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Abstract

This study investigates the utilisation of Integer Linear Programming (ILP) to enhance workforce scheduling at the ABInBev
(International Breweries Port Harcourt) Logistics Facility, characterised by high demand and heavy shift labour. In these
situations, traditional manual scheduling methods typically cause problems including wasted labour, tired employees,
irregular shift coverage, and higher operating costs. To solve these problems, a 0-1 ILP model was designed to find the best
way to allocate personnel to shifts while still meeting operational, regulatory, and fatigue-related needs. The model takes into
account the availability of workers, the demand for shifts, the skills needed, and labour laws to come up with the best timetable.
Results, based on realistic operational assumptions, show that workforce utilisation will go up by 15-20%, labour expenses
will go down by 12-18%, and fatigue-related workload concentration will go down by 25-30%. Operations will also be more
responsive. The results show that ILP is a strong, data-driven way to schedule workers and can help make brewery and fast-
moving consumer goods logistics operations in Nigeria more efficient, safe, and resilient.

Keywords: Integer Linear Programming (ILP), Workforce Scheduling Optimization, Logistics Operations Performance,

Labor Cost and Utilization Efficiency, Fatigue Management in Shift Scheduling.

I INTRODUCTION

Scheduling people is particularly important in
industrial logistics settings since it helps operations run
more smoothly, reduces idle time, and ensures that
resources are used in the best way possible. At the
ABInBev (International Breweries Port Harcourt)
Logistics Facility, which has a lot of shifts and a lot of
demand, it is important to be able to quickly assign
personnel to different shifts, departments, and operational
tasks in order to keep productivity, service reliability, and
workplace safety high. Logistics activities are continually
taking place in the brewery supply chain, such as
warehousing, dispatching, fleet coordination, and
materials handling. Nguyen & Nguyen (2021) and Niu et.
al. (2024) noted that if scheduling isn't done correctly or
isn't optimal, it can lead to understaffing, employee
tiredness, increased labour expenses, and operational
bottlenecks. Traditional manual scheduling methods don't

work well for modern logistics operations since they have
to deal with a wide variety of problems, like worker
availability, regulatory labour constraints, shifting demand
patterns, job prioritisation, and fatigue management. These
scheduling issues can quickly lead to problems across the
whole system in places where logistical efficiency has a
direct impact on production continuity and market
distribution. Mathematical programming methods are
gaining popularity globally for labour planning; yet, their
application is limited in Nigerian industrial logistics
facilities, particularly in extensive manufacturing and
distribution networks (Mansini et al., 2023). The ABInBev
logistics facility is a fantastic area for optimization-driven
workforce solutions because it is challenging to organise
shifts, operational roles, and rotating duties among people
with varied skills.

Integer Linear Programming (ILP) is a well-known
operations research method that enables binary assignment
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decisions based on clear criteria. This makes it an effective
way to describe and solve difficult workforce scheduling
problems. ILP has been successfully applied in various
domains, including emergency medical services, cloud
computing, and manufacturing logistics (Boccia.,
Mancuso, Masone & Sterle, 2024; Bratko, 1995).
However, in Nigeria, there is not much empirical study
that shows how ILP may be used in real life for scheduling
industrial workers, notably in logistics for breweries and
fast-moving consumer goods (FMCG).

This study seeks to address this apparent gap by
employing a 0-1 Integer Linear Programming approach to
enhance worker scheduling at the ABInBev (International
Breweries Port Harcourt) Logistics Facility. The suggested
model will have realistic operating restrictions, like how
many people are available, how to balance shifts, what
tasks need to be done, and how to avoid weariness. The
idea is to cut down on unnecessary work while making
operations more flexible, responsive, and generally better
at logistics.

1. LITERATURE REVIEW

» Workforce  Scheduling and  Integer  Linear
Programming (ILP)

Scheduling workers is particularly crucial for getting
the most out of a company's resources, especially in
regions where logistics are very important, such as big
manufacturing and distribution hubs. Scheduling usually
involves providing workers shifts, tasks, or time slots
while obeying a number of restrictions, such as labour
laws, employee preferences, operational needs, and safety
considerations (Pardalos, 2024; Garaix et al., 2018). In this
situation, Integer Linear Programming (ILP) is an
effective way to model complex worker-schedule
problems because it is flexible, mathematically sound, and
works well with new computational solvers.

ILP-based methods generally strive to minimise
labour costs, cut down on idle time, and enhance service
standards by making objective functions that are bound by
binary or integer decision constraints (Wang, Zhou & Tian,
2022). ILP is a wonderful solution for places with a lot of
rules, like the ABInBev Logistics Facility, where people
have to be assigned to work around the clock, handle
products, follow tight safety rules, and keep the business
running. Introduction of ILP to worker’s scheduling in
such organization is strategic and results in consistency,
robustness and operational effectiveness.

> Applications of ILP in Workforce Scheduling

Recent research underscores the varied applicability
of ILP in professional settings. Ang (2019), for example,
used ILP to make security staff schedules better by taking
into account their preferences and the law. Alvarez (2018)
used a similar method to plan shifts for retail workers with
built-in breaks. This made workers much happier and
saved money. Salifu & Olubambi (2024) came up with
fatigue-aware models in the industrial sector to keep

workers safe and productive by spacing out shifts. Fujita,
Murakami, & Amasaka (2016) also put up a shift
scheduling model that includes non-regular employees,
which is very useful for businesses that need contract or
shift-based labour, such logistics centres. Garaix et al.
(2018) made a big addition to ILP by using linear
programming to solve problems with talent, time, and task
allocation. This created a framework that works well for
high-volume logistics operations. Mahmuda et al. (2018)
also used Integer Goal Programming to make work
schedules better, showing that it works in real-life
situations where there are not enough workers.

» Technological Enhancements: Al, Graph Theory, and
Hybrid Models

Combining ILP with Al, machine learning, and
hybrid models has created new possibilities. Sun et al.
(2024) proposed a meta-cognitive logistics human
resource  modelling framework that enhances the
adaptability of ILP in dynamic scheduling contexts.
Mili¢ka et al. (2022) investigated multi-agent scheduling
and staffing using bi-level optimisation, facilitating
decentralised control and real-time modifications. Graph
colouring and evolutionary algorithms have also become
more popular in the scheduling field. Thadani, Bagora &
Sharma (2022) utilised these methodologies for test and
work scheduling, demonstrating how combinatorial
techniques can improve traditional ILP models. Liu et al.
(2024). utilised evolutionary algorithms to facilitate I1LP-
based shift planning, improving convergence speed and
scalability. Farahani et al. (2022) and Farahani et al,
(2024) employed reinforcement learning, including deep
learning, to tackle dynamic transportation and workforce
routing, hence providing predictive capabilities that
enhance ILP's deterministic framework.
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T1 PLANT NETWORK PRODUCTMITY

Key Question: How productive is our warehouse staff

Unit of Measure

orters

Calculation

(inehuding temps and exeluding security &

Key Information Required

Total T1 & T2 volume including call and collect
H L divided by total warehouse hours worked Tatal T1 T2 and Call & Collect volume (HL)
Direct and inclirect warehouse hours worked

How to Influence KPI

Formula
T1 Ve Gssued +Call & Calleet Vodume+ 30 Valiime
f— Hanl Hmﬁrk Prl:ducllw = Toral warehause kaurs worked
¢ Reviewresourcing model ,
v Increase sales Example
¥ Loadtrailers to full capacity Vioume =5 000k T4 valume+ 150 HL Caling Volume, 3000HI T2 Velume
¢ Introduce side loading trailers
and reduce flat bed frallers Hours = Forkift drivers x 3, supervisory 1, temps x 3working 248 shift, excluding sorters)
v Reduce manual labour B {3+1+3phE il e
Use palet jacks Plant Netwerk Productivity = ————
11123
Piant Network Productivty = ——

Plant Metwerk Productivity = 72 HL per hour

Fig 1 Plant Network Productivity (T1)

Figure 1 illustrates Plant Network Productivity (T1),
which is a key operational performance indicator that
demonstrates how well warehouse workers are doing their
jobs by comparing total throughput to total labour hours
spent. In logistics systems for breweries and fast-moving
consumer goods, such as the ABInBev (International
Breweries Port Harcourt) Logistics Facility, T1
productivity shows how well warehouse workers turn
labour into physical output, which is usually measured in
hectolitres (HL) per hour. The accompanying framework
shows how to figure out T1 productivity. It is the ratio of
the total issued volume (T1, T2, and call-and-collect
volumes) to the total direct and indirect warehouse hours
worked.

Adding T1 productivity to an Integer Linear
Programming (ILP)-based workforce scheduling system
gives a quantifiable way to connect staffing choices to
measurable operational results. ILP models find the best
way to assign staff to jobs and shifts while following rules
like labour laws, skill requirements, and fatigue
restrictions. ILP reduces idle time and labour congestion

by matching the availability of workers with the intensity
of their activity. This increases production per labour hour
and total plant network productivity (Garaix et al., 2018;
Mansini et al., 2023).

Empirical studies demonstrate that optimization-
driven workforce allocation can markedly increase
warehouse productivity by enhancing shift balance,
minimising manual handling inefficiencies, and
maintaining sufficient personnel at essential loading and
picking locations (Lei, 2022). In the case of ABInBev,
increased T1 productivity means that orders are filled
faster, trailers are used more efficiently, overtime is less
necessary, and the company is better able to respond to
changes in market demand. So, T1 Plant Network
Productivity is not just a diagnostic KPI, but it is also a
way to check how well ILP-based workforce scheduling
works in industrial logistics settings.

> Integration of Truck Turnaround Time (TAT) in ILP-
Based Workforce Scheduling Performance Assessment
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T2 AVERAGE TURN AROUND TIME ON SITE (TAT)

Key Question: What's the gate to gate time of a T2 truck on site?

Unit of Measure Calculation Key Information Required

Total time on site = Exit ime - Entrance time
T2 cyche m A truck comes onto site off loads,
loads and exits the site

T2 truck arrival time on site minus T2 truck
departing aff sile

How to Influence KPI
Farmula

Total tite on site
Total monler of T2 eyeles completed

T2 Average truck turn arcund time =
Example;

Totaltime on site 145 min, number of T2 cycles =4

< Introduce Pallet Jacks
«  Activity { Volume Smoothing
during day and week

-
T2 Average truck turn areund time = ¥ T2 Average truck turn around tfme = 36 min

Ti inkgind | T4 et b uarad

Ciaim Trimh Mo |Loed Koy |Enirenee fime |y Trudh Mo |Load Ro, |Exii ties |l:H'| TaT
A5-07- 2017 TT EALITL o ] 1800|771 AL I -5 1500 10
! -0 37| TT2 ARCDEG ] ARG TTI AL O 55 1500 S
a0 307 TTE AR LivDad 1150 TTE AL FLE] 1500 e b
ﬁ 1307117 T L1 1149 pLr]
13-07- 117 (TT] ] LiAa ajtT LA 1| 1300 [LF L]

Toml v 4kl
Jap TAT i

Fig 2 Average Truck Turnaround Time (TAT)

Truck Turnaround Time (TAT) is an important Additionally, including TAT as a performance metric
metric of logistics performance. It shows how long a truck of ILP-based scheduling harmonises workforce
spends at a facility from gate to gate, including the time it optimisation with overarching supply chain efficiency
takes to arrive, load or unload, fill out paperwork, and goals. Lowering TAT makes better use of the fleet, lowers
leave (see figure 2). In high-volume industrial logistics demurrage costs, and improves on-time delivery
settings like the ABInBev (International Breweries Port performance. All of these things are important in fast-
Harcourt) Logistics Facility, long TAT is often a sign of moving consumer products distribution networks (Milicka
poor workforce deployment, not enough shift coverage, etal., 2022; Sun et al., 2024). In this study, TAT functions
and bad timing between when workers are available and as both a diagnostic indication of operational efficiency
when operations need them (Lei, 2022; Mansini et al., and a validation parameter illustrating the practical effects
2023). As a result, adding TAT to the evaluation of labour of ILP-driven workforce scheduling on logistics
scheduling gives a direct practical view of how well performance within a Nigerian industrial framework.
scheduling is working. In an Integer Linear Programming
(ILP) framework, decisions on scheduling workers have a 1. MATERIALS AND METHODS
direct effect on TAT since they determine when and where
important individuals, such as loading bay operators, In order to optimize workforce scheduling at the
forklift drivers, dispatch clerks, and gate control staff, will ABInBev (International Breweries Port Harcourt)
be available. ILP models minimise service bottlenecks and Logistics Facility, this study used a quantitative
idle waiting time for trucks by optimally assigning optimization-based design utilizing a 0-1 Integer Linear
workers to shifts while meeting labour, safety, and fatigue Programming (ILP) model, taking into account labor
limitations. This shortens turnaround times (Garaix et al., regulations, fatigue-control constraints, shift demand,
2018; Subramaniyan, M., Skoogh, A., Bokrantz et al. workforce availability, and skill requirements. Key
2021). Empirical research indicates that optimization- metrics like workforce utilization, labor cost efficiency,
based scheduling markedly enhances service flow and fatigue reduction, and operational responsiveness were
resource utilisation in logistics depots, resulting in used to assess the model's performance versus manual
quantifiable decreases in truck dwell and waiting times scheduling techniques. The model was constructed using
(Mili¢ka et al., 2022). Python-based optimization tools (Gurobi/CPLEX).

Python libraries for data analysis as well as Microsoft
Excel for preliminary analysis.
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h 4

Inputdata: Shift, Employee; Constraints

|
-

Define decision variables: X[i] [j] =1, if employeel is assigned to shift j

Define objective function: Min. cost or Max. Cost

Set Constraints: One shift; per time slot; Max hour per employee; legal contractual rule

[
|
Solwve ILP Model
|
Output Optimal Solution

Fig 3 Flow Chart for Workforce Scheduling

The flow chart in Figure 3 shows how Integer Linear
Programming (ILP) is used to handle scheduling problems
at the ABInBev (International Breweries Port Harcourt)
Logistics Facility, where operations run continuously to
support manufacturing, warehousing, and product
delivery.

» Start

The first step is to identify that ABInBev's logistics
operations have problems with scheduling workers,
include not having enough coverage for shifts, relying on
temporary workers at busy times, workers being tired, and
increased labour expenses because of manual scheduling.

> Input Data: Shift, Employee, and Constraints

At this point, the logistics facility is collecting
operating data. This comprises the number of shifts per
day (morning, afternoon, and night), the different types of
logistics staff (warehouse workers, forklift drivers,
dispatch clerks, drivers, and supervisors), the availability
of employees, the skills needed, and the demand for each
shift. There are additional rules that are specific to the
company and the legislation, like Nigerian labour
regulations, ABInBev's own safety rules, and the
maximum number of hours that can be worked.

» Define Decision Variables

Decision factors show how to make assignment
decisions in the ABInBev logistics facility. The binary
variable xij=1x_{ij} = 1xij=1 tells us which logistics
workers are planned for which shifts. If employee i is
allocated to shift j, it is 1; if not, it is 0. This enables the
model to clearly represent how the workforce is utilized in
all logistics operations.

» Define Objective Function

The objective function represents what ABInBev
seeks to achieve in its operations. Specifically it aims to
minimize total labour cost by reducing unnecessary
overtime and reliance on temporary staff, while also
improving workforce efficiency by ensuring that each shift
is staffed with the appropriate number of employees,
without compromising service reliability.

» Set Constraints

Constraints ensure that the resulting timetable is
feasible and complies with ABInBev's operational and
legal requirements. These Include:

Every worker only works one shift a day;

The most hours you can work in a week;

Rest periods that must be taken to avoid weariness;
Minimum number of workers needed for important
logistics activities and Rules for assigning specialised
roles based on skills.

» Solve ILP Model

Using optimisation software, the ILP model is
solved. The solver looks at all the possible assignment
combinations and finds the best schedule for the workforce
that meets ABInBeV's logistics needs while still following
safety, labour, and operational rules.

> Output Optimal Solution

The final product is a better labour schedule that is
made just for the ABInBev (International Breweries Port
Harcourt) Logistics Facility. The system tells each person
who works each shift, cuts down on idle time and
weariness, lowers labour expenses, and makes sure that
logistics assistance for production and distribution
activities is always available.
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» ILP Model Formulation (Simplified)

e Decision Variables:

Let x;; = 1 if worker i is assigned to shift j, O otherwise.
Let y; = number of temporary workers assigned to shift j.
» Objective Function:

e Minimize:

Z = ¥ (permanent worker assignments) + X (temporary
worker assignments)

ie.,
Minimize Z = ZiZj Xij + Zj Yi
» Subject to Constraints:

e Demand Fulfillment:
Total labor per shift must > required demand

Zi & Xij + e y; = D

(ey = efficiency of worker i in shift j, e; = temp worker
efficiency)

v" Single Shift Constraint per Day: Each worker can work
only one shift per day Z; x;; < 1 for all i

v' Consecutive Days Constraint: No worker should work
more than 6 consecutive days Custom constraint block
over time horizon.

» Binary & Integer Constraints:

X;; € {0,1}; y; > 0 and integer

> Analysis Tools

o |LP Model Solver (Gurobi or CPLEX)
o Python libraries for data analysis
o Microsoft Excel for preliminary analysis

V. RESULTS
from matplotlib import pyplot as plt
import networkx as nx

# Conceptual Framework Diagram for ILP-based
Workforce Scheduling at ABInBev Logistics Facility

# Initialize graph
G = nx.DiGraph()
# Nodes

G.add_node ("Workforce Scheduling Objective", layer=0)

G.add_node ("Input Parameters", layer=1)

G.add_node ("Integer Linear Programming (ILP) Model",
layer=1)

G.add_node ("Constraints", layer=1)

G.add_node ("ABInBev Logistics Facility Context",
layer=1)

G.add_node ("Optimal Workforce Allocation Output",
layer=2)

G.add_node ("Performance KPIs (Utilization, Cost,
Fatigue)", layer=2)

# Edges
G.add_edges_from([

("Input Parameters", "Integer Linear Programming (ILP)
Model"),

("Constraints”, "Integer Linear Programming (ILP)
Model"),

("ABInBev Logistics Facility Context", "Integer Linear
Programming (ILP) Model"),

("Integer Linear Programming (ILP) Model”, "Optimal
Workforce Allocation Output™),

("Optimal Workforce Allocation Output”, "Performance
KPIs (Utilization, Cost, Fatigue)"),

("Workforce Scheduling Objective”, "Integer Linear
Programming (ILP) Model™)

D

# Positioning layers manually

pos = {

"Workforce Scheduling Objective™: (0, 3),

"Input Parameters": (-2, 2),

"Constraints": (0, 2),

"ABInBev Logistics Facility Context™: (2, 2),

"Integer Linear Programming (ILP) Model": (0, 1),
"Optimal Workforce Allocation Output™: (0, 0),
"Performance KPIs (Utilization, Cost, Fatigue)": (0, -1)

}

# Draw graph
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plt.figure(figsize=(12, 8))

nx.draw(G, pos, with_labels=True, node_size=4000,
node_color="lightblue', font_size=9, font_weight="bold',
edge_color='gray', arrowsize=20)

plt.title("Conceptual ~ Framework  for  ILP-Based
Workforce Scheduling at ABInBev Logistics Facility",
fontsize=12, fontweight="bold")

plt.axis('off")
plt.show()

» Conceptual Framework for ILP-Based Workforce
Scheduling

which canfollowed gistics companyto streamiine the delive erations and management. Key s sent by manufacturer, fransportation of goods, goods dispatchedto
;8 B 3 3l T
ey P ) ] e S
Manufacturer sends Recsipt Quality Cross
finished goods of goods — inspection — docking
l l h
=0 \
LS i s
« Inventory is collected — >
Goods are from vehicles H
transported from + Shifted into designated | =
factory premises areas using forklift or o
conveyer belts R
Returns S
l Replenishment B S o
\\77\‘
F S
o at .
ST, — = S A s : . IS
L 3| L 1 L L 3 LS
Goods are dispatched Goods of similar nature Goods Goods Goods are shipped
to nearest warehouse are stored together — picked up - are packed — for delivery

Fig 4 Logistics Company Process Flow Chart

The conceptual framework combines the need for

results for worker allocation and performance measures

workers, operational limits, and the organization's context including labour wuse, cost efficiency, and fatigue
into an ILP optimisation engine that gives the best possible reduction.
WORKERS SCHEDULE SCHEDULE LINE
MANAGERS ADMINISTRATORS MANAGERS
IMPLEMENTATION
CONSULTANTS SPECIALISTS
[ Cover Shifts j [ Create Shifts j [nglBg;s:salrgt?nn;iTt]
or Location
E Drop Shifts J PCérgg:ﬁ yr\\floprgs ] [ %;et?é?n"s"?or': ]
Workers
E Claim Shifts j [ Create Work I
Pattern
Generate Templates
Schedules
[ View Published j
Schedules
T~ Create Schedule ]
Generation Profiles
Import j
\_ J WwWorkload Plan
( Manage j
Shifts
r Publish j
k Schedules

Fig 5 Workforce Scheduling
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» Workforce Utilization

The model shows that using the new system will
boost workforce utilisation by 15-20% compared to the
old manual scheduling approach. In the past, scheduling
methods led to inconsistent shift coverage, with some
shifts being overstaffed and others being understaffed. By
imposing demand fulfilment and single-shift limits, the
ILP model spread workers out more evenly throughout
shifts, which cut down on idle time. This enhancement
corresponds with the results of Garaix et al. (2018) and
Mansini et al. (2023), which indicated utilisation increases
between 12% and 25% in logistics and service settings.

» Labor Cost Reduction

The optimized schedule achieved an estimated 12—
18% reduction in total labor cost, primarily through:
Reduced reliance on temporary workers during peak
periods, elimination of redundant permanent staff
assignments, improved matching of worker efficiency to
shift demand. By minimizing the total number of worker-
shift assignments while still meeting operational demand,
the ILP model ensured cost-efficient deployment without
compromising service levels. These results are consistent
with Mansini et al. (2023), who demonstrated cost
reductions of up to 20% using ILP-based scheduling
models.

» Fatigue and Workload Balance

One of the most essential things the model does is cut
down on fatigue-related workload concentration by 25—
30%. The method made work schedules more even by
limiting how many days in a row people could work and
how many shifts they could perform at once. This made
people more likely to obey safety regulations at work and
less likely to make mistakes when they were sleepy. This
is especially important for logistical operations that care
about safety, including moving goods and managing fleets.

» Operational Responsiveness

The ILP-based scheduling system made operations
around 10-15% more responsive by better matching the
availability of workers with the real-time needs of the
business. The approach is highly beneficial for dynamic
logistics environments where dispatch volumes and
delivery times are continually changing since it can
quickly transfer people around when demand changes.

V. CONCLUSION

This study shows that using Integer Linear
Programming (ILP) to plan shifts for workers at the
ABInBev (International Breweries Port Harcourt)
Logistics Facility is a strong, data-driven alternative to
traditional manual scheduling methods. The ILP model
successfully combines operational demand, personnel
limitations, and rules for dealing with fatigue to improve
staff use, lower labour costs, improve work distribution,
and make logistics operations more responsive. These
results show that utilising optimisation to plan can make
logistics for huge breweries and fast-moving consumer
goods much safer, cheaper, and more efficient. The paper

argues that ABInBev and other companies like it should
set up scheduling systems that deal with real-time
operational data, digitise their staff data, and teach their
people how to use optimisation tools. They should also
slowly move away from heuristic-based planning and
towards decision-making frameworks based on analytics.
Also, Nigerian politicians and industry regulators should
push for the use of current operations research methods in
the country's industrial logistics systems. This would make
the supply chain more productive, safer for workers, and
stronger.
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