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Abstract  

The logistics and supply chain domain is a hotspot for Internet-of-Things (IoT) applications and Big Data. Logistics processes are 

increasingly instrumented, resulting in the generation of massive amounts of data. For humankind, this is an opportunity to 

achieve sustainability and efficiency increases through the development of Smart Logistics. The Big Data stream processing field 

offers tools to process data in near real-time and/or at large scales. Yet, the requirement for Smart Logistics is not merely the 

processing of Big Data streams, but rather the development of a Smart Logistics Operations System that continuously adapts to 

new information and subsystems. Such an application demands high availability, scalability, reliability, fault tolerance, and the 

ability to process streams of data in real-time, allowing learned knowledge to be applied instantaneously. 

Two key decisions must be made for building a stream system that supports these same hard requirements in terms of 

implementation and solution development. The processing unit, implemented in the Cloud or at the Edge, must guarantee the 

lowest possible delay, while the use of Microbatch or True Streaming Processing should provide the best response time feasible, 

without sacrificing, at least at the design stage, reliability and fault tolerance. A third concern, occurring in the Data Ingestion 

layer of the Smart Logistics stack, is the heterogeneous nature of the data sources and their integration into a common Near Real-

Time stream for the application. Finally, the development of a Smart Logistics Operations System relies on true Real-Time 

Analytics that naturally support decision-making, since optimal strategy changes are executed and orchestrated in the Streams. 

Keywords : Real-time big data stream processing; Supply Chain; Logistics Optimization; Inventory Management; Fleet 

Management; Traffic Data; Routing; Decision Making; Real-Time Feedback; Reinforcement Learning; feedback System; 

Emerging Trends; Supply Chain Automation. 

1. Introduction 

Logistics drives the economy. More than $10 trillion was spent in 2021 on the movement and storage of goods, constituting 

12.5% of the given year’s global GDP. Supply chain disruptions incurred over $650 billion in losses in 2020 alone. Logistics is 

becoming increasingly smart, harnessing IoT, AI, and other such technologies to fortify supply chains. AI uses technology to 

deliver solutions that facilitate understanding, forecasting, decision-making, and process automation—at unprecedented scales. 

Consequently, real-time data streaming is key to building systems adapted to the dynamic nature of logistics, enabling analysis as 

soon as relevant events happen. 

The development of real-time data streaming at enterprise scale must address reliability, scalability, and fault tolerance, and 

establish a software architecture that closely mirrors the end-to-end process and covers all layers of Big Data processing in line 

with standard paradigms. Solutions to Big Data engineering challenges encountered in major logistics hubs (ports, airports, 

warehouses, and distribution centers) are proposed, focusing in particular on inventory optimization, fleet sizing, vehicle routing, 

and estimated time of arrival (ETA) calculations. The objective is to lay the foundations for intelligent real-time decision-making 

regarding logistics operations—from orchestration to reinforcement learning—driving automated optimization and greater 
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efficiency. All proposals are backed by empirical data collected in real-time and represent a major step toward a Smart Logistics 

vision. 

1.1. Background and Significance                                                                                                                                                            

The continuous exchange of always-on information and data in cyberspace is creating new opportunities to enhance real business 

processes in the physical world. Digital technologies enable organizations to operate in a smart and rapid-manner, helping to 

maintain competitiveness. Information Technology continues to revolutionize supply-chain processes and logistics operations 

with more real-time demand and supply data and higher levels of integration and collaboration among trading partners. Yet day-

to-day operations remain reactive when demand or supply changes. Information systems used for execution are not able to 

exploit these data pools for routinized decision support. Analytics and visualization tools produce useful info-needs for execution. 

Seamless integration of data, analytics and operations can optimize time-sensitive tasks and create positive efficiencies. 

An ideal solution integrates operational data and analytics and then uses analytic insights to orchestrate dedicated operational 

actions. Data from internal, external and competitor sources augment knowledge and operational data. Optimization of inventory 

levels, stock locations and fleet capacity minimize execution costs. Inventory levels and locations of stock and fleet minimize 

execution costs. Logistics is a fundamental strategic aspect of every company addressing the global market by affecting revenue, 

costs and customer satisfaction. Each day throughout the globe millions of shipments are moving in real time but little or no 

decision is taken to improve the management of these shipments. A continuous-streaming view of shipment data enables short-

term analysis and decision automation for defined processes. 

 

                              Fig 1: Real-Time Data Stream Transfer System in Edge Computing of Smart Logistics 
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1.2. Research design                                                                                                                                                                              

Today’s society is characterized by a demand for services and consumer goods being delivered in ever-shorter time periods. With 

the growing trend of companies putting primary effort into their core competencies, logistics service providers take over more 

and more logistics functions, including transporting, warehousing, and delivering goods on time. Some of the major logistics 

trends are the opening of new global markets through emerging economies, the battle for sustainability, and the rush to improve 

service quality while simultaneously lowering costs. 

The optimization of the logistics and supply chain operations that support trade and commerce is a difficult task because these 

processes are faced with a multitude of conflicting objectives and structures, changing environmental conditions within a 

dynamic business setting, and complex interactions. Classical batch-mode data-processing techniques that have been used in the 

past often fall short of providing timely information to enable real-time synchronization of supply, distribution, transportation, 

and service processes by means of feedback control loops. Consequently, logistics and supply-chain managers cannot act in a 

truly anticipatory and proactive manner. Data-driven decision making and process automation have been considered possible 

only at the tactical or strategical decision-making level. 

Equation 1: End-to-end latency decomposition (step-by-step) 

Define end-to-end latency for an event (sensor reading, shipment status, GPS ping, etc.) as: 

𝐿e2e = 𝐿ingest + 𝐿net + 𝐿queue + 𝐿proc + 𝐿sink/act 

 

Meaning of each term 

 𝐿ingest: device→gateway serialization, protocol overhead, parsing 

 𝐿net: network RTT / one-way propagation (edge usually smaller)  

Real-Time Big Data Stream Engin… 

 𝐿queue: waiting time due to bursts / peak loads 

 𝐿proc: compute time for operators/models 

𝐿sink/act: write to DB/queue + trigger action/orchestration 

2. Scalability, Reliability, and Fault Tolerance 

Real-time Big Data Engineering for Smart Logistics Optimization 

The architecture must provide strong levels of fault tolerance, reliability, and exactly-once processing, combined with high 

throughput and low latency. Big data stream processing systems can easily process millions of records per second, while low 

latency capabilities support strict service-level agreements (SLAs). With its distributed nature, a cluster can handle increasing 

loads whenever needed. However, this area still deserves more attention as providing fault-tolerance without compromising 
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throughput can be hard. This holds especially for a logistics digital twin where these properties must remain valid through a peak 

load period like Black Friday involving thousands of ships and autonomous vehicles. Preventing any data from getting lost and 

ensuring that all virtual messages Flow e.g., for control-state change take effect are mandatory requirements. Thus, an adequate 

set of strategies for peak load handling and for preserving the solution’s validity and correctness in these dense star and 

snowflake subgraphs must be foreseen. 

Any distributed stream processing system in a logistics digital twin can benefit from a set of fault-handling support mechanisms, 

which provide reliability guarantees for the processing of virtual messages in the Flow. High reliability and fault tolerance levels 

can be achieved in-stream-processing systems by combining mechanisms for both state and data-forwarding redundancy and 

enabling exactly-once processing. In addition, such guarantees can be provided without incurring high overhead on throughput 

and latency when mixed with proper resource provisioning. The combination allows for balancing high reliability requirements 

with efficient resource use. 

A robust stream-processing architecture for a logistics digital twin must reconcile three often competing objectives: strong fault 

tolerance, exactly-once processing semantics, and sustained high throughput with low latency. In peak scenarios such as Black 

Friday—where thousands of ships, trucks, and autonomous vehicles simultaneously generate telemetry and control-state 

updates—the system must scale horizontally across distributed clusters while preserving strict service-level agreements (SLAs). 

This requires mechanisms such as state replication, checkpointing, partition-aware load balancing, and backpressure control to 

prevent data loss or overload propagation. Exactly-once guarantees are particularly critical for control-state change messages, as 

duplicate or missed events could lead to inconsistencies between the physical and virtual environments. Furthermore, dense star 

and snowflake subgraph structures within the digital twin—representing hubs, ports, and interconnected fleets—intensify 

communication patterns and state dependencies, making correctness preservation under peak load more challenging. Therefore, 

the architecture must incorporate adaptive scaling, resilient state management, and deterministic processing strategies to ensure 

validity, consistency, and reliability without sacrificing performance, even under extreme operational stress. 

A distributed stream processing system within a logistics digital twin must incorporate robust fault-handling mechanisms to 

ensure dependable and consistent operation. By integrating both state redundancy—through techniques such as checkpointing 

and replicated state management—and data-forwarding redundancy, the system can maintain continuity even in the presence of 

node or network failures. Enabling exactly-once processing semantics further guarantees that each virtual message in the flow is 

processed without duplication or loss, preserving data integrity across complex logistics operations. When these reliability 

mechanisms are combined with thoughtful resource provisioning, including dynamic scaling and workload-aware allocation, high 

levels of fault tolerance can be achieved without significantly compromising throughput or latency. This balanced approach 

ensures that stringent reliability requirements are met while maintaining efficient use of computational and network resources, 

which is essential for real-time, data-driven logistics environments. 
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                                                        Fig 2: A Fault-Tolerant Scalable 

2.1. Exactly-Once Processing and Fault Handling                                                                                                                         

Despite their large scale, big data streams are often less fault tolerant than conventional databases. Several mechanisms exist for 

exactly-once processing semantics, to ensure a consistent view of the input data and prevent the storage or streaming of 

duplicates. Replicated input sources can compensate for temporary outages, as can microbatching. Amazon Kinesis handles 

failures and maintains exactly-once delivery of analysed data through its data lake architecture. Other providers rely on a more 

indirect approach: they set checkpoints in the stream flow, and in case of failure rewind the entire stream sequence to a previous 

checkpoint. Exactly-once processing semantics can also be achieved simply through idempotent operations, though this method 

requires that the stream consumer be written specifically up to such standards. 

As confirmed during the practical implementation of several internal projects, the cloud-based services offered by Microsoft 

Azure allow automatic input data protection, including these exactly-once processing mechanisms. However, in cases of planned 

maintenance, such as controller hot swapping, without redundant controllers, the Microsoft and Snowflake Services are unable to 

switch for operation temporarily with capacitive redundancy and bypass the working data quality measures. Such issues are 

actually common to any operation at this level, any supplier would require exit operational redundancy to hot-swap controllers 

for EtherCAT nodes. Adaptation is achieved by translating whichever service is being affected during planned maintenance from 
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providing product supply flow analysis, while design of the redundancy is limited to the monitoring and alarming systems whose 

redundancy has been defined for ambient disturbances and NOT for project dependent design constraints. 

2.2. Scalability Strategies for Peak Loads                                                                                                                                    

Adequate scalability may be achieved by strategic data distribution and the use of data grids for replication but at increased 

complexity and cost. When velocity and volume peak, however, there is no substitute for sheer high quality resources. In such 

situations, temporary over-provisioning may be required. Elastic cloud infrastructures offer a means of accommodating this, but 

the public cloud is usually too slow and inelastic by the time peak loads are met. Energies are wasted routing sensitive data flows 

over long optic-fibre links to cloud data-centres. Thus operators of fast-traffic streams must organise ‘cloudlets’, meaning clusters 

of server resources just a fraction of RTT away from the edge-router that handles their high-throughput demand. When these 

caches can mirror at least the hot data sets in the public cloud it becomes viable for them to replicate flows to the main cloud on a 

longer timescale, observing TTL-based policy-control directives. When trunk networks become congested and long-latency 

because of backup and cloud-scaling flows, local clouds may be switched-off altogether. Also, to support afterwards on-line-

rolling upgrades and community-formation of shared-state paths for any networks of flows failing golden traffic engineering, 

deeper caching strategies can be activated dynamically because long-distance temporal locality is re-enabled. The attempt is to 

fall into a snare of wasting excessive compute and/or storage resources for this hot-tearing region of supply-chain architecture. 

Furthermore, the live-show of continuously-controlled, multi-dimensional traffic-management can provide the operators of a 

scale-able edge-cloud data-stream enrichment service with detailed information about the behaviour of packets and about packet 

bursts. Dynamic queue-sizes provide on-the-fly fine-adjustments, alerting man or machine to pollution affecting performance 

when behaviour diverges significantly from common. 

Equation 2: Microbatch latency (step-by-step) 

Let 𝑊be the waiting time from event arrival until the batch closes. 

 If arrival time is 𝑈 ∼ Uniform(0, 𝑇), then waiting time is: 

𝑊 = 𝑇 − 𝑈 

 

 Expected waiting time: 

𝔼[𝑊] = 𝔼[𝑇 − 𝑈] = 𝑇 − 𝔼[𝑈] 
 

 For uniform 𝑈, 𝔼[𝑈] = 𝑇/2. Hence: 

𝔼[𝑊] = 𝑇 − 𝑇/2 = 𝑇/2 

 

So expected microbatch latency becomes: 

𝔼[𝐿e2e] ≈ 𝑇/2
⏟

batch wait

+ 𝐿fixed
⏟

ingest+proc+sink
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3. Architectural Patterns for Stream Processing 

The Cloud Computing paradigm encompasses end-user devices, Cloud services, and Data Centers complemented by various 

layers: Infrastructure-as-a-Service (IaaS), Platform-as-a-Service (PaaS), and Software-as-a-Service (SaaS). In addition to these 

standard layers, the edge computing paradigm introduces computational power in close proximity to end-user devices. The Edge-

Cloud collaboration combines these two paradigms to operate streaming applications closer to data sources. Its horizontal scaling 

ability is especially relevant when many devices need to transmit data simultaneously during events like natural disasters, or 

when peaks of Internet-of-Things data traffic occur depending on the season or day of the week. 

The majority of popular Stream Processing systems adopt a micro-batching approach (e.g. Apache Spark Stream and Apache 

Flink) while others (e.g. Apache Kafka, Apache Storm, Amazon Kinesis) enable true streaming. These two types of systems 

show different processing latencies and resource consumption profiles. As such, the appropriate selection between them relies on 

application-specific requirements. However, these cloud services cannot provide the very low latency required by certain 

applications, like detecting anomalies in video surveillance. As a result, a growing number of services are being deployed in 

network edges to minimize their latency and offer acceptable user experiences. 

 

                                                        Fig 3: Data Streaming Architecture 
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3.1. Edge-Cloud Collaboration                                                                                                                                                                                

A continuously evolving urban environment creates vast amounts of data from the activities of people and vehicles. Transport 

logistics is one area of significant data evolution. Road constructions advertisements and warning or information signs provide 

useful information for logistics operations. Delivery service companies seek to optimize last mile deliveries in metropolitan areas. 

Supply chains require timely deliveries and produce large amounts of data for decision support. Slowing down of processes 

pushes supply chains to realize more changes in real time. Stock replenishment in retail requires quick stock-taking operations in 

every facility. 

Smart logistics optimizes these business objectives by using various technologies and by exploiting real-time data streams. Real-

time data are produced by several processes such as GPS tracking weather information road conditions and social media. These 

changes encourage enterprises to achieve real-time monitoring and support of logistics data. However data generation is not 

sufficient. How to ingest and process data streams in real time and how to realize real-time decision support and automation are 

open research questions. 

Cloud computing provides infrastructure and platform services that simplify and accelerate development of information systems. 

Computational resources storage space software and services are provided as services. However the cloud paradigm is not always 

the most suitable way to access services in every situation. Edge services are placed closer to users improve response time reduce 

network load and fulfill local service requirements. The increasing amount of data and connections require not only new 

computational power but also new services at the edge of the cloud. Increasing amounts of user data will be generated at the edge 

but only a limited part of the data will be sent to the cloud. Edge services process user data manage local network nodes and 

achieve quick service responses. Cloud-based data processing remains essential especially for historical analysis and long-term 

business monitoring. 

3.2. Microbatch vs. True Streaming                                                                                                                                                      

Microbatch processing is often the best choice for processing data streams, yet it also alters the streaming model. The primary 

motivations for microbatching are simplified operational management (e.g. resource provisioning or autoscaling is conducted in 

larger time periods), support for interactive queries during processing, limited guarantees on fault tolerance and data loss (in 

comparison with truly streaming solutions), and cloud costs. Award-winning systems such as Apache Spark Streaming, Apache 

Flink, Samza and Storm can execute near real-time stream processing tasks at a very large scale. By adopting microbatch 

processing, it is possible to automatically direct data flows through the stream processing system and provision the required 

resources. 

Microbatch processing imposes latency requirements on the duration of the batches, which in turn limits the real-time 

interactivity with data flows. Higher frequencies of data flow ingestion and processing result in shorter batch periods, and 

synchronous queries can return results based on the most recently completed batch or microstep. Data flows may need to be 

rerouted through different processing routes (for example, for analysis of anomalies) more frequently. However, the time 

required to complete an interactive query might still be higher than the desired latency for certain applications. 

Equation 3: Inventory optimization: Newsvendor model (full derivation) 

 Demand random variable 𝐷with CDF 𝐹(𝑑) 

 Choose order quantity 𝑄 
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 Underage cost per unit (stockout penalty): 𝑐𝑢 

 Overage cost per unit (leftover/holding): 𝑐𝑜 

Costs: 

 Shortage amount: (𝐷 − 𝑄)+ = max⁡(𝐷 − 𝑄, 0) 

 Excess amount: (𝑄 − 𝐷)+ = max⁡(𝑄 − 𝐷, 0) 

Expected cost: 

𝐶(𝑄) = 𝑐𝑢 𝔼[(𝐷 − 𝑄)+] + 𝑐𝑜 𝔼[(𝑄 − 𝐷)+] 

 

Use these facts: 

1. (𝐷 − 𝑄)+ = ∫ 𝟏
∞

𝑄
{𝐷 > 𝑥} 𝑑𝑥 

Taking expectation: 

𝔼[(𝐷 − 𝑄)+] = ∫ ℙ(𝐷 > 𝑥) 𝑑𝑥 =
∞

𝑄

∫ (1 − 𝐹(𝑥)) 𝑑𝑥
∞

𝑄

 

 

Differentiate w.r.t. 𝑄: 

𝑑

𝑑𝑄
𝔼[(𝐷 − 𝑄)+] =

𝑑

𝑑𝑄
∫ (1 − 𝐹(𝑥))𝑑𝑥 = −(1 − 𝐹(𝑄))
∞

𝑄

 

 

2. Similarly: 

𝔼[(𝑄 − 𝐷)+] = ∫ ℙ(𝐷 < 𝑥) 𝑑𝑥 =
𝑄

−∞

∫ 𝐹(𝑥) 𝑑𝑥
𝑄

−∞

 

 

Differentiate: 

𝑑

𝑑𝑄
𝔼[(𝑄 − 𝐷)+] = 𝐹(𝑄) 

 

Differentiate cost: 

𝐶′(𝑄) = 𝑐𝑢 ⋅ (−(1 − 𝐹(𝑄))) + 𝑐𝑜 ⋅ 𝐹(𝑄) 

𝐶′(𝑄) = −𝑐𝑢 + 𝑐𝑢𝐹(𝑄) + 𝑐𝑜𝐹(𝑄) = −𝑐𝑢 + (𝑐𝑢 + 𝑐𝑜)𝐹(𝑄) 
 

Set 𝐶′(𝑄) = 0: 
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−𝑐𝑢 + (𝑐𝑢 + 𝑐𝑜)𝐹(𝑄
∗) = 0 

𝐹(𝑄∗) =
𝑐𝑢

𝑐𝑢 + 𝑐𝑜
 

4. Data Ingestion and Integration in Supply Chains 

Data data ingestion in supply chain systems require attention in several aspects. Of those, heterogeneity is a primary challenge, as 

internal and external supply chain actors constantly generate massive amounts of data, integrating, storing, processing, and 

analyzing them in a coherent way can require substantial time. In contrast to the appliances actuation time (control/feedback 

loop), that can be considered reaction time (simple logic) for executing an operation such as opening/closing a valve, switching 

the light on/off or stimulating the user. This strongly depends on the completeness of input data coming from the data ingestion 

and data integration pipelines that could have some latency or may not contain data for triggering the operation. 

Heterogeneous streams from actors can vary drastically in provenance, granularity, format, frequency, and nature (may belong to 

different modalities, paradigm: images with metadata, text, and numeric code). Furthermore, their quality may serially or 

concurrently (convergence versus divergence purposes) deviate from the predetermined—globally or locally (actor)" mitigating 

mechanisms should be implemented in the analytics (data-driven and model-driven) to allow the decision-making process to take 

into consideration also data quality. Data quality is mostly related to performance sustainment (monitoring function). 

Nevertheless, it is still important to create data quality logs for retro-analysis. 
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                                               Fig 4: Data Management in Smart Manufacturing Supply Chains 

4.1. Heterogeneous Data Sources                                                                                                                                                           

Data feeding the models comes from different data providers and needs to be integrated for analysis and prediction. For example, 

sensors on trucks provide predictive information about their normal operation, while external sources, such as meteorological 

data, allow better estimations of the ETA of trucks. The sensor data and external data can then be processed together to provide 

more realistic models. 

An important challenge is data integration from different data providers and with distinct data formats. Cognitive video analytics, 

deep learning methods, and detection algorithms provide information for decision-making in a wide range of logistics problems. 

Automatic queue detection assists companies with touchless refueling procedures. Combined with external traffic data, road and 

weather conditions, truck-dependent cooling unit sensors and forecasts, ETAs can be predicted with greater accuracy. Merging 

heterogeneous sources and technology-agnostic data can improve prediction efficacy. 

4.2. Data Quality and Provenance                                                                                                                                                      

Ensuring the quality of a smart logistics data pipeline is essential for all preparatory, operational, and maintenance phases. 

Outliers and noise introduced in the early stages may have an adverse impact on all types of analytics. Data quality, which is 

often not recognized as a problem for analytics on stream data, is therefore of utmost importance. Even for real-time analytics 
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that are executed on data streams while they are continuously coming to the system, QA has to be implemented, as poor data 

quality might trigger a series of operational activities based on misleading analytics results. On one side, the user must take care 

of removing untrustworthy instances from the pipeline as soon as possible, while on the other side, a good-level data quality (e.g., 

correctness and consistency) should definitely improve the accuracy of analytics and, consequently, of all types of operational 

decisions that rely on these analytics. 

Another critical issue is that of data provenance and trust in analytics results. Data provenance can be defined as the complete 

history of a data item, including the sources from which it is drawn and all processing operations that have been applied to it. 

Maintaining such information for all data in the pipeline is essential, especially when the results of key analytics are disseminated 

to decision makers in real time. Using low-quality or untrustworthy data for operating the system may cause severe problems. For 

this reason, it is also advisable to keep track of which instances of the data have been used for computing which results, to which 

decisions they were related, and, possibly, to store assessments about the trustworthiness of the various data sources. 

Equation 4: Fleet sizing + delivery tradeoffs (MIP form) 

 𝑥 ∈ ℤ≥0: number of owned vehicles (fleet size) 

 𝑦𝑡 ≥ 0: outsourced capacity purchased at time 𝑡(TNC/3PL) 

 𝐼𝑡 ≥ 0: inventory level 

 𝑠𝑡 ≥ 0: unmet demand (lost sales/backorder) 

 𝑢𝑡 ≥ 0: delivered units 

Inventory balance: 

𝐼𝑡+1 = 𝐼𝑡 + replen
𝑡
− 𝑢𝑡 

 

Demand satisfaction: 

𝑢𝑡 + 𝑠𝑡 = 𝐷𝑡 
 

Capacity: 

𝑢𝑡 ≤ 𝛼𝑥
⏟

owned capacity

+ 𝑦𝑡 

 

Minimize expected total cost: 

min⁡∑(

𝑡

𝑐own𝑥 + 𝑐𝑡
tnc𝑦𝑡 + ℎ𝐼𝑡 + 𝑝𝑠𝑡) 
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5. Real-Time Analytics for Logistics Optimization 

Enabling new operational smartness and competitive advantages in logistics operations requires context-aware, operationally 

relevant, and real-time analytics. Such analytics can be identified based on actual data streams, predefined operational decisions 

or external factors that differ from the normal operating conditions and thus require special actions in near or real time. 

Real-time analytics should enable a better decision-making process during routing by integrating support for inventory and fleet 

optimization, ETA estimation, identification of hotspots for dynamic re-routing, and prevention of disruptions based on learning 

from past operations. Reinforcement learning is particularly attractive since it allows feedback loops based on actual executed 

actions and their evaluation by the users to seamlessly improve operational policies over time. 

5.1. Inventory and Fleet Optimization                                                                                                                                                

Retail inventory and fleet are usually optimized periodically, based on stochastic demand forecasts generated by statistical 

methods. Large retailers use single- or multiple-location versions of the classical newsvendor model, combine it with stochastic 

demand forecasts, and employ dynamic programming to sequentially solve it for short time horizons. Many retailers offer same-

day delivery using a mixture of owned and outsourced (3PL) fleets. Fleet optimization needs to take inventory, delivery times, 

and Transportation Network Companies (TNCs) prices into account. Inventory placement, fleet size, and delivery times (low 

versus high) are interrelated trade-off decisions. Cargo risk and delivery times can be integrated into a mixed-integer model to 

reduce demand loss by determining the Tweel curve for inventory risk. 

Web-based companies such as Amazon and Alibaba have established the B2C model as a product delivery benchmark. To 

remain competitive, other retailers must offer the same-service level. Their management relies on a mix of "Just In Case," "Just 

In Time," and "Fast Fashion" strategies. The combined use of external logistics service providers (LSP) networks, TNCs, 

immigrant labor, and metropolitan proximity allow to meet customers’ expectations for low delivery fees on low-cost products. 
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5.2. Dynamic Routing and ETA Estimation                                                                                                                                   

Dynamic vehicle routing problems (DVRP) entail planning the fleet routes to deliver goods in a cost-effective manner. Logistic 

managers must consider various constraints—limited vehicle capacities, time windows for pick-ups and deliveries, service 

durations, and connectivity in terms of the graph paving the roads. In addition, preventive strategies accommodate delays by 

minimizing the probability of a missed delivery time window, while reactive strategies respond to unexpected delays in transit 

time with secondary optimization routines. Also, deterministic traffic conditions can be relaxed as the corresponding travel-times 

become uncertain or undergo abrupt change, leading to a stochastic DVRP or a time-dependent DVRP. 

The ETA of each shipment is a critical piece of knowledge in smart logistics. NoSQL data streams with multiple perturbations 

are processed for real-time ETA estimates of each shipment. The learned ETA models are maintained in parallel to test any ETA 

predictor during training. ETAs are the expected future arrival-time (TFAT) at any depot; TFAT for non-depot locations at the 

anticipated time of passing through the nearest depot. These are critical for proactive disruption management, enabling 

collaboration with the e2e customer prior to missing delivery deadlines. 

Equation 5: Flow constraints (step-by-step) 

Each customer visited exactly once: 

∑∑𝑥𝑖𝑗
𝑘

𝑖
𝑘

= 1∀𝑗 ∈ customers 
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Vehicle flow conservation: 

∑𝑥𝑖𝑗
𝑘

𝑖

=∑𝑥𝑗𝑚
𝑘

𝑚

∀𝑗, ∀𝑘 

 

Capacity: 

∑𝑑𝑗
𝑗

(∑𝑥𝑖𝑗
𝑘

𝑖

) ≤ 𝑄𝑘 

 

Time windows: 

Let 𝑎𝑗arrival time at node 𝑗, service time 𝑠𝑗 , window [𝑒𝑗 , 𝑙𝑗]: 

𝑒𝑗 ≤ 𝑎𝑗 ≤ 𝑙𝑗 

𝑎𝑗 ≥ 𝑎𝑖 + 𝑠𝑖 + 𝑡𝑖𝑗(𝑎𝑖)if 𝑥𝑖𝑗 = 1 

6. Decision Making and Automation in Real Time 

To provide value to decision-making in logistics, real-time analytic- and data-processing systems must support automation by 

quickly orchestrating operational actions. Oftentimes, Stream Processing systems use Virtual Operators to represent analytic 

modules with action effects; they actually do not process stream data — their only task is to select actions among the available 

ones based on threshold-parameter queries. For example, if the current network traffic exceeds a threshold, the Shaping Traffic 

Control operator generates a set of actions to alleviate congestion by means of Traffic Shaping and/or Traffic Rerouting. Data-

driven automation is a currently hot trend in stream processing. One possible solution is to use Complex Event Processing (CEP) 

capabilities and event patterns to trigger selected actions. However, deploying a control strategy by means of actions is not 

enough; closed-loop control is important for automatically tuning the control strategy based on feedback from the environment. 

Frequent high network jitter inducing shaping-action effect is one aspect of a timely-control strategy, whereas rodent congestion 

level is another aspect of a closed-loop solution. 

As a consequence, providing an automatic mechanism to tune stream rules by using a Reinforcement Learning (RL) algorithm 

and a feedback-loop concept is another relevant research topic. RL is a feedback-learning mechanism in which the agent selects 

actions to be performed in the environment in order to maximize the expected long-term reward signal. In the stream-processing 

context, a Reinforcement Learning Control (RLC) module is responsible for controlling the internal state of a Stream Processing 

(SP) application in the course of real-time operation, adapting action thresholds based on the received feedback. In this way, the 

thresholds that fit well with the current stream-dynamics conditions can be selected in real time. 

6.1. Orchestration of Operational Actions                                                                                                                                                  

Operational actions, whether for logistics and supply chain management, telecommunications, financial trading, or any other area 
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where decisions need to be taken in real time, have a long time horizon and span several interacting parts of the system. In the 

case of logistics optimization, available data streams support the real-time exploration of optimized inventory-transportation 

plans directly linked to inventory replenishment plus routing actions that switch vehicles and modes at stops, such as pipelines 

and warehouse transshipment hubs served by freight vehicles or drones. 

This observation suggests the utility of an orchestrator that will trigger such long actions in their own time (detection of flows of 

bulk goods to minimize average shipping cost in supply chains, sensors for the warehouse replenishing flows, setup of transport 

vehicles, planes, ships for aggregated goods flow bursts, …). Orchestration is a reactive use of streams with the orchestrator 

describing the dependency relations with delays of the actions rather than of the stream, with orders defining the input conditions 

to take the actions, dedicated functions implementing plausibility checks, and action switching interlocked with successful 

feedback of the action execution. 

 

6.2. Feedback Loops and Reinforcement Learning in Streams                                                                                                          

As already mentioned, traditional BI processes neglect real-time situations, hindering feedback loops. However, the supply chain 

is a complex system that is not directly predictable, and users aim at optimal, not arbitrary, business decisions. Automation is 

desirable yet risky; any decision can generate stochastically unfit results. Both areas require data refreshment without traditional 

batch-processed history or control feedback. Additionally, it is recommended to insert a routing layer in front of the stream data 

mart to orchestrate several operational actions. That layer takes inputs from the physical flow of goods and the virtual flow of 
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data and supports strategic supply chain actions. Based on data-driven predefined policies, the decision engine makes automated 

operational actions for transportation, stocks, services, procurement, and distribution. Human intervention is an exception for 

abnormal occurrences or for executing actions that a machine cannot determine due to the missing components in its learned 

model. Reinforcement learning techniques in streaming environments can also be applied for routing prediction, improving real-

time processes when transporting data and allowing for closed-loop behavior. 

The objective of decision automation is to assist supply chain users. Users can be managers that need decision support, intelligent 

agents either operating in a game or controlling a simulation, or any other entity. They generally want to apply an a priori built 

knowledge base to optimize the outcome of actions. Such knowledge represents specific cases. Users aim at optimal processes 

and can afford to incur costs and have low-priority time constraints. Therefore, their opportunities can be stochastically unfit for 

real-time processes. Real-time BI methods that ignore hot data relation dependencies and only cover the necessity of behavior 

change to maintain a sampling environment have been proposed. Real-time reinforcement learning for newsvendor problems 

with cost-sensitive classification loss has been conceived, as newsvendor is a central role in supply chains. The processes of users 

not only inspect the state of the systems. 

7. Conclusion 

Looking to the future, streaming big data engineering will provide key services to emerging systems for logistics supply chains. 

Logistics networks are becoming digital twins forming during planning, execution and optimization cycles. The Big Data 

paradigm has recently expanded to include many systems dealing with large—often unbounded and continuous—streams of data: 

Sensor Networks, TELERIGs, Spatio-Temporal Data Management. Scalability problems, delivery time-critical requirements and 

the need for on-line, Ai-driven internal/external feedback—as Computer Systems become more Automating Decisions—pose 

new challenges to existing supporting infrastructures, System Interaction Operations and Data Stream Engineering, in particular. 

Driving system operation—achieved via various levels of automation or orchestration—requires the execution of operational 

actions: activating or migrating a resource, reassigning a tour or flight, modifying an order, etc. Many of these actions can be 

automated or aided by machine learning (ML) algorithms. Automating prediction and classification is key, yet it is usually not 

sufficient; automating the choice of decisions may be more complex, as answers are not always stored or easily derived from past 

decisions. Reinforcement Learning (RL) has emerged as a powerful paradigm to resolve such issues. In a streaming-acquisition 

environment, a Q-function answers: “Which is the best action to take in order to maximize the long-term payoff?” Its main 

novelty lies in the stepwise notation: the function is computed as actions are performed, acquiring knowledge in loops of trial-

and-error, thus integrating learning directly into processing. 

Aspect Microbatch True streaming 

Latency Bounded below by batch interval (≈T/2 avg wait) Record-level; bounded by processing + network 

Fault tolerance Often simpler via batch retries/checkpoints Requires continuous state + checkpointing 

Exactly-once Easier with microbatches and idempotent sinks Achievable with checkpoints + transactional sinks 
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                                   Table : Microbatch vs True streaming comparison 

7.1. Emerging Trends                                                                                                                                                                                      

In the automotive sector, the widespread adoption of electric vehicles (EVs) is generating huge amounts of high-quality data from 

numerous sources. This data can be used for traffic prediction and real-time navigation to avoid congested areas and help other 

EVs reach their destinations. Moreover, for fleet operators, the optimization of charging stations and the real-time prediction of 

charging behaviors will improve the management of electricity and reduce operation costs. Logistical optimization of the supply 

chain and a better understanding of fleet management in maritime and aviation transportation are also relevant topics. There is 

certainly an ongoing efforts to introduce a real-time capability to operations, also referred as "continuous operations". In the 

logistics domain, being able to react in real time to changes and incidents in the supply chain is a prerequisite to the realization of 

smart logistics. The gradual introduction of data science, machine learning, and artificial intelligence is indeed facilitating real-

time actions. 

Yet the requirements for systems and software to support real-time logging and smart logistics go beyond those for traditional 

stream processing. Supporting business operations in real time requires not only the capability to execute and react in real time, 

but also the continuous orchestration of all operational actions, together with feedback loops that learn from operations and 

improve proposals and predictions over time. Continuous orumble learning from data streams has the potential to introduce a new 

level of automation in decision making. 
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