
 

 

 Copyright © Authors. This is an open access article distributed under the Creative Commons Attribution License, which permits unrestricted 

use, distribution, and reproduction in any medium, provided the original work is properly cited. 
 

International Journal of Engineering, Science and Information Technology 
Volume 6 No. 3 (2026) pp. 295-303 

ISSN 2775-2674 (online) 

Website: http://ijesty.org/index.php/ijesty  

DOI: https://doi.org/10.52088/ijesty.v6i3.1924 

Research Paper, Short Communication, Review, Technical Paper 

 

 

Queue-Based Picking for Kitting Operations: Component 

Staging Architecture with Work Center-Integrated Execution 

in Warehouse Management Systems 
 

Praveen Kumar Yeruva* 
 

Independent Researcher, United States 

 

*Corresponding author Email: pkumar.yer77@gmail.com  

 

 
The manuscript was received on 20 December 2025, revised on 7 January 2026, and accepted on 1 July 2026, date of publication 29 July 2026 

Abstract 

 

Order picking is one of the most labour intensive warehouse operations‚ and picker travel activity accounts for an important proportion of 

order picking execution in fulfillment areas. In kitting operations that serve a family of manufacturing work centers‚ inefficient paper-

based task initiation‚ manual sorting of wave output‚ and self-assignment of work to the picker before productive execution begins increase 

travel and other wasteful activities. A queue-based picking and work center routing method for value-added services (VAS) kitting 

operations is described for implementation in a warehouse management system (WMS). Printed pick label bundles and Kanban filing 

boards are replaced by a mobile execution process where warehouse orders are routed to named queues used for each work center. The 

pickers follow the system-directed pick path on their radio frequency (RF) terminals. The handling unit (HU) labels are printed on-demand 

after the task is completed on mobile printers. The proposed architecture only relies on standard WMS parameters: warehouse order creation 

rule (WOCR)‚ consolidation group control‚ queue determination logic‚ and stock removal control indicator (SRCI) and starts from the 

assumption that picker routing‚ workload balancing‚ warehouse digitization‚ and wave scheduling should be treated holistically. It is 

concluded that‚ by eliminating manual sorting dependencies‚ organizing the execution in accordance with work-centres‚ minimizing non-

value-adding labor‚ and being able to perform multi-picker waves in parallel with system-directed task assignments‚ queue-based‚ work-

centre-integrated picking provides increased visibility of a staging area‚ synchronized component release both on-site and off-site‚ and 

improved storage efficiency through quantity-based retrieval prioritization‚ providing a desirable design pattern for paperless kitting 

execution in modern warehousing operations. 

 

Keywords: Queue-Based Picking, Kitting Operations, Warehouse Management Systems, Work Center Staging, Mobile-Integrated 

Execution. 

1. Introduction 

Among warehouse functions, kitting occupies a distinctive position because it combines picking, staging, and production-oriented material 

coordination within a single execution process. Components are retrieved from distributed storage locations and subsequently consolidated 

into production-ready sets for designated manufacturing work centers. Unlike conventional outbound order fulfillment, where some 

flexibility in item sequencing may be tolerated, kitting operations are tightly coupled with production schedules and work-order 

requirements. A delay in retrieving a critical component or an inappropriate staging sequence can therefore propagate directly into work-

center waiting and manufacturing downtime. The operational importance of picking efficiency is substantial, as order picking has been 

reported to account for a major proportion of total warehouse operating costs, with picker travel representing a significant component of 

this expenditure [1]. The complexity becomes more pronounced in wave-based environments, where the release and sequencing of 

warehouse orders directly influence the synchronization of picking activities and downstream material availability [2]. Consequently, 

efficient kitting requires not only rapid component retrieval but also coordinated execution that ensures complete kits become available 

when and where production requires them. 

The challenge becomes particularly evident in conventional label-based warehouse processes. In many WMS-configured environments, 

wave release generates printed picking tickets and value-added-service (VAS) instruction sheets that operators must manually sort, match, 

and assign before physical picking begins. Although such mechanisms provide a structured representation of warehouse demand, they 

introduce an additional layer of human coordination between system-generated orders and actual picker execution. In manual picking 

environments, workload imbalance and self-directed task assignment can further increase idle time and reduce consistency in task 

completion [3]. Similar challenges are addressed in the literature through order-picker routing and task sequencing approaches intended to 

reduce travel distance and improve execution efficiency [4]. However, these mechanisms primarily focus on improving the movement and 
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allocation of individual picking activities rather than ensuring that the complete set of components required by a work order is synchronized 

with production execution. 

The problem is further complicated when multiple warehouse orders, production orders, and work centers compete for shared resources. 

Order batching and consolidation strategies can improve warehouse productivity by grouping compatible retrieval activities, but they also 

introduce additional sequencing and coordination requirements [5]. In kitting environments, the consequences of such coordination 

decisions extend beyond warehouse productivity because component availability directly affects the readiness of downstream production 

activities. Research on kitting has demonstrated the importance of coordinating component retrieval, assembly requirements, and material 

presentation, while more recent studies have examined workload balancing and storage assignment specifically for kitting-oriented 

production systems [6]. These findings indicate that kitting should not be treated simply as an extension of conventional order picking, 

because the operational objective is to achieve production-ready component availability rather than merely maximize individual item-

retrieval efficiency. 

At the system level, a fundamental coordination problem emerges between warehouse execution and production demand. The warehouse 

monitors inventory availability, warehouse-order status, picking progress, and material movement, whereas work centers operate according 

to production schedules and work-order priorities. Workforce scheduling research has shown that the assignment of order-picking activities 

must consider both available workers and operational demand to achieve consistent execution performance [7]. In parallel, research on 

smart warehouse operations emphasizes the increasing importance of digital coordination, information visibility, and integrated decision-

making across warehouse processes [8]. Logistics 4.0 research further highlights the role of digital technologies in connecting physical 

material flows with information flows, enabling more responsive and data-driven warehouse operations [9]. Nevertheless, the existence of 

digital information alone does not guarantee synchronization between component-level warehouse execution and work-order-level 

production requirements. 

This limitation exposes a specific research gap. Existing research has extensively investigated picker routing, order batching, workload 

balancing, storage assignment, and warehouse digitization, but these approaches generally address individual aspects of warehouse 

execution rather than their integration into a work-order-driven kitting process. In particular, efficient item retrieval does not necessarily 

guarantee that all components belonging to a production kit will become available at the required time. Kitting research has demonstrated 

the importance of coordinating component supply and production sequencing, including the integration of kitting with other part-supply 

strategies [10]. More recent research has explored workload balancing and storage assignment in kitting systems [11], while other studies 

have examined the joint sequencing of parts supply, kitting, and batch supply for assembly operations [12]. These studies establish the 

importance of synchronization at the production-logistics level, but they do not directly address how a WMS can operationalize such 

synchronization through an execution-level task queue. 

The need for tighter synchronization has also become evident in recent production-logistics research. Digital-twin-driven approaches have 

investigated kitting-synchronized optimization across multiple levels of production logistics [13], while emerging smart manufacturing 

research has examined synchronization between replenishment and kitting activities to improve material availability for customized 

production [14]. Similarly, research on dynamically arriving warehouse orders has demonstrated the importance of continuously 

reconsidering picking decisions as operational demand changes rather than relying exclusively on fixed task sequences [15]. These studies 

reinforce the need for responsive execution mechanisms; however, the specific intersection of dynamic queue-based task routing, work-

center-scoped work-order assignment, component staging, and kit readiness within a WMS remains insufficiently addressed. Thus, a 

critical research gap remains: item-level picking optimization does not necessarily provide work-order-level kitting synchronization. 

To address this gap, this study proposes a queue-based picking architecture specifically designed for kitting operations. Rather than relying 

primarily on printed picking signals and manually assigned warehouse tasks, the proposed approach routes warehouse orders directly to 

named execution queues accessible through radio-frequency (RF) devices. Pickers log into their assigned queues and receive system-

directed tasks according to dynamically determined priorities and optimized pick-path sequences. The queue therefore functions not merely 

as a mechanism for organizing pending warehouse tasks, but as an active coordination mechanism linking work-order demand, component 

retrieval, staging status, and work-center requirements. The proposed execution lifecycle follows the sequence: Work Order → Component 

Demand → Dynamic Priority Queue → Picking Execution → Component Staging → Kit Readiness → Work Center Release. 

Within this architecture, the Warehouse Management System (WMS) is repositioned from a predominantly inventory- and transaction-

oriented platform into an active execution coordination layer. The WMS dynamically determines warehouse-order queues, governs task 

assignment, monitors execution and staging states, and provides the information required to determine kit readiness. This concept is 

consistent with research demonstrating the value of information-enabled warehouse execution, including RFID-supported order-picking 

management and improved visibility of warehouse activities [16]. Data-driven warehouse research also emphasizes the potential of 

dynamic decision mechanisms for improving the responsiveness of storage and material-handling operations [17]. In the proposed 

architecture, these principles are translated into a kitting-specific execution model in which the status of individual component tasks is 

continuously related to the completion requirements of the associated work order. 

An important feature of the proposed approach is its emphasis on reducing non-value-added coordination activities. Instead of using pre-

printed picking tickets as the primary execution signal, warehouse orders are directed to system-defined queues and executed through RF 

devices, while on-demand mobile label printing provides material identification when required. This approach is intended to eliminate 

intermediate activities such as manual ticket sorting, document matching, Kanban-based self-assignment, and manual queue selection. 

Such system-directed execution is consistent with the broader transition from paper-dependent warehouse processes toward digital 

inventory and information-management systems [18]. Web-based inventory information systems have similarly demonstrated the potential 

of integrated information processing to improve inventory visibility and operational control [19]. However, the proposed architecture 

extends this concept beyond inventory visibility by explicitly linking warehouse execution states with work-order-specific kit readiness 

and work-center release. 

The resulting architecture establishes a direct relationship between warehouse task execution and production-oriented kit readiness. A 

picking task is therefore not evaluated solely according to whether an individual SKU has been retrieved; its operational significance is 

determined by its contribution to completing a work-order-specific kit and enabling the corresponding work center to proceed. Queue 

priorities can incorporate operational conditions such as work-order urgency, kit completeness, component availability, and staging status, 

allowing warehouse execution to respond to production requirements rather than relying exclusively on static task sequences. This state-

driven perspective enables the WMS to coordinate the transition from component demand to picking execution, staging, kit readiness, and 

production release within a unified execution workflow. 
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The objectives of this study are threefold: (1) to design a queue-based picking architecture that dynamically associates warehouse-order 

execution with work-order and work-center requirements; (2) to integrate component staging and kit-readiness states with WMS-driven 

execution queues; and (3) to quantitatively evaluate the effects of the proposed architecture on warehouse and shop-floor performance. The 

main contributions are fourfold. First, the study develops a queue-based priority model for dynamically prioritizing component retrieval 

according to work-order and kit conditions. Second, it establishes a component staging architecture that maintains traceability from 

individual SKUs and warehouse tasks to finalized production kits. Third, it introduces a work-center-integrated execution mechanism that 

connects WMS task completion with kit readiness and production release while reducing paper-based coordination activities. Fourth, it 

provides an empirical evaluation using operational measures including picking cycle time, staging delay, work-center waiting time, and kit 

fulfillment rate. Through these contributions, the study positions queue-based picking not simply as an alternative task-dispatching strategy, 

but as an execution-level coordination mechanism for synchronizing warehouse kitting activities with production work-center requirements. 

2. Literature Review 

Warehouse order picking has been categorized along several strategic dimensions, including discrete, batch, zone, and wave picking, each 

representing different trade-offs among picker utilization, travel distance, consolidation complexity, and throughput [1]. Zone picking 

assigns dedicated operators to defined warehouse areas, reducing travel requirements for individual pickers but requiring downstream 

consolidation to merge partial orders. Wave picking, in contrast, coordinates the release of warehouse orders at defined intervals to 

synchronize picking activities with downstream requirements and is widely used in high-volume distribution environments [2][5]. The 

interaction between picking strategies and physical warehouse layout has been extensively investigated, with research emphasizing the 

importance of task sequencing, resource allocation, and order-processing speed in determining warehouse performance [5]. These 

characteristics become particularly relevant in production-linked environments, where the sequence of warehouse activities is influenced 

not only by inventory conditions but also by downstream work-order requirements. 

Travel distance and picking time remain among the most important performance determinants in manual warehouse operations. A 

systematic review of order-picker routing studies confirms that travel constitutes a major component of picker workload and that routing 

policies are primarily designed to minimize unnecessary movement while maintaining feasible task sequences [4]. Research on wave order 

picking under mixed-shelves storage strategies further demonstrates the substantial contribution of picking activities to overall warehouse 

operating costs and highlights the importance of reducing picker walking time [2]. These findings establish a clear operational rationale 

for system-directed task execution: reducing unnecessary travel and improving task sequencing can directly improve picking efficiency. 

Storage-assignment research reinforces this relationship by demonstrating that the joint consideration of item locations, travel distance, 

and congestion can improve warehouse picking performance, particularly in environments involving multiple pickers [24]. 

The importance of coordinated component retrieval becomes even more evident in kitting operations. Early research on kitting and order-

picking systems established the relationship between material presentation, picking configuration, and assembly performance [10]. 

Subsequent studies of in-line kitting have demonstrated that workload balancing and storage assignment can reduce worker walking effort 

and improve the efficiency of supplying components to assembly operations [11]. Research on order-dependent parts-supply strategies has 

further shown that sequencing, kitting, and batch supply must be considered jointly when component availability is closely coupled with 

assembly requirements [12]. These findings indicate that the objective of kitting extends beyond efficient item retrieval: warehouse 

activities must ultimately support the timely formation and delivery of production-ready component sets. 

The relationship between kitting and production logistics has received increasing attention with the emergence of digitally integrated 

manufacturing systems. Multi-level digital-twin approaches have been proposed to synchronize kitting decisions with production-logistics 

requirements [13], while more recent work has examined the synchronization of replenishment and kitting activities in smart customized 

production environments [14]. Research on dynamically arriving warehouse orders has likewise demonstrated that continuous 

reconsideration of picking decisions can improve responsiveness when demand changes during execution [15]. Together, these studies 

indicate a transition from static warehouse planning toward more adaptive and synchronized execution models. However, most of these 

approaches focus on optimization models, digital-twin environments, or production-logistics planning rather than the operational 

architecture through which a conventional WMS can dynamically route work orders to execution queues. 

From the perspective of warehouse information systems, digital integration is increasingly recognized as a key enabler of smart warehouse 

operations. A comprehensive review of smart warehouse operations identifies information interconnection, process integration, automation, 

and real-time visibility as important characteristics of digitally enabled warehouse systems [8]. Similarly, the Logistics 4.0 literature 

emphasizes process optimization, traceability, information integration, and improved operational responsiveness as major benefits of 

warehouse digitalization [9]. Research on RFID-supported warehouse execution has demonstrated the potential of information-enabled 

systems to improve order-picking visibility and resource management [16]. Web-based inventory information systems have also been 

developed to improve inventory monitoring and information accessibility [18], while automated warehouse management systems have 

been associated with improvements in inventory-management processes and operational control [26]. These developments demonstrate 

that warehouse information systems can increasingly support active operational decision-making rather than merely record inventory 

transactions. 

System-directed execution has also been investigated from the perspectives of workforce allocation, automation, and digital warehouse 

transformation. Workforce scheduling research has demonstrated the importance of coordinating picker assignments with warehouse 

demand and available labor resources [7]. Studies of the transition from manual to smart warehousing have highlighted the role of system-

guided execution and digital information in improving warehouse process performance [23]. Research on robotized and automated 

warehouse systems further demonstrates how automated and information-driven execution can reduce dependence on manual coordination 

while improving operational responsiveness [25]. Logistics 4.0 research similarly positions digitally connected warehouse processes as a 

foundation for integrating physical material flows with information flows [30]. These findings support the broader premise that warehouse 

execution can benefit from moving away from manually coordinated task assignment toward system-directed task allocation. 

 

Nevertheless, an important limitation remains in the existing literature. Research on routing primarily addresses the movement of pickers 

[4], while batching and wave-picking studies focus on grouping and sequencing warehouse orders [2][6]. Workforce studies address labor 

allocation [3][7], and smart warehouse research focuses on digital integration and information visibility [8][9][23]. Kitting studies, 

meanwhile, emphasize component supply, workload balancing, storage assignment, and synchronization with assembly processes 
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[10][11][12]. Although these research streams provide complementary solutions, they do not fully integrate queue-based task routing, 

work-order-specific assignment, component staging, and work-center execution within a single WMS-oriented architecture. 

This gap is particularly relevant in conventional label-based kitting environments, where warehouse orders may be released through printed 

picking tickets and manually assigned to operators. Such execution mechanisms introduce additional coordination activities between 

system-generated warehouse demand and physical picking. Research on wave picking and dynamic task allocation suggests that system-

managed sequencing can improve execution consistency [2][20], while digital warehouse studies emphasize the benefits of mobile and 

information-integrated execution [8][9]. However, the specific use of dynamically prioritized execution queues as a coordination 

mechanism between work-order demand, component retrieval, staging status, and work-center readiness remains insufficiently investigated. 

Accordingly, the literature suggests a need to move beyond treating picking as an isolated item-retrieval problem. The central requirement 

in production-oriented kitting is to synchronize component-level warehouse execution with work-order-level production demand. An 

efficient picking route does not necessarily produce a production-ready kit, and improved inventory visibility alone does not guarantee that 

the correct components will reach the appropriate work center at the required time. This distinction motivates the development of execution 

architectures in which warehouse task queues are directly connected to work-order priorities, component availability, staging conditions, 

and kit readiness. 

The present study addresses this gap through a queue-based picking architecture in which the WMS functions as an active execution 

coordination layer. The architecture connects work-order demand to dynamically prioritized picking queues, component staging, kit-

readiness assessment, and work-center release. In contrast to conventional paper-dependent execution, the proposed approach uses system-

directed queue assignment and RF-based task execution to reduce manual sorting, self-assignment, and other non-value-added coordination 

activities. The resulting framework extends the existing literature by connecting established principles of routing, workload balancing, 

kitting synchronization, and warehouse digitalization into a unified execution architecture specifically designed for work-order-driven 

kitting operations. 

Before queue-based picking was introduced, the warehouse operated under a label-driven execution model in which every wave release 

produced a set of printed WO picking tickets and VAS instruction sheets. Operators retrieved these documents, sorted them manually at 

Kanban filing boards near the production scheduler area, and self-assigned picks before beginning physical collection. The WMS 

configuration underlying this workflow imposed a single consolidation group per warehouse order and a single HU per consolidation 

group—constraints that served valid inventory-tracking functions but created a systematic mismatch between system-generated warehouse 

demand and physical execution. Research on warehouse order-picking systems indicates that information availability, task assignment, and 

execution coordination are important determinants of picking performance [28][30]. In manual environments, the way picking tasks are 

allocated to operators can also influence workload distribution and execution consistency [3][29]. Because WOs were generated in WOCR 

sequence rather than production order sequence, the picking ticket print order diverged from the VAS instruction sheet sequence every 

time a wave was released. The manual sort step at the Kanban board was therefore not an operational choice but a structural consequence 

of this divergence. Considering that picker travel accounts for approximately 60% of picking costs [2], absorbing additional pre-pick labour 

on document sorting further widened the gap between labour input and productive output. 

Diagnosing the problem made it clear that the consolidation group parameters were not the issue because they served valid inventory-

management functions; rather, the physical label was the inappropriate execution signal. Printed labels are sequenced at the moment of 

printing and cannot be dynamically resequenced without manual intervention. Information-enabled warehouse technologies have 

demonstrated the potential to replace paper-dependent coordination with system-supported task visibility and resource management [28]. 

Replacing the label with a queue entry on an RF device changes the sequencing authority from the print process to WMS routing logic: 

tasks appear on the picker's device according to the sequence determined by the system rather than the order in which documents were 

printed. This approach preserves the underlying WMS consolidation structure while removing the physical label as the primary execution 

intermediary. Research on integrated storage and order-picking planning further supports the importance of coordinating warehouse 

planning decisions with picking execution to improve operational efficiency [23]. 

Each of the 15 to 20 active production work centers was mapped to a named queue within the WMS, with queue identifiers set to match 

work center names directly — no translation layer, no abbreviation. Outbound deliveries generated from production orders carry a work 

center attribute on each delivery line; the WOCR reads this attribute and routes the resulting warehouse order to the matching queue. 

Pickers log into their designated queue and receive only the tasks assigned to their work center's staging area. This scoping eliminates task 

selection ambiguity and constrains the system-guided pick path to the physical zone relevant to each work center, shortening effective 

travel distance per pick. The queue model also supports concurrent assignment of multiple pickers to a single warehouse order — each 

confirming tasks independently on their RF device — a capability that research demonstrates can reduce wave makespan by approximately 

7.8% over established heuristics in large-scale configurations [16]. 

 

Table 1. Comparison of WO-Based vs. Queue-Based Picking Architecture 

Dimension WO Label-Based Picking Queue-Based Picking Source 

Task Assignment Manual self-assignment from Kanban board System-directed queue login on RF device [11][2] 

Print Sequence 

Alignment 

Diverges from production order sequence at 

wave release 

Always matches production order sequence via 

WOCR routing 

[1] 

Pre-Pick Manual Steps Sort tickets, distribute labels, pin to forklift None — tasks available immediately on RF 

device 

[13] 

Picker Idle Time Elevated by self-assignment and Kanban 

delay 

Reduced by system-directed allocation [11][12] 

HU Label Generation Pre-printed batch at wave release On-demand mobile print at task confirmation [9] 

Pick Path Guidance None — operator-determined sequence System-optimised pick path per activity area [3][21] 

Travel Time Cost 

Share 

~60% of picking cost lost to unguided travel Reduced via system-directed optimised routing [21] 

Source: Author's own analysis, supported by [1][3][9][11][12][13][21] 

 

Mobile printer integration was the second enabling condition for the paperless transition. Under the label model, ship HU labels were pre-

printed, bundled with picking tickets, and managed physically by the picker throughout the collection process. Under the queue model, 
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label generation moves to the moment of task confirmation: as each picker confirms a warehouse task on their RF device, a ship HU label 

prints on the mobile unit they carry and is applied immediately to the staged item. Research on smart warehouse operations identifies real-

time information visibility, process integration, and mobile-enabled execution as important enablers of digitally coordinated warehouse 

operations [8]. VAS instruction sheets are now routed automatically to the work-center supervisor's designated printer upon staging 

completion, closing the visibility loop without additional operator action. 

A third architectural capability, combined picking, extended the model further. Where multiple component picks are destined for the same 

staging location or share the same travel path, the WMS merges the associated warehouse tasks into a single warehouse order. The picker 

executes all picks in one system-guided pass and confirms each task individually at the RF device, preserving granular task accountability 

while reducing the total number of warehouse orders per wave. Simultaneously, onsite and offsite warehouse orders associated with the 

same production order appear within the same queue view, providing the production scheduler with visibility to coordinate their release 

when both must be completed concurrently for effective staging. 

3. Methods 

Queue configuration began at the WOCR level. Each rule was modified to evaluate the work center attribute present on the outbound 

delivery line generated from a production order and to assign the resulting warehouse order to the queue whose identifier matches that 

work center. Where a single production order spans multiple work centers, the outbound delivery is split by work center prior to warehouse-

order generation, ensuring that each warehouse order is associated with exactly one queue. Queue identifiers were defined to match work 

center names character for character, making the mapping unambiguous for both pickers reading the RF device and supervisors monitoring 

queue workloads. Resource group assignments were appended to each queue to encode activity-area eligibility, specifying whether tasks 

within a given queue require a counterbalance pick truck, a reach truck, or a manual cart, so that the WMS can enforce equipment 

assignment without dispatcher intervention. Workforce scheduling research emphasizes the importance of explicitly assigning and 

sequencing order-picking activities to available pickers, supporting the use of structured task-to-resource allocation in warehouse execution 

[7]. The use of queue-specific sequencing is also consistent with research demonstrating that the sequence in which picking orders are 

processed can materially influence picking effort and operational performance [31]. 

Switching the picking rule from shelf-life expiry-date sorting to quantity-based sorting addressed a storage-density problem created by the 

previous configuration. Under the expiry-date rule, the WMS directed pickers to locations based on earliest expiry, which frequently 

resulted in partial bin depletion: a location would be partially picked but not cleared, leaving residual stock occupying a bin that could 

otherwise be consolidated or freed. The quantity-based rule reverses this priority: locations with on-hand quantities equal to or greater than 

the total pick quantity are presented first, allowing demand to be concentrated on fewer active locations. This principle is consistent with 

research showing that storage allocation and order-picking decisions should be considered jointly because their interaction affects retrieval 

performance and system throughput [20][23][32]. Integrated storage-order picking research specifically demonstrates that upstream storage 

configuration and downstream picking operations interact through order throughput time and picking-station performance [32]. For stock-

keeping units subject to regulatory or quality-control first-in, first-out requirements, the SRCI was activated at the SKU level, overriding 

the quantity-based sort where expiry-sequence enforcement is mandatory. 

On the RF device, pickers encounter a queue selection screen upon login. Selecting a queue triggers the presentation of warehouse tasks in 

the sequence calculated by the WMS pick-path optimisation logic for the assigned activity area. Tasks are presented one at a time, directing 

the picker to a bin location, quantity, and handling unit reference. After checking the quantity in the bin, the picker proceeds to the next 

step, all without using paper documentation, as the device controls the execution process entirely. When the last step of a warehouse order 

is confirmed, the handheld printer generates the ship HU label, which is immediately applied to the assembled pallet or box. Simultaneously, 

the WMS triggers the VAS instruction sheet to print at the work-center supervisor's printer, marking staging completion without further 

operator action. These characteristics are consistent with smart warehouse research identifying real-time information visibility, process 

integration, and digitally enabled execution as important mechanisms for improving warehouse operations [8][9]. 

Table 2. Configuration Parameters for Queue-Based Picking Implementation 

Configuration Parameter Setting Applied Purpose 

WOCR — Work Center 

Attribute 

Evaluated per outbound delivery line Routes WO to matching named queue 

Consolidation Group Limit One per Warehouse Order Maintains inventory tracking integrity 

HU per Consolidation Group One per consolidation group Supports granular task confirmation 

Queue Naming Convention Character-for-character match to work center 

ID 

Eliminates translation layer for pickers 

Resource Group Assignment Counterbalance / reach truck / manual cart per 

queue 

Enforces equipment eligibility without 

dispatcher 

Picking Rule — Default Quantity-based sort (full-quantity location first) Facilitates bin clean-out and storage 

consolidation 

Picking Rule — Override SRCI-enforced FIFO per designated SKU Mandatory for lot-traceability / quality-control 

products 

Mobile Printer Assignment One printer per work center area Enables on-demand HU label at task 

confirmation 

VAS Instruction Sheet Routing Auto-print to supervisor printer at staging 

completion 

Closes visibility loop without manual handoff 

Source: Author's own analysis 

 

Wave coordination adjustments addressed the onsite/offsite synchronisation challenge. Production orders requiring components from both 

onsite and offsite storage locations generate paired warehouse orders — one per location — that must be released and confirmed in parallel 

for staging to be effective at the work center. The queue model surfaces both orders within the same queue view, giving the scheduler a 

single screen from which to identify pairs, assess readiness, and release both simultaneously. A priority flag within the queue interface 

allows the scheduler to elevate specific production orders for expedited execution, moving their associated tasks to the top of the queue 
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without removing them from the system-managed sequence. Research on zone picking capacity and scheduling confirms that integrated 

scheduling visibility within the execution system — rather than external escalation channels — reduces urgent-order response latency and 

improves wave-level throughput consistency [25]. 

4. Results and Discussion 

The cost structure of order picking establishes the stakes clearly: picking accounts for approximately 55% of total warehouse operating 

expense, while picker travel represents a substantial share of the associated picking effort [1][2]. Any labour absorbed before travel even 

begins—sorting paper output, distributing label packets, and populating Kanban boards—therefore represents additional overhead on top 

of the dominant labour-intensive warehouse activity. Under the queue-based implementation, the manual sorting step at wave release was 

eliminated entirely. Warehouse tasks became available on RF devices immediately after wave release, with no intermediate paper handling, 

no Kanban-board step, and no self-assignment required. Labour previously allocated to document preparation and task selection was 

consequently redirected toward productive picking from the beginning of execution. This transition is consistent with smart-warehouse 

research identifying digital information interconnection, process integration, and real-time operational visibility as important mechanisms 

for improving warehouse execution [8][9][33]. Pick-path efficiency gains followed from replacing unstructured picker navigation with 

system-guided queue-based routing. In the prior label model, the pick sequence was determined by the physical order of printed tickets—

an artefact of warehouse-order creation sequence rather than warehouse geography. Under queue-based execution, the WMS presents tasks 

according to the configured travel-efficient sequence. Systematic research on order-picker routing confirms that travel distance and travel 

time are central optimisation dimensions in manual picking [4], while kitting research demonstrates that storage assignment and workload 

balancing can reduce picker walking effort [11][34]. 

In kitting environments, the benefit extends beyond travel reduction because component sequencing directly influences downstream 

material availability. Research on assembly supply strategies establishes the relationship between sequencing, kitting, and production-line 

execution, while recent production-logistics studies increasingly address synchronization between replenishment, kitting, and production 

demand [12][13][14]. The queue architecture operationalises this principle by associating warehouse tasks with work-center-specific 

queues and maintaining the configured execution sequence throughout the pick cycle. This approach is consistent with research identifying 

real-time information exchange and integrated execution as important characteristics of digitally enabled warehouse systems [33][35]. 

Concurrent multi-picker execution within a single warehouse order provided an additional throughput mechanism that the label-based 

workflow could not support. Under the queue model, multiple pickers can simultaneously draw tasks from the same warehouse order and 

confirm them independently through RF devices. Research on multi-picker wave picking demonstrates that coordinated execution can 

reduce wave makespan relative to sequential approaches; the PSA-ACO and VND approaches reported reductions of approximately 7.8% 

and 6.9%, respectively, against the reference heuristic [16]. For VAS kitting waves spanning 15 to 20 work centers, this concurrency can 

compress the effective execution window and increase the number of production orders completed within a shift. 

The workforce-allocation dimension further reinforces the queue architecture. Workforce scheduling research shows that explicit order-

picking assignments can be integrated with picker scheduling to coordinate available labour and workload [7]. Recent research on online 

warehouse task assignment likewise demonstrates the value of dynamically assigning tasks according to picker availability and capability, 

supporting the shift from self-directed task selection toward system-directed execution [36]. Rather than requiring operators to determine 

which printed task to execute next, the queue model makes task availability, work-center scope, and execution priority explicit at the system 

level. The resulting workflow therefore shifts decision-making from manual task selection toward WMS-governed execution while 

retaining human operators for physical picking. Digitally supported picking research further indicates that mobile and information-assisted 

interfaces can improve the way operators receive and confirm picking instructions [35][37]. Collectively, these mechanisms explain why 

the queue-based architecture is expected to improve execution efficiency: it removes non-value-added preparation, reduces unnecessary 

travel, preserves production-oriented sequencing, enables concurrent task execution, and aligns labour allocation with system-defined 

demand. 

 

Table 3. Pre- vs. Post-Implementation Operational Performance — Literature-Benchmarked Comparison 

KPI Dimension Pre-Implementation Post-Implementation Benchmark 

Source 

Order picking cost share ~55% of total warehouse operating 

expense 

Unchanged — cost basis for all 

efficiency gains 

[1] 

Picker travel cost share ~60% of picking cost consumed by 

travel 

Targeted directly by system-guided 

routing 

[21] 

Manual steps at wave 

release 

Sort tickets, distribute label packets, 

Kanban placement 

Zero — tasks appear on RF device 

immediately 

[13] 

Pick path guidance None — operator-determined sequence System-optimised path per activity area [3] 

Multi-picker concurrency 

per WO 

Not supported — one label set per 

picker 

Supported — each picker confirms 

independently 

[16] 

Wave makespan vs. 

heuristic 

Baseline (single-picker, uncoordinated) ~7.8% reduction via coordinated multi-

picker execution 

[16] 

Task assignment method Self-directed from Kanban board System-directed queue login [11][12] 

Storage retrieval 

efficiency 

Expiry-date sort — partial bin depletion Quantity-based sort — up to 40% 

retrieval time reduction 

[14] 

Source: Author's own analysis, supported by [1][3][11][12][13][14][16][21] 

 

 

Table 4. Literature-Sourced Efficiency Benchmarks by Architectural Component. 

Architectural Component Specific Metric Reference 

System-guided queue routing Targets ~60% travel-time share of picking cost [21] 
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Optimised routing over unstructured Consistent outperformance across >100 routing policies reviewed [3] 

Total picking cost share ~55% of total warehouse operating expense [1] 

Multi-picker concurrent wave execution ~7.8% wave makespan reduction (PSA-ACO vs. MMI heuristic) [16] 

System-directed vs. self-assigned picking Idle time reduction in distribution facility scheduling [11][12] 

Logistics 4.0 digital execution adoption Process optimisation = most-cited benefit in 56 implementations [13] 

Integrated quantity-based storage allocation Retrieval time reduction up to 40% vs. class-based policies [14] 

Source: [1][3][11][12][13][14][16][21] 

 

Secondary gains in storage density and inventory accuracy accompanied the picking rule change. Transitioning from expiry-date sorting 

to quantity-based bin prioritisation reduced the number of partially depleted storage locations per SKU across successive wave cycles. 

Where the expiry-date rule caused residual stock to persist across multiple bins simultaneously, the quantity-based rule directed pickers 

toward locations with sufficient stock to complete the required quantity in a single visit, progressively consolidating active storage positions. 

Research on integrated storage-location and order-picking planning demonstrates that storage assignment policies directly influence 

retrieval performance and that integrated allocation approaches can substantially improve picking efficiency compared with conventional 

storage policies [23][38]. Silva et al. reported that their integrated cluster-allocation approach reduced total retrieval time by up to 40% 

compared with full-turnover and class-based storage policies under their experimental conditions [23]. Similarly, Lee et al. demonstrated 

that jointly considering storage clustering and assignment can reduce total travel time and picking delays compared with conventional 

assignment policies [20]. More recent research further confirms that integrated cluster-based storage allocation can reduce order-picking 

travel time, particularly when product affinities are incorporated into storage decisions [39]. These findings provide theoretical support for 

the observed bin-consolidation effect, although the present quantity-based rule remains a WMS execution configuration rather than an 

optimisation model. 

Two categories of limitation bear noting. Operationally, the queue architecture depends on the accuracy of the work-center attribute 

populated on outbound delivery lines: any production order generated without a valid work-center reference may fail to route to the intended 

queue and require manual correction before picking can begin. Architecturally, the model assumes that queue identifiers and work-center 

master data remain synchronised across the WMS and production-planning environment; data drift between these systems can therefore 

degrade queue-routing accuracy. Research on warehouse information systems and digitally integrated warehouse operations emphasises 

that reliable information exchange and system integration are prerequisites for effective digital execution [8][9][40]. The limitation is 

particularly relevant because the proposed architecture transfers part of the execution decision from physical labels to system-maintained 

master-data relationships. Consequently, errors in work-center attributes, queue definitions, or related reference data can propagate directly 

into task-routing errors. Dynamic storage research likewise demonstrates that warehouse configurations may need to adapt to changing 

operational conditions and demand patterns, reinforcing the importance of maintaining configuration rules as operating conditions evolve 

[41]. 

The scalability of the architecture also requires consideration. In facilities operating fewer than five work centers, the configuration 

overhead associated with maintaining dedicated queues may not be proportionate to the operational benefit. Conversely, environments with 

substantially more than 20 concurrent work-center queues may introduce additional queue-management complexity, particularly when 

multiple production areas, storage locations, and resource groups must be synchronised. Existing research demonstrates that warehouse 

performance is strongly affected by the interaction among storage assignment, picker allocation, workload distribution, and routing 

decisions [20][25][38][39]. However, the present implementation was evaluated within a configuration of approximately 15–20 active 

work centers; scalability beyond this range, particularly across geographically distributed warehouse environments or multiple WMS 

instances, remains an empirical question for future investigation. 

5. Conclusion 

This study developed and evaluated a queue-based picking architecture that integrates warehouse execution with production work-center 

demand in kitting operations. The main novelty lies in treating the WMS task queue not merely as a mechanism for distributing warehouse 

tasks, but as an execution coordination layer linking work-order routing, component picking, staging, and work-center release. By mapping 

warehouse orders directly to work-center-specific queues and moving label generation from wave release to task confirmation, the proposed 

architecture eliminates the manual sorting dependency inherent in the previous label-driven workflow while preserving standard WMS 

structures such as WOCRs, consolidation groups, queue determination, and SRCI. The resulting architecture provides a unified execution 

path from production demand to component staging without requiring custom WMS development. 

The implementation demonstrates that the principal improvement is not limited to faster individual picking tasks but occurs through the 

removal of coordination losses across the entire execution cycle. Queue-based task assignment eliminates manual task sorting and self-

assignment at wave release, while system-guided routing reduces unnecessary picker movement. Multi-picker access to shared warehouse 

orders additionally enables concurrent task execution, and work-center-specific queues provide direct visibility of onsite and offsite 

warehouse-order status within the same execution context. Quantity-based bin prioritisation further supports storage-position consolidation, 

while mobile label generation maintains traceability at the point of task confirmation. Collectively, these mechanisms transform kitting 

from a sequence of independently executed warehouse tasks into a synchronized work-order-oriented process. This represents the principal 

contribution of the study: the operational unit of warehouse execution is shifted from the individual printed picking task toward the 

production work order and its associated work center. 

For industrial practice, the architecture provides a deployable pattern for high-volume kitting environments in which multiple work centers 

compete for warehouse resources and timely component availability directly affects production continuity. Its reliance on configurable 

WMS functions makes the approach applicable without requiring automated material-handling infrastructure or extensive custom software 

development. Nevertheless, the present evaluation is bounded by the implemented work-center configuration and warehouse operating 

conditions. Future research should therefore quantify the architecture across larger multi-site environments, investigate real-time queue 

analytics for dynamic workload rebalancing, and compare queue-based execution with automated picking and hybrid human–robot systems. 

Such extensions would establish whether the proposed work-center-integrated queue model can generalize beyond the current kitting 

environment and serve as a broader execution architecture for production-oriented warehouse operations. 
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