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Abstract

This paper presents a comprehensive sensitivity analysis of the pioneering real-world de-
ployment of computer vision-enabled construction waste sorting in Finland, implemented
by a leading provider of robotic recycling solutions. Building upon and extending the
findings of prior field research, the study analyzes an industry flagship case to examine the
financial feasibility of computer vision-enabled robotic sorting compared to conventional
sorting. The sensitivity analysis covers cost parameters related to labor, wages, personnel
training, machinery (including AI software, hardware, and associated components), and
maintenance operations, as well as capital expenses. We further expand the existing cost
model by integrating the net present value (NPV) of investments. The results indicate that
the computer vision-enabled automated system (CVAS) achieves cost competitiveness over
conventional sorting (CS) under conditions of higher labor-related costs, such as increased
headcount, wages, and training expenses. For instance, when annual wages exceed EUR
20,980, CVAS becomes more cost-effective. Conversely, CS retains cost advantages in scenar-
ios dominated by higher machinery and maintenance costs or extremely elevated discount
rates. For example, when the average machinery cost surpasses EUR 512,000 per unit,
CS demonstrates greater economic viability. The novelty of this work arises from the use
of a pioneering real-world case study and the improvements offered to a comprehensive
comparative cost model for CVAS and CS, and furthermore from clarification of the impact
of key cost variables on solution (CVAS or CS) selection.

Keywords: computer vision-enabled automated sorting; construction waste management;
artificial intelligence; sensitivity analysis

1. Introduction
Construction and demolition (C&D) waste accounts for more than one-third of the

total waste generated in the European Union [1]. If not properly managed, it contributes to
environmental problems such as soil and water contamination, greenhouse gas emissions,
and the unnecessary depletion of resources [2]. Improving C&D waste management is
therefore essential for advancing circular economy (CE) goals, which emphasize recycling,
reuse, and reduced reliance on virgin materials [3].

Conventional C&D waste-sorting methods, however, remain labor-intensive, costly,
and prone to inconsistent performance, while also posing occupational safety risks [4–7].
Traditional systems combine mechanical equipment such as crushers, magnetic separators,
and conveyors but still rely heavily on manual intervention in the final sorting stages [8–10].
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These limitations increase costs, reduce recovery rates, and hinder the efficiency of recycling
processes [2].

Computer vision (CV)-enabled robotics has emerged as a promising solution to these
challenges. By enabling autonomous systems to detect, identify, and classify waste materi-
als with higher precision, CV technologies can improve sorting accuracy and consistency,
while reducing dependence on human labor [11,12]. Machine learning (ML) models, partic-
ularly deep learning algorithms, further enhance these systems by improving recognition
speed, adaptability, and performance in real-world environments [13,14]. Benchmarking
studies have shown that artificial intelligence (AI)-powered sorting solutions can outper-
form conventional methods in terms of both accuracy and operational efficiency [2,12].
Nevertheless, the detailed economic implications of deploying CV-enabled solutions in
construction waste recycling require further investigation.

To achieve this, we address the following research questions:
RQ1: What is the impact of varying discount rates on the cost competitiveness of

CV-enabled robotic systems in construction waste recycling versus CS?
RQ2: In the presence of capital expenses, what is the impact of varying other costs

related to headcount, wages, personnel training, machinery, and maintenance operations
on the competitiveness of the CV-enabled waste recycling system in construction?

2. Literature Review
2.1. Construction Waste Management

The increasing importance of sustainability has led industries to realign their prac-
tices with the principles of the CE, emphasizing resource efficiency, waste reduction, and
economic development [15]. CE promotes the continual use of resources by minimizing
waste, extending product life cycles, and encouraging recycling and reuse [13]. Within the
construction sector, CE is crucial due to the industry’s significant material consumption
and waste generation, accounting for approximately 30–40% of global natural resource
extraction and 25–40% of total solid waste production [11]. The construction industry’s
role in global greenhouse gas emissions, resource depletion, and landfill pressure makes
sustainable C&D waste management a priority [16].

Scholars have highlighted that embracing CE principles can significantly improve
environmental and economic outcomes by closing material loops, extending product
lifetimes, and optimizing waste recovery [17]. ML is increasingly recognized as a critical
enabler in this transition, supporting decision-making and operational optimization in
circular supply chains [13].

Historically, construction waste management has evolved from simple landfill disposal
towards more sustainable strategies emphasizing recycling and resource recovery. Initially,
recycling efforts were limited and often hindered by heterogeneous waste streams and
inefficient manual sorting processes [5]. With the increasing urbanization and aging build-
ing stock, renovation activities have emerged as a significant source of waste generation,
necessitating specific pre-renovation waste auditing practices to improve recycling and
resource efficiency [18]. Hence, emerging solutions such as on-site recycling and advanced
sorting technologies have been promoted to overcome traditional limitations [19].

2.2. Artificial Intelligence and Robotics in Operations

Artificial intelligence is increasingly transforming industries by enhancing automation,
efficiency, and sustainability. In manufacturing, ML-driven predictive maintenance reduces
machine downtime and operational costs by identifying potential failures before they
occur [20]. In construction, ML and AI have been leveraged for risk assessment, project
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cost estimation, and supply chain and logistics management, enhancing decision-making
in complex projects [21].

Particularly in the context of construction waste management, AI has enabled more
accurate forecasting of waste generation, improved handling logistics, and optimized recy-
cling processes [4]. AI applications such as regression models, support vector machines,
and deep learning architectures have significantly improved the estimation, classification,
and prediction of C&D waste [17]. However, while these approaches demonstrate strong
predictive and classification performance, most studies stop short of linking such improve-
ments to their economic or operational consequences. In other words, high accuracy rates
are well established, but it remains unclear under which financial or labor market condi-
tions these technologies outperform conventional methods. These studies rarely evaluate
cost implications, which remains a key gap in the literature.

Recent studies have emphasized that AI can achieve high accuracy rates (often exceed-
ing 90%) in waste quantity predictions and classification tasks, demonstrating their strong
potential for construction sustainability initiatives [16]. Furthermore, AI’s application in
construction supply chains enhances transparency, efficiency, and resource optimization,
crucial elements for advancing CE objectives [13].

In parallel, robotics has gained traction in waste management, offering solutions to the
labor-intensive, hazardous, and inconsistent manual sorting processes traditionally used on
construction sites. Robots equipped with advanced CV models can navigate construction
environments, recognize waste materials, and perform sorting tasks with higher efficiency
and safety [19]. Robotics systems use techniques such as 3D object detection cameras and
grasping optimization integrating deep learning methods to enhance sorting precision and
achieve grasping success rates exceeding 90% [22]. Yet, these performance metrics are often
reported in isolation from cost or risk considerations. For instance, grasping success above
90% does not necessarily translate into financial feasibility once machinery costs, training
requirements, or system downtime are considered.

The combination of CV and robotics in waste management has led to significant ad-
vancements. Recent efforts using convolutional neural networks, deep residual networks,
and knowledge transfer techniques have improved the classification accuracy of mixed
construction waste types to around 73–90%, depending on the model and dataset [11,23].
Studies also show that integrating CV with sensor-enabled technologies (e.g., 3D laser trian-
gulation) enables real-time monitoring and quality control during recycling processes [24].

As the construction industry moves towards more sustainable practices, the integration
of CV and robotics into waste management represents a transformative approach that
supports the goals of the CE and advances environmental, economic, and operational
sustainability [2,12,17].

Overall, the lack of integration between technical performance and cost competitive-
ness highlights a key gap: while AI and robotics demonstrate strong technical potential, the
economic and operational feasibility of deploying such systems in real-world construction
waste management remains underexplored. Our study directly addresses this gap by
extending cost models to capture how wages, training, maintenance, and discount rates
influence competitiveness.

2.3. Gap in the Literature

Despite the growing body of literature on AI-enabled sorting in construction waste
management, most studies focus primarily on technical performance or classification ac-
curacy (e.g., Lin et al. [23]; Nežerka et al. [11]). Far fewer works examine the economic or
operational feasibility of deploying these technologies in diverse real-world contexts, par-
ticularly when such investments may not generate cost savings. For example, Ku et al. [22]
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and Demetriou et al. [8] provide insights into robotic system performance but do not
connect these findings to cost–benefit tradeoffs under varying economic conditions. Such
figures are often obtained under controlled conditions and may not fully reflect operational
feasibility in real recycling environments. This disconnect highlights a significant gap: a
lack of comprehensive models linking AI/robotics accuracy, downtime, and throughput
variability to overall cost competitiveness. Furthermore, there has been little investigation
into negative or neutral deployment outcomes, cases where AI-enabled systems fail to
outperform conventional methods economically or operationally.

The financial barrier to adoption also remains underexplored. High initial investment
in CV software, hardware, and robotics continues to limit adoption, compounded by re-
curring expenses such as maintenance, training, and infrastructure [2]. Cost models are
especially sensitive to parameters like workforce size, wages, training costs, facility invest-
ments, and discount rates, yet existing studies rarely test these systematically. Throughput
rates are equally critical: although CV-enabled systems demand higher upfront investment,
their long-term efficiency gains and reduced labor dependence may offset initial costs [2].

Overall, the existing literature [1,2,7,8,11,12,14,16,17,19,22,23] has not yet investigated
the impact of the time value of money on the competitiveness of CV-enabled waste recycling,
nor has it addressed the implications of deployment in lower-wage countries.

This paper responds to these gaps by extending the cost model of Farshadfar et al. [2]
and conducting a comprehensive sensitivity analysis. We systematically evaluate variations
in headcount, wages, training, machinery, maintenance, and discount rates to clarify under
which conditions CV-enabled systems are competitive, and when they are not. In doing so,
the study provides a more robust understanding of the financial feasibility and limitations
of AI-driven automation in waste sorting.

3. Materials and Methods
The case study in this research is the implementation of the ZenRobotics CVAS system

in a Finnish construction waste recycling center reported by Farshadfar et al. [2]. Zen-
Robotics (ZenRobotics Ltd., Vantaa, Finland), a Finnish manufacturer of CVAS robots,
has created the Zen recycle. Figure 1 shows an intelligent robotic system that automates
the sorting of recyclable construction waste, replacing dangerous and expensive manual
processes [25].

  
(a) (b) 

Figure 1. ZenRobotics waste recycling system. (a) Robot recycler. (b) Recycler vision output.

The original case data was collected by Farshadfar et al. [2] through primary and
secondary sources, including interviews, site visits, and data from the case studies websites,
industry documents, reports, and public videos from sources such as YouTube.
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3.1. Comparative Cost Model

A mathematical cost model published by Farshadfar et al. [2] is used as the foundation
for this research. Building on their model, we extend the comparative cost model by
incorporating the time value of money and conducting a sensitivity analysis on key cost
parameters. This methodological extension directly addresses our research questions: RQ1
examines how varying discount rates affect cost competitiveness, which we capture by
introducing an NPV framework into the model. RQ2 focuses on the impact of labor, training,
machinery, and maintenance costs. These are systematically varied in the sensitivity
analysis to assess their influence on the comparative cost trajectories of CVAS and CS.

3.2. Data

The case data used in this paper is presented in Table 1. Since this study aims to
compare the financial performance of two alternative methods, we focus solely on the
cost components associated with the stages of processes that are different between the
two methods, and we ignore the cost associated with the stages of processes that are
similar among the two methods. For the CS method, as suggested by Farshadfar et al. [2],
we consider three process stages: (1) granulation adaptation for sorting by shredder,
(2) material separation by size and screening by human labor, (3) final quality control
and manual sorting by labor. For CVAS, the stages are as follows: (1) material separation
based on optical properties and composition by optical and NIR sensor, (2) final automated
sorting by Zen robots. By isolating the differences, this approach enables a more precise
and concise comparison of the economic impact of CVAS and CS.

Table 1. Utilized data [2].

No. Parameter CVAS CS

1 Annual Personnel Wages EUR 60k EUR 50k
2 Annual Personnel Overhead Wages EUR 30k EUR 25k
3 Number of Employees 6 72

4 * Training Cost per Person EUR 4k EUR 2k
5 Facility Cost EUR 5,000k EUR 11,500k
6 Cost per Machine 1/Unit EUR 100k EUR 50k

Cost per Machine 2/Unit EUR 300k /
7 * Maintenance Cost Machine 1 EUR 5k EUR 3k

Maintenance Cost Machine 2 EUR 15k /
8 * Discount Rate 4.50% 4.50%
9 Throughput/Hour 30 70

* Indicates revised data.

The empirical data underlying this analysis were collected in a prior case study by
Farshadfar et al. [2]. Primary data included eight semi-structured interviews (60–90 min
each) with managers, scientists, and professionals from a Finnish recycling facility and
ZenRobotics, as well as two site visits (90 min each) to the recycling facility. In addition,
secondary sources such as 25 industry documents, company reports, and 4 YouTube videos
(77 min total) were analyzed. This mixed-methods design provided both qualitative
and quantitative inputs. All process maps and cost assumptions were validated with
interviewees and industry benchmarks, ensuring robustness of the dataset.

The data used for these different phases is similar to that used by Farshadfar et al. [2],
except for three differences. First, training costs have been revised to better reflect current
industry practices, with the ratio between general training and digital transformation skills
training adjusted to 2:1 [26]. Second, annual machinery maintenance costs have been
increased from 0.5% to 5% of the machinery acquisition cost to align with more realistic
long-term maintenance expectations. Finally, the capital discount rate has been adjusted
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from 0% to 4.5%, providing a more pragmatic representation of the time value of money in
financial assessments. In Table 1, values marked with an asterisk (*) indicate data that have
been modified from the original data.

To provide a clear composition of total cost between the two sorting methods, it is
necessary to first examine their total comparative cost under the utilized data (Table 1).
Figure 2 shows the 7-year total comparative cost calculated by the utilized values for two
methods, which are derived from the base model by Farshadfar et al. [2]. It should be
noted that the data presented in the previous paper are based on the throughput of the
CVAS and CS methods, which are 30 tons/hour and 70 tons/hour, respectively, presenting
the actual operational data of the case company. Hence, to ensure a fair cost comparison
that reflects throughput differences, the CS method’s total cost is divided by a factor of
2.3, corresponding to the capacity ratio between the two methods. This normalization
factor (2.3) directly reflects the actual operational throughput difference observed at the
case facility by Farshadfar et al. [2].

Figure 2. The comparative cost components of CVAS and CS methods over a 7-year time span.

Figure 2 presents that the majority of CVAS’s comparative cost is machine cost. The
machinery cost contributes 27% of the CVAS total comparative cost. For CS, the major costs
are total wages and overhead wages which reach 76% of CS’s total comparative cost.

3.3. Sensitivity Analysis

A local sensitivity analysis is performed to examine the impact of variations in key
cost components on the total cost. The selected independent variables in the cost model are
presented in Table 2.
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After confirming the key cost parameters, we set four different assumption values
(lowest, lower, higher, and highest) for each component, along with the utilized data as the
baseline, to explore the impact of these variables on the cost of the CVAS and CS methods.
Each set of assumption values is proportionally increased or decreased from the baseline
to ensure consistency and comparability across scenarios. This part provides a detailed,
parameter-by-parameter comparison to investigate the cost-effectiveness of CVAS.

Table 2. Selected parameters for sensitivity analysis.

Category Parameter

Labor Costs Number of Employees
Wages

Training Cost

Machinery Costs Machinery Equipment Costs
Maintenance Costs

Discount Rate Discount Rate

4. Results
In this paper, the cost calculation is performed over a 7-year time horizon. To over-

come the financial limitations of the previous model [2] and incorporate the time value of
money, we extend the original framework by introducing a time dimension and applying a
discount rate based on NPV. In addition to these extensions, we implement two further
modifications: first, we define distinct phases corresponding to each major stage of the
sorting process, enabling a more accurate allocation of costs; second, we optimize the
facility cost calculations to better represent facility-related expenses over different sorting
phases and time.

The accumulated NPV of the total cost is calculated as follows:

TCNPV = ∑
i∈E
k∈G
t∈N

Ci,k,t × ni,k,t

(1 + r)t−1 + ∑
j∈F
k∈G
t∈N

Cj,k,t × mj,k,t

(1 + r)t−1 + ∑
k∈G
t∈N

C f ,k,t

(1 + r)t−1 (1)

Notations:
Ci,k,t: Cost per employee of type i, process phase k, year t;
ni,k,t: Number of employees of type i, process phase k, year t;
Cj,k,t: Cost per machine of type j, process phase k, year t;
mj,k,t: Number of machines of type j, process phase k, year t;
Cf,k,t: Facility costs of process phase k, year t;
E: Set of all employee types;
F: Set of all machinery types;
G: Set of all process phases;
N: Set of all project years.
E, F, G, N ⊆ {1, 2, 3, . . .}

This modification allows us to evaluate the impact of the time value of money on
the total cost over time, providing a more comprehensive understanding of the long-term
financial feasibility of the CVAS system compared to the CS method.

The results of the sensitivity analysis are presented in this section. In each subsection,
we analyze specific cost components supported by comparative data, graphical representa-
tions, and implications on competitiveness. In the presented sensitivity analysis graphs
of the impact of different variables on the comparative cost of CVAS and CS methods in
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the following section, we apply dual x-axes for the values of variables in some of these
graphs. The reason behind the adoption of dual x-axes is the utilization of different and
proportionally changed baseline values for the variables of the CVAS and CS methods.

4.1. Sensitivity Analysis of Labor Costs

The labor cost variables include annual wages, number of employees (NoE), and
training costs per person. The four assumption values, along with the baseline for these
components, are shown in Table 3.

Table 3. Labor cost with baseline and assumption values.

Parameter
Method

Value
Lowest Lower Baseline Higher Highest

NoE CVAS 2 3 6 9 12
CS 24 36 72 108 144

Wages
(EUR) CVAS 15 k 30 k 60 k 72 k 120 k

CS 13 k 25 k 50 k 60 k 100 k

Training
Cost (EUR) CVAS 1 k 2 k 4 k 8 k 40 k

CS 500 1 k 2 k 4 k 20 k

4.1.1. Number of Employees

As presented in Figure 3, the number of employees has a linear and direct impact on
the total comparative cost. This is because the cost model presented in Section 3 is applied.
The two scenarios represent different levels of automation, which is the main reason for the
expected nonlinear relationship between workforce and throughput, a pattern that does not
appear when each scenario is analyzed in isolation without changes in automation level.

Figure 3. Effects of the number of employees.

The CS line is significantly steeper than that of CVAS. The slope of the CS line is
558,209, meaning that for each additional employee, the total comparative cost increases by
approximately EUR 558,209 over the 7-year period. In contrast, the CVAS line has a slope
of 201,670, indicating a smaller increase of about EUR 201,670 per additional employee.
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This proves that CS is far more sensitive to changes in workforce size. This is because
increasing the number of employees leads to a sharp rise in total expenses due to higher
wages, overhead, and training costs. The rate of increase in the number of employees for
CS is higher than that of CVAS.

CS relies heavily on manual labor, requiring a significantly larger workforce compared
to CVAS. In the baseline values for the comparative stages, CS employs 72 employees,
while CVAS operates with only 6, representing a 91.7% reduction in workforce size when
switching to the automated method. This major decrease in labor utilization contributes
substantially to the overall cost advantage of CVAS. As a result, the cost increase for CVAS
remains relatively moderate, even as the number of employees fluctuates, while CS costs
rise rapidly due to its labor-intensiveness.

On the lowest end of the sensitivity analysis, the total cost of CS is slightly lower than
that of CVAS. However, even a small increase in the number of employees causes the total
cost of CS to surpass that of CVAS. This means the CS process for recycling 30 tons of
construction waste needs to utilize around 24 employees or less to become competitive with
a similarly efficient CVAS, employing only 2 employees. Nevertheless, for CS, reducing the
number of the employees by 66.7% (from 72 to 24) while performing the same amount of
work is currently impossible.

To better understand the composition of cost changes for the two scenarios at the
lowest end of the sensitivity analysis, we use Figure 4 to provide a breakdown of the total
comparative costs.

Figure 4. Cost breakdown under lowest and lower workforce scenarios.

Figure 4 highlights the impact of workforce size on cost structure. For CS, a 50%
increase in the number of employees raises the labor-related cost share from 49% to 59.1%,
resulting in a EUR 2.4 million increase in total cost. This reflects the combined impact of
labor and training expenses in an employee-intensive system. In contrast, CVAS shows
higher reliance on initial investment in machinery, which does not exist in CS.

4.1.2. Wages

The impact of variations in annual personnel wages on the total comparative cost is
shown in Figure 5. This component represents a major share of labor-related expenses.
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Variations in wages have a significant impact on the total cost, particularly for the CS
method. Figure 5 illustrates a linear correlation between total comparative cost and wages
for CS and CVAS, but the CS cost trajectory is substantially steeper due to its larger
workforce. The slope of the CS line for wages is 289.2, indicating that for every EUR
1000 increase in annual wages, the total cost over the 7-year period rises by approximately
EUR 289,150. The high sensitivity of CS to wage changes highlights its dependence on
labor, making it vulnerable to wage fluctuation. As wages rise, CS becomes increasingly
costly, reducing its long-term economic competitiveness.

 
Figure 5. Effects of annual personnel wages.

For CVAS, the slope is much lower, at 55.4, reflecting its reduced sensitivity to wage
changes due to fewer employees. The effect of wage variation is relatively limited. With
fewer employees needed for the system, changes in wage levels have a modest impact on
the overall cost.

In the baseline scenario wages, although the CVAS wages are higher than those in CS,
EUR 50,000 annual personnel wages for CS versus EUR 60,000 for CVAS (reflecting the
need for more skilled technical staff), this does not result in a significant increase in total
comparative cost. This is because CVAS requires far fewer personnel due to its high level
of automation. When these two factors, wages and workforce size, are considered together,
the higher per-person wages in CVAS are more than offset by the dramatic reduction in the
number of employees.

To put this into perspective, we marked the names of the countries with different
wage levels in Figure 5. All wage data are drawn from the 2024 Global Wage Report [27]
and converted to nominal EUR using the 2024 yearly average currency exchange rates
published by the U.S. Internal Revenue Service [28]. For example, the case company is
based in Finland, where the annual wage is EUR 48,084. In contrast, the average annual
wages in China (EUR 15,763) and India (EUR 2657) are significantly lower. Labor-related
costs thus have a substantially larger impact on total comparative costs in high-wage
economies such as the United States, where the average annual wage is EUR 55,776.

In China and India, which are low-wage countries, the wages result in the cost-
competitiveness of CS over CVAS. Therefore, it is economically feasible to operate CS opera-
tions. EUR 20,980 is the breakeven value of wages for CVAS and CS. For higher wage levels
that exceed EUR 20,980 (such as in Finland and the US), CVAS becomes more competitive,
while for lower wages, CS gains competitiveness. International Labour Organization [27]
reports that approximately 62% of the 79 countries surveyed in 2023 had an average annual
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wage below EUR 20,980. It should be noted that these cross-country wage comparisons are
illustrative of labor cost sensitivity rather than full country-level assessments.

4.1.3. Training Cost

As shown in Figure 6, there is a linear relationship between the training cost and the
total comparative cost of both CS and CVAS, and the impact of training cost variation is
more pronounced for CS as it involves a higher number of employees. The slope of the CS
line is 31.3, meaning that for each additional EUR 1000 spent per employee on training, the
total cost increases by approximately EUR 31,304. For CVAS, the slope is 6, indicating a
much lower impact.

Figure 6. Effects of training cost.

While CS and CVAS currently rely on traditional in-person training, a potential shift
to virtual training can impact recurring costs, shorten preparation time, and standardize
knowledge delivery across operators, resulting in a significant reduction in the overall cost
of training. However, as Figure 6 presents, training costs represent only a small portion
of the total comparative cost for CS and CVAS; therefore, its impact on overall financial
outcome remains limited.

4.2. Sensitivity Analysis of Machinery Costs
4.2.1. Machinery Costs

Machinery costs here refer to the purchase of machinery and systems used in both
CVAS and CS methods. As shown in Table 4, the baseline data from the previous study
indicate a significant gap in both unit cost and the number of machines required for
each method. For the CVAS method, two complementary machine types—Type 1 and
2 (a total of 14 units of machines where Type 1 comprises the optical and NIR sensor
units, which perform material detection and identification, and Type 2 comprises the Zen
robots’ sorting arms, which execute the physical pick-and-place of identified fractions)
are required with prices of EUR 100,000 and EUR 300,000. The CS method relies on a
single type of conventional mechanical sorting unit (shredder), with a baseline cost of EUR
50,000 per machine.

This difference in initial investment structure creates a notable financial contrast
between the two methods at the start of the 7-year cost analysis period. CVAS’s reliance on
high-tech machinery results in a much higher initial investment requirement. CS, on the
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other hand, is apex-heavy and capex-light due to its simpler and lower cost of equipment
and higher operational cost.

Table 4. Machinery costs with baseline and assumption values.

Machine Type in Method
Value

Lowest Lower Baseline Higher Highest

Type 1—CVAS 10 k 20 k 100 k 200 k 500 k
Type 2—CVAS 30 k 60 k 300 k 600 k 1500 k

Type 1—CS 5 k 10 k 50 k 100 k 250 k

Figure 7 presents how varying machine costs affect financial outcomes. We use the
average price of machinery for the CVAS x-axis. As expected, CVAS and CS cost trends
are linear; CVAS is more sensitive to increases in machine unit price due to its reliance
on high-tech equipment. The slope of the CVAS line is 20, indicating that for every EUR
100,000 reduction in machine unit cost, the total comparative cost declines by approximately
EUR 2 million, whereas CS machinery is generally simpler, cheaper, and has lower price
sensitivity with a slope of 0.5, showing a slight fluctuation for the same unit cost change.
CVAS maintains its competitiveness when the average price of the machine is lower than
EUR 512,000 (breakeven point). In contexts where government subsidies or technological
advancements reduce the procurement costs of automated machinery, the initial investment
barrier for CVAS is lowered, which in turn improves CVAS’s competitiveness.

 
Figure 7. Effects of machinery price.

4.2.2. Maintenance Costs

Table 5 outlines the maintenance cost assumptions used in the sensitivity analysis,
which are calculated by different percentages of machinery value.
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Table 5. Maintenance costs with baseline and assumption values.

Machine Type in Method
Value

Lowest (0.5%) Lower (2%) Baseline (5%) Higher (10%) Highest (50%)

Type 1—CVAS 1 k 2 k 5 k 10 k 50 k
Type 2—CVAS 2 k 6 k 15 k 30 k 150 k

Type 1—CS 250 1 k 3 k 5 k 25 k

Due to the correlation between machine cost and maintenance cost, the variation trends
in maintenance costs closely resemble those of machinery costs. As shown in Figure 8, both
CVAS and CS exhibit linear trends, but the CVAS method is significantly more sensitive to
maintenance cost fluctuations. This is primarily due to the greater complexity and higher
value of the equipment involved.

Figure 8. Effects of maintenance costs.

4.3. Sensitivity Analysis of Discount Rate

The discount rate reflects the time value of money and plays a critical role in evaluating
the NPV of long-term investments. As presented in Table 6, we use different discount rates
to assess how the timing of project costs affects the total financial burden of the CVAS and
CS methods. For simplicity, wage levels are assumed to remain constant over the seven
years of the project span.

Table 6. Discount rate with baseline and assumption values.

Value Lowest Lower Baseline Higher Highest

Discount Rate 0.0% 2.5% 4.5% 30.0% 80.0%

We use the NPV of comparative costs for CVAS and CS projects and compare them
using the discount rate presented in Table 6. As illustrated in Figure 9, both CVAS and CS
costs exhibit a nonlinear correlation with discount rates. As the discount rate increases,
total comparative cost declines. This relationship follows a power function, where the rate
of cost reduction slows as the discount rate grows.

Notably, the CVAS cost curve appears flatter, indicating that its NPV is less sensitive
to changes in the discount rate. This is primarily because CVAS incurs a large propor-
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tion of its total costs upfront, particularly through high initial investments in machinery.
Since these early-stage expenses occur at the beginning of the project timeline, they are
minimally affected by the discount rate. In contrast, the CS cost curve exhibits a steeper
decline, especially at lower discount rates, reflecting greater sensitivity to discount rate
variations. This is due to CS’s operational cost structure, which is driven by labor costs and
maintenance expenses. As the discount rate rises, these operational costs are discounted
more aggressively, resulting in a sharper reduction in their present value.

Figure 9. Effects of discount rate on the competitiveness for CVAS and CS in Finland.

Quantitatively, increasing the discount rate from 0% to 80% results in a 52.1% reduction
in the NPV of total cost for CS, compared to a 25.2% reduction for CVAS. CS benefits more
significantly from higher discount rates due to the deferral of its major expenses. However,
such extreme discount rates are uncommon in real-world financial settings. Therefore,
CVAS remains more financially viable under most practical scenarios.

To better relate these findings to real-world conditions, we incorporate national-level
discount rates into the analysis. For example, if all other variables assumed to remain
constant, the cost-competitiveness gap of CS is smallest under Turkey’s discount rate
(46%). This gap widens against CVAS as lower discount rates are applied in India (6%),
the United States (4.5%), Europe (2.4%), and China (1.8%) [29–33]. This is due to the levels
of the discount rate. In advanced countries with lower discount rates, CVAS remains
more competitive than CS under the same baseline scenario. According to data from the
European Central Bank [32], a 2.1% decrease in discount rates between 2023 and 2025 led
to an NPV increase of EUR 0.3 million for CVAS and EUR 0.9 million for CS. Overall, the
lower the discount rate, the more competitive CVAS becomes.

4.4. Summary of Results

Table 7 summarizes a consolidated overview of the findings across all discussed parameters.
We conducted a real-world sensitivity analysis of a computer vision-enabled auto-

mated sorting (CVAS) deployment for construction waste recycling in Finland and com-
pared it to a conventional sorting (CS) method. Building upon the cost model developed
by Farshadfar et al. [2], we extended the analytical framework by incorporating NPV
analysis to account for the time value of money and implemented a structured, phase-based
approach to more accurately isolate and compare distinct operational phases.

The sensitivity analysis evaluated key variables, including the number of employees,
wages, personnel training, initial machinery investment, maintenance operations, and
discount rate. The results show that CVAS has a better economic performance in scenarios
with higher labor-related costs (higher wages, number of employees, and training expenses)
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due to CVAS’s low labor dependency. The international wage data [27] utilized in this
study provided further insight into how regional labor costs influence the relative financial
viability of sorting methods. Specifically, in lower-wage countries such as China or India,
the labor cost advantages of CS become more prominent, reducing the relative cost compet-
itiveness of CVAS due to its smaller potential labor savings. Conversely, in higher-wage
economies like Finland and the United States, CVAS clearly demonstrates its economic
strengths, justifying its initial higher capital investment through substantial reductions
in labor-related operational expenses. Furthermore, CVAS exhibits greater resilience to
variations in the discount rate, highlighting its suitability for long-term financial stability.
Based on data from the European Central Bank [32], a 2.1% decrease in the euro area
discount rate between 2023 and 2025 increased the competitiveness of CVAS by increasing
its total comparative cost by EUR 300,000 versus an increase of EUR 900,000 for CS. This
underscores CVAS’s advantage in maintaining cost efficiency in interest rate changes. It
should be noted that while discount rates above 40% are unusual in project finance, some
emerging economies have reported such levels (e.g., Turkey reached around 46% in 2024).
For this reason, our upper-bound value of 80% should be interpreted as a stress-test sce-
nario to illustrate model robustness under extreme financial conditions, rather than as a
decision-relevant benchmark.

Table 7. Summary of sensitivity analysis results (7-year NPV-based comparison of CVAS vs. CS).

Parameter Main Findings Breakeven/Threshold Implication

Number of Employees

CS costs increase steeply with
workforce size (slope EUR 558 k
per employee), while CVAS
increases moderately (EUR 202 k).

CS competitive only if
≤24 employees for 30 tons/h
(not feasible in practice).

CVAS gains strong advantage in
labor-intensive contexts.

Wages

CS highly sensitive to wage
increases (slope EUR 289 k per
EUR 1 k increase); CVAS much
less sensitive (EUR 55 k).

Breakeven wage ≈ EUR
20,980/year. Above this,
CVAS is more competitive.

In high-wage economies (e.g.,
Finland, US), CVAS outperforms
CS; in low-wage countries (China,
India), CS remains viable.

Training Cost Impact limited; CS more affected
due to larger workforce.

N/A (minor share of
total cost).

Virtual/standardized training
could reduce costs, but does not
change competitiveness ranking.

Machinery Costs

CVAS cost dominated by
high-tech machines; highly
sensitive to price reductions
(slope ≈ EUR 2 m per EUR 100 k
decrease).

CVAS competitive if average
unit price ≤ EUR 512 k.

Subsidies, economies of scale, or
tech improvements critical for
CVAS adoption.

Maintenance Costs CVAS more sensitive to increases
due to expensive machinery.

N/A (linear impact tied to
machinery value).

Reliability improvements and
optimized service contracts
crucial for competitiveness.

Discount Rate CS benefits more from higher
discount rates; CVAS less affected.

CVAS favored at low/realistic
rates.

CVAS financially robust in
advanced economies with low
interest rates; CS gains advantage
in extremely high-inflation
economies.

Our findings also indicate scenarios where CS maintains cost advantages when ma-
chinery prices and maintenance expenses are the dominant cost components. In contexts
characterized by lower upfront capital availability or limited technological infrastruc-
ture, CS remains economically attractive in the short term due to its simpler and more
affordable machinery.
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5. Discussion
5.1. Theoretical Implications

In high-wage, technologically advanced economies such as Finland, waste-management
companies face two persistent pressures: increasingly stringent circular-economy regu-
lation and ongoing labor shortages [34,35]. Drawing on disruption theory [36], we can
see how the currently expensive, technology-intensive CVAS solution could become a
disruptive force. Disruption typically begins at the top of the market, where the most
sophisticated offerings compete, and then moves down the market as costs fall and access
improves. Entering from the high end, CVAS for waste sorting can diffuse downward as
the technology becomes more affordable, ultimately displacing labor-intensive methods in
advanced economies where wages are high.

As the solution improves and is increasingly commoditized, adoption can extend to
lower-wage countries as well. In this sense, early deployments in countries like Finland
can serve as test beds for high-end sustaining innovations that may ultimately reshape the
global waste-management industry.

Analyzing the case from the point of view of Roger’s innovation diffusion model [37,38],
we can offer additional insights. In the CVAS case, the perceived relative advantage comes
from higher sorting accuracy, stable throughput, and labor substitution versus manual
picking; these benefits dominate adopter narratives while reliability concerns and ML up-
keep still elevate perceived complexity. Because CVAS can be retrofitted into belt-and-pick
workflows and plant control systems, compatibility is reasonably high; pilotable single-line
deployments increase trialability, and line-level performances (purity, recovery, through-
put) make performance observable, aligning neatly with Rogers’ five attributes that shape
adoption speed.

Our comparative cost lens is consistent with early, high-capex process innovations:
CVAS competitiveness rises with wages and personnel costs but weakens as machinery
and maintenance outlays grow; over time, “learning-by-using” and experience-curve
effects lower unit costs and improve uptime, shifting perceived risk and pushing diffusion
from early- to late-majority adopters. Finnish automation pioneers like ZenRobotics in
waste sorting [2] illustrate both the capital intensity and the data/service maturation path
in this domain, while European Union waste policy [39] and EPR (extended producer
responsibility) pressures increase the payoff of the accuracy and throughput improvements
that automation delivers.

5.2. Practical Implications

From a solution-evolution perspective, and given current technical barriers, the next
wave of developments may combine vison with LLM-based language-based reasoning [40].
Waste-sorting software can progressively shift from narrow, label-intensive CV toward
vision-language models (VLMs) trained on aligned image–text data. Operationally, this
enables faster onboarding of new waste fractions and labels with less relabeling, greater
flexibility and accuracy in complex settings through richer contextual understanding, and
a shorter positive feedback loop.

In this trajectory, a CV-VLM architecture can first handle only waste detection for
sorting, then extend the VLM component capability to real-time robotic arm motion and
approach planning [41–43]. This would allow the VLMs to coordinate multiple stations
with many robotic arms for more efficient waste sorting [44]. Current VLMs’ shortcomings
include the need for case-specific contextual training data, higher inference costs compared
with conventional CV models, and a reliance on cloud rather than edge deployment. The
emergence of small language models (SLMs)—an active and rapidly growing research
area—can help to address localized deployment requirements [45,46].
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5.3. Limitations and Future Research

This study contributes to the existing literature by providing a comprehensive financial
sensitivity framework, which integrates detailed cost modeling, international contextual-
ization, and practical cost-competitiveness insights. While this study is based on a single
case, its representativeness lies in the fact that the analysis is grounded in a real-world
deployment by a leading provider of robotic recycling solutions. As such, the findings
capture the dynamics of a flagship implementation that sets technological and operational
benchmarks for the industry.

Nevertheless, we acknowledge that broader external validity requires validation across
multiple facilities, waste streams, multi-parameter scenarios, and national contexts. The
applied scaling factor of 2.3 is case-specific, reflecting the throughput difference reported
in the investigated facility. While this approach aligns with prior comparative studies,
throughput values may vary across facilities and waste streams; future research should
therefore test alternative scaling assumptions to enhance generalizability. In addition,
downtime and failure rates were not explicitly modeled due to limited data, though their
economic impact may be substantial. These effects are partly reflected in maintenance cost
sensitivity, but future studies should explicitly integrate reliability and system availability
metrics into cost models.

To further strengthen external validity and capture a wider range of operational and
economic conditions, future research should validate the model across diverse geographical
contexts, waste stream compositions, and facility types. Other valuable directions include
analyzing real-world operational performance data to verify modeled assumptions, assess-
ing regional variations in return on investment (ROI), and exploring the scalability and
adaptability of CVAS across different global markets. Because detailed sector-specific wage
data and vendor-style operating expense breakdowns were not available, we approximated
these effects by applying higher overall wage levels for CVAS and modeling maintenance
at 5% of machinery acquisition cost, validated through industry interviews. Future work
should refine the model with more granular data when available. While our paper focuses
primarily on cost, future research could extend the framework to include revenue-side
impacts. Also, this analysis is deterministic and does not include confidence intervals;
future research should apply probabilistic methods to capture uncertainty ranges.

6. Conclusions
We present a comprehensive sensitivity analysis of a real-world deployment of a CVAS

system for construction waste management in Finland. By extending prior cost models with
an NPV framework, the study systematically evaluated the economic feasibility of CVAS
compared to CS under varying labor, training, machinery, maintenance, and discount rate.

The results show that CVAS becomes increasingly cost-competitive in contexts charac-
terized by high labor intensity, elevated wage levels, and significant training requirements.
For example, when annual wages exceed EUR 20,980, CVAS demonstrates clear cost ad-
vantages, primarily due to its ability to reduce workforce size by up to 91.7% in same
throughput. This effect is especially relevant in high-wage contexts such as Finland (EUR
48,084) and the United States (EUR 55,776). Conversely, CS retains financial benefits
when capital-intensive factors dominate, such as in scenarios with average machinery
costs above EUR 512,000 per unit or with unusually high discount rates. These findings
highlight the critical role of contextual factors such as wage levels, investment environ-
ments, and equipment pricing in shaping the relative competitiveness of automated versus
conventional approaches.

Overall, this research bridges a critical gap in the literature by linking technical ad-
vancements in AI- and robotics-enabled sorting with their financial implications. The
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findings provide practical guidance for policymakers, facility operators, and technology
providers considering the large-scale deployment of CVAS. Future studies should extend
this work by testing the model across diverse geographical contexts, incorporating real-
world reliability and downtime data, and assessing revenue-side benefits such as improved
material recovery rates and market value of the sorted outputs.
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NPV Net present value
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CS Conventional sorting
CV Computer vision
ML Machine learning
AI Artificial intelligence
CVAS Computer vision-enabled automated sorting
EPR Extended producer responsibility
VLMs Vision-language models
SLMs Small language models
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