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Abstract 
The retail market in Portugal has undergone significant changes due to the rise of online retail. Worten, 
a market leader in consumer electronics and home appliances, has successfully adapted to this trans-
formation by expanding its online offerings and adopting an omnichannel distribution strategy. However, 
the company's supply chain, particularly the store and online items preparations area responsible for 
sorting and packing items, is unable to meet the growing demand. To address this issue, Worten plans 
to automate operations and implement an automated item sorter in its Azambuja warehouse. To finalize 
this project, it is important to understand its impact on the workforce. This study consisted in creating a 
virtual agent using agent-based modeling to simulate operators' behavior and sensitivity to their envi-
ronment. The goal was to develop and calibrate a human-like agent that can be used for future work to 
define the key characteristics of the equipment and required workforce to operate the automated sorter 
using agent-based simulation. By developing a human-like agent, productivity and accuracy were ana-
lyzed considering various environment control variables. The methodology involved selecting relevant 
factors, researching mathematical models, collecting data, calibrating and validating the models, and 
developing a simulation model. The results of the simulation model analyzed the impact of changes in 
schedules, experience level, task intensity, rest quality, and layout on operator productivity and accu-
racy. The findings revealed that fatigue and experience significantly influence operators, with factors 
such as task intensity, rest quality, layout, and schedules affecting their performance. Overall, the de-
veloped virtual agent provides valuable insights for defining the equipment characteristics and workforce 
requirements to operate the automated sorter effectively. 
Keywords: human factors, agent-based modeling, fatigue, recovery, learning, human error, warehouse 
 
1. Introduction 
The retail market in Portugal has gone through sig-
nificant changes in recent years, particularly with 
the rise of online retail. Customers have become 
more knowledgeable and demanding. Worten, a 
consumer electronics, home appliances, and en-
tertainment market leader in Portugal, has adapted 
to the changing retail landscape by expanding their 
online offerings and adopting an omnichannel dis-
tribution strategy. This omnichannel distribution 
system merges the physical world with stores 
providing specialized services and digital channels 
offering a wide variety of products. 
However, Worten's supply chain cannot currently 
meet the predicted demand. More specifically, the 
store and online items preparations area which 
sorts and packs items for shipping is impacted. 
There is a need for the automation of operations to 
increase capacity, throughput and reduce errors. 
As a result, the company plans to automate some 

of its processes and redesign its operations by im-
plementing an automated item sorter for the online 
and retail area in its Azambuja warehouse. 
Worten’s engineering and logistics teams have 
studied the design and implementation of an auto-
mated sorter. There is now a need to study the im-
pact on operations, more specifically on the work-
force before the final implementation of the project.   
This study focuses on creating a virtual agent imi-
tating operators’ behavior and sensitivity to their 
environment in the context of warehousing using 
agent-based modeling. This virtual operator al-
lows the measure of productivity and accuracy, in-
fluenced by various environment control variables. 
The environment’s control variables include the 
layout and scheduling of the operations, the fa-
tigue (physical intensity of the tasks and recovery 
rate of rest periods) and the experience (the learn-
ing rate and the previously acquired experience) 
of the operator. This agent is developed for the 
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Worten case study based on an existing sorting 
operation, the put to light sorting activity of the 
preparation area dedicated to retail, which uses 
human resources in a similar way as the auto-
mated sorter. The goal is to develop and calibrate 
a human-like agent that can be used for future 
work to define the key characteristics of the equip-
ment and required workforce to operate the sorter 
using agent-based simulation.  
2. Case study 
2.1 Worten 
Worten is a leading electronics, consumers, and 
entertainment products retailer in Portugal. It was 
founded in 1996 and has become one of the larg-
est electronics retail chains in the Iberian Penin-
sula.  
2.2 Worten warehouse 
At first, Worten had a linear supply chain where 
suppliers delivered items to the central warehouse 
in Azambuja which prepared orders to be shipped 
to retail stores in Portugal. Over the years, this 
supply chain underwent a deep reconfiguration, fo-
cusing on the omnichannel strategy and the con-
sequent introduction of different flows of products 
and information. Worten moved on to a networked 
supply chain which resulted in the creation of dif-
ferent flows such as logistic hubs, physical supply 
stores, and online stores, as well as the integration 
of drop shipping and cross docking concepts. 
Worten's warehouse located in Azambuja covers 
an area of 50,000 square meters, employs around 
300 workers and stocks 70,000 stock keeping 
units (SKU). The warehouse faces a significant 
challenge due to the diversity of products offered. 
The products are split in two main groups, small 
(708) and big-sized appliances (701).  
2.3 Warehouse flows 
The flows are divided into two categories, inbound 
and outbound flows. These flows can be divided 
again according to their recipient. If the recipient is 
a business, it corresponds to a Business-to-Busi-
ness (B2B) flow, if the recipient is a final consumer, 
it is called a Business-to-Consumer (B2C) flow. 
The inbound flows consist of the path taken by 
merchandise received by the warehouse before it 
is used to prepare orders. This flow is only B2B 
because merchandise is only provided by other 
businesses. This flow is then divided into three 
paths depending on the characteristics of the prod-
ucts and of its supplier: pick by line (PBL), pick by 
store (PBS) and long tail (LT). PBL flow is essen-
tially crossdocking. In PBS flow, items are stored 
before shipping and not assigned to orders yet. LT 

flow corresponds to customers’ online orders of 
SKU that are only available on Worten’s market-
place.  
The outbound flows consist of the path taken by 
merchandise once it is used to prepare orders. The 
B2B outbound flows are split into three categories, 
which are PBL, PBS and online. The B2C out-
bound flows are split into two categories, which are 
Online and complementary service home delivery. 
The PBL and PBS flows correspond to orders from 
the retail channel and are shipped to stores. PBL 
corresponds to the crossdocking component, and 
PBS to items available in storage. Online B2B cor-
responds to store delivery of online orders. Online 
B2C corresponds to online orders from customers.  
2.4 Warehouse operations 
Inbound operations consist of all the activities re-
garding merchandise reception and processing 
before it is used to prepare orders. Outbound op-
erations consist of all the activities taking place 
when an order is received. The focus of this study 
are the Online and PBL flows and operations 
which will be affected by the sorter. The manual 
sorting activity of these flows will be automated by 
the sorter. 
The online area must provide short delivery times, 
following Worten’s commitment to deliver items 
within 24 hours. Customers can either receive their 
order at home (HD, home delivery) or pick it up in 
store (PIS, pick up in store). The online preparation 
area receives products from the reception area (LT 
products) and from the 708 storage areas, there-
fore performing crossdocking and traditional pick-
ing. There are different ways of processing orders, 
depending on their type, size and destination. Most 
online orders are picked, packed and labelled. 
Then, they are dropped on a conveyor belt and 
travel to an accumulation table. At the accumula-
tion table, items are sorted in different totes de-
pending on their end destination. Through the put 
to light processing, the items are dropped into dif-
ferent store boxes, then consolidated in the PTS. 
PBL operations are composed of three different 
processes, which are the sorting activities PTZ 1 
and PTL, and the assembly and consolidation ac-
tivity PTS. Items are sorted in the PTZ 1 area ac-
cording to the different PTL sector. The PTL activ-
ity is divided in three parts depending on the size 
of the item processed: GRA, MED and PEQ, cor-
responding to big, medium and small items. In the 
PTL area, each box represents a Worten store. 
Operators scan each product from the tote. PTL 
technology lights the corresponding box for that 
SKU along with the quantities required. The 
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operator drops the items in the box and pushes a 
button to confirm the drop off. These store boxes 
are then taken to the PTS area to store pallets.  
2.5 Problem definition 
Worten has witnessed a consistent rise in sales, 
both through their online platform and physical 
stores. As a result of this growth, the store (PBL 
flow) and online small items (Online flow) prepara-
tion segment has been affected. This involves the 
packing and sorting of items into boxes for ship-
ping. The introduction of automated solutions is 
imperative to expand capacity, increase speed, 
and eliminate errors. However, such a machine 
represents a substantial investment, and it is cru-
cial to evaluate the impact on operations, espe-
cially regarding workforce requirements and plan-
ning. To do so, a simulation model was developed 
using AnyLogic and used to dimension the sorter, 
its layout and various characteristics. To properly 
evaluate the impact on workforce in terms of sys-
tem throughput, FTE productivity and interactions 
with workers, there is a need to accurately repre-
sent the human factor in the simulation. To this 
end, this research focuses on building a virtual op-
erator agent sensitive to its environment that be-
haves like a human worker.  
3. Literature review 
The literature review first focuses on defining the 
origin of the problem. Then, the importance of op-
erators is explained. Thirdly, agent-based models 
are introduced. Finally, the factors affecting opera-
tors’ productivity and accuracy are analyzed. 
3.1 Introduction 
The onset of Industry 4.0 in the warehousing and 
logistics industry opened the door to new innova-
tions and redefined the role of the operator 
(Gorecky, et al. 2014). Despite the advent of auto-
mation in recent years, the logistics industry is 
heavily dependent on human labor, which drives 
most of the operational cost of warehouses. Cimini 
et al. note the importance of the human factor in 
logistics: “During a transition to Logistics 4.0, it is 
necessary to consider all the issues that affect lo-
gistics, among which human factors are consid-
ered to be the most important.” (Cimini, et al. 
2021). The human factors (or ergonomics) are de-
fined as: “[…] the scientific discipline concerned 
with the understanding of interactions among hu-
mans and other elements of a system.” (IEA 2016). 
Decision support models therefore need to inte-
grate human factors to provide realistic and relia-
ble insights for decision makers. They are widely 
used in production and logistics, as they are 

valuable tools for decision making. However, they 
often overlook the human factor, leading to unreal-
istic planning outcomes and harmful work sched-
ules (Grosse, et al. 2017). Grosse et al. insist on 
the importance of considering human factors to 
produce valid decision support models. Such in-
corporation of human factors into simulation mod-
els is an emerging field of research, for which the 
necessity was outlined 20 years ago (Boudreau, et 
al. 2003). Grosse et al. note that this call was only 
answered recently, with a constantly growing num-
ber of research on incorporating human factors in 
decision support models for production and logis-
tics (Grosse, et al. 2015). However, Grosse et al. 
also note the remaining gap in literature concern-
ing the interaction between the worker and its en-
vironment, stating that research carried out so far 
only had a minor focus on warehousing and fo-
cused on production and assembly, which is pecu-
liar due to the labor-intensive nature of warehous-
ing (Grosse, et al. 2017). Following an extensive 
review of the state of the literature, they concluded 
that decision support models for logistics have 
mostly neglected human factors so far. There 
seem to be a gap in literature concerning the de-
sign of a realistic logistics human operator (Liang, 
et al. 2022). This work is a first step to fill this gap.  
3.2 Workforce 
The operational cost of warehouses is mostly 
driven by labor cost (Herrmann, et al. 2019). Cost 
efficiency is vital for survival in manufacturing and 
warehousing but is challenging due to the demand 
for shorter delivery times and higher service levels. 
Businesses must maximize the use of physical and 
human capital. This means planning the workforce 
to match the workload using workforce planning, 
by determining the number of employees required 
for each planning horizon. In order to properly as-
sess the work capacity, it is crucial to include un-
certainties due to the heterogeneity of employees, 
leading to differences in productivity and accuracy 
(De Bruecker, et al. 2015). 
3.3 Agent-based models 
Decision support models can be implemented us-
ing different programming paradigms. In agent-
based models (ABMs), there is the possibility to 
simulate every individual of a population to almost 
any level of detail (DeAngelis and Diaz 2019). 
Each individual agent can integrate state variables 
which represent its internal states and have a 
unique record of interactions with its environment 
and other agents.  
3.4 Human factors affecting performance 
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The most important consequences of human fac-
tors concerning performance are task duration and 
error probability (Petronijevic, Etienne and Dantan 
2019). Using fundamental concepts of interactions 
between humans and systems, the relevant hu-
man factors for logistics and production systems 
are divided into four categories (Grosse, et al. 
2015): perceptual, cognitive, motor and psychoso-
cial. Due to the labor-intensive nature of logistics 
and production, which heavily relies on physical 
work, the focus is on the motor category. More 
specifically, the focus is on fatigue. The cognitive 
abilities through learning are also explored. This is 
particularly relevant in an industry that relies heav-
ily on temporary workers to answer peaks in de-
mand, with many activities showing clear learning 
curves (Glock, et al. 2019). 
4. Methodology 
In order to design a human-like operator agent to 
implement in the automated sorter project, the fol-
lowing methodology was developed. Firstly, the 
relevant factors conditioning the operator behavior 
are selected. Secondly, an existing activity in 
Worten warehouse having a similar use of human 
resources as the automated sorter project is se-
lected. Thirdly, mathematical models of the rele-
vant factors are researched and adapted to the 
case study. Fourthly, the data needed to calibrate 
the mathematical models is defined and collected. 
Fifthly, the data is used to calibrate the agent pa-
rameters. Sixthly, the mathematical models of the 
relevant factors are validated by comparison with 
the data. Lastly, the simulation model is devel-
oped. The selected activity is modelled with its 
specific characteristics matching reality. The hu-
man operator agent is designed using the cali-
brated parameters and the mathematical models 
of the factors influencing its behavior. 
4.1 Relevant factors 
After careful consideration of all possible factors in 
the literature review, two factors influencing work-
ers’ productivity are considered for this case study: 
fatigue and experience. The impact of layout, 
scheduling, task intensity and rest quality will be 
assessed through these two factors. The layout 
will determine the distances travelled, therefore in-
fluencing fatigue. Scheduling will determine the 
length of work and rest periods, therefore influenc-
ing fatigue and experience. Task intensity and rest 
quality determine the rate at which fatigue in-
creases during work and decreases during rest pe-
riods. These factors were selected using the re-
view of similar research in logistics and by 

performing informal interviews with Worten’s ware-
house operator and managers. 
The first model depicts fatigue. The changes in fa-
tigue will be translated into variable task duration, 
variable travel speed of the operator, and variable 
probability of errors. The second model depicts ex-
perience. Operators acquire experience through 
their cumulated work time. The increase in experi-
ence will be translated into reduced task length 
and lower probability of errors. 
4.2 Relevant activity 
After analyzing the implementation of the sorter 
project extensively, an existing activity taking place 
in the warehouse using human resources in a sim-
ilar manner can be selected. Once the automated 
sorter is implemented, the items will be picked 
manually, placed on the conveyor belt, and auto-
matically transported and dropped in the right box 
according to their destination. Then, operators will 
have to arrange packages into the boxes to max-
imize the utilization of space, close and push them 
onto a conveyor belt when full. This is similar to the 
put to light sorting activity of items in the prepara-
tion area of Worten’s warehouse. More specifi-
cally, this study is carried out in the PTL GRA sort-
ing area dedicated to retail stores. This activity 
concerns the PBL flow of items below 6 liters of 
volume ordered by Worten’s stores to replenish 
their stock.  
4.3 Fatigue and experience model 
The mathematical modeling of fatigue can take dif-
ferent directions. However, most researchers in lo-
gistics and warehousing opt for exponential mod-
els for fatigue (Givi, Jaber and Neumann 2015). 
Fatigue is denominated by  𝐼	Î	[0,1[, 𝑑	Î	[0,1]	 is a 
coefficient indicating the physical intensity of the 
task, and 𝑤 is the cumulated work time in hours, 
as depicted in Equation 1 (Ferjani, et al. 2015). 

𝐼(𝑤) = 1 − 𝑒!"#	 (1) 
Similarly, rest is denominated by 𝑅	Î	[0, −1[ and 
𝑟	Î	[0,1]	is a coefficient indicating the quality of the 
rest, and 𝑥 is the cumulated resting time in hours, 
as depicted in Equation 2 (Ferjani, et al. 2015). 

𝑅(𝑥) = 	𝑒!$% − 1 (2) 
The current state of fatigue 𝐹(𝑤, 𝑥) is therefore 
given by the sum of the accumulated fatigue and 
the accumulated rest.  
Many models regarding learning have been devel-
oped over the years (Glock, et al. 2019). They 
evolved to become the S-curve, adapted for ware-
house operations (Carlson 1973). 

𝑦# = 𝑦&	(𝑀 + (1 −𝑀)(𝑤 + 𝐵)!') (3) 
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𝑏 = 	− log(𝐿𝑅) / log(2)	 (4) 
In these equations, 𝑦# is the time taken to produce 
a unit after 𝑤 hours of work, 𝑦& the time to produce 
the first unit. 𝑀 represents the automation level of 
the process. 𝑀 = 0 if the process is fully manual 
and 𝑀 = 1 if the process is fully automated and not 
subject to learning. Prior experience is denoted as 
𝐵. The learning exponent is 𝑏, and 𝐿𝑅 designates 
the learning rate. 
The experience factor 𝐸(𝑤, 𝐵) corresponding to a 
change in task length after 𝑤 hours of acquired 
work experience, including 𝐵 hours of previous ex-
perience is obtained in Equation 5. 
𝐸(𝑤, 𝐵) = 	𝑦#/𝑦& = 	𝑀 + (1 −𝑀)(𝑤 + 𝐵)!' (5) 

This is particularly relevant for the case study be-
cause it integrates previously acquired experience.  
4.4 Impact on productivity and accuracy 
An adjusted task duration 𝐷( can be calculated, 
considering the state of fatigue 𝐹(𝑤, 𝑥), the state 
of experience 𝐸(𝑤, 𝐵) and the original planned 
task duration 𝐷), using a similar logic as Petroni-
jevic et al. (Petronijevic, Etienne and Dantan 
2019). 

𝐷( = D1 + 𝛼	𝐹(𝑤, 𝑥)F ∗ 𝐸(𝑤, 𝐵) ∗ 𝐷* (6) 
The coefficient 𝛼 is used to bind the effect of fa-
tigue on task duration. Similarly, the agent travel 
speed is affected by fatigue. Digiesi et al. demon-
strated that the movement speed of workers slows 
down as fatigue increases (Digiesi, et al. 2009). 
The agent travel speed is denoted 𝑆+ and 𝑆'  is the 
base travel speed without fatigue. 

𝑆+	 =	𝑆' ∗ (1 − 	a	𝐹(𝑤, 𝑥)/2) (7) 
Givi et al. developed a mathematical model esti-
mating the human error probability (HEP) when 
performing an assembly job under the influence of 
learning-forgetting and fatigue-recovery (Givi, 
Jaber and Neumann 2015). In this case, the model 
is adapted to the context of warehousing not to 
consider the forgetting aspect. The HEP is given 
by Equation 8. 

𝐻𝐸𝑃 = 	 10
log!0.5∗"𝐷𝑎𝐷0

	+	
𝐹(𝑤,𝑥)
0.99 %&

(8) 

It takes into account the adjusted task duration 𝐷(, 
and the original planned task duration 𝐷). Because 
𝐷( is a function of experience and fatigue, the HEP 
takes into account fatigue and experience. 
4.5 Data collection 
The goal of the data collection is to calibrate the 
virtual operator agent to match the characteristics 
of a real human operator operating in the PTL GRA 
activity of Worten’s warehouse. To do so, data 

showing the impact of fatigue and experience is 
collected. By fitting the fatigue and experience 
mathematical functions on the data, the parame-
ters of the curves are calibrated. These parame-
ters are then implemented in the virtual agent, and 
simulation is used to assess the impact of layout, 
scheduling, task intensity and rest quality on 
productivity and accuracy.  
The task studied must be precisely defined. The 
time to process a full tote containing a batch of 
items is measured, with the number of different 
SKUs in the batch. The full batch time is divided by 
the number of SKUs, giving an average time to 
process one SKU (composed of one or multiple 
identical items). 
To measure the impact of the fatigue level on task 
duration, the experience factor 𝐸(𝑤, 𝐵) must be 
kept constant. To do so, data is collected on a 
highly experienced operator. By measuring the dif-
ference of processing time of the first and last units 
of an experienced operator, the parameter 𝛼 is set.  
To measure the impact of experience on task du-
ration, the fatigue factor 𝐹(𝑤, 𝑥) must be kept con-
stant. To do so, the task duration of operators with 
different experience levels is measured at the be-
ginning of their shift, so that fatigue has no influ-
ence. By comparing the task durations of these op-
erators with different experience levels, their expe-
rience factor and learning rate are assessed. 
4.6 Fatigue and experience model calibration 
Using data collected on a novice and an experi-
enced operator, the parameters of the agent can 
be calibrated to fit the operations of the PTL activ-
ity in Worten’s warehouse. To fit the parameters to 
the data, trendlines are used. The function type of 
the trendline is based on the factor that is mod-
elled, exponential function for fatigue, and power 
function for experience. A trendline displays the 
global pattern of the data, which is necessary be-
cause the PTL sorting process is highly variable 
regarding processing time of a single SKU. Due to 
the high variability, the expected processing time 
provided by the fatigue and experience model is 
quite unrepresentative of the data collected when 
the data points are represented individually (for 
one SKU), instead of averaged over time periods, 
which is more representative of the average pro-
cessing time. This is why, to assess the quality of 
the fit, the r-squared indicator is used on the aver-
age processing time over periods of 30 minutes. 
The novice operator Régis had no previous expe-
rience. The data collected on this operator is used 
to calculate the learning rate 𝐿𝑅, and the base 
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duration of the PTL sorting activity, 𝐷). The effects 
of fatigue on task length are not considered in this 
case because the effects of learning are of greater 
scale than the effects of fatigue during the first 
hours of learning a new process. First, the base 
duration of the PTL sorting activity, 𝐷) is calculated 
as the average time to process a SKU during the 
first hour. The value obtained is 𝐷) = 	70,6	𝑠𝑒𝑐. 
Then, by averaging the values of the estimated 
learning rate for each of the one hour long periods, 
the learning rate obtained is 𝐿𝑅 = 0,863. Using this 
parameter, the theoretical learning curve can be 
plotted and compared to the collected data over 
the workday. 

 
Figure 1 Processing time per SKU, novice operator 

The dots represent the data collected. The orange 
line is the plot using the learning curve function 
with the learning rate set to 𝐿𝑅 = 0,863. Note that 
the origin of the time axis is set at the beginning of 
the shift. The blank zone represents lunch break. 
The blue dotted line is a power trendline of the col-
lected data in the morning (𝑟; = 0,30) and the 
green in the afternoon (𝑟; = 0,54). The plot of the 
learning curve displays a similar behavior as the 
trendlines. Overall, the plot of the learning curve is 
consistent with the data for a learning rate of 𝐿𝑅 =
0,863. The learning curve becomes a great predic-
tor just after a few hours of accumulated experi-
ence.  
The experienced operator Flavia has three years 
of experience. Her cumulated experience time is 
estimated at 𝐵 = 3	000	ℎ𝑜𝑢𝑟𝑠 (250 days a year, 4 
hours a day of performing the sorting activity). A 
full workday is 8 hours, but also consists of other 
tasks. The time to process a SKU 𝐷( with null fa-
tigue is calculated as the average time to process 
a SKU over the first hour of work, so that fatigue 
has no impact. The result is 𝐷( = 20,2	𝑠𝑒𝑐.  Know-
ing her cumulated experience and the base dura-
tion 𝐷) = 70,6	𝑠𝑒𝑐, the learning rate is 𝐿𝑅 = 0,897 
and the experience factor 𝐸 = 0,286. With 3 years 
of experience, it takes 71,4% less time to process 
a SKU compared to someone without any experi-
ence. This result is consistent with the LR calcu-
lated for the novice operator. 

To calibrate the fatigue factor, the fatigue binding 
factor 𝛼, the rest quality factor 𝑟 and the task inten-
sity factor 𝑑 must be estimated. The data collected 
is graphed along with exponential trendlines. The 
approximated fatigue curve is graphed, and its pa-
rameters are adjusted to fit the trendline.  

 
Figure 2 Processing time per SKU, expert operator 

The red curve represents the fatigue curve approx-
imation once the parameters are calibrated to fit 
the trendlines. The blue dotted line is an exponen-
tial trendline of the data in the morning (𝑟; = 0,38) 
and the green in the afternoon (𝑟; = 	0,30). The fa-
tigue curve approximation and the trendline match 
well. However, in this model the task intensity fac-
tor is constant, and the fit is not as accurate for the 
afternoon period. The fatigue curve is slightly 
above the trendline, meaning that fatigue did not 
affect the operator as much as expected. Now, the 
fatigue binding factor 𝛼 can be estimated. The av-
erage time to process a SKU during the last hour 
of the day is  23,6	𝑠𝑒𝑐. This is an increase of 16,8% 
in processing time compared to the first hour. The 
operator estimated that their fatigue level was 
around 40% at the end of the day. Therefore, a fa-
tigue level of 100% would induce an increase in 
processing time of 42%. The fatigue binding factor 
is set to 𝛼 = 0,4 so that the maximum effect of fa-
tigue is an increase of 40% of task length. Using 
the data collected and the fatigue curve approxi-
mation, the fatigue and rest factors were estimated 
by fitting the fatigue curve as accurately as possi-
ble on the trendlines. The results obtained are 𝑟 =
0,25 and 𝑑 = 0,20.  
4.7 Fatigue and experience model validation 
The parameters of the model regarding the fatigue 
and experience factors are now calibrated. The 
model is now tested by collecting data on a third 
operator, Carla, who has almost 2 years of experi-
ence. The test consists in comparing the data col-
lected on Carla to the fatigue and experience 
curves plotted using the parameters calibrated on 
Régis and Flavia’s data. This will test the quality of 
the model and its adaptability to other operators 
with different levels of experience and on different 
schedules. 
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Using the parameters set by Régis and Flavia, 
Carla’s experience factor 𝐸 and expected average 
time per SKU 𝐷( can be estimated. The results ob-
tained for an experience level 𝐵 = 1	800	ℎ𝑜𝑢𝑟𝑠 are 
𝐸 = 0,310 and 𝐷( = 21,88	𝑠𝑒𝑐. The expected task 
duration taking into account fatigue and experi-
ence according to the work schedule is graphed.  

 
Figure 3 Processing time per SKU, Flavia 

The blue dotted line represents the exponential 
trendline of the data in the morning (𝑟; = 	0,33), 
and the green in the afternoon (𝑟; = 	0,64). The 
grey line is the task length prediction taking into 
account Carla’s experience and based on the pa-
rameters calibrated using Régis and Flavia’s data. 
Overall, the prediction is a good approximation of 
the trendlines, except that the rest period has not 
been as effective as expected. Indeed, task length 
after lunch was expected to be lower. 
4.8 Simulation model development 
The model is developed using AnyLogic, a multi-
method simulation software supporting different 
modeling paradigms. It provides a powerful plat-
form for creating simulations and conducting com-
plex analysis of systems. This model is composed 
of the main environment, and two agent popula-
tions operators and packages. The main environ-
ment sets up the process through which agents 
evolve. Each agent category has specific parame-
ters, variables and functions. The focus of this 
study is the operator agent, which is developed to 
contain internal variables setting tasks duration 
and mistake probability and can therefore be 
adapted for other applications. However, due to its 
complexity, it won’t be explored in detail.  
Main environment 
The main environment models the PTL activity. 
The package agent uses the operator agent as a 
resource to complete a task. The main environ-
ment is composed of the process, the space 
markup, and the agent components. The PTL ac-
tivity process is represented as follows. 

 
Figure 4 PTL activity simulation process 

First, the packageSource generates totes contain-
ing a customizable number of packages at custom-
izable arrival times. If an operator is idle, he is 
seized and starts the process. He picks up and 
scans the item, modeled by the preparation delay 
block. Then, he moves to one of the 24 boxes of 
the PTL activity. The box is chosen randomly, with 
each box having an equal probability of being se-
lected. In Worten’s PTL activity, the most visited 
boxes are placed closer to the operator to mini-
mize distances travelled. Once the operator ar-
rives at the box, he performs the activity, by putting 
the corresponding number of items in the box and 
pushing the button to confirm the drop off. This is 
represented by the delay block putToLight. From 
this point, the operator goes through three selec-
tOut blocks, defining 4 scenarios: there is another 
box to visit for this SKU, there is a full box to close, 
the operator notices a mistake, or there is no other 
box to visit for this SKU. The probability of being 
redirected by the first block is 65%, corresponding 
to visiting on average 2,8 boxes for each SKU pro-
cessed. The probability of being redirected by the 
second block to close a box is 10,5%. These num-
bers are based on the data collected on the oper-
ator Flavia. The probability of being redirected by 
the third selectOut block is set by the human error 
probability function. Depending on the operator’s 
fatigue and experience levels, this number varies 
between 0,3 and 0,8%. However, this number 
does not represent the errors measured by the re-
tailers receiving the boxes of packages from the 
PTL activity. Instead, it represents the number of 
mistakes noticed during the process and corrected 
right away. Worten’s business intelligence team 
estimates the percentage of error in the PTL retail 
sector to be around 0,11% in 2022. These errors 
are only noticed once the retailers receive and 
check the contents of the box. It is therefore as-
sumed that around one out of five mistakes are not 
noticed and cannot be corrected right away. 
The time spent in travel blocks depends on travel 
speed (influenced by fatigue level) and on the dis-
tance to travel (determined by the layout). Using 
the space markup category of AnyLogic, the phys-
ical layout of the environment is modelled.  

 
Figure 5 Space markup PTL 

The PTL boxes are represented by black rectan-
gular nodes arranged in two rows facing each 
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other. 24 boxes of dimension 50x60cm are repre-
sented. The travel path is represented by the blue 
dashed lines. The green tote contains the pack-
ages. 
Agent operator 
The operator agent represents a human operator 
in the PTL activity. The agent has been designed 
in such a way that it calculates task duration and 
error probability according to its own internal state 
of fatigue and experience. That way, this agent can 
be easily adapted for other logistics applications.  
4.9 Conclusions 
Using the data collected on two operators Régis 
and Flavia with different levels of experience per-
forming the same PTL sorting task, the parameters 
of the fatigue and experience factors were cali-
brated and modelled. Then, the expected perfor-
mance of a third operator, Carla, was estimated 
using the previously calibrated model. By collect-
ing data on Carla, the model estimates were con-
firmed to accurately represent the performance of 
the operator through the day. They provided accu-
rate task duration estimates, based on the opera-
tor’s experience and fatigue level. The methodol-
ogy to calibrate and validate the model has been 
demonstrated. It can now be applied to any similar 
activity, such as the automated sorter project. The 
parameters values estimated for the PTL activity 
are expected to be similar to the ones representing 
the sorter project. The two activities use human re-
sources in a similar way, with operators performing 
comparable tasks. 
5. Results analysis 
This chapter consists of the presentation and anal-
ysis of the results obtained from the simulation 
model. Using the calibrated virtual operator in a 
simulation model of Worten’s PTL GRA retail sort-
ing activity, the impact of the environment on the 
operator’s behavior is studied. More specifically, 
the impact of changes in schedules, experience 
level, task intensity, rest quality and layout are 
studied. Based on this study’s objectives, two met-
rics are defined. First, operator throughput meas-
uring the average number of SKUs processed per 
hour. Second, operator accuracy measuring the 
probability of making a mistake. Scenarios repre-
sentative of Worten’s activity are studied.  
5.1 Schedule and operator experience  
This scenario is used to measure the impact of 
scheduling and experience on productivity and ac-
curacy. It simulates operators with different levels 
of experience on various demand levels. Worten is 
subject to seasonal variations in demand for its 

products. The year can be divided into four sea-
sons for which four schedules with their corre-
sponding work time are considered: low (4 hours), 
average (6 hours), high (8 hours) and extreme de-
mand (10 hours). 

 
Figure 6 Simulation schedules 

The experiences levels are as follow: novice (a 
week, B=20 hours), proficient (1 year, B=1000h), 
and expert operator (3 years, B=3000h). 
5.2 Task intensity and rest quality 
This scenario is used to measure the impact of 
task intensity and rest quality on productivity and 
accuracy. Task intensity and rest quality impact 
the fatigue level, which in turn impacts task dura-
tion, travel time and error probability. The operator 
is an expert so that learning has no impact, and the 
demand is average to simulate a typical day.  
Firstly, task intensity is tested on three different 
levels: 0,2, 0,4 and 0,6. The first is the value found 
using the collected data, the second represents a 
more physically demanding activity and the third is 
a very intense activity (induces a fatigue of 70% 
after 2 hours). Secondly, rest quality is tested on 4 
levels: 0, 0,25, 0,5 and 0,75. In the first case, rest-
ing has no impact on fatigue. The second is the 
value found using the collected data. The third and 
last represent a high rest quality. 
5.3 Layout 
This scenario is used to measure the impact of lay-
out on productivity and accuracy. The layout deter-
mines the distance travelled by the operator to 
reach the boxes. It is changed by assuming differ-
ent sizes for the boxes. In the warehouse, the 
boxes are around 50 cm wide, taking into account 
a small gap between each box. There are 12 boxes 
next to each other on each side of the alley. The 
alley is therefore 6 meters long in this base sce-
nario. Two other box widths are studied, 30 and 70 
cm, altering the alley’s total length. The operator is 
an expert so that learning has no impact, and the 
demand is average.  
6. Results analysis and discussion 
This chapter consists in the analysis of the simula-
tion results. 
 
 
 
 
 

08
:00

09
:00

10
:00

10
:20

11
:20

12
:20

13
:20

14
:20

15
:20

15
:40

16
:40

17
:40

18
:00

19
:00

20
:00 Demand 08

:00
09
:00

10
:00

10
:20

11
:20

12
:20

13
:20

14
:20

15
:20

15
:40

16
:40

17
:40

18
:00

19
:00

Low
Average

High

Extreme
Break 1 Lunch Break 2 Break 3



 9 

6.1 Schedule and operator experience 
Results on the impact of schedule and experience 
on throughput are presented in Table 1. 

Table 1 Impact of schedule and experience on throughput 

 
A novice operator’s average throughput goes 
down by 5% changing from low to extreme de-
mand. The change is 7% for an expert. This differ-
ence is due to the novice operator benefiting from 
reduction in processing time due to learning. On an 
average demand, the proficient operator pro-
cesses 50% more units than the novice, and the 
expert 57%. Results on the impact of schedule and 
experience on accuracy are presented in Table 2. 

Table 2 Impact of schedule and experience on accuracy 

 
A novice operator has a 0,52% chance of making 
a mistake while processing a SKU during a low de-
mand day. This number climbs up to 0,74% during 
extreme demand. This is because the error proba-
bility increases with fatigue. On an average day, a 
novice has 0,63% of making a mistake, versus 
0,44% for an expert, which is a 30% decrease.  
6.2 Task intensity and rest quality 
Figure 7 depicts the impact of task intensity. 

 
Figure 7 Influence of task intensity on fatigue level  

With a task intensity of 0,2 the operator ends the 
workday with a fatigue level of 0,52. When set to 
0,4 this number climbs up to 0,80, and to 0,90 for 
an intensity of 0,6. This level of fatigue directly im-
pacts the operator throughput. A fatigue level of 1 
corresponds to an increase in task duration of 
40%. By the end of the day, the production for the 
0,4 and 0,6 task intensities are respectively 6 and 
10% lower compared to the 0,2 task intensity. Sim-
ilarly, accuracy is down by 0,16 and 0,21%.  
 

Figure 8 shows rest quality impact on fatigue. 

 
Figure 8 Influence of rest quality on fatigue level 

With a rest quality of 0,75, the operator’s fatigue 
level reaches 0 after lunch break. In this case 
study, the rest quality is estimated at 0,25, giving 
an estimated fatigue level of around 0,3 after 
lunch. By the end of the day, the production for the 
0 rest quality is 4,7% lower compared to the 0,5 
rest quality. Similarly, accuracy is down by 0,16%. 
6.3 Layout 
The layout impacts the distance travelled, and 
therefore the processing time. The impact of vari-
ations in box sizes is depicted in Table 3. 

Table 3 Impact of layout 

 
Taking the 50cm box as the reference situation, 
throughput is down 17% for the 70cm box, and up 
23% for the 30cm box. The distance travelled is 
down by 25% for the smaller boxes, and up 15% 
for the larger ones. This translates into a diminu-
tion in processing time per SKU of 18% for the 
smaller boxes and an increase of 21% for the 
larger boxes. More interestingly, the operator trav-
els 9, 14,8 and 20,6 meters for each SKU respec-
tively for the small, medium and large box. Note 
that this simulation does not take into account the 
fact that smaller boxes have to be closed and re-
placed more often, and larger boxes less often.  
6.4 Conclusions 
The operator’s productivity and accuracy are influ-
enced by fatigue and experience. Fatigue de-
creases productivity and accuracy. Experience in-
creases productivity and accuracy. Fatigue is de-
termined by the intensity of the task, the quality of 
the rest, the layout, and the schedules. The inten-
sity of the task reflects the physical strain or fatigue 
induced by work. The quality of the rest reflects the 
impact of resting on fatigue. The layout determines 
the distances travelled. The schedules define the 

Novice Proficient Expert
Low 101,0 148,3 161,3

Average 99,2 144,2 155,7
High 97,9 137,3 150,4

Extreme 95,7 136,2 150,4

THROUGHPUT 
(SKU/hour)

Operator experience
De

m
an

d 

Novice Proficient Expert
Low 99,48% 99,64% 99,67%

Average 99,37% 99,53% 99,56%
High 99,30% 99,46% 99,49%

Extreme 99,26% 99,42% 99,45%De
m

an
d 

ACCURACY  (%) Operator experience

Metrics Units 30cm 50cm 70cm
Throughput SKU/h 287,5 233,5 193,3
Accuracy % 99,56% 99,56% 99,56%
Avg process time sec/SKU 18,7 23,0 27,7
SKUs processed SKU 1150 934 773
Distance travelled m 10.357     13.847     15.933     
Distance per SKU m/SKU 9,0           14,8         20,6         
End fatigue level 0,52 0,52 0,52

Average demand, expert Box size
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work and rest periods. Experience is determined 
by the schedule and the accumulated work hours. 
7. Conclusions, limitations, future work 
In conclusion, a virtual agent imitating operators’ 
behavior and sensitivity to their environment in the 
context of warehousing using agent-based model-
ing, allowing the measure of productivity and accu-
racy influenced by various environment control 
variables was created. This agent was developed 
and calibrated for the Worten case study based on 
an existing sorting operation, the PTL sorting ac-
tivity of the preparation area dedicated to retail, 
which uses human resources in a similar way as 
the automated sorter project. The agent can be 
used for future work to define the key characteris-
tics of the equipment and required workforce to op-
erate the automated sorter using agent-based sim-
ulation.  
It is important to highlight the limitations of this 
study. The first limitation concerns the data collec-
tion and the calibration of the model. Data was col-
lected on two operators for calibration, and one for 
validation. A larger sample would provide more ac-
curate results. The second limitation resides in the 
complexity of human behavior and interactions 
with the environment. Modeling human character-
istics is important, as demonstrated, but highly 
complex. While many factors influence human be-
havior, only two were selected. The third limitation 
is that the PTL retail sorting activity uses human 
resources in a similar but not identical way as the 
automated sorter.  
The agent can now be implemented in the simula-
tion of the automated sorter developed by 
Worten’s engineering and logistics teams. The 
sorter project will benefit from integrating the vir-
tual operator by providing a more realistic and ac-
curate modeling of human resources. 
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