response time and data-transit 

volume for both cache solutions and data-transit operations. Another optimization strategy is workload-aware resource 

management, which steers or replicates a specific data copy closer to the event based on the workload distribution 

pattern. Although such a control strategy may not yield the best performance in isolation, it is suitable for query 

processing with user-perceived performance levels. 

 

VI. DATA QUALITY, GOVERNANCE, AND COMPLIANCE 

 

Data quality is a key aspect of data warehousing that requires attention throughout the entire data lifecycle. In the 

context of the proposed models to support global logistics tracking systems, the definition of quality criteria and the 

governance procedures that help to maintain the data quality at an acceptable level are essential. For example, data 

processing in accordance with GDPR requires including consent management capabilities in the systems using the data 

warehouse, and such capabilities can be supported by having the consent information stored, monitored, and analyzed 

in the data warehouse. Although these two aspects relate to data quality in different ways, there is an intersection for 

large distributed systems—failure detection—and it is critical to be able to track the cause of failures, and furthermore, 

that information is leveraged to prevent future recurrences. 

 

The set of data quality criteria used to define quality procedures starts with defining and regularly assessing data quality 

metrics appropriate for the usage of the data, such as accuracy, completeness, consistency, conformity, currency, 

timeliness, detectability, and plausibility. Once the metrics are defined, appropriate procedures for the logistics domain 

can include checks on the detectability to ascertain that on-time events for shipments are indeed the latest events, alerts 

for plausible anomalies or deviations detected using historical data, and checks on the consistency of the routing data 

used in processing the events, for example, inter-country checks on France routing data, where no routing using Italy 

and Spain should be proposed on any valid shipment. Engaging the appropriate business users in the quality review 

process ensures that the data used for key analysis are maintained at a suitable quality level, helping to prioritize 

investments in quality controls when required. 

 

Equation E. Attribute-on-time ratio 

Step 1: Define on-time predicate for attribute 𝑗 of event 𝑖 
• attribute observed time: 𝑡𝑖,𝑗 
• deadline: 𝑑𝑖,𝑗  𝑜𝑖,𝑗 = {1, 𝑡𝑖,𝑗 ≤ 𝑑𝑖,𝑗0, otherwise

 

 

Step 2: Ratio over all event-attribute pairs  

If there are 𝑁 events and 𝐾 tracked attributes per event: 𝑂 = 1𝑁𝐾∑∑𝑜𝑖,𝑗𝐾
𝑗=1

𝑁
𝑖=1  
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6.1. Metadata Management and Lineage 

Today’s global logistics networks continuously generate vast amounts of tracking data. A high number of stakeholders 

at different levels need to analyse this information at various granularities to understand when shipments will arrive and 

how these times can be improved. Traceability in this context is essential, because the transport of goods is often 

governed by national and international regulations. Special requirements for visibility and reporting tools add another 

layer of complexity. Logistics service providers as well as customs, tax, and other governmental authorities require 

accurate and trustworthy information. Metadata management, lineage tracking, and data quality are widely recognised 

elements of commercial systems. 

 

Maintaining accurate metadata is fundamental for analytics. Metadata repositories are typically supported by dedicated 

database systems and include descriptions of the structure and content of data in data warehouses, logs of user actions, 

search indexes, the lineage of each analysis stream, conformance check and validation rules, and semantically enriched 

data. Metadata also provides underlying mechanisms to support the definition, implementation, and evolution of 

analytical tools and ensure compliance with regulations. Impact analysis is made possible by capturing the complete 

data lineage of all delivered information products. Nevertheless, logistics data quality is an especially challenging 

aspect. The processes that create and modify logistics data involve an extended number of stakeholders, some of which 

are not motivated by the final audience nor subject to scrutiny by internal quality controls. Data transformation often 

entails using information created by partners, external authors, or automatic systems; thus, concealment or 

premeditation of errors is highly probable. 

 

Clusters Utilization rho (example) Mean latency ms (example) 

7 1.1428571428571428 148849.99999999988 

8 1.0 148849.99999999988 

9 0.8888888888888888 12349.999999999995 

10 0.8 6350.000000000001 

11 0.7272727272727273 4350.0 

12 0.6666666666666666 3349.9999999999995 

 

6.2. Data Quality Metrics and Validation 

Data quality is vital for reliable analytical results, enabling accurate reporting, decision-making, and visualization. 

Adequate data quality measures promote informed confidence in data and insights derived from it, fostering rapid and 

appropriate business actions. The absence of data quality mechanisms increases the likelihood of poor-quality data 

entering the cloud environment and supports the need for automated detection and validation within cloud data 

warehouses. 
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Scrutiny of the SCF process illustrated its reliance on multiple global logistics partners for shipment data, raising data 

quality concerns. Though LSPs aim to fulfil SCF's Offical unparalleled responsibility, system inefficiencies have 

affected global business. The data warehouse should address these issues, and the historical DDL should regulate 

incoming event data. The following key metrics help assess replacement and modification data quality: 

- Temporal freshness: Delay in actual replacement/modification compared with expected time, crucial for timely 

action/decision. Fresh data can still be valid for reporting even after delivery. 

- Completeness ratio: All replacement details must be present in the actual data; missing fulfillment details indicate 

reasons for Visual Inspection Assign Operation. 

- Data match ratio: Actual event/event_type should correspond with the source Logistics Partner. Although unexpected 

entries may occur, high percentages are expected. 

- Anomaly detection ratio: Flagging events using std., mean, forecasting models, or clustering techniques ensures 

monitoring and management of abnormal and unusual operations. 

- Attribute-on-time ratio: Capturing of all possible attributes within expected time (when available for each operation 

type). 

- Overall data quality score: Index value derived from the above factors helps indicate when a data quality control 

mechanism should trigger corrective processes. 

 

VII. CONCLUSION 

 

The objective of the study was to assess and characterize cloud data warehousing architectures and solutions for a 

global data handling and analysis system in logistics and distribution. An enterprise-oriented analytical architecture was 

examined as a case study, and the facilities and capabilities offered by modern cloud platforms were discussed. Without 

advocating a specific technology or product and while bearing Parikh's work in mind, distinct data financing and 

warehousing architectures were rationalized for different use cases and loads. Potential design dimensions and 

techniques for a global cloud storage and data warehouse system were proposed. 

 

As large, complex, and widely distributed solutions, global logistics tracking systems pose several unique challenges. 

These include the volume and variety of data generated and acquired within a scaling network; the need for reliable 

analysis and prediction to enable corrective action in real time, anywhere in the world; and the imperative to be 

prepared for regional storage and data handling legislation without burdening internal structures. Cloud support greatly 

enhances the possibilities for data warehousing and handling. However, the services that cloud environments offer can 

differ dramatically, depending on the region, country, and even the cloud provider. 

 

 
 

Fig 4: Enterprise Architectural Weighting 
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7.1. Final Thoughts and Future Directions 

On-premise data warehouses are being adopted with an ever-decreasing operational overhead, and cloud-native data 

solutions have a promising future in global logistics. Cache-optimizing and query locality-aware data distribution 

approaches are particularly relevant for geographically distributed environments, where supporting a dedicated cloud 

tenant merely for LHS, with Data Warehouse as-a-service functionality geared toward system integrators and 

customized services for end-users,DQ–DQ monitoring, prevention, detection, data cleaning, and quality control 

measures in close alignment with worldwide trade requirements addressees; however, these need to be systematically 

defined and implemented until reliable and established data quality becomes a competitive differentiator. 

Countermeasures for ensuring that valid data is shared with AI and ML applications running in other cloud tenants will 

also determine the long-term adoption and overall success of such systems. 

 

Inclusion of additional sources (e.g., ship owners/operators, owners of container/intermodal cargoes) can also advance 

forecasts for remaining times (or other KPIs) of the (sub-)legs to improve door-to-door delivery distances and/or 

windows for last-leg deliveries. Owners/operators of intermodal transport carriers (combined inland shipping and road 

transport) should likewise be integrated. Moreover, as the previous discussion revealed, fast-shifting level data 

(dimension tables, mostly) have a tendency toward real-time update forms, warranting adoption of real-time ingestion. 

Compressing these mass data streams into streaming small data packages (incl. mini-batches) is wanted, with streaming 

processing being a suitable processing mode for the streams. Processed, outputted small data packages at the same-to-

similar granulator level as the input data streams can actually support near-real-time updating of a cloud data engine 

and joining a near-real-time data warehouse analytics solution. 
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