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Abstract

This paper focuses on the design and development of a decision support system (DSS) for the
governance of intralogistics processes and, in particular, devoted to optimize capacity management
and the workload of activities characterizing freight entry. This research activity was carried out as
part of the Logistics Research and Development 4.0 Project launched by La Logistica Srl, a new player
in the distribution of hydro-thermo sanitary products, with the support of the Puglia Region. The
purpose of this study is to provide managers with a range of customized process information to
improve workforce efficiency and management in receiving, controlling, and storing goods entering
the newly established logistics hub. Other researchers’” work had shortcomings, as did the lack of this
study’s practical approach. This study aims to overcome these constraints. To do so, the study
introduces the Content Load Parameter (CLP) index. This index integrates three variables relevant to
defining the workload, such as quantity, size and weights of the goods to be handled, using a single
standard value. This makes it easier for managers to estimate the required capacity all along the work
cycle. As part of the system development, a module analyzes and simulates operational scenarios.
Simulation facilitates the management of analysis capacity by allowing alternatives to be compared
and evaluated to bridge the gap between demand and availability of production capacity in various
situations. Scenario simulation, combined with tools for concise and effective visualization of results,
therefore allows organizations to identify critical capacity points and take preventative measures to
manage overhead and minimize consequences. In summary, this study demonstrates how
integrating the Content Load Parameter index into a decision support system can significantly
contribute to making intralogistics process management more effective. By addressing quantifiable
workload parameters and facilitating scenario-based operational analysis, the proposed system
provides managers with useful information for capacity optimization. These advances not only
overcome the limitations of previous research but also help develop resilient and efficient logistics
operations, thus strengthening the critical role of empirically informed decision-making in
contemporary logistics governance.

Keywords: Decision-Support Systems (DSS); warehouse capacity planning; data-driven logistics;
simulation and workload optimization; artificial intelligence in supply chain management
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1. Introduction

This study reports the results of an application-oriented research task undertaken by La
Logistica S.r.1., headquartered in Monopoli, Southern Italy, as part of the Apulia Region’s industrial
innovation initiative. This innovation target focuses on the redesign and optimization of goods-
receiving operations, with particular attention to hydrosanitary products, which inherently exhibit
high product variability and receive irregular shipments under strictly defined constraints on place,
time, and personnel. Within this context, the goods-receiving operation, covering unloading, quality
inspection, and subsequent warehousing, assumes special significance for the efficiency of warehouse
capacity and the accuracy of the goods information recorded therein (Sapry et al. 2020). Despite this
significance and the critical implications of these functions for supply chain management strategies,
this particular activity is still managed on the basis of certain well-established yet dynamic rules that
neglect the possibility of goods supply variability (Mulla, 2024). The specific problem emerged from
the company’s experience with increased product diversity and variability in suppliers’ delivery
patterns. In this context, the company faced common difficulties of the type typically studied in Al-
and robotic-assisted data-oriented logistics system designs and analyses (Tang, 2025). This study
overcomes these difficulties by developing a decision-support system that simulates alternative
goods supply process scenarios and estimates supplier personnel requirements using its simulation
algorithm (Khalil, 2023). This study introduces the CLP concept that merges the induced workload
of products based on their quantity, dimensions, and weights into an integrated criterion of induced
workload with the standardization potential of facilitating the calculation of the products” personnel
requirements based on the decision-support system approach initiated above with particular
attention to the application of Al-analytics within the simulation of alternative decision scenarios of
warehouses (Sodiya et al. 2024). Alongside the provision of dashboards and Key Performance
Indicators (KPIs), this system enables real-time visualization of resource use, efficiency levels, and
bottlenecks, enabling proactive management action (Chanda, 2024). This study offers a new approach
to warehouse management by focusing on an underexplored aspect of the receiving process that still
lags behind other areas of storage and picking optimization (Alfiya et al., 2025). As this study focuses
on the real-life experience of the company La Logistica S.r.l. The results of this research can offer
potential applications in other industries, given the different contexts in which the system is
appropriately applied (Khalil, 2023).

2. Variability and Workforce Complexity in Hydrosanitary Goods Receiving

The image in Figure 1 illustrates a clear and structured business process actually used by La
Logistica Srl to optimize the techno-management workflow of receiving goods in a hydro-
thermosanitary warehouse. It provides an operating model for integrating various information
sources —legacy systems, WMS, and archives— into a single repository to support the company’s
decision-making functions. The diagram on the left side explains the sources of information that flow:
the list of supplies, the operational dynamics and the suppliers” delivery plans. All these sources of
information are KPI report forms and what-if simulation forms. The fusion of static configuration
information (process and constraint information) and dynamic information reveals the company’s
transition from a rule-based to a predictive approach. Needs and feasibility analysis is at the heart of
the above procedure, which provides valuable insights from input data. In essence, the needs and
feasibility analysis help define the operational objectives of the procedure and help company
management set priorities for assigning staff to unloading, inspection, and storage activities. In
essence, the image illustrates the flow of the procedure that the company La Logistica Srl could adopt
to efficiently manage its inbound processes characterized by high product varieties in terms of size,
weight and handling requirements. Essentially, the image above illustrates the benefits of the
procedure, which allow the company to improve the efficiency and predictability of its workload
(Figure 1).
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Figure 1. Data Integration and Decision-Support Workflow for Goods Receiving Operations.

3. Adaptive Modelling and Decision-Support Logic for Capacity Evaluation and
Bottleneck Detection

The methodological approach proposed within this study combines the results of an analytical
model, the management of the workflow provided by the company’s data structure, and decision-
making logic that deals with the complexity of goods reception tasks at La Logistica S.r.I. The logic
of this methodology targets the conversion of the fragmented nature of the company’s multi-
assessment tasks into quantitative results that could aid the decision makers of the company in
assessing the feasibility of the workload of the company. Additionally, the methodology targets the
detection of the company’s bottlenecks and the estimation of alternative structures of the company’s
organization. The proposed methodology has the flexibility of being adapted according to the
company’s needs with the aid of machine learning algorithms. This methodology is based on the
reality of the company’s operation at the Monopoli branch.

CLP Model (Q x V x P). At the core of the modelling framework lies the CLP indicator, a composite
metric designed to express the work content associated with incoming goods. It incorporates three
dimensions: quantity (Q), volume (V), and weight (P). The basic formulation is:

CLP = Q XV xXP
where Q is measured in units of transport, V in cubic meters, and P in kilograms. These variables are
the primary drivers of processing time across unloading, control, and storage activities. The daily
CLP for each category is computed as:
CLPcatday = 2(Q; XV, x P)

This formulation generates an adimensional indicator that allows heterogeneous product
categories—such as bars, hydrosanitary goods, small parts, pallets, tanks, and containers—to be
compared within a unified workload representation. The composite formulation improves accuracy,
reduces reliance on heuristics, and creates a foundation for future machine learning models capable
of predicting CLP directly from operational documents such as transport notes or WMS data.

Data Inputs. The approach needs well-structured inputs of the type of goods arriving, operating
factors, and system settings. The first type of input consists of the delivery schedule (daily or weekly),
which offers the CLP values of each type of product. These values are calculated based on the CLP
amount of each item taken out of the transport documents. Other variables include the productivity
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factors of every step of the process unloading, control, and storage phases in CLP/h. The availability
of resources determines the number of workers at each step of the process and their working hours.
At the Monopoli plant, there is one at the unloading step, two at the control step, and one at the other
step with five bays. The variables encompassing the simulation scenarios include tardiness factors
and workload peaks.

Productivity Model. The productivity model transforms available labor into daily processing
capacity using the formula:

Capphase = Nworkers X hshift X nbays
For example:

Capsy = 1 X 8 X 5 = 40 hours
Capcrg = 2 X 8 X 5 = 80 hours
Capsrk = 1 X 8 X 5 = 40 hours

These values quantify the maximum processing potential for each phase. The model highlights
interdependencies across unloading, control, and storage activities and enables the identification of
bottlenecks when induced workloads exceed capacity. While deterministic at this stage, the model
can be calibrated with historical data or enhanced through machine learning.

Workload Estimation. Workload estimation determines the hours needed to process incoming
goods. For each category and phase:

CLP catday

PTOdcatphase
Once hours are calculated, the number of required operators is computed as:

HoursNeededPhase =

Work _ HourSNeededPhase
OTKE€TSNeededPhase =

Psnife
Excess demand relative to available workers signals a capacity imbalance. The estimation
process supports both daily and weekly planning, identifying peak days and seasonal fluctuations.
Gap Analysis. Gap analysis compares workload with available capacity using:

Gapphase = Capphase - HourSNeededPhase

Negative gaps indicate insufficient capacity, while positive gaps indicate underutilization.
Integrated with dashboards and KPIs, gap analysis helps decision makers identify constraints,
evaluate alternative operational configurations, and simulate the effects of changing staff,
productivity, or incoming volumes.

Workflow and Model Assumptions. This workflow implements the methodology based on guiding
users on uploading their data, setting up the productivity coefficient and availability of resources,
calculation of the CLP values, workload calculation, and gap analysis. The system results can thus be
interpreted rapidly using the dashboards and KPIs provided. Additionally, the system enables users
to carry out what-if scenario analyses based on changes made with respect to staffing levels,
productivity coefficient settings, or delivery distribution options based on alternative organizational
structures. As the system works across different platforms with integrated systems based on the
company’s WMS, ERP, and other enterprise systems, there is consistency of the analysis layer across
the logistics environment of the company. This workflow assumes various simplifying hypotheses
that facilitate the development of the system so that the theoretical model remains stable and
computationally feasible during development phases. The hypothesis on delivery sequencing on the
same day is not considered because every delivery makes its independent CLP value without
considering the order of the preceding operations. Additionally, there are simplifying hypotheses on
the assumption that the staff within the phases are homogenized without the rules of bay assignment
or staff redistribution across phases. The above simplifying hypotheses form the base upon which
further development of the system could add new elements based on employing stochastic models,
dynamic systems approach, and Al-driven optimizing engines. This assumes the importance of
offering a workflow based on well-conceived modeling hypotheses that aid the decision-making
official with the complexity of goods receiving operations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Intelligent Visualization and Simulation Architecture for Inbound Logistics
Management

This model facilitates the creation and comparison of plans and allows managers to anticipate
potential bottlenecks and optimize resource allocation. This ability to save and then reference
simulation results introduces a more strategic mindset and encourages the application of the system
not only in the daily planning horizon but also in the medium term. Finally, the visualization interface
closes the environment with a set of interface dashboards and performance metrics designed to be
clear and practical (Panigrahy, 2025). These dashboards provide a comprehensive view of task
workloads, resource supply and demand, congestion levels, and workflow imbalances. Important
performance metrics related to resource efficiency, system balance, and processing capacity provide
the decision maker with information about the system’s ability to stay within feasible limits.
Imbalance warnings allow for immediate intervention and indicate overload or underload conditions
in the system. The visual interface system supports a dual application: interfacing with everyday
tactics to verify the feasibility of daily delivery and pursuing more analytical strategies to observe
trends and prepare for future changes. To avoid discrepancies in its computing platform in the system
baseline, the system imports reliable enterprise systems, such as WMS and ERP systems, with
computations based on reliable information sources (Vaicituté & Katiniené, 2025). Although the
system at its earliest levels requires manual input for the delivery plan, at its structural levels it
leverages its infrastructure to automatically update and has the potential to predict CLP values using
machine learning algorithms (Andoh & Yu, 2023). This versatile system fully leverages its decision-
making approach and provides an even stronger decision-making platform that assists organizations
in strategically addressing the unpredictability and increased complexity introduced in the inbound
logistics functions of their respective organizations (Dotti et al., 2024). See Figure 2.

Decision-Support System for
Capacity and Workload Verification
in Goods Receiving Operations

r

Configuration Simulation
Module Module
product.ategories N < what-if analysis
productivity ? | -« scenario
coefficients E evaluation
Delivery DATA
Plan INGESTION
)
Processing Visualization
Module l Module
workload estimation = dashboards
@ resource requirents O] .«kpis
gap analysis —=— . capacity vs.
| ) workload

Figure 2. Modular Architecture of the Decision-Support System for Goods Receiving Operations.
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5. Operational Dashboards and KPIs for Monitoring Capacity in the Receiving
Workflow

Dashboards provide an efficient means to structure and organize productive capacity settings
across the diverse stages involved in the receiving flow process. Its functionality is deliberately kept
to a minimalist interface to facilitate entering productivity coefficients for varied product types in
stages in an extremely intuitive fashion. These three stages in receiving products for analysis:
“Unloading, Control, and Storage’ have optimized sectioning in clearly defined areas to provide an
instant visual context for capacity allocation in varied stages. Within these defined stages, each
section lists major product types, allocated to warehouses as follows: ‘Bars, Hydrosanitary Products,
Small Parts, Containers, Tanks, Pallets.” Each type has an accompanying text box to enable allocation
or reduce productivity coefficients, thereby improving efficiency in instant data entry with fewer
chances for error. The usage of the fine-tuning buttons for ‘+ and ‘-’ is geared to enable laymen to
easily manipulate them. The strategic allocation of ‘Save Capacity” at the end of pages forces its end-
user to cross-check inputs for accuracy in utilization. On feasibility, its utilization is an essential
activity for its parent decision support system in allocation. Such utilization in decision support
systems establishes productivity coefficients for varied analyses across varied scenarios for decision
support systems in its broader utilization. This page establishes the feasibility of extreme
functionality in decision support systems, its utilization in decision support systems, and its broader
functionality for establishing major productivity coefficients to be allocated in decision support
systems (Figure 3).

Parametri Sistema  Backup & Restore  Simulazioni  Categorie Merceologiche Validazione Dati  Capacita Produttive  Configurazione Operatori

g capacita Produttive (CLP/h)

Inserisci le capacita produttive per fase e categoria:

Scarico Mezzi:

CLP/h Barre CLP/h Idrosanitari CLP/h Minuteria CLP/h Container CLP/h Serbataoi CLP/h Pallet

100 - + 100 - + 200 -+ 1 + 5 + 15 - +
Controllo:
CLP/h Barre CLP/h Idrosanitari CLP/h Minuteria CLP/h Container CLP/h Serbatoi CLP/h Pallet

150 - o+ 100 - o+ 130 - + 1 + 10 - o+ 10 - o+
Stoccaggio:
CLP/h Barre CLP/h Idrosanitari CLP/h Minuteria CLP/h Container CLP/h Serbatoi CLP/h Pallet

200 - + 150 - + 200 -+ 1 + 9 + 25 - +

M Salva Capacita

Figure 3. Productivity Capacity Configuration Interface (CLP/h) for Receiving Operations.

This KPI dashboard provides a summarized yet informative overview of operational
performance for the goods receiving process. It is meant to inform management instantly on whether
there is alignment between weekly workload and productive capacity, workforce allocation, and
other related dynamics. The higher section forecasts four major indicators: Total Weekly Load,
Average Capacity Utilization, Average Operator Gap, and Overall System Efficiency. These four
indicators in particular offer an instant, big-picture view of what is really happening across the entire
process, allowing management to quickly determine whether intervention is needed. Of particular
note in Total Weekly Load is its high value (1,521 CLP), which shows the significant workload
generated by received commodities, with its 46% increase indicating either an ‘off-peak’ or ‘peak’
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period requiring close observation. Average Capacity Utilization, at 131.2%, unequivocally shows
how overloaded the entire process is, with its operation pushed beyond optimal levels from 85% to
significantly overloaded, which could lead to delays, congestion, or performance degradation. It also
shows, with its substantial increase by ‘+0.3 operators’, simply how short-staffed the entire process is
to meet its weekly workload, indicating, indeed, the necessity for support or reallocation. In the
bottom section, these three circular graphics provide an almost intuitive insight into the entire
operational performance. It shows, in its entire Capacity Utilization section, how significantly
overloaded it is, with its entire value indicated in levels well above its ‘safe-zone’. It further shows in
its Resource Balance section simply with its value being indicated at ‘46.9” points, almost at its ideal
point of ‘50" points, with perhaps just some least balance needed between its resource availability,
allocation, or alignment. And finally, in its entire System Efficiency section, it shows its entire
complete performance dynamics in one major performance index, with a value of ‘70.7%’, which
really isn’t optimal (Figure 4).

11l Dashboard KPI Operativi

@ KPI Principali:

Carico Totale Settimana Utilizzo Medio Capacita Gap Operatori Medio Efficienza Sistema
1,521 131.2% +0.3 70.7%
T +46.0% 4 +0.0% 4 teste T +0.0%

£ Indicatori Stato Sistema:

Equilibrio Risorse Efficienza Sistema

Utilizzo Capacita

Figure 4. Weekly Operational KPI Dashboard for Goods Receiving Activities.

6. Insights from DSS-Driven Capacity Planning in Complex Receiving
Operations

With the launch of the Decision-Support System based on the CLP model in mind, several
aspects of capacity planning in receiving operations come to the fore. These aspects assume
importance in contexts ranging from model reduction and capacity utilization to imbalance and
performance variability. Among the primary learnings from these aspects is the importance of
operational complexity due to the varying types of products received on a given day, along with their
sizes, types, and quantities, which is difficult to capture adequately with fixed rules alone (Harris,
2020). At the same time, what is apparent from analysis done on the principles underlying the CLP
model, for instance, is its novelty in translating an operational workload in ‘common, unitless,
measurable units, taking into consideration different types of items, distinct operational steps on each
given day, with varying quantities.” It remains especially helpful in situations concerning
unpredictable, fluctuating inbound logistics, such as food/grocery processing plants (Al Maruf, 2025).
Another interesting observation is that capacity bottlenecks in receiving operations are not entirely
due to excessive volume, but rather to deviations between operational capacity and the actual
workload, in contrast to fixed capacity limits (Markhorst et al., 2021). On some days, minor variations
in types or stages of particular items can lead to operational inefficiencies, such as queues, idleness,
and decreased productivity. But for all these to be adequately identified, there would not have been
any DSS assistance in mathematical simulations, for instance, with regard to capacity planning in
such operational contexts (Harris, 2020). Another observation from these studies concerns slight
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variations in operational indicators, such as utilization rates exceeding 100 percent, which are clear
indicators of operational overloading. At the same time, minor variations in employee availability,
such as requiring an extra 0.3 operators, could lead to operational delays across entire cycles in
receiving operations, especially on days with high volumes (Markhorst et al., 2021). These aspects
emphasize the importance of predictive analysis, especially in planning and strategic simulation, as
well as innovative operational models (Al Maruf, 2025). But there are some gaps in these studies,
specifically to note, for example, whereby most studies point to requiring ‘future models to
incorporate more modern methods such as stochastic models, real-time analysis, or Al simulations
to effectively forecast/adjust to challenges/hardships, especially for food/grocery-related logistics, for
example.” Innovations in modeling and analytics have become crucial to deliver the desired accuracy
in such settings (Al Maruf, 2025).

7. Managerial Benefits of a Predictive DSS for Workforce and Capacity
Optimization

From an administrative perspective, the Decision-Support System (DSS) has, to begin with,
proved to be an ultimate resource for managing, controlling, and optimizing the process of receiving
products. One major advantage is its predictive nature, which allows it to forecast capacity problems
before they occur. Instead of managing based on historical performance data, things have improved
for administrators, who now have the capacity to evaluate, in advance, the feasibility of delivering
products on a daily or weekly schedule, facilitating informed decision-making regarding labor
allocation, scheduling, and load balancing (Dotti et al., 2024). Its predictive nature, in essence, has led
to fewer congestion incidents, better performance, and greater consistency in warehouse storage
systems. Moreover, its applicability in aligning performance with strategic planning has been crucial
to its success. It precisely calculates workload relative to labor needs, equipping administrators with
information on adjustments in labor size, temporary employees, or expansion in specific processing
stages, among other changes (Komar et al., 2024). It facilitates risk-free scenario simulation across
different settings, without halting regular warehouse operations. It not only helps offset risks
associated with scenario simulation but also improves decision-making levels (Burdett et al., 2024).
Its dashboard, to begin with, not only increases administrators’ awareness by providing real-time
information on operational performance in understandable formats, thereby improving visual
support (Komar et al., 2024). Its efficiency in utilization, balance in resource allocation, or overall
operational performance, for example, equips administrators with the necessary information to take
prompt action when operational performance deviates from desired targets. It, in essence, improves
coordination among logistics, procurement, and warehouses, thereby enhancing communication
among functions (Burdett et al., 2024). Over the long-term horizon, DSS facilitates administrative
acquisition, acquiring data on operational performance in warehouses for evaluation to produce
necessary information regarding demand patterns, seasonal demand changes, or capacity constraints
in warehouses, prompting administrators to invest in necessary areas, such as technology, training,
or procurement, in warehouses (Burdett et al., 2024). It, in essence, facilitates growth levels in
warehouses, acting as an accelerator.

8. Conclusions

The case study analysis conducted at La Logistica S.R.L. demonstrates, in practice, the huge
advantage of having an appropriate, data-driven management plan to significantly increase accuracy,
transparency, and consistency in receiving workflow, especially in environments with high
complexity levels, such as those in logistics. One crucial advantage resulting from the analysis process
is, in fact, the adoption of the CLP Indicator, an index dimensionless in nature, optimized to calculate,
in one value, quantity, volume, and weight. By taking into consideration all these elements in one
optimized process, it's now feasible to analyze different types of products in one dimension,
overcoming performance obstacles brought about by common classification patterns. Of particular
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importance in such methodology is its utilization in hydrosanitary logistics, in which context, due to
varying dimensions, sizes, and treatment needs, many unexpected variations in workflow levels
could be considered normal, given the numerous receiving items. By incorporating CLP Indicator
into an overall analysis process in combination with its implementation in Decision-Support System
DSS, there’s solid evidence to support transforming theory into practice for real-life applications.
Decision-Support System DSS incorporates various features such as workload calculation,
productivity measurement, analysis regarding resource gap, and simulation on planning scenarios.
By providing better understanding on resources allocation, on efficient process performance, on areas
to face problems, it improves overall operation levels as well as strategic planning levels. It’s crucial
to note in such analysis on hydrosanitary logistics operations management to understand
performance discrepancies not resulting from resources availability solely, but from overall resources
allocation, almost in sync with demand variation levels. Another crucial environment factor,
communicating simulations on different personnel levels, adjustments on schedules, or reallocation
on delivery, offers risk-free opportunities for improved planning. These conditions support more
flexible, responsive planning levels. But on the other hand, there are some limitations in such overall
prototype analysis, now in its developmental stages. Since analyzed productivity levels, optimum
workflow patterns, or manually-entered data, such prototype analysis process is, in fact, not
resonating with entire dynamic operational levels. Nevertheless, these limitations indicate in which
directions improvements could be made in such a model in the future. These could include
enhancements such as incorporating integration with warehouse management systems, transport
management systems, machine-learning algorithms to calculate the value of CLP based on shipping
information, stochastic productivity models, or real-time modifications to scheduling. Incorporating
functionalities such as multiple shift planning, stage worker flexibility, or automated assignment to
receiving bays would certainly bring such an analysis model closer to reality in logistics settings.
Overall, however, this research work demonstrates not only what could be achieved with an
enhanced workload model in such settings, but also what could be developed by combining such
innovation with appropriate decision support in such settings to successfully convert the receiving
process into a proactive, decision-driven process.

Future research. The industrialization project for this application platform should include
integration with an appropriate system for collecting performance data from operational
departments. This system, including the use of advanced analysis techniques, including artificial
intelligence tools and machine learning algorithms, will allow for the extraction of additional
knowledge aimed at increasingly efficient operation management. In the specific situation of the use
case illustrated here, a first analysis objective could be aimed at realizing a retrofit system based on
historical data and the detection of contingent department situations to arrive at the dynamic and
more accurate determination of CLPs.

Data Availability Statement: The data used and the processes analyzed in the proposed simulation have been
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