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Abstract

Productivity in mining operations is highly dependent on the
efficiency of heavy equipment such as excavators. Conventional
methods for measuring excavator cycle time are often manual and
inefficient. This study aims to develop a real-time cycle time
detection system using the You Only Look Once (YOLO) object
detection algorithm. Video data from excavator operations were
annotated to train the YOLO model, which was then integrated into
a user-friendly application using OpenCV. The system achieved a
mean Average Precision (mAP) of 94.2% and operated at 30 Frames
Per Second (FPS), enabling accurate and real-time detection of
excavator activities. The system enhanced monitoring efficiency and
operational  productivity. Its implementation in mining
environments demonstrates the potential for automated cycle time
analysis to support equipment management, improve safety, and
reduce operational delays.
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1 Introduction

A company engaged in various industrial sectors, including
mining. It sells heavy equipment, including excavators. In mining
operations, excavators play a crucial role in excavation and material
transfer activities. The efficiency of excavator operations depends on
cycle time, which is the time required to complete a full work cycle.
Optimal cycle time can increase productivity and reduce operational
costs. Therefore, monitoring and analyzing cycle time in real time is
very important. Under certain conditions, conventional excavator
cycle time measurement often takes a long time. This is due to the
long and very complex procedure.

One way to achieve this is through digital monitoring using object
detection and image processing technology that can monitor the
movement of excavator activities accurately and in real time. Vision-
based methods allow visualization of equipment conditions directly
from images and videos. This facilitates the identification of false
recognition and analysis of the causes of low productivity. In contrast,
non-vision-based methods have difficulty categorizing activities in
detail and require the installation of sensors to monitor equipment [1],
[2].

Currently, monitoring cycle time on excavators is often done
manually, and the procedures are very time-consuming. With the
advancement of technology, especially in the field of computer vision
and machine learning, there is an opportunity to develop a more
accurate object detection system that can be done in real time [3].
Object detection is a field of computer vision that aims to identify and
locate objects of a certain class (such as humans, vehicles, etc.) in
images or videos. Object detection algorithms include several stages,
such as segmentation, feature extraction, and object classification.
One of the algorithms that is often used in the field of object detection

is You Only Look Once (YOLO), which is included in the category

of Convolutional Neural Network (CNN) algorithms, and the way it

works imitates the way the human brain works [4].

YOLO is one of the most popular and efficient object detection
algorithms [5]-[7]. YOLO is known for its unique approach, where
the entire image is analyzed only once, unlike other methods that
perform detection by processing several parts of the image separately
[8], [9]. YOLO combines detection and classification in one neural
network that allows for a very fast and accurate detection process. In
its development, YOLO has undergone several significant
improvements, with the latest version being YOLOv8 [10]-[12].
YOLOVS introduces various improvements in network architecture
and optimization techniques, thus providing better performance in
terms of speed and accuracy compared to previous versions [13]—
[15]. YOLOVS is the latest model in the YOLO algorithm series, the
most well-known family of object detection and classification models
in the field of Computer Vision [16]-[18].

The following are some of the advantages of the YOLOvS method
[19]-[21]:

a. High performance. YOLOvVS has better performance than
previous versions, with faster and more accurate object detection.

b. Smaller model. The YOLOvVS model is smaller than previous
versions, making it easier to use and implement.

c. Better feature extraction. YOLOvVS uses a better feature
extraction method than previous versions, resulting in more
accurate object detection.

Based on the above advantages, YOLOvVS offers better speed and
accuracy. Compared to previous models, YOLOVS stands out for its
user-friendly nature, making it easier to use [22]. By developing an
object detection system on the excavator cycle time in mining
operations using the YOLO method, this system is expected to be able
to monitor excavator activities accurately and in a shorter time,
thereby helping to make more effective operational decisions. This
study aims to develop a cycle time detection system application for
real-time measurements. The method used is based on YOLO.

2 Research methodology

The research [23] shows that with YOLO implemented in a Small
Medium Enterprise (SME), they can monitor visitor tracking systems.
This system is to capture images and can classify them as human or
non-human. The research [24] shows that the implementation of
YOLO can improve work safety through the early detection of signs
of fatigue in workers. With this system, it can recognize the potential
for work accidents. This research methodology has several stages
used to achieve the expected results, which can be seen in Fig. 1. The
following are the stages [25]:

Field Data Collection <+

¥

Collect Dataset

¥

Tran Dataset

v

Developing Applcation
System

v

Testing Appécation

Accoding to Mming
Operations

Analyzed system
and Evaluation

Fig. 1. Research methodology flowchart
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2.1 Field data collection

Field data collection is an important step in this research to obtain
the data needed for the development and implementation of the
YOLO-based object detection system. The following are the steps
taken in field data collection.

2.1.1 Research location

The research was conducted at the mining site of the company is
located in a Regency. This location was chosen because it has high
excavator operating activity and is experiencing a decline in
productivity, so the data obtained can describe field conditions
realistically.

2.1.2 Used

The equipment used includes high-resolution drone cameras
flown at several strategic points around the excavator operation to
record video of the excavator's productivity activities during the
operation [26]. The collected data is stored in a computer and later
processed using special software.

2.1.3 Data collection techniques

Data collection techniques involve direct observation to
understand the excavator operation process and ensure that the drone
camera is flown in an optimal position. During the observation, field
notes were made to record important events or anomalies that might
affect the data. Videos of excavator activity were recorded for several
minutes and in different positions to obtain a representative data
sample. Cycle time measurements were carried out using video and
sensor data, where the start and end times of each operation cycle
were recorded manually. In addition, interviews were conducted with
the production team to gain insight into the factors that affect cycle
time and to validate the data collected.

Each piece of data collected contains more than 100 pictures, but
for this study, around 70% of all picture collections were used. This
aims to ensure that the collected data represents all pictures. With this
comprehensive field data collection method, the researchers are
expected to produce accurate and reliable data for developing a
YOLO-based cycle time detection system in mining operations.

2.2 Dataset collection

Dataset collection by identifying the specific needs of the object
to be detected, in this case, an excavator [27]. The dataset covers
various types of excavators, various types of positions, and various
operating conditions. To get accurate results, a large and varied
dataset is needed. The process of taking pictures and videos is carried
out by taking data recorded in various lighting conditions and
shooting angles to ensure that the model can detect excavators in
various situations. Labeling is done using the Roboflow platform to
annotate images. Each image is annotated with a bounding box that
covers the excavator. Specific object classes are determined:

CLINNT3

“excavator”, “structure”, and various bucket classifications: ‘“bucket-

digging”, “bucket-dumping”, “bucket-empty”, and “bucket load”
[28]. The following dataset annotation through Roboflow can be seen
in Fig. 2.

Fig. 2. Dataset annotation through roboflow

Based on Fig.2, labeling quality is maintained to ensure all
annotations are done accurately and consistently. From the annotation
results, bad data, such as blurry or irrelevant images, is eliminated.
The dataset is then divided into three parts: training set (70%),
validation set (20%), and test set (10%) for proper model performance
evaluation.

Labeling quality is maintained to ensure all annotations are done
accurately and consistently. From the annotation results, bad data,
such as blurry or irrelevant images, is eliminated. The dataset is then
divided into three parts: training set (70%), validation set (20%), and
test set (10%) for proper model performance evaluation.

2.3 YOLO model training

The data is formatted according to YOLO’s requirements,
typically by creating a text file for each image that lists the bounding
box coordinates and object class. The data is then augmented with
rotation, cropping, and lighting changes to improve the variety and
quality of the training data [29]. The training process is carried out
using the YOLOv8s model with specific configurations, including
100 epochs and an image size of 640x640 pixels. Google Colab is
used to utilize GPUs and accelerate the training process. During
training, metrics such as loss and Mean Average Precision (mAP) are
continuously monitored to ensure that the model experiences
significant performance improvements [30], [31]. Final evaluations
are performed on the validation set and test set to validate the model’s
performance. If the evaluation results do not meet the expected
standards, additional iterations are performed, focusing on improving
annotations, adding data, or adjusting training parameters to achieve
optimal results. The following metric variations with 100 epochs can
be seen in Fig. 3.
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Fig. 3. Metric variation with 100 epochs
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3 Results and discussion

3.1 Results

3.1.1 Development of the cycle time detection system application
Application development by implementing the YOLO algorithm

into an excavator cycle time object detection system, built using the

Python programming language and utilizing open-source libraries

such as OpenCV and Pytorch to process images and videos in real
time. The user interface is designed to be easy to use by users in the
field, displaying object detection visually and providing information
if the excavator is detected under certain conditions. The user
interface of the excavator cycle time detection system application can
be seen in Fig. 4.

Status Log

Detection Status

A Jumlah Objek yang Terdeteksi: 3 a
Jumlah Bucket-Dumping: 2
excavator (Tracker ID: N/A) - Durasi: 57.67 detik
Structure (Tracker ID: N/A) - Durasi: 23.08 detik

Bucket-Empty (Tracker ID: N/A) - Durasi: 3.03 detik

Logging Detections

Bucket-Dumping - Durasi: 4.28 detik [Selesai]
Bucket-Load - Durasi: 7.70 detik ([Selesai)
Bucket-Digging - Durasi: 13.39 detik [Selesai]
Structure - Durasi: 3.21 detik (Selesai)
Bucket-Empty - Durasi: 13.91 detik [Selesai]
Structure - Durasi: 30.23 detik [Selesai)
Bucket-Dumping - Durasi: 3.42 detik [Selesail]

Fig. 4. User interface of the excavator cycle time detection system application

Based on the application displayed in Fig. 4, there are several
features, including the following:

a. Real-time detection of excavator and bucket objects with various
classifications (bucket-digging, bucket-dumping, bucket-empty,
bucket-load);

b. Visualization of bounding boxes on the screen for each detected
object;

c. Logging detection data for further analysis;

d. Setting the confidence of object detection and movement of
detected objects; Displaying the Bank Cubic Meter (BCM) in
real-time to monitor the volume of material moved;

cip In-Flight (GPS)

3 :_—"
..' "%‘ .

A > oL .
Fig. 5. DJII GO 4.0

e. Timer to measure and record the duration of excavator
operations; and
f. Saving results in Excel format, which facilitates further analysis
and reporting.
3.1.2 Field testing
Field-testing was conducted at an active mining site to test the
app’s performance under real-world conditions [32]. This involved
using drone cameras connected directly to the app, as well as cameras
mounted at strategic angles to capture excavator activity from various
positions and lighting conditions. The DJI GO 4.0 app interface can
be seen in Fig. 5.

HGPS Xl *) . WOl BA
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App Interface
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Based on Fig. 5, the data from the drone camera is used to provide
a wide view and strategic angles of the excavator operation. The
drone directly transmits image and video data to the application,
which then performs real-time object detection and displays the
results directly on the user interface.

During the field testing, various parameters were measured to
evaluate the performance of the excavator cycle time detection
system application. Detection accuracy was one of the key
parameters, where the number and type of objects detected by the
application were compared with manual records. This involved
calculating the percentage of accuracy as well as identifying false
positives and false negatives to evaluate how well the application
could recognize objects under various conditions. Processing speed
was also a major focus, measured by the time it took to detect an
object from the time the data was received to the time the results were
displayed. This measurement was important to ensure the
application’s ability to work in real time and provide a quick
response. In addition, the application’s consistency and stability were
monitored by observing its performance under changing lighting
conditions and its stability during continuous operation. This helped
evaluate the application’s reliability in the face of varying operational
environments. Lastly, ease of use was assessed based on feedback
from operators using the application during the testing. These aspects
include the level of user satisfaction, ease of interface navigation, and
usability of the features available in the application. This assessment
provided insight into the user experience and areas for further
optimization.

The test was conducted using an excavator cycle time detection
system application for 10 minutes, while a stopwatch was used to
manually record the duration of excavator activity as comparative
data.

3.2 Discussion

Performance evaluation is carried out by comparing the results
obtained from the excavator cycle time detection system application
with manual data recorded using a stopwatch.

3.2.1 Object detection accuracy

The evaluation of the accuracy of the object detection model is
carried out to measure how well the model detects and classifies the
desired objects, such as excavators, and various bucket classifications
(bucket-digging, bucket-dumping, bucket-empty, bucket-load). The
metrics used in this evaluation are Precision, Recall, and mAP [33].

mARP is the average value of Average Precision (AP) in a model.
To measure the performance of object detection in the model, mAP
can be calculated by limiting the IoU of the detection results. AP is
obtained by calculating the AP value compared to the recall value in
the range of 0 to 1 [34].

The developed object detection model is evaluated using an
annotated dataset with bounding boxes and labels for each object
class. Precision and Recall are calculated at various confidence score
thresholds to generate Precision-Recall curves. The area under these
curves is integrated to obtain the AP for each object class. The mAP
is then calculated as the average of all APs. The results of the model's
performance accuracy after improvements can be seen in Fig. 6

© Precision-Recall Curve

—

| [ —— Bucket-Digging 0.905
Bucket Dumping 0.941

—— Bucket-Empty 0.879

—— Bucket Load 0.947

—— Structure 0.989

—— excavator 0.992

—— all classes 0.942 MAP@D.5

0.8

0.4

Precision

0.4

0.2

0.0
.0 0.2 0.4 0.6 Q.8 1.0
Recall

Fig. 6. Precision-recall curve for each object class

Based on the evaluation results from Fig. 6, the object detection
model showed very good performance with a mAP value of 0.942
(94.2%). This means that the model can detect and classify objects
with high accuracy. The AP value for each object class also shows
that the model has consistent and good performance for various types
of objects. High Precision and Recall values at various confidence
score thresholds indicate that the model has good accuracy and
sensitivity in detecting objects. Overall, the evaluation results show
that the developed object detection model has high accuracy and can
be relied on for use in excavator cycle time monitoring applications
in mining operations.

3.2.2 Processing speed

Processing speed is measured in Frames Per Second (FPS) or
inference time per frame. In addition, preprocessing and
postprocessing time also affect the overall performance of the system.
Processing speed testing is done by running an object detection model
on a GTX 1060 Ti GPU, as shown in Table 1. Measurements include:
1. Preprocessing time: The time required to prepare the data before

it is fed to the model.

2. Inference time: The time required for the model to process one
frame and produce a prediction.

3. Postprocessing time: The time required to process the model's
prediction results.

The detection model demonstrates efficient processing
capabilities when running on GPU NVIDIA GTX 1060 Ti hardware.
The system achieves a total processing time of 19.8 milliseconds per
frame, which translates to an impressive frame rate of 30 FPS. This
performance is broken down into three distinct phases: preprocessing
requires 2.0 milliseconds, the core inference process takes 10.5
milliseconds, and post-processing completes in 7.3 milliseconds. The
test results show that the object detection model has a fairly high
processing speed when running on the NVIDIA GTX 1060 Ti GPU,
with an average speed of 30 FPS. This speed meets the requirements
for real-time applications, which generally require a minimum of 30
FPS to run smoothly. This fast-processing speed enables timely
object detection and classification in operational environments.

3.2.3 Consistency and stability

Consistency and stability refer to the ability of a model to produce
similar results and performance under different conditions and over
time. The results of the detection evaluation in various conditions can
be seen in Fig. 7.

Fig. 7. Results of detection evaluation in various conditions
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Based on Fig. 7 shows the results of object detection in various
excavator operating conditions. The figure shows that the detection
system can be accessed from all directions, allowing mining
operations to be monitored in real time. Object detection was
successfully carried out in various environments, including mining
areas with different soil conditions, varying lighting, and various
camera angles and distances. Despite variations in environmental
conditions, the object detection system is still able to identify and
track the excavator and its components well.

Consistent detection results are seen in various images with
different backgrounds and conditions. The object detection system
can identify the excavator, upper structure, bucket-digging, bucket-
load, bucket-empty, and bucket-dumping with a high level of
confidence. In addition, the image shows that the object detection
system has good performance stability, with the ability to detect and
track objects accurately even though there are changes in operational
conditions. This shows that the developed object detection model has
good resilience to environmental and operational variations.

3.2.4 Ease of use

The user-friendliness aspect is also evaluated based on feedback
from operators who use the application during testing. The
application interface is designed to be intuitive and easy to evaluate
the accuracy of the object detection system used, allowing operators
in the field to easily understand and monitor excavator activities.
Features such as bounding box visualization and detection data
logging can be seen in Fig. 8. In addition, there are features for setting
confidence and also setting movement tolerance which are very
helpful in facilitating monitoring. This application also provides a fast
response by displaying detection results in real time. The confidence
and movement tolerance setting interface can be seen in Fig. 8.

’ Settings - O X

Confidence Threshold

0.60
Movement Tolerance for excavatorn
1.00

Movement Tolerance for Structure:

0.65

L}

Movement Tolerance for Bucket-Load

1.50

10T

Movement Tolerance for Bucket-Digging:

1.50
=iy

Movement Tolerance for Bucket-Empty:

1.50

i

Movement Tolerance for Bucket-Dumping:

1.50

iy

s.mJ

Fig. 8. Confidence and movement tolerance setting interface

3.2.5 Comparison with manual method

Based on the developed object detection system results, a
comparison was made with the manual method using a stopwatch.
Testing was carried out by taking data at the same time and
environmental conditions to ensure consistency of results. The
comparison of excavator cycle time results can be seen in Table 1.

Table 1. Comparison of Excavator Cycle Time Results (Object
Detection vs Manual Stopwatch)

Operation phase  Manual method (s) Object detection method (s) Difference
AVG DIG TO LOAD 12.79 10.94 1.85
AVG SWING LOAD 491 4.99 -0.08

AVG DUMP 3.66 2.19 1.47
AVW SWING EMPTY 5.08 431 0.77
AVG CYCLE TIME 26.91 23.44 3.47

Based on Table 1, it is found that the average cycle time has
increased by 12% from manual to a detection system. Based on the
object detection method, it shows slightly faster results in some
phases of operation. The average difference between the two results
shows that object detection has a fairly high accuracy and is reliable.
The YOLO-based object detection system can automate the
measurement of excavator cycle time with accuracy comparable to
manual methods. The use of this system reduces dependence on
manual measurements that are prone to human error and provides
more consistent and efficient results automatically.

4 Conclusion

The real-time excavator cycle time detection system developed in
this study achieved a detection accuracy of 94.2% mAP and a
processing speed of 30 FPS, validating its effectiveness for
deployment in mining operations. The system provides accurate and
timely information on excavator activity, allowing field operators to
monitor performance more efficiently. The reduction in manual
monitoring time and improved data accuracy contribute directly to
increased equipment productivity and operational efficiency.
Additionally, the intuitive interface of the system supports broader
adoption by workers. Therefore, it is important to integrate this
detection system with a centralized dashboard for real-time
visualization, maintenance tracking, and safety monitoring to further
enhance operational control in mining environments.
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