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Abstract -
Autonomous excavation systems are currently being devel-

oped to help address issues of poor productivity, by automat-
ing the excavation process and reducing manpower onsite.
However, the impact of automation on the productivity of
the excavation process remains to be determined. This pa-
per uses a simulation approach to study this question. A
typical excavation operation scenario is modeled and subse-
quently modified to account for the impact of automation. A
comparative study between the typical and modified scenar-
ios demonstrates the impact of automation on productivity.
Three modes of automation are modeled in the excavation
process: autonomous excavation, autonomous navigation of
excavators, and autonomous lorry fleets. The models are val-
idated using actual site data, and results suggest the impact
of automation on the excavation process is severely limited.
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1 Introduction
With the rapid advancement of technology, automation

in civil engineering has brought about great benefits with
regard to safety, cost, and productivity, as noted in sev-
eral studies [1]. Excavators, one of the most commonly
found heavy equipment on construction sites, are a prime
example of where automation can improve operations [2].
Unmanned autonomous excavators are a trending research
direction and have significant commercial interest [3].

Presently, construction companies all over the world that
use traditional excavators are facing engineering problems,
such as high labor intensity, low efficiency, and high safety
risks [4, 5, 6]. Critical shortage of skilled operators for
large machinery, and the dangerous working environment
of some excavators may result in safety and health issues
for on-site operators [6].

In response to some of the abovementioned issues, au-
tonomous excavation systems hold some promise in mit-
igating productivity problems. Autonomous excavation
systems encompass both autonomous (robotic) excavators
and autonomous dump trucks (lorries). Development of
these systems involves various areas of robotics research,
including autonomous navigation, robotic path-planning,
localization, and integration of digital terrain with sur-
vey data [7]. Robotic excavation also involves trench-
ing, leveling, and slope cutting via remote teleoperation to

achieve maximum work efficiency, precision, profitability,
and safety.

The industry has several examples of commercially
available or near commercialization autonomous exca-
vators. Komatsu developed the PC210LCi-10 in 2013,
which is based on the iMC (Intelligent Machine Control)
technology, equipped with GNSS antenna, inertial mea-
surement unit, stroke sensing cylinder, and controller. In
2021, an intelligent excavator developed by the Aviation
Industry Control Institute and Sany Heavy Industry Co.,
Ltd., realized automatic planning and remote control, au-
tomatic moving, automatic trenching, and 5G remote con-
trol. FJ DYNAMICS has also developed a complete set
of unmanned and digital solutions that include 3D spa-
tial sensing integrated with guidance and control systems.
These excavators are equipped with an excavation guid-
ance system with 3D images that display the movement of
the machine in real-time, and high-precision construction
can be carried out at any time, even in low visibility and
restricted access conditions.

However, despite the potential benefits of autonomous
excavators, further development in several areas is re-
quired. A recent study found that remote operation of
excavators may not be as effective as initially thought [8].
Current teleoperated systems may suffer from control de-
lays compared to manual controls and may encounter diffi-
culties in acquiring and understanding surrounding infor-
mation such as soil, machines, nearby human workers, and
other obstacles [4]. Full automation of every process on
the job site remains challenging, given the uncertainties
of the dynamic and complex excavation tasks onsite [5].
Thus, analyzing the impact of autonomous excavators on
productivity is necessary to help justify whether there is a
return on investment for autonomous excavators.

In this paper, a simulation model is used to study the
excavation process. The model is validated using real-
world data, and different modes of automation are modeled
and studied. Finally, conclusions are drawn regarding the
efficacies of automation on productivity and its practical
implications discussed.

2 Literature Review
2.1 Autonomous excavator system

Automatic excavator systems are an emerging field of
research that combines civil engineering and robotics. In
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recent years, there has been significant progress in the de-
velopment of autonomous excavator systems that can oper-
ate continuously for extended periods without human inter-
vention, such as the system developed by researchers from
Baidu Robotics, Research Robotics and Auto-Driving Lab
(RAL), and the University of Maryland, College Park, in
2021 [9]. The system is equipped with sensors that can
perceive the 3D environment and identify materials, which
significantly enhances productivity. An overview is pro-
vided in Figure 1.

Figure 1. Autonomous excavator system from Baidu
Robotics and Research Robotics and Auto-Driving
Lab (RAL) and the University of Maryland, College
Park (Zhang et al., 2021)

Navigation planning is a crucial aspect of autonomous
excavator systems. The combination of point-to-point
(PTP) and complete coverage path planning (CCPP) meth-
ods is one solution that has been proposed to achieve this.
PTP is a technique that uses an algorithm such as the 𝐴∗
algorithm, which relies on a heuristic function ℎ(𝑛) to es-
timate the lowest-cost path from the start node to the goal
node 𝑔(𝑛) [10]. CCPP algorithms are designed to split
the workspace into square cells and use a cost function
to optimize the path planning, taking into account various
parameters such as water flow, travel distance, elevation,
accessibility, and environmental constraints [6]. An algo-
rithm proposed by Kim et al. in [11] provides an example
of a CCPP algorithm that considers earthwork and envi-
ronmental constraints as an optimization problem. The
algorithm’s cost function additionally takes into account
the accessibility of the lorries and the external conditions
of the work environment, such as the distance between
cells, distance from the entrance, and isolation. These pa-
rameters are critical in determining the cost of excavation
and the overall efficiency of the system [6].

2.2 Earthwork Simulations
Simulation systems play a crucial role in civil engineer-

ing and construction management by helping profession-
als understand and predict complex engineering problems,
with the objective of potentially increasing work produc-
tivity. AbouRizk [12] showed that simulation plays an
integral role in construction engineering and management
by summarizing the key factors of deploying simulation
models and key attributes of construction problems that
make them more amenable for simulation modeling than

other methods. In addition, simulation models are capa-
ble of capturing complex variables, analyzing the impact
on the productivity of tunneling construction projects, and
carrying out further sensitivity analysis[13].

One benefit of simulation systems is its ability to provide
integrated simulation and optimization approaches to re-
duce CO2 emissions from the on-site construction process.
For example, Li et al. [14] used a discrete-event simulation
(DES) approach to model the construction process in cold
regions, quantifying the amount of CO2 emissions, and
optimizing on-site labor allocation using a genetic algo-
rithm. This reduced the carbon footprint of construction
activities in cold regions.

Another benefit is its ability to create simulation mod-
els for earthwork operations to enhance productivity.
Simphony.Net, a simulation environment developed by
AbouRizk et al. [15], provides construction simulation
solutions that can handle both discrete event and continu-
ous simulations. One important feature of this simulation
environment is its extensibility and flexibility, which al-
lows it to create special-purpose simulations for specific
construction systems such as earth-moving, paving, etc.

In conclusion, simulation systems have become an es-
sential tool for civil engineers and construction profession-
als. They provide a way to better understand complex en-
gineering problems, optimize construction activities, and
enhance productivity.

2.3 Gap in Current Studies

In recent years, there has been a rapid development
of autonomous excavator technology. The potential for
this technology in the civil engineering industry is im-
mense. Autonomous excavation systems combine various
technologies such as 3D vision, machine learning, and
other artificial intelligence techniques to achieve fully au-
tonomous operations. Earthwork operations analysis us-
ing simulation is also gaining popularity as it is proven to
enhance the productivity of infrastructure projects.

However, the current application of autonomous exca-
vators in the civil engineering industry is still in its exper-
imental phase. Due to the uncertainties of dynamic and
complex excavation tasks in the workplace [5], it is neces-
sary to investigate and verify whether autonomous excava-
tion systems can improve overall productivity. Therefore,
it is essential to develop a baseline productivity measure
to test the usability of autonomous excavators.

This paper identifies different strategies of autonomy
for automated excavation systems, but there have been
few studies on the impact of automation on the productiv-
ity of autonomous excavation systems, considering these
different strategies. Therefore, it is important to mea-
sure productivity and compare it accordingly [16]. There-
fore, the objective of this study is to define these strate-
gies of automation for autonomous excavation systems and
quantify their impact accordingly. Both of the objectives
are realized by simulating the excavation process in Sim-
phony.Net. By doing so, the study aims to provide a better
understanding of the potential for autonomous excavation
systems in the civil engineering industry.



3 Proposed Research Method
3.1 Overall simulation methodology

The overall methodology of this research is presented in
Figure 2. It consists of four main sections, namely Data
preparation, Simulation model building, Output analysis,
and Discussion. Each of these sections can be further bro-
ken down into several sub-steps. The following paragraphs
will introduce the activities in each sub-step in more detail.

Figure 2. Research Method of the Research

To realistically simulate the excavation activity, data
from an actual construction site is used. In the first step
of data preparation, the layout of the site is analyzed, and
project information is collected. The information gathered
is then used to design the simulation model.

In the next step, the simulation model is built. The
model is made up of several sub-cycles, including Excava-
tors, Lorries, and Personnel. The earthwork is transferred
as units flowing through different nodes. Once the simu-
lation model has been constructed, input data is used to fit
the simulation model.

To ensure the accuracy of the input data, a statistical
t-test is conducted to establish a baseline model. This
helps to validate the data input, as well as to identify any
inconsistencies or errors that may have occurred during
data preparation.

Finally, various automation strategies are formulated
and tested on the simulation model. Metrics for assess-
ment are selected, and a sensitivity analysis is carried out
to investigate the results further. The results obtained from
the simulation model are analyzed and discussed, with a
focus on the impact of automation on the productivity of
autonomous excavation systems. In conclusion, the over-
all methodology of this research is designed to provide
a systematic and rigorous approach to investigating the

impact of automation on the productivity of autonomous
excavation systems.

3.2 Site Information: Layout of Site and Data Col-
lection

To simulate the excavation process at a construction site,
an open-cut bulk excavation project is selected here as a
reference project to build the simulation model. The layout
of the site is presented in Figure 3, which shows that the site
has been divided into two zones, with each zone serviced
by an individual gate. Lorries enter and exit the site from
either Gates 1 or 2. There are no intermediate storage
areas for excavated earth. The average travel distances of
the excavators and lorries are estimated to be similar for
both zones, and the size of each zone is about 350𝑚2.

The overall objective of the excavation operation is to
excavate 1000 cubic meters of soil from the construction
site and move it to the dump site situated externally from
the site. The excavators carry out two different activities:
Some excavators carry out excavation and slope grading
when not excavating, while others are tasked to load the
excavated soil material onto the lorries. Other project
machinery such as lorries and personnel including banks-
man, operators, supervisors, etc., are also incorporated
into the simulation. These elements make up the fun-
damental components of the project, with further details
listed below in Table 1.

Table 1. Fundamental Elements of Simulation
Element Description Units

Excavator Bucket Capacity: 1.5𝑚3 1
Lorry Capacity: 8𝑚3 15

Banksman - 3
Safety Personnel - 3

Operator - 9
Supervisor - 3

Traffic - 3

Manpower is divided into three groups: those in charge
of excavation, loading, and dumping, respectively. Lor-
ries enter and exit the site via the two major gates at an
average interval of 7 minutes due to the dumping activity.
Excavators, lorries, and manpower are assumed to operate
continuously over the working period. This assumption
allows the simulation to operate at a steady state, thus
allowing for more consistent results to be obtained.

Overall, the comprehensive simulation model created
closely mirrors the excavation process at a real construc-
tion site. By incorporating all the key elements of the
excavation project, including personnel, machinery, and
different operational activities, the simulation model pro-
vides a realistic and accurate representation of the exca-
vation process. This model will enable the impact of
different automation strategies on excavation productivity
and efficiency to be evaluated.

4 Simulation Model
4.1 Model Construction in Simphony.NET

The model is constructed within Simphony.NET, a mod-
eling environment composed of simulation services and a



Figure 3. Layout of Test Site

modeling user interface that provides a visual represen-
tation of the excavation process. The overall excavation
process is simulated in Simphony.NET as shown in Fig-
ure 4. The model is designed to simulate the sub-cycles
within the excavation process, which mainly include the
excavation sub-cycle, the loading sub-cycle, and the lorry
cycle. These sub-cycles are connected to the soil sub-
cycle, which depicts the transfer of earth from its original
state to its excavated state, and finally to its dumping site.

By adjusting and tuning the parameters of the model and
running simulations, output analysis can be conducted to
determine how these parameters impact the total operation
time and production rate. This output analysis refers to the
evaluation of strategies and is used to evaluate the effect
of different classes of autonomous excavation systems.

In Figure 4, green nodes depict major resource units
utilized by the simulation. Deep yellow nodes represent
processes whose duration follows an estimated statistical
distribution from historical data. Light yellow nodes indi-
cate activities where the time durations are estimated from
video data collected onsite, and used to tune the model.

To integrate the simulation model, data is required, in-
cluding the duration of processes and unit quantities. Table
2 lists the data required for the simulation.

Cycle times for normal excavation, excavator maneuver,
and loading are estimated based on video recordings of the
site excavation works. The time spent on internal travel
and external travel of lorries is estimated using a statistical
distribution, with lognormal distribution assumed for the
two durations. Examples of such data are often recorded
in site lorry logs. Table 3 provides the complete data input

set for the simulation.

4.2 Model Validation

Validation of simulation models is a crucial step in the
modeling process to ensure the model accurately reflects
the actual situation of the construction site. In this case,
the simulation model is validated using data records of
lorries coming in and out of the site, and durations of in-
ternal and external travel are used as a metric. Internal
travel refers to the time lapse between the entry and exit of
a specific lorry from the site, and the mean and standard
deviation of these durations are computed. T-tests are then
conducted to determine if there is a statistical difference
between the simulation results and the observed data. The
computed p-values of the two durations indicate a high
probability that the observed data is not significantly dif-
ferent from the simulated results. Therefore, the model
structure is deemed acceptable, and the simulated model
is representative of the actual situation on-site.

With the validated simulation model, two modes were
further developed, each with the same structure and node
layout. The first mode, “Real Situation” depicts the sce-
nario where the validated model was used as-is. The
second mode, “Optimized Situation” shows the scenario
where further resource balancing was carried out on the
validated model to optimize the resources. In this “Opti-
mized Situation”, the resources of manpower, excavators,
and lorries were analyzed and balanced to match the inter-
action of the different cycles. By doing so, the resources
are adjusted to match the needs of the excavation, loading,
and lorry cycles. The optimization process ensures the re-



Figure 4. Overall Simphony.NET Model

Table 2. Data Requirements for Simulation Model
Data Requirements Description

Capacity of Excavator Bucket and Lorries Capacity is used for unit balancing
Number of Excavators, Lorries, and Manpower The major resources used for maintaining the cycles

Soil Amount The target amount of soil that needs to be transported outside the site
Internal Travel Duration of lorries traveling in the site

Loading Duration for excavator loading the lorries
External Travel Duration when lorries are traveling outside the site

Normal Excavation Duration of one excavator finishing a single excavation cycle
Excavator Maneuver Duration of excavator maneuvering to excavation point

Table 3. Data Input Values used in Model
Parameter Value

Internal Travelling Time ∼ 𝐿𝑁 (1.996, 0.272)
External Travelling Time ∼ 𝐿𝑁 (4.705, 0.160)

Normal Excavation Duration 0.25 minutes
Number of Excavators 3

Number of Lorries 30
Loading Duration 1.5 minutes

Excavator Bucket Capacity 1.5𝑚3

Lorry Capacity 9𝑚3

Number of Manpower 6
Excavator Maneuver Duration 0.5 minutes

Soil Amount 1000𝑚3

sources are utilized to their full potential, thus reducing the
overall operation time and increasing the production rate.
The rationale of comparing the results from the two modes
is to isolate the effect of automation from the impact of
resource optimization. This allows a more accurate evalu-
ation of the effect of automation on the excavation process.

5 Output Analysis
5.1 Strategies for Autonomous Excavation systems

This paper identifies three modes or strategies of au-
tomation that will improve excavation: autonomous exca-
vation, autonomous navigation and automated lorry fleet.

Autonomous excavation is achieved through the use of



bucket sensors and posture detection techniques. Bucket
sensors enable the excavator to detect the location and
depth of the earth being excavated, while posture detec-
tion ensures the excavator maintains the correct posture
while performing the excavation. These techniques work
together during the excavation process to ensure greater
accuracy and speed than a human operator.

Autonomous navigation is another key area where
robotics can help improve excavation processes. By us-
ing real-time data to identify the boundaries of excavation
activity, autonomous navigation can help to allocate dy-
namic zones of excavator operation and reduce conflicts
inside the site. This can significantly reduce the duration
for maneuvering and control of the excavator, resulting in
increased efficiency and productivity.

Automating the fleet of lorries is also a potential strategy
that can help to reduce the amount of travel within the site.
By using autonomous navigation techniques to optimize
the routes taken by lorries, it is possible to reduce the time
and fuel consumption required for transportation.

To simulate these three strategies in the Simphony.NET
model, the effects of these strategies are modeled by de-
creasing the expected durations of their associated activi-
ties, as shown in Table 4. In the simulation, each strategy
is modeled as a simulation scenario, wherein a different
level of automation is depicted. Additional simulation sce-
narios are also defined where the different strategies are
combined. The effects of the strategies are obtained from
expert judgment found in Li et al. [16].

Table 4. Strategies for Automation of Excavation
Process

Strategies Associated Nodes Change
Autonomous
Excavation
(Strategy 1) Normal Excavation -30 %
Autonomous
Navigation
(Strategy 2) Excavator Maneuver -30 %
Automated
Lorry Fleet
(Strategy 3) Internal Travel Time -30 %

As each of the above strategies may be used in con-
junction, this research further identifies the following sce-
narios. This creates a total of seven possible strategies,
arising from the possible combinations of the above three
strategies.

• Strategy 1&2: Autonomous Excavation with Au-
tonomous Navigation

• Strategy 1&3: Autonomous Excavation with Au-
tonomous Lorry Fleet

• Strategy 2&3: Autonomous Navigation with Au-
tonomous Lorry Fleet

• Strategy 1&2&3: Autonomous Excavation with Au-
tonomous Navigation and Autonomous Lorry Fleet

Several metrics are defined that are used as indicators
of the overall productivity of the excavation process:

• Metric 1: The “Last Arrival Time” is the total time
taken within the simulation to excavate 1000𝑚3 of
earth.

• Metric 2: The “Average waiting times” of excavators
for loading activities.

• Metric 3: The “Average waiting times” of excavators
for excavation activities.

This paper uses three metrics to evaluate the impact of
automation on the excavation process. The first metric,
Metric 1, is used to measure the overall productivity of
the entire excavation process. This metric is commonly
used by earthwork contractors to assess their productivity,
making it a valuable tool to assess the effectiveness of the
different automation strategies. Metrics 2 and 3 are used
to track the utilization of the equipment. This information
can be used to identify any inefficiencies or idling of the
equipment, which may occur as a result of automation.

The study focuses on measuring the change in the nu-
merical values of these metrics, as different automation
strategies are implemented. The objective is to identify
any negative effects, such as excessive idling of the equip-
ment, and develop strategies to mitigate them. By mon-
itoring these metrics, insights can be gained into the ef-
fectiveness of the different automation strategies and their
impact on the excavation process.

5.2 Results and Discussion
The aforementioned 7 simulation scenarios refer to the

possible combinations of the automation strategies; these
scenarios were then applied to both the “Real Situation”
and “Optimized Situation” modes respectively. The pur-
pose was to determine if there was a significant difference
in the mean values of the simulation results obtained from
applying the strategies compared to the base cases from
either the ”Real Situation” or the ”Optimized Situation.”
To determine this, a t-test was performed. The results of
these hypothesis tests are presented in Table 5 for the “Real
Situation” and Table 7 for the “Optimized Situation”. In
both tables, 𝑚1 represents the mean value of the metric
used obtained from applying the strategy, and 𝑚2 repre-
sents the mean value of the same metric obtained from
the base scenario. The results in bold indicate significant
differences between the two mean values.

Table 5 presents the quantitative results of the three
metrics tracked in the study. The table shows that only
‘Strategy 3’, ‘Strategy 1&3’, ‘Strategy 2&3’, and ‘Strat-
egy 1&2&3’ have a significant difference in productivity
(Metric 1). The corresponding improvements in the “Real
Situation” were measured and compared against the base
results from the same situation, as well as the ”Optimized
Situation” results. Table 6 shows these results, with the
actual mean values obtained for each set of simulations
presented in parentheses. Negative percentage values in-
dicate a percentage decrease in the metric measured, and
values in parenthesis indicate the absolute mean values
obtained for each set of simulations. Values in parenthe-
ses within the header of the table indicate the mean value
of the base ’Real Situation” scenario.

Table 7 and Table 8 refer to the hypothesis tests and
their corresponding quantitative results in the “Optimized
Situation”. The table shows that only ‘Strategy 1&3’ and
‘Strategy 1&2&3’ have statistically significant results in
the optimized scenario.

In the “Real Situation”, the unbalanced number of re-
sources means that there are not enough lorries to support
the excavation and loading operations. As a result, the



Table 5. Results of Hypothesis Testing of Strategies
in Real Situation

Metric 1 Metric 2 Metric 3
Strategy 1 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 2 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 3 m1 > m2 𝑚1 > 𝑚2 𝑚1 > 𝑚2

Strategy 1&2 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 1&3 m1 > m2 𝑚1 > 𝑚2 𝑚1 < 𝑚2
Strategy 2&3 m1 > m2 𝑚1 > 𝑚2 𝑚1 < 𝑚2

Strategy 1&2&3 m1 > m2 𝑚1 > 𝑚2 𝑚1 < 𝑚2

Table 6. Quantitative Metrics for “Real Situation”
Metric 1
(1097.13)

Metric 2
(7.35)

Metric 3
(2.93)

Optimized Situation -18.08%
(878.78)

-24.56%
(5.54)

106.85%
(6.05)

Strategy 1 0.17%
(1099.05)

0.27%
(7.37)

15.85%
(3.39)

Strategy 2 0.11%
(1098.32)

0.21%
(7.36)

5.45%
(3.09)

Strategy 3 -1.84%
(1076.98)

-2.19%
(7.19)

-2.66%
(2.85)

Strategies 1&2 -0.00%
(1097.18)

-0.03%
(7.35)

20.49%
(3.53)

Strategies 1&3 -1.85%
(1076.84)

-2.13%
(7.19)

12.41%
(3.29)

Strategies 2&3 -1.68%
(1078.69)

-1.9%
(7.21)

2.46%
(3.00)

Strategies 1&2&3 -2.00%
(1075.24)

-2.19%
(7.18)

17.48%
(3.44)

Table 7. Results of Hypothesis Testing of Strategies
in Optimized Situation

Metric 1 Metric 2 Metric 3
Strategy 1 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 2 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 3 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 = 𝑚2

Strategy 1&2 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 1&3 m1 > m2 𝑚1 = 𝑚2 𝑚1 < 𝑚2
Strategy 2&3 𝑚1 = 𝑚2 𝑚1 = 𝑚2 𝑚1 < 𝑚2

Strategy 1&2&3 m1 > m2 𝑚1 > 𝑚2 𝑚1 < 𝑚2

Table 8. Quantitative Metrics for “Optimized Situa-
tion”

Metric 1
(898.78)

Metric 2
(5.54)

Metric 3
(6.05)

Strategy 1 0.19%
(900.51)

0.11%
(5.55)

7.54%
(6.51)

Strategy 2 -0.08%
(898.02)

-0.13%
(5.54)

2.27%
(6.19)

Strategy 3 -0.26%
(896.48)

-0.09%
(5.54)

-0.37%
(6.03)

Strategies 1&2 -0.03%
(898.50)

-0.02%
(5.54)

9.75%
(6.65)

Strategy 1&3 -0.28%
(896.27)

0.02%
(5.54)

7.08%
(6.49)

Strategy 2&3 -0.12%
(897.71)

0.15%
(5.55)

2.34%
(6.20)

Strategy 1&2&3 -0.18%
(897.14)

-0.03%
(5.54)

9.47%
(6.63)

excavators used for excavating have to wait for longer pe-
riods of time, which reduces the efficiency of the operation.
The waiting time for loading excavators, on the other hand,
does not show much variation in different scenarios, indi-
cating that automation does not have a significant impact
on the utilization of loading excavators.

The quantitative results presented in Table 6 show that
the Last Arrival Time (Metric 1) decreases from 1.68%
to 2% in the statistically significant scenarios from Ta-
ble 5. The average waiting time for loading (Metric 2)
shows little variation in different scenarios. This indicates
that automation does not affect the utilization of loading
excavators significantly. However, the waiting time for
excavators used for excavating increases significantly by
up to 17.5%. This increase in waiting time is due to the
lack of enough lorries to support the operation. When
the excavating machinery finishes the work faster, but the
subsequent loading is not fast enough, significant delays
may occur during excavation, hence reducing the overall
efficiency of the operation.

For “Optimized Situation”, where resources are bal-
anced, the overall production time drops by about 20%
when compared to the “Real Situation”. This reduction in
production time is due to the smoother and more efficient
operation arising from balanced resources. However, the
effect of automation on total productivity is not as signifi-
cant as one might expect. The decrease in last arrival time
(Metric 1) and loading excavator waiting time (Metric 2) in
the “Optimized Situation” is almost trivial, ranging from
-0.18% to -0.28%. The waiting time for excavators used
for excavating (Metric 3) is also longer than that of the
‘Real Situation” although the increase in waiting time is
not as significant, ranging from 7% to 9%.

In conclusion, resource constraints (the lack of lorries to
balance production) is inferred to dominate productivity,
despite the availability of automation. From both Real
and Optimized Situations, the impact of automation on
productivity is observed to be minimal.

6 Conclusion
Simulations are valuable tools for modeling complex

processes and predicting their potential outcomes. In this
study, an excavation simulation model was created us-
ing real-world site data. The model aimed to represent
the standard workflow of an open-cut excavation project,
which includes excavating, maneuvering, and loading.
The simulation model was built using Simphony.NET, a
powerful software tool for creating dynamic simulations of
industrial processes. The required data for the simulation
model was gathered from actual site data or estimated from
secondary sources. The model was then validated using
various techniques to ensure that it accurately represented
the real processes.

Once the simulation model was set up successfully, an
output analysis was conducted to determine the potential
impact of automation on the overall excavation productiv-
ity and equipment utilization. The analysis revealed that
the changes to the metrics were not significant within the
simulation model. This may be due to the shortage of
lorries which limits the effect of automatic excavators.

Although automatic excavators help reduce the time for
excavation, maneuvering, and loading, the changes made
to the overall productivity (Last Arrival Time) and uti-



lization (average waiting time for excavators) are minimal.
The study showed that the lack of lorries constrains the
effect of automatic excavators on productivity. This sug-
gests that the effect of automation may not be as significant
as expected, especially if there is a shortage of resources.

As future work, the simulation study can be significantly
improved by comparing the results to the reported perfor-
mance of autonomous excavator systems. This verifica-
tion may be obtained in the future through collaboration
with developers of autonomous excavator systems. Such
collaboration can help to further validate the simulation
model and enhance its accuracy, which can in turn provide
valuable insights for optimizing excavation processes.
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