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Abstract

Background: The allocation of non-divisible inbound deliveries across multiple warehouses
requires the simultaneous consideration of capacity constraints, category-specific restric-
tions, workload balance, and long-term allocation consistency. Methods: This study pro-
poses a hierarchical two-level allocation framework combining strategic category-rotation
policies, normalized marginal scoring, and signed historical feedback. The algorithm is
executed once per day to generate warehouse assignments for the following operational day.
Historical correction is based on a rolling window covering the preceding 30 daily planning
periods. Results: The framework was evaluated using daily simulation instances ranging
from 100 to 1500 pallets, with an average of approximately 130 lots per pallet. Across all
evaluated instances, the complete allocation procedure was completed in less than 5 s on
the specified test system. The results indicate balanced warehouse utilization, progressive
reductions in category–location imbalance, stable historical correction, and preservation of
hard operational constraints. Conclusions: The framework provides an interpretable and
computationally efficient approach for next-day inbound allocation. By combining explicit
feasibility filtering, strategic policy signals, and a 30-day historical correction mechanism,
it supports both short-term operational decisions and longer-term allocation balance.

Keywords: inbound logistics; warehouse allocation; hybrid optimization; adaptive
allocation; decision support system; multi-location logistics; heuristic optimization;
operational logistics

1. Introduction
Efficient allocation of inbound deliveries across multiple warehouse locations is a

recurring operational challenge in contemporary supply chain management. Allocation
decisions directly affect warehouse utilization, workload distribution, service continuity,
and the ability of logistics networks to absorb fluctuating inbound volumes. The problem
becomes particularly demanding when deliveries differ in pallet quantity, physical volume,
product category, handling requirements, and divisibility, while warehouse locations simul-
taneously exhibit heterogeneous capacities and technical restrictions. In such environments,
decisions must be generated within short operational time windows and must remain
consistent across successive planning periods.

Research on supply chain allocation has traditionally focused on strategic and tacti-
cal problems. Foundational supply chain texts discuss network coordination, inventory
positioning, and service-level management across interconnected facilities [1,2]. Classical
inventory-planning approaches further address replenishment, production planning, and
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inventory control in multi-location systems [3,4]. Facility location and network design mod-
els determine long-term capacity configurations and aggregate material flows [5,6], while
advanced planning and supply chain management frameworks integrate procurement,
production, distribution, and transportation decisions across several planning levels [7,8].
These approaches provide an important theoretical foundation, but they generally operate
with aggregated or divisible flows and are therefore not directly designed for the daily
assignment of discrete, non-divisible inbound deliveries to existing warehouses.

Mathematical programming has also been extensively applied to operational logistics
assignment problems. Integer and linear optimization provide the formal basis for discrete
assignment and capacity decisions [9,10], while stochastic programming, numerical opti-
mization, and network-flow theory offer complementary tools for uncertainty, continuous
parameterization, and flow-based constraints [11–13]. Mixed-integer linear programming
formulations enable the explicit representation of capacity limits, assignment restrictions,
time-related constraints, and multiple operational objectives. For example, real-time truck-
to-door assignment at cross-docking facilities has been formulated as a mixed-integer
scheduling problem to reduce inbound service and waiting times [14]. Although exact
formulations provide globally optimal solutions for solvable instances, their computational
burden may increase rapidly with the number of deliveries, locations, resource dimensions,
and operational constraints. Moreover, repeated model solution may be difficult to inte-
grate into decision environments in which warehouse states change after each assignment
and recommendations must be explained to operational planners.

Heuristic and metaheuristic methods address part of this computational challenge.
Surveys of multi-attribute routing and metaheuristic search emphasize the value of con-
structive and neighborhood-based procedures for complex logistics problems [15,16]. Adap-
tive large neighborhood search, for instance, modifies the selection frequency of search
operators according to their historical search performance [17], while hybrid genetic and
neighborhood-search procedures combine complementary search mechanisms to improve
solution quality [18]. These methods adapt the algorithmic search process; however, their
historical information is primarily used to select search operators, control diversification,
or improve convergence. It does not normally represent persistent operational imbalance
between shipment categories and warehouse locations.

Rolling-horizon approaches provide another mechanism for dynamic decision-making.
They repeatedly update input information and re-solve a finite planning horizon as new
tasks or system states become available. Recent warehouse research has combined rolling-
horizon control with adaptive neighborhood search for dynamic task allocation in multi-
AGV systems [19]. Such methods are well suited to dynamically arriving tasks, but their
adaptation is primarily achieved by shifting and reoptimizing the planning horizon. The
historical state is therefore incorporated through updated problem instances rather than
through a persistent corrective signal that explicitly records over-allocation and under-
allocation across locations and shipment categories.

In parallel, broader research has emphasized the digital transformation of transporta-
tion and supply chains [20,21], the use of big-data analytics [22], digital twins [23], predic-
tive analytics [24], AI-based risk management [25], data-driven smart manufacturing [26],
and machine-learning applications in Industry 4.0 [27]. Deep reinforcement learning has
also been examined for inventory control and multi-echelon decision problems [28–30],
while resilience-oriented research highlights the management of disruptions and ripple ef-
fects [31]. Recent systematic reviews further summarize empirical AI applications in supply
chain management [32]. Deep-learning architectures have, for example, been employed to
analyze relationships between commodity futures markets and global container-shipping
indicators and to improve shipping-market forecasts [33]. These approaches demonstrate
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the potential of data-driven logistics systems, but they often focus on prediction rather
than transparent shipment-level allocation and may require substantial training data and
computational resources.

Against this background, the research gap addressed in this paper is not the isolated
use of rules, heuristics, optimization, or historical data. Each of these elements is well estab-
lished. The unresolved issue is their operational integration into a transparent framework
that simultaneously supports:

(i) The assignment of discrete and non-divisible inbound deliveries;
(ii) Strict warehouse-specific feasibility and capacity requirements;
(iii) Short-term balancing of volume and pallet-based utilization;
(iv) Long-term balancing of shipment categories;
(v) Corrective adaptation based on realized allocation outcomes across successive

planning cycles.

This study therefore proposes a hierarchical two-level allocation framework. The
strategic layer applies transparent category-rotation policies that encode long-term oper-
ational preferences. The rotation mechanism is not presented as an independently novel
scheduling theory; rather, its contribution lies in its formal integration as a policy signal
within a constrained allocation framework. The operational layer assigns individual deliv-
eries to feasible warehouse locations by evaluating the normalized marginal effect of each
candidate assignment on the global allocation objectives.

The proposed history-driven feedback mechanism differs from conventional rolling-
horizon optimization and adaptive metaheuristic penalties in three respects. First, it
maintains a signed and normalized imbalance state for every category–location combi-
nation, thereby distinguishing historical over-allocation from historical under-allocation.
Second, this state is carried across planning cycles and directly modifies the marginal
assignment score rather than controlling search operators or merely updating the current
input instance. Third, a bounded update rule and a configurable rolling historical window
limit overcorrection and reduce oscillatory allocation behavior.

The sequential scoring procedure also differs from a conventional greedy assignment
rule. A basic greedy heuristic commonly selects the location with the largest residual
capacity or the smallest immediate load increase. In contrast, the proposed method eval-
uates normalized marginal changes in volume deviation, pallet ratio deviation, category
balance, and historical imbalance. The local decision rule is therefore explicitly derived
from the components of the global multi-objective formulation and is combined with fea-
sibility filtering, complexity-based delivery ordering, deterministic tie-breaking, and an
exception-handling procedure for deliveries without a feasible assignment.

The principal contributions of this study are as follows:

1. A hierarchical two-level decision architecture is developed that separates long-term
category-balancing policies from short-term shipment-level allocation decisions.

2. A signed, normalized, and rolling history-driven feedback mechanism is formulated to
identify both over-allocation and under-allocation and to correct persistent category–
location imbalances across planning cycles.

3. A sequential scoring heuristic is derived from normalized marginal changes in the
global objective components, thereby extending conventional greedy assignment with
multi-objective, state-dependent, and interpretable decision logic.

4. A reproducible operational evaluation and comparative positioning are provided.
The evaluation covers daily simulation instances ranging from 100 to 1500 pallets,
with approximately 130 lots per pallet on average, and examines the signed histor-
ical mechanism over a rolling-horizon of 30 daily planning periods. In addition, a
feature-based comparison with representative optimization, rolling-horizon, heuristic,
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data-driven, and simulation-based approaches clarifies the methodological distinc-
tion of the proposed framework. Across all evaluated daily instances, the complete
allocation procedure was completed in less than 5 s while preserving hard opera-
tional constraints.

By integrating policy-based control, mathematical optimization, operational feedback,
and interpretable sequential decision-making, the proposed framework seeks to bridge the
gap between theoretically rigorous allocation models and practical multi-location inbound
logistics operations.

2. Related Work
Research relevant to multi-location inbound allocation spans several interconnected

domains, including strategic supply chain design, operational assignment, rolling-horizon
optimization, heuristic and hybrid solution methods, adaptive decision mechanisms, and
simulation-based warehouse analysis. These streams provide important methodological
foundations, but they differ substantially in terms of decision level, allocation unit, temporal
treatment, and use of historical information. This section reviews these distinctions and
positions the proposed framework relative to existing approaches.

2.1. Strategic and Tactical Allocation Models

Strategic and tactical supply chain models primarily address inventory positioning,
network configuration, capacity planning, and aggregate flow allocation. Foundational
supply chain and multi-echelon models coordinate inventory positioning, replenishment,
and service levels across interconnected facilities [1–4]. Facility location and network design
models determine the number, location, and capacity of facilities together with aggregate
assignments of customer demand or material flows [5,6]. Advanced planning frameworks
subsequently integrate these decisions across procurement, production, distribution, and
transportation levels [7,8].

These models provide essential foundations for supply chain coordination but gener-
ally operate on aggregated quantities over medium- or long-term planning horizons. Their
decision units are commonly inventory quantities, product flows, or customer-demand
volumes rather than individual inbound deliveries. Consequently, they do not directly
represent shipment indivisibility, sequential assignment decisions, or category-specific
operational restrictions encountered in daily inbound logistics.

A related warehouse research stream addresses storage-location assignment, inter-
nal product allocation, and layout design. A recent literature review shows that most
warehouse allocation studies concentrate on slotting, internal material placement, picking
productivity, and layout configuration, while heterogeneous and non-standard operational
environments remain comparatively underrepresented [34]. Such research is relevant to
warehouse utilization but differs from the present problem, which concerns the allocation
of complete inbound deliveries among geographically or operationally distinct warehouse
locations before the internal storage decision is made.

2.2. Exact Optimization and Rolling-Horizon Allocation

Mathematical programming enables explicit representation of assignment variables,
capacity limits, compatibility restrictions, and multiple operational objectives. Real-time
truck-to-door scheduling, for example, has been formulated as a mixed-integer model
that assigns inbound vehicles to cross-docking doors while accounting for service and
waiting times [14]. Exact optimization provides a valuable benchmark because it can
identify globally optimal solutions for tractable instances and quantify the optimality gap
of heuristic procedures.
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However, exact formulations become increasingly difficult to solve when the number
of deliveries, warehouse locations, resource dimensions, and policy constraints grows.
Their repeated application may also be problematic in sequential environments in which
capacities and balancing states change after every assignment. In such settings, a complete
model would need to be re-solved whenever new information becomes available.

Rolling-horizon optimization addresses dynamic information by repeatedly shifting
the planning window, updating the current system state, and solving a revised finite-
horizon problem. Recent allocation-location research has applied this principle to multi-
category emergency supply chains, where allocation and facility decisions are updated
across consecutive planning cycles [35]. Rolling-horizon methods therefore provide a
systematic mechanism for reacting to changing demand and system conditions.

Nevertheless, the adaptation in a conventional rolling-horizon framework is primarily
generated by replacing forecasts, capacities, demands, or other state information before
the next optimization run. Historical outcomes affect subsequent decisions through the
updated problem instance. By contrast, the mechanism proposed in this study retains
a signed category–location imbalance state across planning cycles and introduces that
state directly into the marginal evaluation of future shipment assignments. It therefore
complements rather than replicates rolling-horizon reoptimization.

2.3. Heuristic and Hybrid Optimization Approaches

Heuristic and metaheuristic methods are widely used when exact optimization be-
comes computationally prohibitive. Traditional greedy procedures construct a solution
sequentially by selecting the locally most attractive feasible option; for example, the ware-
house with the greatest remaining capacity or the smallest immediate utilization increase.
Such procedures are computationally efficient but may generate myopic decisions be-
cause they do not explicitly account for the effect of each assignment on several global
balancing objectives.

Adaptive large neighborhood search extends conventional local search by learning
which destroy and repair operators are most effective during the search process [15–17].
Hybrid genetic algorithms similarly combine population-based exploration with local im-
provement and adaptive diversity management [18]. These approaches adapt the internal
search strategy and can produce high-quality solutions for difficult combinatorial problems.

Dynamic warehouse task-allocation research has further combined adaptive large
neighborhood search with assignment algorithms to allocate tasks among automated
guided vehicles under continuously changing system conditions [19]. This stream demon-
strates the practical value of adaptive heuristics in warehouse operations. However, its
adaptation typically concerns operator selection, routing structures, task queues, or current
vehicle states.

The proposed sequential scoring heuristic differs in both purpose and mechanism. It
does not adapt search operators and does not conduct an iterative neighborhood search
over complete solutions. Instead, it evaluates each feasible shipment–location pair using
the normalized marginal change in the components of the global allocation objective. Its
decision state includes current resource utilization as well as a persistent historical category–
location imbalance. The procedure is therefore closer to a multi-objective constructive
heuristic than to a conventional greedy, neighborhood-search, or metaheuristic algorithm.

2.4. Adaptive, Feedback-Driven, and Data-Based Decision Frameworks

Data-driven approaches increasingly support forecasting, inventory control, transporta-
tion planning, and warehouse operations. Research spans digital supply chain design, big-data
analytics, digital twins, predictive analytics, AI-based risk management, smart manufacturing,
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machine learning, and reinforcement-learning-based inventory control [20–32]. Deep-learning
methods have, for example, been used to capture nonlinear relationships between com-
modity futures markets and international container-shipping indicators [33]. Digital supply
chain architectures likewise emphasize real-time data integration, virtual representations of
operational systems, and continuous decision support [21–23].

These approaches demonstrate how historical and real-time information can improve
logistics decisions. However, predictive learning and operational allocation represent dis-
tinct methodological tasks. Predictive models estimate future demand, market indicators,
or operational states; an allocation procedure must subsequently transform those estimates
into feasible shipment-level decisions. Data-intensive models may additionally require
substantial training data and can be difficult to interpret in environments where planners
must explain and override recommendations.

The historical mechanism proposed in this study is therefore not presented as a
predictive machine-learning model. It is an interpretable feedback controller embedded in
the allocation objective. Its state variable records the signed difference between realized and
target category shares, distinguishes over-allocation from under-allocation, and is updated
using a bounded rolling window. This design makes the corrective signal transparent and
directly traceable to observed allocation outcomes.

The mechanism also differs from adaptive penalty updates used in metaheuristics.
Adaptive penalties typically increase or decrease constraint-violation costs in order to
guide a search toward feasible or higher-quality solutions. In the proposed framework, the
historical term does not merely regulate search feasibility. It represents an operational im-
balance that persists across completed planning cycles and modifies subsequent assignment
preferences until the imbalance is corrected.

2.5. Simulation-Based Warehouse Decision Support

Simulation provides a complementary method for analyzing warehouse systems
characterized by stochastic arrivals, queues, congestion, interacting resources, and process-
dependent service times. Simulation-based optimization has been applied to warehouse
worker assignment by combining discrete-event simulation with neighborhood search
to balance inbound and outbound service performance under variable workloads [36].
Discrete-event simulation has also been used to evaluate forklift allocation in distribution
centers with aisle restrictions and to assess the operational implications of alternative
resource configurations [37].

These studies demonstrate that simulation is particularly valuable when system per-
formance depends on queuing, travel, congestion, processing times, or complex resource
interactions that are difficult to express analytically. However, simulation alone evaluates
the consequences of predefined policies and does not necessarily produce shipment-level
assignments unless it is coupled with an optimization or search procedure.

The framework developed in this study focuses on the allocation decision itself and
employs an analytical feasibility model together with a constructive heuristic. Simulation is
therefore treated as a complementary validation method rather than the primary decision
engine. Future extensions may embed the proposed allocation procedure in a discrete-
event simulation environment to evaluate downstream effects on dock congestion, handling
times, workforce utilization, and internal material flows.

2.6. Comparative Positioning and Research Gap

Table 1 summarizes the principal methodological differences between representative
existing approaches and the proposed framework. The comparison distinguishes decision
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level, allocation unit, adaptive mechanism, and solution approach because these dimensions
are central to identifying the contribution of the present study.

Table 1. Comparison of representative supply chain and warehouse allocation approaches with the
proposed framework.

Study Decision Context
and Level Primary Allocation Unit Adaptive or Historical

Mechanism Solution Method Distinction Relative to the
Present Study

Snyder and Shen [2]
Strategic and tactical

multi-echelon
inventory planning

Aggregate
inventory quantities

Stochastic
inventory-state updates

Analytical and
optimization models

Does not address
sequential assignment of

indivisible
inbound deliveries

Melo et al. [5] Strategic facility location
and network design

Aggregate demand and
material flows

Generally static or
scenario-based

Facility location
optimization

Focuses on network
configuration rather than

daily allocation to
existing warehouses

Fatthi et al. [14] Operational cross-dock
assignment

Individual
inbound trucks

Current
operational state

Mixed-integer
programming

Exact operational
assignment without

persistent
category–location feedback

Ropke and Pisinger [17]
Operational routing and

pickup-and-
delivery planning

Customer and
transport requests

Adaptive
operator-selection

weights

Adaptive large
neighborhood search

Historical information
guides search operators
rather than operational

balancing states

Vidal et al. [18] Operational vehicle
routing

Customer visits
and routes

Adaptive diversity
management

Hybrid genetic
algorithm

Adapts population search
rather than

shipment–location
preferences

Xin et al. [19] Dynamic warehouse
task allocation AGV transport tasks Current task and vehicle

states; adaptive search
ALNS combined with

assignment
optimization

Focuses on robot-task
allocation and routing

within a warehouse

Shi et al. [35]
Dynamic

allocation-location
planning

Multi-category
product flows

Rolling-horizon state
and demand updates

Repeated
optimization

Historical effects enter
through updated problem

instances rather than a
signed imbalance state

Su et al. [33] Strategic shipping-
market analysis

Aggregated
market indicators

Learned temporal
relationships Deep learning

Predictive rather than
prescriptive

shipment-level allocation

Ganbold et al. [36] Operational warehouse
workforce planning

Workers and
warehouse activities

Stochastic workload
represented in

simulation

Simulation-based
neighborhood search

Allocates labor resources
rather than

inbound deliveries

Becerra-Fernandez
et al. [37]

Operational distribution
center resource planning

Forklifts and
handling activities

Scenario-based
simulation

Discrete-event
simulation

Evaluates equipment
configurations rather than
generating multi-location

shipment assignments

This study
Strategic policy and

operational
allocation levels

Discrete, non-divisible
inbound deliveries

Signed, normalized,
bounded, rolling
category–location
imbalance state

Feasibility filtering
and normalized
marginal scoring

heuristic, with exact
MILP benchmark for

small instances

Integrates long-term policy
signals, short-term

feasibility, and persistent
corrective feedback in an

interpretable
shipment-level framework

The comparison indicates that the novelty of the present study does not arise from in-
troducing rules, optimization, heuristic construction, or historical information individually.
Rather, it lies in their formal integration around a specific operational decision unit: the
complete inbound delivery.

Four gaps are addressed simultaneously. First, deliveries are treated as discrete and
non-divisible units rather than aggregate flows. Second, warehouse-specific feasibility
and resource capacities are enforced before candidate assignments are scored. Third, the
sequential heuristic evaluates normalized marginal changes in global volume, pallet ratio,
category-balance, and historical objectives rather than applying a single greedy priority
criterion. Fourth, the feedback mechanism retains a signed and bounded category–location
imbalance state across planning cycles, allowing the system to distinguish historical over-
allocation from under-allocation and to make corrective assignments without relying on a
black-box learning model.

The strategic rotation mechanism is not claimed as a new scheduling theory. Its
role is to encode transparent operational policy preferences and provide a long-term
balancing signal to the operational layer. The methodological contribution is the in-
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tegration of this exogenous policy signal with normalized objective-based scoring and
endogenous historical correction. This structure enables the framework to preserve fea-
sibility, remain computationally efficient, and provide an explicit explanation for every
assignment recommendation.

3. Problem Definition and Hierarchical Two-Level System Architecture
3.1. Operational Setting and Decision Scope

The problem considered in this study concerns the short-term allocation of inbound
deliveries across a set of heterogeneous warehouse locations. Let (I) denote the set of
inbound deliveries and (J = {1, . . . , m}) the set of available warehouse locations. The gen-
eral framework is defined for an arbitrary number of warehouses, while the experimental
implementation presented in Section 6 considers six anonymized locations, denoted by
W1–W6, with different capacities and handling capabilities.

Each delivery (i ∈ I) represents a discrete operational unit and is characterized by
a pallet quantity, a shipment volume, one or more category indicators, and location-
dependent handling requirements. Relevant categories may include heavy, hazardous,
seasonal, or otherwise operationally sensitive deliveries. Warehouse locations may differ
with respect to storage capacity, handling equipment, admissible shipment categories, and
operational workload limits.

The delivery is treated as non-divisible. Under normal operating conditions, it must
therefore be assigned entirely to one warehouse location. Splitting an inbound delivery
across multiple facilities is excluded because it would require additional synchronization,
transportation, documentation, and handling activities. This differs from strategic supply
chain and inventory models that commonly represent inventory or product flows as
divisible and aggregated quantities [1–8].

The model distinguishes between physical feasibility and operational balancing. In
the considered application, pallet positions or handling units constitute the binding storage
resource and are therefore represented as hard capacity constraints. Shipment volume
is retained as a separate operational balancing indicator because it reflects workload,
space consumption, and the relative size of inbound flows, even when the formal stor-
age limit is expressed in pallets. This distinction enables the system to prevent physi-
cal capacity violations while simultaneously balancing the operational workload among
warehouse locations.

The generalized formulation introduced in Section 4 additionally permits multiple
resource dimensions, including pallet positions, physical volume, weight, or processing
capacity. The experimental setting uses pallet capacity as the principal hard resource, while
weight- and category-related restrictions are represented through warehouse-delivery
compatibility parameters. This modeling choice reflects the operational setting without
limiting the general applicability of the framework.

The objective is to determine warehouse assignments that satisfy all mandatory oper-
ational requirements while minimizing deviations from desired utilization, proportional
allocation, category distribution, and historical balancing targets. The problem is therefore
positioned between strategic network design and internal warehouse slotting: the ware-
house network is assumed to exist, but complete inbound deliveries must be assigned to
one of its locations during each operational planning cycle.

In the operational implementation, the allocation procedure is executed once per day.
The resulting warehouse assignments are generated for the subsequent operational day
rather than being continuously recalculated during ongoing warehouse operations.
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3.2. Hard Feasibility Requirements and Soft Operational Objectives

The allocation problem incorporates two conceptually distinct groups of requirements:
hard feasibility constraints and soft operational objectives.

Hard constraints define the admissible solution space and cannot be violated by an au-
tomatically accepted assignment. First, the cumulative resource consumption of deliveries
assigned to a warehouse must remain within its available capacity. Second, each delivery
may only be assigned to warehouse locations that possess the required infrastructure,
equipment, regulatory authorization, or handling capability. Third, a delivery cannot be
divided among several warehouse locations within the same planning cycle.

If no feasible warehouse exists for a delivery, the delivery is not treated as physically
discarded or permanently rejected. Instead, it is transferred to an operational exception
queue for manual intervention, rescheduling, capacity adjustment, or delayed assignment.
This exception state is explicitly represented in the revised mathematical model through
an auxiliary decision variable and is associated with a large penalty so that it is used only
when no regular feasible assignment exists.

Within the feasible solution space, the framework evaluates several soft objectives. The
first objective concerns shipment volume balancing. It measures the deviation between the
allocated volume and the target volume of each warehouse location. The second objective
concerns pallet-based proportional allocation and evaluates whether the assigned pallet
quantities are consistent with predefined warehouse shares. The use of both measures is
intentional: pallet quantity represents the principal physical capacity resource, whereas
shipment volume provides a complementary workload-balancing indicator.

The third objective concerns category-specific distribution. Operationally sensitive
shipment categories should not be systematically concentrated at a single warehouse unless
this concentration is required by feasibility restrictions or explicit management policy. The
fourth objective concerns historical correction. Realized allocations from previous planning
cycles are compared with desired category–location shares, and persistent over-allocation
or under-allocation is incorporated into subsequent decisions.

All soft-objective components are normalized before aggregation. This prevents
differences in physical units and numerical magnitudes from causing one objective to
dominate the scoring function solely because it is measured on a larger scale.

3.3. Hierarchical Two-Level System Architecture

The proposed framework is organized as a hierarchical two-level decision system that
separates longer-term policy guidance from short-term operational allocation. Figure 1
presents the overall architecture and illustrates the interaction among input processing,
strategic rotation control, operational allocation, decision support, and historical feedback.

The first level represents the strategic policy and rotation layer. It generates category–
location preferences over a longer sequence of planning periods. The second level rep-
resents the operational allocation layer. It assigns individual deliveries under current
feasibility, capacity, and balancing conditions. Historical allocation outcomes are subse-
quently returned to the framework and used to adjust future preferences and targets.

The architecture processes three principal information groups. Delivery data describe
pallet quantity, volume, category membership, and handling requirements. Warehouse
data describe resource capacities and compatibility conditions. Historical data contain
realized category–location allocations and the corresponding deviations from target shares.

After validation, preprocessing, and aggregation, the strategic layer produces a policy
signal for the operational allocation engine. The operational engine then filters infeasi-
ble warehouse options and evaluates the normalized marginal impact of each feasible
assignment. The resulting recommendations are presented through the decision-support

https://doi.org/10.3390/logistics10080182

https://doi.org/10.3390/logistics10080182


Logistics 2026, 10, 182 10 of 36

component, where authorized planners may review exceptional cases and document
manual adjustments.

Figure 1. Hierarchical two-level architecture of the proposed inbound allocation framework, inte-
grating operational input data, preprocessing, strategic category-rotation policies, shipment-level
allocation, decision support, and rolling historical feedback.

3.3.1. Strategic Policy and Rotation Layer

The strategic layer provides long-term category-balancing guidance. Its purpose is not
to determine the final warehouse assignment independently, but to generate a transparent
preference signal that is considered by the operational allocation engine.

The rotation policy may be defined as a cyclic preference sequence, a target category
share, or a warehouse-priority order specified by logistics management. For example, a
category may preferably alternate among suitable warehouses in order to avoid persistent
concentration, while another category may follow an unequal rotation because one location
has substantially greater capacity or superior handling capability.

The practical basis of the mechanism is therefore an explicit operational policy de-
rived from warehouse capacities, infrastructure conditions, regulatory requirements, and
management preferences. It is not presented as a new standalone scheduling theory. Its
methodological role lies in formalizing these policy preferences and integrating them into a
shipment-level optimization and feedback framework.

The rotation signal is treated as a soft preference rather than a mandatory assignment
rule. Hard feasibility constraints always take precedence. If the preferred warehouse
lacks sufficient capacity or is incompatible with the current delivery, the operational layer
evaluates the remaining feasible locations. This prevents the strategic policy from producing
physically infeasible decisions.

3.3.2. Operational Allocation Layer

The operational layer assigns individual inbound deliveries within each daily planning
cycle. Before the allocation procedure begins, all deliveries available for the subsequent
operational day are collected and ordered according to their operational complexity. This
ordering gives priority to highly constrained or resource-intensive deliveries. The quantita-
tive ordering rule is defined in Section 5 and considers the number of feasible warehouse
locations, restrictive category indicators, pallet quantity, and shipment volume.

The complete allocation procedure is executed once per day for the full set of available
deliveries. Within this daily batch-oriented run, however, the deliveries are processed
sequentially. For each delivery, the framework constructs the currently feasible warehouse
set by evaluating the remaining resource capacities and the relevant delivery–warehouse
compatibility conditions.
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Each feasible candidate assignment is subsequently evaluated according to its normal-
ized marginal effect on the allocation objectives. These effects include changes in shipment
volume deviation, pallet ratio deviation, category distribution deviation, strategic rotation
adherence, and projected historical imbalance.

This procedure differs from a conventional greedy rule that selects the warehouse
with the greatest residual capacity or the smallest immediate load increase. The pro-
posed operational layer evaluates several current and historical consequences simultane-
ously and directly derives each local score from the objective components of the global
mathematical formulation.

Following each assignment, the remaining warehouse capacities, allocated volumes,
pallet quantities, current-day category quantities, and projected historical imbalance are
updated. The revised internal state is then used immediately when evaluating the next
delivery in the ordered daily batch. Consequently, every assignment reflects all preceding
decisions made during the same daily planning run.

After all deliveries have been assigned or transferred to the exception procedure, the
realized daily category–warehouse deviations are calculated and added once to the rolling
30-day historical record. This updated historical record is then used to determine the
historical state for the subsequent planning day. The tie-breaking rules, exception-handling
procedure, sequential state updates, and complete algorithmic sequence are specified
in Section 5.

3.4. Signed Rolling Historical Feedback Mechanism

The historical feedback mechanism records whether a category has been allocated
above or below its intended share at each warehouse location. For every category–location
combination, the framework maintains a signed and normalized imbalance state. A positive
value represents historical over-allocation, whereas a negative value represents historical
under-allocation.

This signed representation is essential because a non-negative historical penalty would
only discourage additional assignments without identifying the direction in which cor-
rection is required. Under the revised formulation, an assignment to an historically over-
allocated warehouse increases the score, whereas an assignment to an historically under-
allocated warehouse may reduce the historical component of the score.

The imbalance state is calculated over a configurable rolling window covering the
most recent planning cycles. Older observations may receive lower weights through a
decay factor, allowing the mechanism to remain responsive to current conditions while
retaining relevant historical information. The state is normalized by the total category
quantity observed during the window and bounded within a predefined interval.

A damping parameter limits the magnitude of the update between consecutive plan-
ning cycles. This prevents a single atypical planning period from reversing allocation
preferences excessively and reduces the risk of overcorrection or oscillatory behavior. The
formal update equations, normalization procedure, rolling-window definition, and stability
interpretation are presented in Section 4.

The feedback mechanism differs from rolling-horizon optimization because it does
not merely re-solve the same allocation model with an updated demand instance. It retains
a persistent corrective category–location state across completed planning cycles. It also
differs from adaptive penalty mechanisms in metaheuristics because the feedback value
represents an observed operational imbalance rather than the performance of a search
operator or the frequency of constraint violations.

In the evaluated implementation, the historical feedback state is based on a rolling
window containing the most recent 30 completed daily planning periods. After each daily
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allocation run, the newly realized category–warehouse deviations are added to the historical
record, while observations older than 30 days are removed. During system initialization,
when fewer than 30 completed periods are available, all available observations are used
and the historical weights are renormalized over the effective window length.

Figure 2 summarizes the sequential workflow performed within the daily batch-
oriented allocation run. All deliveries available for the subsequent operational day are
collected before the procedure starts. The algorithm then processes these deliveries se-
quentially, updates the operational state and projected historical imbalance after each
assignment, and uses the revised state when evaluating the next delivery. After the com-
plete delivery batch has been processed, the realized daily deviations are added to the
rolling 30-day historical record.

Figure 2. Sequential decision workflow of the operational allocation engine, including feasibility
filtering, normalized multi-objective marginal scoring, exception handling, state updating, and
transition to the next inbound delivery. All mathematical symbols are defined in Table 2 and
Sections 4 and 5.

The integration of the two decision levels enables the framework to combine explicit
operational policy, short-term feasibility, and long-term corrective behavior. The result-
ing decisions remain interpretable because every recommendation can be decomposed
into its feasibility conditions, policy preference, current balancing effects, and historical
feedback contribution.

4. Mathematical Model
4.1. Model Scope and Assumptions

The multi-location inbound allocation problem is formulated as a constrained multi-
objective binary assignment model. The model is solved for each operational planning
cycle (t), during which a set of discrete inbound deliveries must be assigned to a set of
warehouse locations.
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Each delivery represents a non-divisible operational unit. Under normal operating
conditions, it must therefore be assigned entirely to one warehouse. Partial assignment
across multiple facilities is excluded because it would generate additional transportation,
synchronization, documentation, and handling requirements.

The formulation distinguishes between hard feasibility constraints and soft alloca-
tion objectives. Hard constraints represent warehouse resource capacities and shipment–
location compatibility and cannot be violated by an automatically accepted assignment. Soft
objectives represent operational preferences concerning volume balance, pallet-distribution
ratios, category allocation, strategic rotation, and historical correction.

The generalized formulation supports multiple hard capacity dimensions, such as
pallet positions, physical volume, weight, processing capacity, or dock-handling capacity.
In the experimental application, pallet positions constitute the principal hard storage
resource. Shipment volume is additionally considered as a soft balancing dimension
because it represents the relative magnitude and operational workload of inbound flows.
Weight-related and category-dependent restrictions are represented through compatibility
parameters where they do not constitute independent numeric capacity dimensions.

If no feasible warehouse exists for a delivery, the delivery is transferred to an exception
state for operational intervention, delayed assignment, or capacity adjustment. This state is
formally represented by an auxiliary binary variable and is assigned a sufficiently large
penalty so that it is selected only when no regular feasible allocation is available.

The complete notation used in the mathematical formulation is summarized in Table 2.

Table 2. Comprehensive notation used in the multi-location inbound allocation model.

Symbol Type Definition and Unit

(It) Set Inbound deliveries available in planning cycle (t)

(J) Set Warehouse locations

(C) Set Shipment categories

(R) Set Hard capacity-resource dimensions

(i) Index Delivery, (i ∈ It )

(w) Index Warehouse location, (w\in J)

(c) Index Shipment category, (c\in C)

(r) Index Capacity resource, (r\in R)

(t) Index Operational planning cycle

(Li) Parameter Shipment volume of delivery (i)

(Pi) Parameter Pallet quantity of delivery (i)(
qi,r
)

Parameter Consumption of resource (r) by delivery (i)

(Cw,r,t) Parameter Available capacity of resource (r) at warehouse (w) in cycle (t)(
gi,c
)

Binary parameter Equals 1 if delivery (i) belongs to category (c)(
bi,c
)

Parameter Category-balancing quantity of delivery (i) for category (c)(
ai,w
)

Binary parameter Equals 1 if delivery (i) is compatible with warehouse (w)

(αw,t) Parameter Target share of total shipment volume assigned to warehouse (w)(
βw,t

)
Parameter Target share of total pallet quantity assigned to warehouse (w)(

γc,w
)

Parameter Target share of category (c) assigned to warehouse (w)

(πc,w,t) Parameter Strategic rotation-preference value for category (c) and warehouse (w)
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Table 2. Cont.

Symbol Type Definition and Unit

(H) Parameter Length of the rolling historical window; H = 30 daily planning periods in the
experimental implementation

(ρ) Parameter Historical decay parameter

(η) Parameter Historical correction gain(
h
)

Parameter Maximum absolute historical imbalance

(hc,w,t) Parameter Signed historical imbalance state at the start of cycle (t)(
xi,w

)
Binary variable Equals 1 if delivery (i) is assigned to warehouse (w)

(yi) Binary variable Equals 1 if delivery (i) enters the operational exception procedure(
dk,+, dk,−

)
Continuous variables Positive and negative deviation variables used for linearization

(wL, wR, wC, whist, wrot) Parameters Weights of the normalized soft-objective components

(Mexc) Parameter Dominating penalty assigned to an exception decision

The category-balancing quantity (bi,c) allows different operational interpretations. If
category balance is evaluated by delivery count, then (bi,c = gi,c). If it is evaluated accord-
ing to pallet quantity, then (bi,c = Pigi,c). The selected definition must remain consistent
throughout the experimental evaluation.

4.2. Decision Variables and Complete Assignment

The regular assignment decision is represented by the binary variable:

(xi,w ∈ 0, 1 ∀i ∈ It, ∀w ∈ J) (1)

where (xi,w = 1) indicates that delivery (i) is assigned to warehouse (w).
The exception variable is defined as:

(yi ∈ 0, 1 ∀i ∈ It) (2)

where (yi = 1) indicates that delivery (i) cannot be assigned through the regular automated
procedure and must be deferred or transferred to operational intervention.

Each delivery must either be assigned entirely to one warehouse or transferred to the
exception procedure: (

∑w∈J xi,w + yi = 1 ∀i ∈ It

)
(3)

Equation (3) preserves shipment non-divisibility while making the mathematical
formulation consistent with the operational exception path shown in Figure 2.

4.3. Multi-Resource Capacity and Compatibility Constraints

The generalized formulation permits several hard capacity dimensions. For each
warehouse (w), resource consumption may not exceed the corresponding available capacity:(

∑i∈It
qi,rxi,w ≤ Cw,r,t ∀w ∈ J, ∀r ∈ R

)
(4)

For the pallet capacity dimension (r = p), the resource consumption is defined as:(
qi,p = Pi

)
(5)
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If physical volume, weight, processing capacity, or another resource is also modeled
as a hard limitation, the corresponding resource consumption and warehouse capacity are
included analogously.

In the experimental application, pallet positions constitute the binding hard capacity
resource. Shipment volume is retained as a soft balancing objective because two de-
liveries with similar pallet quantities may still differ substantially in physical size and
handling workload.

Warehouse-delivery compatibility is enforced through:

(xi,w ≤ ai,w ∀i ∈ It, ∀w ∈ J) (6)

The parameter (ai,w) incorporates handling restrictions, infrastructure requirements,
safety regulations, category limitations, and other operational conditions. An incompatible
warehouse can therefore never be selected by the automated allocation procedure.

4.4. Dynamic Volume and Pallet Targets

The total inbound shipment volume and total pallet quantity in planning cycle (t) are
defined as:

(Vt = ∑i∈It
Li) (7)(

Pt = ∑i∈It
Pi

)
(8)

The model assigns a target volume share (αw,t) and a target pallet share
(
βw,t

)
to

each warehouse:
(∑w∈J αw,t = 1) (9)(
∑w∈J βw,t = 1

)
(10)

Under nominal demand conditions, the volume shares correspond to predefined
operational targets: (

αw,t = αw for Vmin ≤ Vt ≤ Vmax
)

(11)

Under low-load or high-load conditions, the volume shares are adjusted according to
the currently available principal capacity:(

αw,t =
Cw,p,t

∑u∈J Cu,p,t
for Vt < Vmin or Vt > Vmax

)
(12)

The resulting warehouse targets are:(
TL

w,t = αw,tVt ∀w ∈ J
)

(13)

(
TP

w,t = βw,tPt ∀w ∈ J
)

(14)

This formulation enables the target structure to respond to changes in total inbound
demand and warehouse resource availability.

4.5. Normalized Immediate Allocation Deviations

Because the objective components are expressed in different physical units, all devia-
tions are normalized before aggregation.

The normalized shipment volume deviation is defined as:

(D̂L =
1

max(Vt, ε)
∑w∈J

∣∣∣∑i∈It
Lixi,w − TL

w,t

∣∣∣) (15)
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where (ε > 0) prevents division by zero.
The normalized pallet ratio deviation is:

(D̂R =
1

max(Pt, ε)
∑w∈J

∣∣∣∣∣∑i∈It

Pixi,w − TP
w,t

∣∣∣∣∣) (16)

For each active category (c), the total category-balancing quantity is:(
Bc,t = ∑i∈It

bi,c

)
(17)

The set of active categories is defined as:

(Ct = c ∈ C : Bc,t > 0) (18)

The normalized category distribution deviation is:(
D̂C =

1
|Ct|∑c∈Ct

1
Bc,t

∑w∈J

∣∣∣∑i∈It
bi,cxi,w − γc,wBc,t

∣∣∣) (19)

The target category shares satisfy:(
∑w∈J γc,w = 1 ∀c ∈ C

)
(20)

Equations (15)–(19) yield dimensionless values and prevent one objective from domi-
nating solely because it is measured on a numerically larger scale.

4.6. Strategic Rotation Preference

The strategic policy layer generates a preference parameter (πc,w,t ∈ [0, 1]), where a
larger value indicates a stronger preference for assigning category (c) to warehouse (w)
during cycle (t).

The normalized rotation policy deviation is defined as:(
D̂rot =

∑i∈It ∑c∈Ct ∑w∈J bi,c(1− πc,w,t)xi,w

max
(
∑c∈Ct Bc,t, ε

) )
(21)

The rotation component is a soft objective. It cannot override capacity or compatibility
constraints. Its role is to translate transparent operational policies into a preference signal
considered by the allocation model.

4.7. Signed Rolling Historical Imbalance

The historical feedback mechanism must distinguish over-allocation from under-
allocation. For each category (c), warehouse (w), and previous planning cycle (τ), the
realized allocation share is:(

ϕc,w,τ =
∑i∈Iτ bi,cxi,w,τ

Bc,τ
if Bc,τ > 0

)
(22)

The corresponding signed deviation is:(
δc,w,τ = ϕc,w,τ − γc,w

)
(23)

A positive value of (δc,w,τ) indicates historical over-allocation, whereas a negative
value indicates historical under-allocation.
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The rolling historical weights are defined by:(
ωk =

(1− ρ)ρk−1

1− ρH k = 1, . . . , H, 0 < ρ < 1

)
(24)

where (k = 1) represents the most recent completed planning cycle. The weights satisfy:(
∑H

k=1 ωk = 1
)

(25)

The historical imbalance state available at the beginning of cycle (t) is:

hc,w,t = min
{

h, max
{
−h, ∑H

k=1 ωkδc,w,t−k

}}
(26)

For the experimental implementation, the rolling-window length is fixed at H = 30
daily planning periods. During the initialization phase, the effective window length is
Ht = minH, t − 1. The historical weights are renormalized over the Ht observations
available at the beginning of planning cycle t.

Where:
clip
(

z,−h, h
)
= min

(
h, max

(
−h, z

))
(27)

The projected imbalance after including the current allocation decision is:(
h̃c,w,t(x) = hc,w,t + η

(
∑i∈It bi,cxi,w

Bc,t
− γc,w

))
(28)

where (0 < η ≤ 1) controls the strength of the current correction.
The normalized historical deviation is then:(

ˆDhist =
1

|Ct||J|∑c∈Ct ∑w∈J

∣∣∣h̃c,w,t(x)
∣∣∣) (29)

This formulation produces directional correction. If (hc,w,t > 0), the warehouse has
historically received more than its target share of category (c), and further assignments
increase the historical penalty. If (hc,w,t < 0), an additional assignment can move the
projected imbalance toward zero and reduce the penalty.

The mechanism is bounded because
(

hc,w,t ∈
[
−h, h

])
, the historical weights sum to

one, and the correction gain satisfies (0 < η ≤ 1). These conditions limit overcorrection.
The rolling window and decay parameter reduce the influence of old observations, while
the clipping bound prevents individual periods from generating unbounded feedback.
Although the discrete allocation process does not permit a general asymptotic stability
proof, the historical state itself remains bounded and the selected parameters reduce
oscillatory behavior.

At the end of cycle (t), the realized deviation (δc,w,t) is added to the historical window,
the oldest observation is removed, and Equation (26) is recomputed for cycle (t + 1).

4.8. Objective Function and Weight Selection

Because all soft-objective components are normalized, the weighting parameters rep-
resent relative operational priorities rather than corrections for different physical units. The
weights were specified before the final experimental evaluation based on the operational
importance of volume balance, pallet ratio consistency, category distribution, historical
correction, and strategic rotation adherence. The final weight vector was fixed for all
evaluated scenarios, benchmark methods, and repetitions and was not adjusted using the
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reported test results. The robustness of the selected historical feedback weight and the
associated historical parameters is examined in Section 6.7.

The complete objective function is:(
minZ = Mexc∑i∈It yi + wLD̂L + wRD̂R + wCD̂C + whistD̂hist + wrotD̂rot

)
(30)

The exception penalty (Mexc) is selected so that avoiding an exception dominates
every possible improvement in the soft-objective components. Consequently, the model
assigns a delivery to the exception procedure only when no complete feasible assign-
ment exists or when the complete assignment of all deliveries is impossible under the
available capacities.

The normalized soft-objective weights satisfy:

(wL + wR + wC + whist + wrot = 1) (31)

(wL, wR, wC, whist, wrot ≥ 0) (32)

The normalized objective components, their operational interpretations, and the corre-
sponding weighting parameters are summarized in Table 3.

Table 3. Components of the normalized multi-objective function and corresponding weighting parameters.

Objective Component Operational Interpretation Weight(
D̂L

)
Normalized shipment volume deviation (wL)(

D̂R

)
Normalized pallet ratio deviation (wR)(

D̂C

)
Normalized category distribution deviation (wC)(

D̂hist

)
Signed rolling historical correction (whist)(

D̂rot

)
Strategic rotation policy deviation (wrot)(

∑
i

yi

)
Number of deliveries transferred to exception handling (Mexc)

4.9. Linearization of Absolute Deviation Terms

The objective contains absolute-value expressions. To solve the formulation as a
mixed-integer linear program, each absolute term is replaced by positive and negative
deviation variables.

For a generic expression (e), introduce (d+ ≥ 0) and (d− ≥ 0) such that:(
e = d±d−

)
(33)

The corresponding absolute value is represented by:(
|e| = d+ + d−

)
(34)

For example, the warehouse-volume deviation is linearized as:(
∑i∈It

Lixi,w − TL
w,t = dL,+w− dL,−w ∀w ∈ J

)
(35)
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The absolute deviation in Equation (15) is then replaced by:(
dL,+w + dL,−w

)
(36)

Similarly, the historical expression is linearized through:(
hc,w,t + η

(
∑i∈It bi,cxi,w

Bc,t
− γc,w

)
= dH,+c, w− dH,−c, w

)
(37)

and: (∣∣∣h̃c,w,t(x)
∣∣∣ = dH,+c, w + dH,−c, w

)
(38)

The pallet ratio and category distribution expressions are linearized in the same
manner. Because all denominators are constants within a planning cycle, the resulting
formulation remains linear. Together with binary variables (xi,w) and (yi), the complete
model is therefore a mixed-integer linear program.

4.10. Relationship Between the Global Model and Sequential Scoring

The sequential heuristic introduced in Section 5 is directly derived from the normalized
global objective.

Let (S) denote the current partial allocation state and let (S⊕ (i, w)) denote the state
obtained by assigning delivery (i) to warehouse (w). The marginal score is defined as:

Score(i, w) = Zsoft(S⊕ (i, w))− Zsoft(S) (39)

where: (
Zsoft = wLD̂L + wRD̂R + wCD̂C + whistD̂hist + wrotD̂rot

)
(40)

Thus, the heuristic does not employ an unrelated local rule. It selects the feasible
warehouse that produces the smallest normalized marginal increase—or largest reduction—
in the same objective components used by the global mathematical formulation.

The exact MILP optimizes all assignments simultaneously, whereas the heuristic
minimizes the marginal objective change sequentially. This relationship enables direct
comparison between both methods on small instances and allows the optimality gap of the
heuristic to be quantified in the experimental evaluation.

4.11. Model Interpretation

The revised formulation integrates shipment-level feasibility, multiple resource ca-
pacities, dynamic allocation targets, strategic policy preferences, and signed historical
correction within a unified model.

The distinction between pallet capacity and shipment volume balancing is explicit.
Pallet quantity represents a binding physical capacity dimension in the experimental
setting, while shipment volume represents a complementary workload-balancing objective.
Additional capacity dimensions can be activated through the resource index (r) without
altering the general model structure.

The historical term no longer treats imbalance as a non-negative quantity. Instead,
it records the direction and magnitude of historical deviation and therefore supports
corrective assignment toward under-allocated warehouses while discouraging continued
allocation to over-allocated locations.

The exception variable aligns the mathematical formulation with the operational
workflow shown in Figure 2. Finally, normalization and absolute-value linearization make
the weighting parameters interpretable and enable the exact formulation to be solved as an
MILP for benchmark instances.
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5. Solution Approach
5.1. Solution Strategy

The mathematical formulation introduced in Section 4 can be solved as a mixed-integer
linear program for problem instances of tractable size. Exact optimization is therefore
retained as a reference method for small-scale instances and is used in Section 6 to assess
the solution quality of the proposed operational procedure.

For larger instances, however, repeated exact optimization may become difficult to
apply within short operational decision windows. The number of binary assignment
variables increases with the number of deliveries and warehouse locations, while the
inclusion of multiple capacity dimensions, compatibility restrictions, category-balancing
targets, and historical feedback terms further enlarges the search space.

To support operational-scale allocation, this study therefore employs a constructive
sequential heuristic based on normalized marginal objective changes. The heuristic does
not use an independent or arbitrary local priority rule. Instead, it evaluates the effect of
each candidate assignment on the same normalized objective components defined in the
global mathematical model.

The proposed procedure differs from a conventional greedy allocation rule in three
principal respects. First, it evaluates multiple operational objectives simultaneously
rather than selecting a warehouse only according to residual capacity or immediate
utilization. Second, it incorporates the signed historical imbalance state and the strate-
gic rotation preference into each assignment decision. Third, it applies explicit feasibil-
ity filtering, complexity-based delivery ordering, deterministic tie-breaking, and formal
exception handling.

Hard capacity and compatibility constraints are evaluated before candidate assign-
ments are scored. Consequently, infeasible warehouse options are excluded and cannot be
selected through compensation by improvements in soft-objective components.

Operationally, the procedure is executed as a daily batch-oriented planning process.
Each run processes the available inbound information and generates the warehouse allo-
cation plan for the following operational day. The framework therefore supports rapid
next-day planning rather than continuous real-time reassignment.

5.2. Inputs, Outputs, and Initialization

For each planning cycle t, the algorithm receives the delivery set It, warehouse set J,
resource set R, and category set C.

The delivery-level inputs comprise shipment volume Li, pallet quantity Pi, resource
consumption qi,r, category indicators gi,c, category-balancing quantities bi,c, and warehouse-
compatibility parameters ai,w.

The warehouse-level inputs include the available resource capacities Cw,r,t, target volume
shares αw,t, target pallet shares βw,t, and category–location target shares γc,w. The algorithm
further receives the strategic rotation preferences πc,w,t, the signed historical imbalance states
hc,w,t, the normalized objective weights, and the numerical tie tolerance εtie.

The algorithm returns the regular assignment decisions xi,w, the exception indicators
yi, final warehouse resource states, realized allocation metrics, historical observations for
the next planning cycle, and computational runtime.

At the beginning of the planning cycle, the remaining capacity of each resource is
initialized as:

Cremw, r = Cw, r, t ∀w ∈ J, ∀r ∈ R (41)

The cumulative shipment volume, pallet quantity, and category-balancing quantities
are initialized as:

Vw = 0, Pw = 0, Bc,w = 0 ∀w ∈ J, ∀c ∈ C (42)
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The historical state derived from the preceding 30 completed daily periods is fixed
at the beginning of the daily allocation run. During the sequential processing of the
complete delivery batch, each assignment updates the current-day category quantities
and the projected historical imbalance used for evaluating the remaining deliveries. After
all deliveries have been assigned or transferred to exception handling, the realized daily
deviations are incorporated into the rolling historical record and the historical state for the
subsequent planning day is calculated.

5.3. Complexity-Based Delivery Ordering

The order in which deliveries are processed influences the feasibility and quality
of a sequential allocation procedure. Highly constrained deliveries should therefore be
considered before deliveries that can be processed by many warehouse locations.

The initial feasible warehouse set of delivery i is defined as:

F0
i = {w ∈ J | ai,w = 1 ∧ qi,r ≤ Cw,r,t ∀r ∈ R} (43)

A dimensionless operational-complexity index is calculated for each delivery:

κi = λF

(
1−

∣∣F0
i

∣∣
|J|

)
+ λG

∑c∈C gi,c

max(|C|, 1)
+ λP

Pi

max
(

max
j∈It

Pj, ε

) + λL
Li

max
(

max
j∈It

Lj, ε

) (44)

The ordering weights satisfy:

λF + λG + λP + λL = 1 (45)

λF, λG, λP, λL ≥ 0 (46)

The first term gives higher priority to deliveries with fewer feasible warehouse alter-
natives. The second term represents the relative number of active category attributes. The
third and fourth terms represent normalized pallet quantity and shipment volume.

Deliveries are processed in descending order of κi. If two deliveries have identical
complexity-index values, the following deterministic secondary criteria are applied in sequence:

1. Fewer initially feasible warehouse locations;
2. Larger pallet quantity;
3. Larger shipment volume; and
4. Lower original delivery sequence index.

This ordering reduces the probability that scarce warehouse capacity is consumed by
flexible deliveries before more restrictive deliveries have been processed.

The ordering weights were specified before the final experimental evaluation to priori-
tize deliveries with limited warehouse alternatives and high resource requirements. The
selected values remain fixed across all scenarios, benchmark methods, and repetitions.

5.4. Dynamic Feasibility Filtering

Let Sk denote the current allocation state before the k-th delivery is processed. The
dynamically feasible warehouse set is defined as:

Fi(Sk) =
{

w ∈ J | ai,w = 1 ∧ qi,r ≤ Crem
w,r ∀r ∈ R

}
(47)

Only warehouse locations contained in Fi(Sk) are evaluated by the scoring function.
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If the feasible warehouse set is empty:

Fi(Sk) = ∅ (48)

the delivery is transferred to the operational exception procedure:

yi = 1, xi,w = 0 ∀w ∈ J (49)

The standard automatic procedure does not relax hard capacity or compatibility
constraints. It also does not apply unrestricted backtracking because such a mechanism
would reduce runtime predictability and make the allocation sequence more difficult
to explain.

A delivery entering the exception procedure is not physically rejected or removed
from the logistics process. It is recorded in an exception queue and may subsequently
be deferred, manually assigned, processed after a capacity adjustment, or included in a
separate reoptimization procedure.

This treatment makes the algorithm consistent with the exception variable introduced
in Equation (3) and with the operational workflow shown in Figure 2.

5.5. Normalized Marginal Objective Evaluation

For each feasible warehouse w ∈ Fi(Sk), the algorithm constructs the projected allocation
state Sk ⊕ (i, w), representing the state resulting from assigning delivery i to warehouse w.

For each normalized objective component z ∈ L, R, C, hist, rot, the marginal objective
change is defined as:

∆D̂z(i, w) = D̂z(Sk ⊕ (i, w))− D̂z(Sk) (50)

The complete candidate score is calculated as:

Score(i, w) = wL∆D̂L(i, w) + wR∆D̂R(i, w) + wC∆D̂C(i, w) + whist∆D̂hist(i, w) + wrot∆D̂rot(i, w) (51)

A negative marginal value indicates that the candidate assignment improves the
corresponding objective relative to the current state. A positive value indicates that the
assignment increases the respective deviation.

The volume component measures the effect of the assignment on the normalized
warehouse-volume deviation. The pallet ratio component evaluates the change in propor-
tional pallet allocation. The category component measures whether the assignment moves
current category shares toward or away from their target values.

The historical component evaluates the change in the signed projected imbalance.
An assignment to an historically over-allocated category–location combination generally
increases this component. Conversely, an assignment to an historically under-allocated
combination may reduce the absolute imbalance and therefore decrease the score.

The rotation component evaluates the consistency of the candidate assignment with
the preference signal generated by the strategic policy and rotation layer.

All components are dimensionless because they are normalized in Section 4. The
objective weights can therefore be interpreted as relative operational priorities rather than
numerical corrections for incompatible physical units.

Capacity does not appear as an additional scoring term. Capacity and compatibility are
hard feasibility conditions and are enforced before the scoring process through Equation (47).

The objective weights remain fixed during an experimental run. Adaptive behavior
results from changes in the operational state and historical imbalance state rather than from
repeated modification of the objective weights. This distinguishes the proposed mechanism
from conventional adaptive penalty-update methods.
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5.6. Weight Selection

The objective weights determine the relative importance of shipment volume balance,
pallet ratio consistency, category distribution, historical correction, and strategic rotation
adherence. Because the corresponding objective components are normalized, the weights
can be interpreted directly as relative operational priorities.

The final objective-weight vector used in the experimental evaluation is:

(wL, wR, wC, whist, wrot) = (0.25, 0.20, 0.20, 0.25, 0.10)

The comparatively high weights assigned to shipment volume balance and historical
correction reflect the operational objective of combining short-term workload balance with
persistent correction of category–warehouse imbalances. The pallet ratio and category
distribution components receive equal intermediate weights, while the strategic rotation
term acts as a supplementary soft preference and therefore receives a lower weight.

The complexity-ordering weights are fixed as:

(λF, λG, λP, λL) = (0.40, 0.20, 0.25, 0.15)

The largest weight is assigned to the number of feasible warehouse alternatives because
deliveries with limited assignment flexibility should be processed first. Pallet quantity
receives the second-largest weight because it directly consumes the principal hard capacity
resource. Category restrictions and shipment volume provide additional indicators of
operational complexity.

Both weight vectors were specified before the final evaluation and remained un-
changed across all scenarios, benchmark procedures, and repetitions. The sensitivity analy-
sis in Section 6.7 examines whether moderate changes in the historical feedback weight
and the historical-state parameters materially affect the reported allocation behavior.

5.7. Assignment Rule and Tie-Breaking

For each delivery i, the minimum candidate score is defined as:

smin
i = min

w∈Fi(Sk)Score
(i, w) (52)

To avoid unstable decisions caused by negligible numerical differences, a near-tie
candidate set is introduced:

T i =
{

w ∈ Fi(Sk) | Score(i, w) ≤ smin
i + εtie

}
(53)

If the near-tie set contains a single warehouse, that warehouse is selected directly. If
several warehouses belong to the set, the algorithm applies a deterministic lexicographic
tie-breaking rule.

The projected maximum resource utilization after assigning delivery i to warehouse w
is calculated as:

uproji, w = maxr ∈ R
(

Cw,r,t − Cremw, r + qi, r
max(Cw,r,t, ε)

)
(54)

The delivery-specific strategic rotation preference is defined as:

πi,w,t =
∑c∈C bi,cπc,w,t

max(∑c∈C bi,c, ε)
(55)

Candidate warehouses are compared according to the following sequence:

1. Lowest projected maximum resource utilization;
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2. Highest delivery-specific rotation preference; and
3. Lowest warehouse index.

The resulting selection rule is expressed as:

w∗ = lexminw ∈ T i
(

uproji, w,−πi, w, t, w
)

(56)

The assignment variables are subsequently updated through:

xi,w∗ = 1, xi,w = 0 ∀w ∈ J\{w∗}, yi = 0 (57)

The deterministic tie-breaking procedure ensures reproducibility across repeated runs
with identical input data and parameter values.

5.8. Sequential State Update

Following the assignment of delivery i to warehouse w*, all affected state variables
are updated before the next delivery is evaluated.

The remaining resource capacities are updated through:

Cremw∗, r ← Cremw∗, r− qi,r ∀r ∈ R (58)

The cumulative shipment volume is updated as:

Vw∗ ← Vw∗ + Li (59)

The cumulative pallet quantity is updated as:

Pw∗ ← Pw∗ + Pi (60)

The category-balancing quantities are updated through:

Bc,w∗ ← Bc,w∗ + bi,c ∀c ∈ C (61)

The updated operational state is used immediately when evaluating the next delivery.
Consequently, each assignment reflects all preceding decisions made within the same daily
batch-oriented planning run.

The historical state derived from previously completed daily periods provides the
initial historical condition for the current run. After each individual assignment, the
current-day category quantities and the projected historical imbalance are updated and
used when scoring the next delivery. Thus, the internal allocation state evolves sequentially
even though the complete algorithm is executed only once per day for the full set of
available deliveries.

After completion of the daily allocation process, the realized category shares and
signed deviations are calculated according to Equations (22) and (23). These final daily
deviations are added once to the rolling historical record. If the updated record contains
more than 30 completed daily periods, the oldest observation is removed. The resulting
rolling window is then used to calculate the historical state for the subsequent planning
day according to Equation (26).

If a delivery enters the exception procedure, the remaining warehouse capacities and
cumulative allocation quantities remain unchanged. Only the corresponding exception
indicator and operational exception record are updated.
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5.9. Complete Algorithm

Figure 2 summarizes the conceptual decision workflow of the proposed framework,
whereas Algorithm 1 specifies the complete computational procedure used for imple-
mentation and replication. The algorithm explicitly defines initialization, complexity-
based delivery ordering, dynamic feasibility filtering, normalized marginal scoring, de-
terministic tie-breaking, exception handling, sequential state updating, and end-of-cycle
historical updating.

Algorithm 1. Sequential normalized marginal-scoring allocation procedure
Input: delivery set It; warehouse set J; resource set R; category set C; shipment
attributes Li,Pi,qi,r,gi,c, and bi,c; capacities Cw,r,t; compatibility indicators ai,w; target
shares αw,t,βw,t, and γc,w; rotation preferences πc,w,t; historical states hc,w,t; objective
weights wL,wR,wC,whist, and wrot; ordering weights λF,λG,λP, and λL; rolling-window
length H = 30 daily planning periods; and tie tolerance εtie.
Output: assignment variables xi,w; exception indicators yi; final warehouse states; realized
allocation metrics; updated historical state hc,w,t+1; exception records; and
computational runtime.

1: Start the runtime timer.
2: Initialize remaining capacities Cw,r

rem ← Cw,r,t for all w ∈ J and r ∈ R.
3: Initialize Vw ← 0, Pw ← 0, and Bc,w ← 0 for all applicable warehouses and categories.
4: Initialize xi,w ← 0, yi ← 0, and an empty exception queue.
5: for each delivery i ∈ It do
6: Determine the initial feasible warehouse set Fi

0 according to Equation (43).
7: Calculate the operational-complexity index κi according to Equation (44).
8: end for
9: Sort deliveries in descending order of κi and apply the deterministic secondary

ordering.
10: for each delivery i in the ordered sequence do
11: Determine the dynamic feasible set Fi(Sk) according to Equation (47).
12: if Fi (Sk) = ∅ then
13: Set yi ← 1 and xi,w ← 0 for all w ∈ J.
14: Append delivery i to the operational exception queue.
15: Continue with the next delivery.
16: end if
17: for each warehouse w ∈ Fi(Sk) do
18: Construct the projected state Sk ⊕ (i,w).
19: Calculate the normalized marginal objective changes according to Equation (50).
20: Calculate Score (i,w) according to Equation (51).
21: end for
22: Determine the minimum candidate score si

min according to Equation (52).
23: Construct the near-tie set Ti according to Equation (53).
24: if |Ti| = 1 then
25: Select the unique warehouse w*∈Ti.
26: else
27: Calculate projected resource utilization and delivery-specific rotation preference.
28: Select w* using the lexicographic rule in Equation (56).
29: end if
30: Apply the assignment decision according to Equation (57).
31: Update the remaining capacities, cumulative allocation quantities, current-day

category quantities, and projected historical imbalance before processing the next
delivery according to Equations (58)–(61).

32: end for
33: Calculate the realized warehouse, category, and exception metrics.
34: Calculate the signed category–warehouse deviations for the completed planning cycle.
35: After all deliveries have been processed, add the final daily deviations to the rolling

historical record and remove the oldest observation if the record exceeds 30 completed
daily periods.

36: Calculate the historical state for cycle t + 1 according to Equation (26).
37: Stop the runtime timer and record the computational time.
38: Return assignments, exception records, final states, allocation metrics, updated

historical observations, and runtime.
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Provided that the input data, parameter values, ordering rules, and tie tolerance remain
unchanged, Algorithm 1 produces deterministic and reproducible allocation results. Hard
capacity and compatibility constraints are never relaxed within the automatic procedure.
Deliveries without a feasible warehouse are transferred to the documented exception
process rather than being assigned through a compensating soft penalty.

In the evaluated implementation, Algorithm 1 is executed once per day and the rolling
historical record is limited to the most recent 30 completed daily allocation periods.

5.10. Computational Complexity

The initial feasibility analysis requires:

O(|It||J||R|)

operations.
Calculation of all complexity-index values requires:

O(|It|(|J||R|+ |C|))

operations.
Sorting the delivery set requires:

O(|It|log|It|)

operations.
During sequential allocation, each delivery is evaluated for at most |J| warehouse

locations. Using incremental warehouse and category states, evaluation of one feasible
candidate requires approximately:

O(|R|+ |Ci|)

operations, where |Ci| denotes the number of active categories associated with delivery i.
The resulting overall time complexity is:

O
(
|It|log|It|+ |It||J|

(
|R|+ |Ci|

))
(62)

where the term\overline |Ci| denotes the average number of active categories per delivery.
For a fixed and comparatively small number of warehouses, resource dimensions, and

shipment categories, the computational effort therefore increases approximately linearly
with the number of deliveries.

The memory requirement is:

O(|It|+ |J||R|+ |J||C|) (63)

The computational behavior was evaluated using daily allocation instances ranging
from 100 to 1500 pallets. Across all evaluated instance sizes, the complete procedure was
completed in less than 5 s. Because the allocation process is executed once per day for
the subsequent operational period, this runtime is substantially shorter than the available
planning window.

5.11. Methodological Interpretation

The proposed procedure is a multi-objective constructive heuristic rather than a
conventional single-criterion greedy algorithm. Each local assignment decision is derived
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from normalized marginal changes in the global objective function and therefore reflects
current warehouse utilization, category distribution, strategic preferences, and historical
imbalance simultaneously.

The sequential procedure does not guarantee global optimality because assignments
are generated successively without unrestricted backtracking. Its solution quality is there-
fore evaluated in Section 6 against non-adaptive, residual capacity, static-priority, and
random-feasible benchmark procedures. In addition, five reduced 100-pallet instances
are solved using the exact MILP formulation to quantify the relative objective gap of the
heuristic. Larger-scale exact comparisons remain a subject for future research.

The method nevertheless preserves all hard feasibility constraints, generates determin-
istic recommendations, and provides predictable computational behavior. Every assign-
ment can be decomposed into its individual objective contributions, enabling planners to
identify whether a recommendation is primarily influenced by capacity utilization, pallet
distribution, category balance, strategic rotation, or historical correction.

This combination of normalized objective-based scoring, signed historical feedback,
explicit operational policy, deterministic tie-breaking, and exception handling provides
the methodological distinction between the proposed procedure and conventional greedy
allocation, adaptive penalty methods, and rolling-horizon reoptimization.

6. Experimental Evaluation and Discussion
6.1. Evaluation Objectives

The experimental evaluation examines the operational feasibility, balancing quality,
historical correction behavior, computational scalability, and practical applicability of
the proposed framework for daily next-day allocation. The evaluation addresses the
following questions:

• EQ1: Does the proposed allocation procedure preserve all hard warehouse capacity
and delivery compatibility constraints across the evaluated scenarios?

• EQ2: Does the framework maintain balanced warehouse utilization, pallet distribution,
and category allocation as the daily workload increases?

• EQ3: Does the signed historical feedback mechanism reduce persistent category–
warehouse imbalances over the rolling window of 30 consecutive daily planning periods?

• EQ4: Does the allocation procedure remain computationally scalable for daily instances
ranging from 100 to 1500 pallets, with approximately 130 lots per pallet on average?

• EQ5: Can the complete allocation process be completed within the available planning
window for next-day operations?

The evaluation combines warehouse-level utilization analysis, deviation-based balanc-
ing metrics, the temporal development of the historical imbalance components, and the
observed execution-time bound of less than 5 s.

6.2. Scenario Generation and Experimental Protocol

The experimental evaluation uses a parameterized computational environment repre-
senting a six-warehouse inbound allocation system. Warehouse identities are anonymized
as W1–W6. The evaluation reproduces the operational structure of the investigated ap-
plication, including non-divisible deliveries, pallet-based capacity consumption, ship-
ment categories, warehouse-specific compatibility restrictions, and category-dependent
allocation preferences.

Two complementary experimental dimensions are considered. First, the balancing
behavior of the framework is examined under four relative operational demand conditions:
low volume (70% of nominal demand), nominal volume (100%), high volume (130%), and
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very high volume (150%). These scenarios are used to evaluate warehouse utilization and
allocation balance.

Second, computational scalability is evaluated using daily instances ranging from
100 to 1500 pallets. Each pallet is associated with approximately 130 lots on average,
where the term lot follows the operational unit definition used in the underlying data. The
allocation algorithm is executed once per day and produces the warehouse plan for the
following operational day.

The historical mechanism is evaluated over 30 consecutive daily planning periods.
After each daily run, the realized category–warehouse deviations are incorporated into
a rolling 30-day historical window. Observations older than 30 completed periods are
removed before the state for the next planning day is calculated.

Six anonymized warehouses, W1–W6, provide a combined daily capacity of 1500 pal-
let positions. Four representative demand conditions are defined relative to a nominal
1000-pallet day: 700 pallets (70%), 1000 pallets (100%), 1300 pallets (130%), and 1500 pallets
(150%). Additional scalability tests use 100, 250, 500, 750, 1000, 1250, and 1500 pallets.
Delivery sizes follow a rounded triangular distribution with minimum 1, mode 12, and
maximum 30 pallets. Lots per pallet follow a truncated normal distribution with mean 130,
standard deviation 15, and bounds of 80 and 180. These explicit assumptions preserve the
reported average while producing heterogeneous deliveries.

Five shipment categories are generated with probabilities of 0.50 for standard goods,
0.15 for heavy goods, 0.15 for seasonal goods, 0.12 for beverages, and 0.08 for hazardous
or special-handling goods. Compatibility is category-driven and makes approximately
17% of delivery–warehouse pairs infeasible. Every generated delivery is initially compat-
ible with at least one warehouse. Category balance is evaluated in pallet units, so that
bi,c = Pigi,c. The same random seeds are reused across benchmark methods to enable
paired comparisons (Table 4).

Table 4. Experimental configuration used for scenario generation, benchmark evaluation, and
runtime assessment.

Parameter Setting Role in the Experiment

Warehouses 6 locations (W1–W6) Multi-location allocation network

Daily capacities W1 = 240, W2 = 260, W3 = 250, W4 = 255,
W5 = 245, W6 = 250 pallets; total = 1500 Hard pallet capacity limits

Scalability range 100, 250, 500, 750, 1000, 1250, and
1500 pallets/day Runtime and scale assessment

Demand scenarios 700, 1000, 1300, and 1500 pallets/day 70%, 100%, 130%, and 150% of
nominal demand

Lots per pallet Truncated normal; mean = 130, SD = 15,
bounds = 80–180 Operational workload proxy

Delivery size Rounded triangular distribution
Triangular (1, 12, 30) pallets Non-divisible inbound deliveries

Shipment categories 5 categories with probabilities
0.50/0.15/0.15/0.12/0.08 Category-balancing test

Compatibility Category-driven; approximately 17%
infeasible pairs Warehouse-specific handling restrictions

Historical parameters H = 30, ρ = 0.85, η = 0.30, h = 0.25 Rolling signed historical correction

Fixed expert-informed
operational priorities

(wL, wR, wC, whist, wrot ) =
(0.25, 0.20, 0.20, 0.25, 0.10) Normalized multi-objective score

Fixed complexity-based delivery
ordering priorities (λF, λG, λP, λL) = (0.40, 0.20, 0.25, 0.15) Complexity-based delivery sequence
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Table 4. Cont.

Parameter Setting Role in the Experiment

Scenario repetitions 30 independent runs per representative
demand level

Means, standard deviations, and
confidence intervals

Sequential assessment 30 consecutive daily planning cycles Convergence of historical feedback

Exact benchmark 5 independently generated 100-pallet
instances MILP optimality comparison

Implementation

Python 3.11; heuristic implementation
using NumPy 2.2.6/SciPy 1.15.3; exact

MILP solved with Gurobi 11.0.3;
MIPGap = 0.1%; time limit = 600 s;
Intel Core i7-12700H; 32 GB RAM;

Windows 11 (64-bit).

Reproducible computational
implementation

Update frequency Once daily for next-day allocation Operational deployment cycle

The four representative demand scenarios are evaluated using 30 independent seeds.
Reported values are means ± standard deviations; two-sided 95% confidence intervals
are calculated as x ± t0.975,n−1s/

√
n. The exact MILP benchmark uses five smaller in-

stances because the purpose of the exact model is to quantify the heuristic gap rather
than to replace the daily operational procedure. The deterministic scenarios are solved
individually; sample-average approximation is therefore not required because uncertainty
is represented through repeated out-of-sample scenarios rather than within a stochastic
expected-value objective.

6.3. Daily Allocation and Implementation Protocol

The allocation procedure is executed once per day after the inbound information
required for the subsequent operational period has become available. Each daily run
performs data initialization, complexity-based delivery ordering, feasibility filtering,
normalized marginal scoring, deterministic tie-breaking, exception handling, and final
state updating.

The generated assignments are stored as the allocation plan for the following opera-
tional day. After completion of the run, the realized category–warehouse deviations are
added to the historical record. The record contains at most 30 completed daily periods and
is subsequently used to calculate the historical correction state for the next run.

Two runtime measures are distinguished. Core algorithm runtime covers allocation-
state initialization, complexity-based delivery ordering, feasibility filtering, normalized
marginal scoring, assignment, and in-memory state updating. End-to-end operational
runtime additionally includes input loading, data preparation, result generation, output
persistence, and updating of the rolling historical record. The core algorithm runtimes are
reported in Tables 5 and 6, whereas the complete end-to-end operational update remained
below 5 s across all evaluated instances.

Table 5. Scenario results over 30 independent replications; entries are mean ± standard deviation.

Scenario Input Pallets Deliveries Utilization (%) Spread (pp) Exceptions (%) Core Algorithm
Runtime (s)

Low (70%) 700 50.20 ± 2.76 46.66 ± 0.01 3.63 ± 1.80 0.000 ± 0.000 0.038 ± 0.004
Nominal (100%) 1000 69.40 ± 3.38 66.66 ± 0.02 4.39 ± 1.73 0.000 ± 0.000 0.052 ± 0.004

High (130%) 1300 90.87 ± 4.40 86.66 ± 0.02 6.24 ± 2.54 0.000 ± 0.000 0.071 ± 0.008
Very high (150%) 1500 106.40 ± 4.77 99.64 ± 0.14 1.07 ± 0.41 0.358 ± 0.142 0.075 ± 0.010
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Table 6. Benchmark results for nominal 1000-pallet scenarios over 30 paired replications; entries are
mean ± standard deviation.

Method Volume Dev. (%) Pallet Dev. (%) Category Dev. (%) Balance Index Exceptions (%) Runtime (s)

Proposed adaptive 1.40 ± 0.59 1.36 ± 0.55 15.93 ± 4.36 0.982 ± 0.008 0.000 ± 0.000 0.052 ± 0.003
Non-adaptive ablation 1.16 ± 0.63 1.40 ± 0.55 15.92 ± 4.59 0.983 ± 0.007 0.000 ± 0.000 0.051 ± 0.003

Residual capacity greedy 3.02 ± 0.97 0.77 ± 0.38 48.12 ± 9.80 0.992 ± 0.004 0.000 ± 0.000 0.001 ± 0.000
Static priority 64.67 ± 0.00 64.67 ± 0.00 105.57 ± 4.88 0.500 ± 0.000 0.000 ± 0.000 0.001 ± 0.000

Random feasible 26.85 ± 8.74 26.19 ± 8.40 47.48 ± 9.33 0.711 ± 0.073 0.000 ± 0.000 0.001 ± 0.000

6.4. Scenario-Based Utilization and Feasibility

Table 5 summarizes the four representative demand conditions. Mean network uti-
lization increases almost proportionally with inbound pallet volume. No exceptions occur
at 700, 1000, or 1300 pallets. At 1500 pallets, the mean exception rate is 0.36%, reflecting
indivisibility and category-specific compatibility at the physical capacity boundary rather
than hidden capacity violations. The algorithm therefore preserves hard feasibility even
when the total input equals the combined nominal capacity. The exception rate is defined
as the percentage of deliveries for which yi = 1.

The 95% confidence half-width for mean utilization is below 0.01 percentage points
in the first three scenarios and 0.05 percentage points at maximum load. The average
utilization spread remains below 6.3 percentage points in all scenarios and decreases to
1.07 percentage points when the network approaches full utilization. Figure 3 reports the
mean warehouse-level utilization values obtained from 30 independent replications for
each of the four representative demand scenarios.

Figure 3. Mean warehouse-level utilization across the four representative demand scenarios, averaged
over 30 independent replications.

6.5. Benchmark and Exact-Model Comparison

Table 6 compares the proposed procedure with the non-adaptive, residual capac-
ity, static-priority, and random-feasible benchmarks for nominal 1000-pallet days. The
proposed and non-adaptive procedures produce similarly low immediate volume and
pallet deviations, indicating that the historical term does not materially degrade short-term
balancing. The residual capacity rule produces a slightly lower pallet deviation but substan-
tially poorer category balance. Static and random rules perform considerably worse across
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all balancing indicators. This confirms that the improvement is generated by normalized
multi-objective scoring rather than feasibility filtering alone. To quantify the equality of pal-
let capacity utilization across warehouse locations, a Jain-type balance index is calculated.
Let uw denote the realized pallet utilization of warehouse w:

uw =
∑i∈It Pixi,w

Cw,p,t

The warehouse balance index is defined as:

BI =

(
∑w∈J uw

)2

|J|∑w∈J u2
w

(64)

The balance index lies between 1/|J| and 1. A value of 1 indicates identical capacity-
utilization levels across all warehouses, whereas lower values indicate increasing con-
centration of workload at individual locations. The index evaluates only the equality of
warehouse utilization and does not incorporate category distribution or historical imbal-
ance deviations. Consequently, a method may achieve a high balance index while still
producing an unfavorable category distribution.

For the exact benchmark, the relative objective gap between the sequential heuristic
and the MILP solution is calculated as:

Gap =
Zheur − ZMILP

max(|ZMILP|, ε)
× 100% (65)

The same normalized objective components, objective weights, exception penalty, and
input data are used for both methods. Because the problem is formulated as a minimization
problem, a gap of 0% indicates that the heuristic and the exact MILP obtain the same
objective value, whereas a positive value indicates a higher objective value for the heuristic.

For the five exact 100-pallet benchmark instances, all MILP models were solved to
proven optimality. The heuristic produced a mean relative objective gap of 1.10% with
a standard deviation of 1.09%. Using the Student-t distribution for n = 5 independent
instances, the two-sided 95% confidence interval has a half-width of approximately 1.35 per-
centage points. Mean solution time was 0.005 s for the heuristic and 0.059 s for the exact
MILP. These results indicate that the constructive procedure remains close to the exact
objective on reduced instances while retaining lower computational overhead.

6.6. Sequential Historical Correction

Figure 4 shows a representative 30-day sequence in which the allocation state is
updated once per day and used for next-day planning. Historical imbalance decreases
from 6.67% to 1.61%, corresponding to a 75.8% reduction. Volume deviation decreases
from 1.01% to 0.49% and category deviation from 13.50% to 11.24%. Pallet ratio deviation
remains low throughout and changes from 2.13% to 2.07%.

The category-deviation series fluctuates because the category mix changes from day
to day, but the historical state follows a clear downward trajectory. This distinction is
important: the feedback mechanism is not intended to eliminate normal daily variation.
Its purpose is to prevent persistent directional bias from accumulating across completed
planning cycles.
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Figure 4. Representative 30-day convergence trajectory for volume, pallet ratio, category, and signed
historical imbalance deviations under daily adaptive updating.

6.7. Sensitivity Analysis

To evaluate the temporal consistency of the warehouse allocation, the normalized
utilization share of warehouse w in daily planning period t is defined as:

sw,t =
uw,t

∑v∈J uv,t

Based on the day-to-day changes in these utilization shares, the allocation stability
index over T consecutive daily planning periods is defined as:

SI = 1− 1
2(T − 1)∑

T
t=2 ∑w∈J |sw,t − sw,t−1| (66)

The stability index ranges from 0 to 1. Values approaching 1 indicate that the relative
warehouse allocation structure changes only slightly between consecutive daily planning
periods, whereas lower values indicate stronger day-to-day fluctuations. In the sequential
evaluation, T = 30 daily planning periods.

Sensitivity tests vary the historical window length H∈{5, 10, 20, 30}, the decay factor
ρ∈{0.70, 0.85, 0.95}, the correction gain η∈{0.15, 0.30, 0.45}, and the historical weight
whist ∈ {0.10, 0.25, 0.40}. The operational baseline is defined by H = 30, ρ = 0.85,
η = 0.30, and whist = 0.25. The baseline configuration H = 30, ρ = 0.85, and η = 0.30
yields a volume deviation of 0.86%, category deviation of 22.10%, historical imbalance of
1.96%, and stability index of 0.994 in the controlled sensitivity sequence. Across all tested
settings, category deviation remains between 22.08% and 22.60%, historical imbalance
between 1.93% and 2.30%, and stability between 0.991 and 0.995.

The selected 30-period window provides the strongest temporal smoothing among
the evaluated settings and corresponds to the monthly operational memory used in the
investigated application.

6.8. Runtime and Operational Scalability

The allocation algorithm was executed once per day to generate warehouse assign-
ments for the subsequent operational period. The computational experiments covered
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daily instances ranging from 100 to 1500 pallets, with approximately 130 lots associated
with each pallet on average.

Across all evaluated instance sizes, the complete allocation procedure, including
feasibility filtering, normalized marginal scoring, deterministic tie-breaking, exception
handling, and state updating, was completed in less than 5 s. This runtime was substantially
shorter than the available operational planning window and supports the application of
the framework for daily next-day allocation.

After each daily run, the realized category–warehouse deviations were incorporated
into a rolling historical window containing the most recent 30 daily planning periods.
Observations older than 30 periods were removed before calculating the historical state for
the following day. During system initialization, the historical weights were renormalized
over the observations available at that time.

6.9. Discussion

The results support three main conclusions. First, feasibility filtering and explicit ex-
ception handling prevent hidden capacity violations even at the physical capacity boundary.
Second, normalized marginal scoring improves volume and category balance substantially
relative to static and random rules, while remaining close to the exact MILP on small in-
stances. Third, the signed historical state provides directional long-term correction without
materially compromising immediate pallet and volume balance.

The strongest operational advantage is not a single numerical objective value but the
combination of traceability and speed. Each assignment can be decomposed into feasibility,
current balance, category distribution, strategic rotation, and historical correction. A
planner can therefore understand the reason for a recommendation, while the once-daily
update completes well within the available operational window.

6.10. Limitations

The evaluation is based on a parameterized synthetic scenario generator calibrated to
the reported operational scale rather than on a fully disclosed long-term industrial dataset.
The evaluated range of 100 to 1500 pallets, the average workload of approximately 130 lots
per pallet, the once-daily planning frequency, and the observed end-to-end runtime of less
than 5 s reflect the investigated application context. However, the detailed delivery-size,
lot-density, category, and warehouse-compatibility distributions were generated according
to explicit simulation assumptions. This distinction is reported transparently to avoid
presenting synthetically generated observations as directly measured industrial data.

The historical evaluation covers 30 consecutive daily planning periods and therefore
demonstrates the behavior of the complete rolling historical window used in the oper-
ational implementation. Nevertheless, this period does not constitute long-term field
validation across seasonal demand changes, structural network modifications, or extended
operational disruptions.

The exact optimization benchmark is limited to five instances at the 100-pallet scale.
Consequently, the reported comparison does not establish global optimality or a general
optimality-gap bound for larger operational instances. Exact comparisons at higher pallet
volumes may require substantially longer solution times, larger computational resources,
or problem-specific decomposition techniques.

The current framework also excludes transportation routing, dock scheduling, work-
force availability, queueing effects, service-time variability, and uncertain delivery arrival
times. Furthermore, the runtime result of less than 5 s was observed on the specified test
system and should not be interpreted as a hardware-independent upper bound.
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Future research may validate the framework using longer industrial observation
periods and larger exact benchmark sets. Further extensions may combine the proposed
allocation logic with discrete-event simulation, stochastic programming, sample-average
approximation, predictive arrival models, transportation and dock synchronization, or
learning-based parameter adaptation while preserving hard feasibility, interpretability, and
operational controllability.

7. Conclusions
This study developed a hierarchical two-level framework for assigning non-divisible

inbound deliveries to multiple warehouse locations under heterogeneous operational con-
straints. The strategic layer generates transparent category–location preferences, while
the operational layer applies hard feasibility filtering, normalized marginal scoring, de-
terministic tie-breaking, and explicit exception handling. A signed rolling historical state
distinguishes over-allocation from under-allocation and transfers corrective information
across daily planning cycles.

The computational evaluation covered 100–1500 pallets per day, approximately 130 lots
per pallet, six warehouses, and once-daily updates for next-day planning. Across 30 repli-
cations of the representative demand scenarios, mean network utilization increased from
46.66% at 700 pallets to 99.64% at 1500 pallets. No exceptions occurred below the physical
capacity boundary; at 1500 pallets, exceptions averaged only 0.36% and were handled
without violating warehouse capacity or compatibility constraints.

The proposed multi-objective scoring procedure substantially outperformed static and
random allocation rules and produced markedly better category balance than a residual
capacity greedy method. On five 100-pallet instances, the heuristic remained within
1.10% of the exact MILP objective on average. In the representative 30-day sequence,
signed historical imbalance decreased by 75.8%, while volume and category deviations
also declined. These results demonstrate that the feedback mechanism supports long-term
correction without sacrificing short-term feasibility.

The computational core required between 0.004 and 0.067 s across the tested scale, with
a maximum recorded value of 0.080 s. Including daily data preparation, state updating,
output generation, and persistence, the complete operational update remained below 5 s.
Since the procedure is executed once per day, the available planning window is therefore
substantially larger than the required runtime.

The main limitation is the use of a calibrated synthetic scenario generator rather than
a fully disclosed long-term industrial dataset. Further work should validate the method on
extended operational records, increase the size of exact benchmark instances, and incorpo-
rate routing, dock scheduling, labor, congestion, and arrival time uncertainty. Stochastic
optimization and discrete-event simulation may complement the current deterministic
daily allocation model.

Overall, the framework provides an interpretable and scalable link between global
allocation objectives and practical daily warehouse decisions. Its combination of hierarchi-
cal policy guidance, normalized shipment-level scoring, explicit exception handling, and
signed historical correction offers a reproducible foundation for adaptive multi-location
inbound logistics planning.
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