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A B S T R A C T

E-waste from end-of-life electrical and electronic devices is one of the fastest growing waste streams from
households and businesses. E-waste recycling yields environmental sustainability and economic benefits. Due
to continuous changes in e-waste types and compositions, recycling businesses face challenges to optimize
their operational configuration to achieve better economic and environmental performance. To help e-waste
recyclers mitigate this problem, we have developed a modular decision support tool called the Comprehensive
Manufacturing Assessment Tool (CMAT) that can simulate both e-waste recycling operations and economics.
This tool can give valuable insights regarding the profitability of the entire operation and different e-waste
types. In addition, a new bio-inspired metaheuristic optimization algorithm, hen-and-chicks optimization
(HACO), was developed to assign manpower to different workstations to maximize operational efficiencies.
According to the results of our case study, laptops, desktops, and computer peripherals are the three electronic
waste products that produce the most profit. Our examination of the sensitivity of material prices shows that
the price of steel has the most significant influence on total profit, because it is the most widely used material
in the majority of electronic devices. We have released the decision support tool as open-source software
under a general public license. It could be customized for other recycling industries beyond e-waste to achieve
business sustainability by making their operations more efficient.

1. Introduction

In 2019, 53.6 million metric tons of electronic waste (‘‘e-waste’’)
were generated globally [1] with projections showing e-waste genera-
tion reaching ∼110 million metric tonnes by 2050 [2]. Yet, only 9.3
million metric tons of e-waste or 17.4% were recycled in 2019 [3]. E-
waste is regarded as one of the fastest growing solid waste streams and
developed countries have been taking steps to address waste manage-
ment of this stream [2]. Addressing the e-waste stream is paramount
because e-waste recycling yields environmental, health, and economic
benefits [2,4]. First, e-waste contains hazardous substances, including
mercury, brominated flame retardants, and chlorofluorocarbons — all
of which end up in the environment if improperly disposed [4,5].
Second, these substances are subject to human exposure when e-waste
is landfilled with other municipal solid waste [3]. Third, e-waste may
also contain up to 60 to 69 desirable elements, including precious
metals and critical raw materials, which may be recovered during the
recycling process [3,6]. Additionally, they are sometimes present at
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concentrations higher than in the traditionally mined ore [7]. For these
reasons, it is desirable to create and implement sustainable e-waste
recycling processes worldwide.

At its backbone, the e-waste recycling process consists of a series
of stages designed to receive, store, sort, dismantle, shred, separate,
and recover materials from e-waste [8]. Within this process, various
inefficiencies can pose limitations to its profitability. To combat these
limitations, in the United States (U.S.), legislation exists in 25 states
that pass the costs of mandated recycling to consumers or manufac-
turers to offset the cost of e-waste recycling [9,10]. Mandates vary
by state with the two main program types being Extended Producer
Responsibility (EPR) and Advanced Recovery Fee (ARF) [10]. While
the responsibility of cost in the EPR is defined as a manufacturer’s re-
sponsibility, the ARF system places the responsibility on the consumer.
However, it should be noted that in the EPR system, the recycling cost
is likely passed to the consumer in terms of higher product prices.
Therefore, it can be inferred that reducing e-waste recycling costs will
help reduce product prices.
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Fig. 1. High-level diagram of the architecture of the decision support tool.

There have been many past studies and models that have focused
on decision support systems and decision analysis models [11–14].
In recent times, researchers have shown increased interest in ma-
chine learning-based decision support systems [15–18] and computer
simulation-based decision support systems [19–23], which have gained
popularity due to their effectiveness and efficiency. Narrowing down
from broadscale decision support systems, many studies [24–29] have
shown that data-driven decision-making to attain cost efficiency is ex-
tremely important for business sustainability during and post COVID-19
pandemic. Cost efficiency is especially important for e-waste recy-
cling as evidenced by the varying U.S. recycling legislation required
to encourage e-waste recycling. Investigation into the details of e-
waste recycling costs revealed a common theme for larger impacts on
recycling costs. In a survey of ten liquid crystal display (LCD) recycling
companies worldwide, D’Adamo et al. found that labor has a significant
weight in plant operating costs [30]. Kang and Schoenung revealed
that the greatest costs in e-waste recycling were materials and labor in
California in the U.S. [31]. Dias et al. showed that labor represents over
90% of the first stage (sorting, dismantling, and shredding) recycling
cost in Australia [32]. With labor being identified as one of the key
cost components of e-waste recycling, optimization of manpower could
play an important role to reduce e-waste recycling costs.

A variety of different studies have been conducted that analyze
many different aspects related to e-waste recycling spanning from mate-
rial flow analysis to life cycle assessment to reverse logistics. To start,
previous studies have modeled the process flow of recycling material
for economic and material recovery purposes. Wolf et al. developed a
network flow model to optimize the material recovery, material grade,
material mass flow, and ordering of multi-stage material separation in
a recycling system [33]. Ip et al. implemented a network flow model
to evaluate the performance of material separation in a material re-
covery facility to enhance profit, efficiency, and material recovery rate
[34]. Many groups have investigated e-waste reverse logistics spanning
topics from e-waste reverse logistics system evaluation and framework
development to e-waste reverse logistics network design decisions [35].
For instance, system evaluation and framework development included
work that examined legislative requirements, cost and profitability,
qualitative evaluation frameworks, and life cycle assessments [36–
38]. Network design decision included work to minimize the cost of
recycling and help determine optimal facility locations and material
flow in the system [39–44].

The existing literature on e-waste recycling processes does not
adequately address the need for a comprehensive analysis tailored to
individual e-waste recyclers. While some studies have examined certain
aspects of e-waste recycling, such as the environmental impact, they
have not taken into account the modular process model required to
optimize the process for a specific recycling operation. Additionally,

the relationship between the composition of e-waste and the economics
of the recycling process has not been fully explored. There is need
for a decision support tool for e-waste recycling companies which is
easy to use with a graphical user interface (GUI) that meets the above
analytical needs. Therefore, this study aims to fill this research gap
by developing a modular process model that identifies material flow
bottlenecks, assesses process and economic inefficiencies, and analyzes
the recycling economics of different e-waste types.

The contributions of this study can be summarized as follows.
First, we developed a modular decision support tool to simulate e-
waste recycling processes that can evaluate the performance of a given
process layout and identify bottlenecks. Second, an economic model
was integrated into the tool which can run independently or can utilize
the results of the process model as input and perform profitability
analysis for different streams of e-wastes. Third, we introduced a new
bio-inspired optimization algorithm called hen-and-chicks optimization
(HACO) and successfully employed it in the process model to automat-
ically optimize manpower in workstations to maximize output. Fourth,
we developed a no-code GUI for users without computer programming
knowledge. Users with knowledge on Microsoft Excel should be able
to use the tool. Finally, we released our tool as open-source software
under a general public license at this repository— https://github.com/
mamunur-ipe/CMAT, so that e-waste recycling companies can use it
for free and developers can customize the tool, potentially, for other
recycling industries to achieve business sustainability.

The remaining parts of this article are structured as follows: Sec-
tion 2 explains the methodology used in this study, which involves
the development of a process model, selection of an optimization
algorithm, integration of an economic model with the process model,
and development of a GUI for the decision support tool. In Section 3, a
case study is presented which uses real data from an e-waste recycling
company to demonstrate the tool’s application. Section 4 discusses the
results obtained from the tool for both the base case and alternative
layout scenarios of our case study. In addition, this section provides
the outcomes of the sensitivity analysis of various factors on profit,
and concludes with a discussion of managerial implications, limitations
of the study, and future research directions. Finally, Section 5 offers
concluding remarks on the study.

2. Methodology

Fig. 1 shows the high-level diagram of the decision support tool.
There are two primary components in the tool – (1) process model
and (2) economic model. The process model simulates the shop floor
of the e-waste recycling plant, and the economic model evaluates the
economic performances of both processing and overall business perfor-
mance. We integrated the economic model with the process model so
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that processing outputs can become inputs for economic calculation if
the users choose this option. Otherwise, the economic model can also
be run independently using the user’s inputs from a Microsoft Excel
file and GUI. We used the Python programming language and different
Python-based libraries including SimPy [45], NumPy [43], PyQT [46],
and Matplotlib [47] for the development of the decision support tool
and the GUI. Detailed descriptions of the process and economic models
are provided below.

2.1. Process model

We developed a discrete-event simulation tool under this process
model. The tool can simulate the operations of e-waste recycling op-
erations. There are five key attributes of the process model. First, the
model can read the necessary input data from an excel file. Second,
the model is modular in nature. The number of workstations and the
layout of the recycling operations can be changed easily in the input
excel file. Third, the model can minimize the overall processing cost
by allocating manpower to different workstations. Last, the model au-
tomatically captures the relevant statistics, export results, and generate
plots without additional steps or coding.

To achieve the modularity feature of our model, we followed the
Object-Oriented Programming approach to create five types of classes.
A brief description of the classes with initial attributes are described as
follows:

Storage area: Here the collected e-waste raw materials, work in pro-
cess (WIP), and finished goods are stored. Some of the attributes
defined under this class include the name of the storage area, storage
capacity, number of laborers, labor wage rate, labor cost, and capacity
utilization.

Manual workstations: These workstations are manual labor depen-
dent. There are three types of manual workstations— (1) sorting station
where initial sorting is performed, (2) refurbishing station where func-
tional electronic products are refurbished for resale to customers, and
(3) dismantling station where electronic products are dismantled for
further processing. The capacity of these workstations is defined by
the processing capacities of the labor. Some of the attributes defined
under this class include the name of the workstation, capacity, product
processing time, input queue, output queue, busy time, idle time,
capacity utilization, output, number of laborers, labor wage rate, and
labor cost.

Machines: In e-waste recycling, different types of machines are used
like shredder, ring mill, magnetic sorting, and so on. Some machines
require operators (e.g., shredder) while others do not (e.g., ring mill).
The maximum capacity is defined by its material processing capacity.
Some of the attributes defined under this machine class include the
name of the machine, input queue, output queue, processing capacity,
cycle time, energy consumption rate, amount of energy consumed,
number of operators, operator wage rate, busy time, down time, idle
time, capacity utilization, labor cost, and energy cost.

Material handling equipment: To transfer material from one location
to another location, different types of material handling equipment are
used. Some of the common material handling equipment used in e-
waste recycling plants are conveyors, trolleys, and forklifts. Some of
the attributes defined under this class include loading point, unloading
point, moving capacity, amount of transported materials, and capacity
utilization.

Product: The e-waste collected for recycling can be categorized into
nine major categories — cathode ray tube (CRT) television (TV), CRT
monitor, LCD TV, LCD monitor, desktop, laptop, printer, small con-
sumer electronics, and computer peripherals. Depending on the source,
e-waste can be collected from residents or businesses. Some of the
attributes defined under this class include the name of the product,
collection source, product total mass, battery mass, CRT tube mass, and

so on. The related product mass data of each category of e-waste come
from a user-input excel file.

Fig. 2 depicts the development of the process model simulation
workflow. We used Python programming language to develop the
process simulation module titled ‘process_model.py’. Inside this mod-
ule, we created a class called ‘Warehouse’ where we defined different
methods to perform the following four tasks:

(1) Data Query: At the beginning of the simulation, we perform the
data query to collect the necessary data. The data relating to
storage areas, manual workstations, machines, material handling
equipment, and products come from a user-provided excel file.
Only the data related to simulation time comes from the GUI.

(2) Process Model Generation: In this step, different classes are
called under the ‘buildSystem’ method under the ‘WareHouse’
class and the necessary number of instances (simulation enti-
ties) of storage areas, manual workstations, machines, material
handling equipment are created with necessary initial attributes.
The connections between the simulation entities and the overall
layout of the process are created by analyzing the input data.

(3) Model Simulation: We utilized the SimPy library [45], a Python
programming language-based discrete-event simulation frame-
work, to create the simulation environment. In the simulation
environment, the storage areas, workstations, machines, and
material handling equipment are defined as shared resources and
the e-waste products are the active components that utilize the
shared resources. The simulation period is defined by the user’s
input.

(4) Results: The process model collects necessary statistics while
running the simulation. We utilized the Matplotlib library [47],
a Python programming language-based data visualization pro-
gram, to display the results to the users. We used the Pandas
library [48], a Python-based data manipulation and analysis
program, to export the summary statistics as a comma-separated
values file for future uses.

2.2. Optimization of the process model

We have developed a new bio-inspired metaheuristic algorithm for
optimizing the allocation of manpower in different workstations in the
process model to maximize outputs and minimize processing costs. The
development of the optimization algorithm used in the process model
can be best described as an analogy regarding the food-searching be-
havior of chickens. Chickens primarily rely on visual, auditory inputs,
and their sense of smell to search for food [49]. A mother hen along
with her chicks search for food as a team. As soon as a team member
finds food, the mother hen guides the rest of her chicks to that location
and keeps exploring nearby places for new food sources. At times,
some of the chicks isolate themselves from the flock temporarily and
search for food randomly. Sometimes they are successful to find food
and other chicks join them. A sample orientation of the hen and her
chicks is illustrated in Figure S1 of the supplementary document. This
flock intelligence inspired us to design a new algorithm for optimization
titled ‘‘HACO’’. A description of the HACO algorithm can be found
below.

2.2.1. Algorithm
Step 1 (Initialization of the population)

a. Initialize a population of chickens randomly based on Eq. (1) and
define the associated parameters, including population size 𝑁 ,
the maximum number of iterations 𝑘, and percentage of random
chickens 𝑓 , where 𝑁, 𝑘 ∈ 𝑍+ and 𝑓 ∈ 𝑄.

𝑋 = 𝐿𝐵 + 𝑟 ∗ (𝑈𝐵 − 𝐿𝐵) (1)
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Fig. 2. Development of the process model simulation workflow.

Here 𝑋 is the position of the chickens, which represents poten-
tial solutions to the optimization problem. The search space is
bounded by 𝐿𝐵 and 𝑈𝐵, which are the lower and upper bounds,
respectively, of the variable values that the chickens’ positions
can take. These bounds help constrain the search and ensure
that the solutions found are feasible. Additionally, 𝑟 represents
a random number where 𝑟 ∈ [−1, 1].

b. Rank the chickens based on fitness (objective function) values
and find the best position (solution) 𝑋𝑏𝑒𝑠𝑡 in the flock. The hen

takes the best position 𝑋𝑏𝑒𝑠𝑡 in the flock and guides the rest of
the members to explore food.

Step 2 (Chicks are guided by the mother hen)

a. Find the new positions of the chicks based on Eq. (2)

𝑋′ = 𝑋 + 𝜑𝑖 ∗ 𝑟 ∗ (𝑋𝑏𝑒𝑠𝑡 −𝑋) (2)

Here 𝑋′ is the new position of the chickens, and 𝜑𝑖 is the
step size of the chickens during movement which is defined by

4



M.M. Rahman, R. Nguyen, M. Severson et al. Decision Analytics Journal 7 (2023) 100216

Eq. (3).

𝜑𝑖 = 𝑆𝑚𝑎𝑥 +
(

𝑆𝑚𝑖𝑛 − 𝑆𝑚𝑎𝑥
𝑘

)

∗ 𝑖 (3)

Here 𝜑𝑖 is the step size at iteration 𝑖, 𝑆𝑚𝑖𝑛 is the minimum step
size, and 𝑆𝑚𝑎𝑥 is the maximum step size where 𝑆𝑚𝑖𝑛, 𝑆𝑚𝑎𝑥 ∈ [0, 1]
and 𝑆𝑚𝑖𝑛 < 𝑆𝑚𝑎𝑥. As per this equation, initially, the step size is
bigger, and it gradually decreases with iterations. This means
that initially when a chicken finds a food source, it runs to
the food very fast, and over time it reduces its speed as it gets
closer to the food. It establishes an important characteristic of
our algorithm. In the beginning, the algorithm hunts the search
space in ‘exploration’ mode with larger steps and it switches to
the ‘exploitation’ mode at the later stage of the iterations with
smaller steps.

b. Make sure that the new positions of the chickens are within
bounds:

i. if 𝑋′ < 𝐿𝐵 then 𝑋′ ← 𝐿𝐵
ii. if 𝑋′ > 𝑈𝐵 then 𝑋′ ← 𝑈𝐵

c. Perform greedy selection based on the fitness value. If the new
position of a chick is not better, then go back to the previous
position:

i. For minimization problems: if 𝑓
(

𝑋′) > 𝑓 (𝑋) 𝑡ℎ𝑒𝑛 𝑋′ ←

𝑋
ii. For maximization problems: if 𝑓

(

𝑋′) < 𝑓 (𝑋) 𝑡ℎ𝑒𝑛 𝑋′ ←

𝑋

Step 3 (Chicks are guided by their peers)

a. Chicken within flock: Update positions of the chicks based on
Eq. (4)

𝑋′ = 𝑋 + 𝜑𝑖 ∗ 𝑟 ∗ (𝑋𝑟𝑎𝑛𝑑𝑜𝑚_𝑜𝑡ℎ𝑒𝑟_𝑐ℎ𝑖𝑐𝑘 −𝑋) (4)

Here 𝑋𝑟𝑎𝑛𝑑𝑜𝑚_𝑜𝑡ℎ𝑒𝑟_𝑐ℎ𝑖𝑐𝑘 is the position of a randomly selected
chick in the flock.

b. Random chicken: Find new positions of the temporarily isolated
random chicks from the main flock based on Eq. (5).

𝑋′ = 𝐿𝐵 + 𝑟 ∗ (𝑈𝐵 − 𝐿𝐵) (5)

c. Make sure that the new positions are within bounds

i. if 𝑋′ < 𝐿𝐵 then 𝑋′ ← 𝐿𝐵
ii. if 𝑋′ > 𝑈𝐵 then 𝑋′ ← 𝑈𝐵

d. Perform greedy selection based on the fitness value. If the new
position is not better, go back to the previous position

◦ For minimization problems: if 𝑓
(

𝑋′) > 𝑓 (𝑋) 𝑡ℎ𝑒𝑛 𝑋′ ←

𝑋
◦ For maximization problems: if 𝑓

(

𝑋′) < 𝑓 (𝑋) 𝑡ℎ𝑒𝑛 𝑋′ ←

𝑋

Step 4 (Termination)
Repeat steps 2 and 3 until the algorithm meets any of the following

stopping conditions:

a. The maximum number of iterations 𝑘 is complete.
b. There is no improvement of the objective function for the last 𝑚

iterations where 𝑚 ∈ 𝑍+ and 𝑚 < 𝑘.

The performance of HACO algorithm for optimization problems com-
pared to well-known metaheuristics such as genetic algorithm and par-
ticle swarm optimization are discussed in the supplementary document
(Table S1).

2.2.2. Manpower allocation optimization
Our decision support tool offers assistance to managers of e-waste

recycling facilities in optimizing their workforce allocation. This op-
timization aims to reduce costs and increase profits, with labor costs
being a significant factor affecting the overall operational costs of U.S.
recycling companies, as noted by D’Adamo et al. [30]. Managers often
encounter the challenge of assigning manpower to workstations in a
manner that minimizes costs while maximizing profits.

Our discrete-event process simulation model incorporates various
costs associated with the processing of e-waste products, including
sorting, dismantling, shredding, and CRT tube and battery processing,
as well as factory overhead, as outlined in Eq. (6). The model calculates
the processing cost per pound of e-waste using Eq. (7). The process sim-
ulation model effectively tracks the flow of materials between different
stations and monitors all types of costs associated with the process.
Upon completion of the simulation, the model generates the overall
processing cost per pound of e-waste.

𝑇 𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡 = 𝐶𝑠𝑜𝑟𝑡 + 𝐶𝑑𝑖𝑠𝑚𝑎𝑡𝑛𝑙 + 𝐶𝑠ℎ𝑟𝑒𝑑 + 𝐶𝑐𝑟𝑡 + 𝐶𝑏𝑎𝑡𝑡𝑒𝑟𝑦 + 𝐶𝑓𝑜 (6)

𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑐𝑜𝑠𝑡 𝑝𝑒𝑟 𝑝𝑜𝑢𝑛𝑑 = 𝑇 𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡
𝑂𝑢𝑡𝑝𝑢𝑡 (𝑖𝑛 𝑙𝑏𝑠)

(7)

Here 𝐶𝑠𝑜𝑟𝑡 is sorting cost, 𝐶𝑑𝑖𝑠𝑚𝑎𝑡𝑛𝑙 is dismantling cost, 𝐶𝑠ℎ𝑟𝑒𝑑 is shred-
ding cost, 𝐶𝑐𝑟𝑡 is CRT processing cost, 𝐶𝑏𝑎𝑡𝑡𝑒𝑟𝑦 is battery processing cost,
and 𝐶𝑓𝑜 is factory overhead.

The optimization problem of assigning manpower on workstations
can be formulated as below:

Minimize Processing cost per pound
Subject to
∑

𝑖∈𝑊
𝑂𝑖 ≤ 𝑁 (8)

𝑂𝑖 ≤ 𝑛𝑖 ∀𝑖 ∈ 𝑊 (9)

𝐿𝐵𝑖 = 0 ∀𝑖 ∈ 𝑊 (10)

𝑈𝐵𝑖 = 𝑛𝑖 ∀𝑖 ∈ 𝑊 (11)
𝑁, 𝑛𝑖 ∈ 𝑍+

Here, the decision variable 𝑂𝑖 represents the number of operators
assigned to workstation 𝑖. The set of workstations that require operators
to operate is denoted as 𝑊 , while 𝑛𝑖 indicates the available number
of operators to work at workstation 𝑖. 𝑁 denotes the total number of
available operators. Furthermore, 𝐿𝐵𝑖 indicates the minimum number
(lower bound) of operators that can be assigned at workstation 𝑖, and
𝑈𝐵𝑖 indicates the maximum number (upper bound) of operators that
can be assigned at workstation 𝑖. Finally, 𝑍+ represents the set of all
positive integers. Eq. (8) guarantees that the total number of operators
assigned to different workstations does not exceed the total number
of available operators. Eq. (9) ensures that the number of operators
assigned to a workstation does not surpass the available number of
operators possessing the necessary skills to operate at the workstation.
Eqs. (10) and (11) define the search space’s boundaries. It can be noted
that if no operator is assigned to a manual workstation, it indicates that
the workstation is eliminated.

The alternative formulation of the above optimization problem is as
follows:

Minimize Processing cost per pound + 𝑃 (12)
Subject to

𝑃 =

⎧

⎪

⎨

⎪

⎩

𝑀, 𝑖𝑓
∑

𝑖∈𝑊
𝑂𝑖 > 𝑁

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(13)

𝑂𝑖 ≤ 𝑛𝑖 ∀𝑖 ∈ 𝑊 (14)

𝐿𝐵𝑖 = 0 ∀𝑖 ∈ 𝑊 (15)

𝑈𝐵𝑖 = 𝑛𝑖 ∀𝑖 ∈ 𝑊 (16)
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𝑁, 𝑛𝑖 ∈ 𝑍+

Here, the variable 𝑀 represents a significantly large positive number.
If the number of assigned operators exceeds the number of available
operators, we impose a substantial penalty on the objective function.
This penalty is necessary to ensure that the constraint defined in Eq. (8)
is not violated in the optimal solution.

Our HACO algorithm described in Section 2.2.1 utilizes Eq. (12)
as the objective function to minimize. It is important to note that the
search space described in the HACO algorithm is continuous. As a
result, the position of the chickens, represented by potential solutions
𝑋 and 𝑋′, can take fractional values. However, the manpower required
cannot take fractional values. To address this, we discretized the search
space, thereby restricting the chickens to take only integer values.

Furthermore, in our optimization problem, we do not need to
incorporate constraints that are already taken care of by the process
simulation model. For instance, the process simulation model already
includes parameters such as machine capacities, storage area capaci-
ties, availability of resources such as machines and material handling
equipment. These factors are integrated into the simulation model and
thus do not require explicit constraint formulation in the optimization
problem.

2.3. Economic model

We developed an economic model for analyzing the economic per-
formance of the whole operating plant. Besides, the model can calculate
processing costs, revenues, and profits for the individual categories of
e-wastes to understand how each e-waste type contributes to the overall
financial performance.

Fig. 3 displays the workflow for the development of the eco-
nomic simulation model. We created a Python module titled ‘eco-
nomic_model.py’. Inside this module, we declared a class called ‘Eco-
nomicModel’. In the data query step, the ‘readData’ class method
imports required data from an external excel file and the GUI. Different
types of costs have been considered for the calculation of processing
costs. For example, the fixed manufacturing overhead includes insur-
ance, property tax, safety and environmental cost, compliance fee,
auditing fee, facility rent, housekeeping costs, and so on. The variable
manufacturing cost includes labor cost, energy cost, transportation
cost, CRT and battery treatment costs, etc. For the calculation of
revenue, the users can input finished product (i.e., sorted — aluminum,
steel, and copper) market price data using the GUI and the model
will calculate the overall and category-wise revenues. The recycling
companies charge environmental fees for recycling CRT tubes. These
fees are considered revenues in the model.

Moreover, users can input cost data related to the freight and
processing fees charged by smelters for processing shredded materials
from e-waste recyclers so that the model uses these cost data while
calculating the profits. In the data query step, the imported data are
processed and prepared for the next step to run the simulation model.
It should be noted that the user can choose the economic model to
connect with the process model and use the variable cost data from the
process model results. Otherwise, the user can run the economic model
independently where the variable cost data comes from a user-input
excel file instead of the process model results. In the second step, the
‘runSimulation’ class method performs all the necessary calculations to
run the simulation model. First, the sorting, dismantling, and shredding
— costs are combined to calculate variable costs for each category of
products (Figure S2, supplementary document). The variable cost also
includes CRT tube and battery processing costs which are further pro-
cessed by a third party. The manufacturing overhead cost is distributed
along the product categories according to the product quantity (in lbs)
processed. Besides, smelters charge transportation and processing cost
for recovering metals from the shreds. These three cost components
are added together to calculate the category-wise processing cost. Next,
category-wise revenues are calculated from the materials market price

data. Recycling companies also receive battery and CRT tube recycling
fees as revenues. Finally, the profit/loss is calculated for each product
category from the processing cost and revenue results.

In the final step as shown in Fig. 3, the ‘createPlot’ class method
generates necessary plots and displays the results to the users.

2.4. Development of the GUI

We used a five-step process for the development of a GUI as dis-
cussed below.

1. Requirement Specifications: We collected the functional and non-
functional requirements of the GUI as the first step.

2. User Analysis: We assumed that the final users of the simula-
tion tool are not technically savvy, and only possess the basic
knowledge of computers with no programming skills. Therefore,
we designed the GUI as simple as possible to avoid potential
confusion.

3. Task Analysis: The simulation tool performs two major tasks —
simulating the recycling process and analyzing the economic
performance. The major tasks are divided into smaller sub-
tasks and synchronized with each other to ensure performance,
consistency, and usability.

4. GUI Design and Implementation: We used the PyQT [46,50] li-
brary, a Python programming language-based cross-platform
GUI development toolkit, for building the GUI. Primarily, we
used the QT Designer [51] program for developing the lay-
out and designing the application widgets. The process and
economic Python modules are integrated with the GUI to run
simulations in the backend.

5. Testing: The GUI has been tested by the developers and by our
industry partner in their factory operations for usability and
compatibility.

Fig. 4 displays the user input window for the process simulation, allow-
ing users to import necessary data from an MS Excel file and specify the
simulation period before running it. The menu bar, located at the top
left corner of the window, contains the manpower optimization option
that users can select to open a new window, as depicted in Fig. 5. This
window comprises the regular fields from the process simulation model
input window, along with additional fields for the HACO optimization
algorithm, such as population size, maximum iteration, and maximum
optimization time. The economic modeling window, as illustrated in
Fig. 6, is where users can input information about various cost compo-
nents and the market price of recycled materials before executing the
model.

3. Case study

To test the usefulness of our tool, we partnered with an electronic
recycling company based in New York, USA to get their input and
feedback. For data privacy, we describe the company as XYZ Recycler
and use pseudo data for illustration purposes. A sample process diagram
was used to simulate a base case e-waste recycling operation (Fig. 7).

The process diagram was broken into two main components: work-
stations and storage areas. Workstations were defined as mechanical
or manual unit operations undertaken by the e-waste recycling facility
to produce finished goods. Storage areas were defined as intermediary
steps between specific workstations in which intermediate products
were stored before passing through the next workstation. The figure
shows residential first in first out (FIFO) and business FIFO storage
areas where received residential and business e-wastes were stored,
respectively. STD dismantling, LCD dismantling, and CRT dismantling
operations were grouped as the overall dismantling station. The shred-
der, ring mill, and magnetic sorting workstations were grouped into
the overall shredding station. Related product data including mass,
collected volume, sorting time, dismantling time, and the market prices
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Fig. 3. Development of the economic model simulation workflow.
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Fig. 4. A snapshot of the process modeling simulation GUI.

Fig. 5. A snapshot of the manpower optimization GUI.
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Fig. 6. A snapshot of the economic modeling GUI.

Fig. 7. Sample process diagram for the base case scenario. An alternative layout is represented by the red dotted arrow line where the standard (STD) dismantling station is
moved to the Residential Sorting area.
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Fig. 8. (a) Manual workstation capacity utilization (%) over time, (b) Shredding workstation capacity utilization (%) over time.

of different recycled and harvested commodities are provided in the
supplementary document (Tables S2, S3, and S4). CRT tube and battery
treatment costs charged by the recycling company were assumed to be
$0.12 and $0.10 per pound, respectively. The excel files used to input
data can be accessed in this repository: https://github.com/mamunur-
ipe/CMAT/tree/main/CMAT.

4. Results and discussion

4.1. Base case

The process model was simulated for 2400 min which is equiva-
lent to one week of operation assuming five working days/week, one
shift/day, and eight working hours/shift. For the case study process
layout, results demonstrated the capacity utilization of both the work-
stations and storage areas. When starting with empty storage areas,
capacity utilization of the manual workstations quickly increases until
reaching a steady state by ∼500 min (∼8 h), detailed can be seen
in Fig. 8(a) of the supplementary document. The shredding station
capacity utilization reaches ∼500 min (∼8 h) while capacity utilization
of other workstations in the shredding station achieved a steady state
with the manual shred sorting achieving the highest capacity utilization
(∼65%), more details in Fig. 8(b).

The total mass output of the individual workstations in the e-waste
recycling system is shown in Fig. 9 for the entire simulation period. For

this particular simulation run scenario, the optimization algorithm de-
termined that increasing the outputs of sorting stations would not lead
to an increase in the ultimate output of finished goods (FG) produced
by the manual sorting station, which is the last operation in the process.
Instead, the algorithm found that the previously accumulated work-
in-progress (WIP) in the sorting stations, combined with the current
production rate, was sufficient to feed the successive workstations
(such as the shredder, ring mill, magnetic sorting, and manual sorting
stations). As a result, even though the output from the sorting stations
decreased, the overall output of FG actually increased. The algorithm
was able to optimize the outputs of each station to maintain a minimum
amount of WIP while maximizing the production of the end product
(FG).

As discussed earlier, the economic model could extract results from
the process model as inputs or the user’s input using an excel file.
For the figures displayed below, the base case utilized the results of
the process model for the economic analysis. As seen in Fig. 10, the
top three profit-generating e-waste items were laptops (1.05 USD/lb),
desktops (0.46 USD/lb), and computer peripherals (0.27 USD/lb). The
bottom three profit-generating items were CRT monitors (0.02 USD/lb),
printers (0.03 USD/lb), and CRT TVs (0.04 USD/lb). In addition to
profit, the economic model computed the overall revenue and pro-
cessing cost of each category of e-wastes. The overall profit was 0.17
USD/lb after manpower optimization indicating that the base case
process layout was profitable (Figure S3, supplementary document).
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Fig. 9. Comparison of outputs from different workstations before and after manpower optimization using the HACO algorithm.

Fig. 10. Revenue, processing cost, and profit for different e-waste products.

4.2. Labor allocation to minimize processing costs

The utilization of the HACO algorithm was paramount to developing
more economically viable distributions of labor at the e-waste recycling
facility. There were 27 employees required at various workstations
within the e-waste recycling facility. Several workstations such as the
shredding stations required a fixed number of employees and therefore
were not subject to optimization. The initial distribution of employees
before HACO optimization was set as uniformly as possible across
the varying workstations. Following HACO optimization, labor was
distributed more heavily to the workstations in the dismantling station
(STD, LCD, and CRT dismantling) because these stations were the
bottleneck in the base layout. The actual distribution of employees at
different workstations can be seen in Table S5 of the supplementary
document. To achieve this optimized labor distribution, the HACO

algorithm required 18 iterations to converge and yielded an overall
processing cost of ∼0.07 USD/lb from ∼0.11 USD/lb (Figure S4, sup-
plementary document). This processing cost does not include overhead
costs and therefore, differs from the overall cost seen in Figure S3
of the supplementary document. HACO algorithm results for individ-
ual workstation outputs can also be seen in Fig. 9 where residential
and business sorting saw the greatest decrease in workstation output,
whereas the shredding workstations and manual sorting workstations
saw the greatest increase in workstation output.

4.3. Alternative layout

One key feature of our model was its modularity in the process flow
diagram. To highlight this modularity, the STD dismantling station was
moved to the residential sorting location in the process flow diagram

11
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Fig. 11. Sensitivity analysis for (a) material price, (b) quantity of input product, and (c) operating costs.

(Fig. 7). The location change resulted in a 4.77% reduction in the
processing cost compared to the baseline layout from 0.069 USD/lb
to 0.065 USD/lb. During dismantling products like small covered elec-
tronic equipment and computer peripherals, the batteries are separated
quickly and sent to the shredder WIP area. This small task can be
performed right after the sorting process which results in bypassing
some steps — transportation to the dismantling WIP area and waiting
in the queue before entering the dismantling station. Therefore, the new
layout is more efficient.

4.4. Sensitivity analysis

A sensitivity analysis was performed on several key input variables
including (a) material price, (b) quantity of input product, (c) operating
costs, and (d) material composition in LCD TVs. The measured output
of the sensitivity analysis was overall profit. An increase and decrease
of 20% were applied to the input variables for the sensitivity analyses
(a)–(c) whereas two separate LCD TV compositions (Table S6, supple-
mentary document) were used as the input in the sensitivity analysis
(d). The results of the sensitivity analysis can be seen in Fig. 11.

The material price sensitivity analysis showed that steel prices
had the greatest impact on overall profit (± 5.6%) due to it being
the most prevalent material in most electronics. All input variables
tested showed that a decrease in material price led to a corresponding
decrease in overall profit. The quantity of input product sensitivity
analysis showed that laptops had the largest impact on overall profit

with a 20% increase in laptops in the input stream yielding a higher
profit of 6.3%. However, for CRT TVs and monitors, an increase of
20% in quantity led to a decrease in profit of 1.7%. The operating
costs sensitivity analysis showed that a 20% increase in labor price
and electricity price resulted in a decrease in overall profit with labor
price having a larger impact on overall operating costs (± 4.8%)
which is consistent with the findings by D’Adamo et al. [30]. Lastly,
the results of the differing LCD TV material composition sensitivity
analysis showed that profitability increased with increases in steel
and aluminum composition. The composition with increased steel and
aluminum resulted in a profit of ∼0.144 USD/lb versus the composition
with less steel and aluminum with a profit of ∼0.139 USD/lb.

4.5. Managerial implications

In e-waste recycling companies, layout design is an important factor
that can impact the efficiency and effectiveness of the recycling process.
A good layout design can improve the flow of materials, people, and
information, minimize bottlenecks and reduce unnecessary movements,
which can lead to higher productivity, quality, and profitability. Our
decision support tool can simulate a real-life scenario in a virtual
environment without impacting the actual operations. Managers can
input various parameters, such as the number and capacity of work-
stations, number of manpower deployed at different workstations, the
amount of WIP at different locations, capacity of different storage
areas, and the rework rate of workstations. The simulation tool can
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then model the performance of the layout under different scenarios
and generate various metrics, such as throughput, inventory levels,
processing cost, and so on. By using the simulation capability of our
tool, managers can compare multiple layout options and evaluate their
performance based on the metrics generated by the tool. They can
assess the strengths and weaknesses of each layout, identify potential
problems, and explore different solutions. This can help managers make
informed decisions on which layout design to choose, leading to better
operational performance and overall efficiency of the system.

Our decision support tool can help managers in an e-waste recycling
facility to optimize their allocation of workers, in order to reduce costs
and maximize profits. Labor prices have a larger impact on the overall
operating costs of US recycling companies [30]. Often managers face
the challenge to assign manpower to workstations to minimize cost
and maximize profit, which means reducing the expenses associated
with operating the facility while increasing the revenue generated by
recycling e-waste. The decision support tool can provide managers with
data and insights on the performance of different workstations and
workers, helping them to identify inefficiencies and opportunities for
improvement. By optimizing the allocation of workers, managers can
reduce the amount of idle time and improve the overall productivity of
the facility, which can reduce costs. At the same time, by ensuring that
the most profitable workstations are fully staffed and operational, man-
agers can increase the revenue generated by the facility, maximizing
profits.

The decision support tool can provide managers with valuable infor-
mation on the financial performance of different categories of e-waste,
helping them to identify which categories are generating the most
revenue and which ones are generating the least. This information can
be used to adjust the operations of the facility to maximize profitability.
For example, if the economic analysis reveals that a particular category
of e-waste is not generating a lot of revenue, managers may choose
to cut resources to that category or focus on finding ways to improve
the recycling process for that type of e-waste. On the other hand,
if the analysis shows that another category is particularly profitable,
managers may allocate more resources to that category in order to
maximize profits.

The decision support tool is designed to be user-friendly, requiring
minimal training. Basic knowledge of Microsoft Excel is sufficient to
operate it, so users do not need to learn new software, program-
ming languages, or complex commands unlike other technologies. This
ease of use makes it accessible to a wider range of people, including
managers without extensive technical expertise.

To summarize, the CMAT tool provides decision makers with the
ability to optimize their recycling operations through various means,
such as increasing output, identifying bottlenecks, allocating manpower
efficiently, and providing valuable insights into the profitability of
different e-waste streams. By implementing these strategies, efficient
and profitable e-waste recycling can increase recycling volume, which
is critical for minimizing the environmental impact of discarded elec-
tronic products. Consequently, the CMAT tool can potentially serve as
an essential tool for managers who seek to achieve long-term business
sustainability goals in the e-waste sector.

4.6. Limitations and future work

While our decision support tool offers valuable insights, it does have
some limitations. Firstly, the tool does not provide graphical animations
of the objects such as machines, people, and material handling equip-
ment during the simulation. Including graphical animations in future
versions of the tool would make it more interactive and improve user
experience.

Secondly, although the tool can evaluate the performance of a given
process layout, it cannot automatically optimize and recommend the
best layout by altering or swapping process elements. The proposed
optimization algorithm can only be applied to optimize the allocation

of manpower to workstations. Incorporating automatic optimization
capabilities for layout configurations would add a unique feature to the
tool.

Thirdly, recent studies show that Reinforcement Learning (RL), one
of the active research areas in artificial intelligence, can be deployed in
solving complex problems related to manpower and resource allocation
[52–55]. Performance of RL can be examined for our manpower opti-
mization problem. Moreover, while our proposed HACO algorithm has
shown promising results in solving benchmark optimization functions
compared to genetic algorithms and particle swarm optimization (as
presented in Table S1 in the supplementary document), the perfor-
mance of these metaheuristics has not been explicitly investigated for
our specific problem. Therefore, further research could be conducted to
explore the effectiveness of these alternative methods.

Fourthly, the tool does not support the import of computer-aided
design or picture files to populate the process layout. We plan to
incorporate this capability in future versions of the tool to enable rapid
modeling and enhance its usability.

Lastly, while Python is a powerful and versatile programming lan-
guage, it is not the most efficient one in terms of energy consumption,
time, and memory usage compared to languages like C and C++
[56,57]. As such, we plan to release the source codes for future versions
of the tool in C or C++ languages.

5. Conclusion

E-waste recycling companies face challenges to optimize their pro-
cess operations due to continuous changes in product configuration
and compositions. These changes impact their revenues as well. In this
study, we developed a decision support tool to help e-waste recycling
companies evaluate the performance of their operations and conduct
economic analysis. Unlike other simulation tools, this program requires
zero computer programming knowledge. The modularity functionality
allows users to change the layout of the processes from input excel
files and compare the effectiveness among different layouts. The simu-
lation tool has been exported as a cross-platform standalone computer
program that can be run on computers without installing the Python
programming language. A new bio-inspired metaheuristic optimization
algorithm HACO has been introduced to optimally assign manpower to
different workstations. As a case study, the performances of two alter-
native process layouts have been evaluated using real-world recycling
business data. The economic model has been integrated well with the
process model and can give valuable insights regarding the profitability
of the different streams of e-wastes. A user can choose either the option
to import the results of the process model into the economic model
or the option to run it independently without the help of the process
model. The tool has been released as open-source software under a
general public license and can be customized by developers for other
recycling industries in addition to e-wastes for business sustainability.
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