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Abstract: The implementation of fleet management software in mining operations poses
challenges, including high initial costs and the need for skilled personnel. Additionally,
integrating new software with existing systems can be complex, requiring significant
time and resources. This study aims to mitigate these challenges by leveraging advanced
technologies to reduce initial costs and minimize reliance on highly trained employees.
Through the integration of computer vision and multi-objective optimization, it seeks
to enhance operational efficiency and optimize fleet management in open-pit mining.
The objective is to optimize truck-to-excavator assignments, thereby reducing excava-
tor idle time and deviations from production targets. A YOLO v8 model, trained on
six hours of mine video footage, identifies vehicles at excavators and dump sites for
real-time monitoring. Extracted data—including truck assignments and excavator ready
times—is incorporated into a multi-objective binary integer programming model that aims
to minimize excavator waiting times and discrepancies in target truck assignments. The
epsilon-constraint method generates a Pareto frontier, illustrating trade-offs between these
objectives. Integrating real-time image analysis with optimization significantly improves
operational efficiency, enabling adaptive truck-excavator allocation. This study highlights
the potential of advanced computer vision and optimization techniques to enhance fleet
management in mining, leading to more cost-effective and data-driven decision-making.

Keywords: computer vision; mining operations; fleet management; real-time optimization;
multi-objective optimization

1. Introduction

While technologies for collecting data are becoming better thanks to sensor technolo-
gies, higher processing power, and storage capacities, mining and other industries have
found a lot of creative ways to use them. Digital camera systems are now a practical and
effective instrument for monitoring mining activities since their cost has reduced drastically
in recent decades. Although security and surveillance are their primary applications, cam-
eras have many more potential uses other than observation. Computer vision algorithms
looking at images taken by cameras positioned over the mining site may extract basic
knowledge about equipment movement, operational conditions, traffic patterns, and infras-
tructure state. Cameras on equipment paths may gather data for tracking vehicle position,
speed, and activity. This research allows one to assess speed rule adherence, traffic density,
and road conditions. This information can offer important operational insights and help to
increase the success of decision-making processes. With the declining cost of CCTV camera
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technology, these cameras have increasingly been utilized in mines as a safety measure.
Although CCTV cameras provide a lot of information, past studies on how this information
can be utilized for mine management have been limited. This study is a bid to fill a gap via
an exploration of the contribution of computer vision, especially through the construction
of a YOLO model, in providing input parameters for truck dispatching algorithms in real
time in the context of an operational mine. This application illustrates, via the optimization
of material flow and operational performance enhancement, the application of computer
vision technology in a mining environment.

Applications of Computer Vision Technology

Bulk material piles in aerial imagery were suggested to be segmented using computer
vision (CV) in [1], thereby automating inventory control in industries such as mining and
construction. Reliance on assumptions about heap shapes or material types is avoided by
the method, with color, texture, and surface topography being utilized as input factors.
Manmade heaps can be distinguished from natural features, nearby heaps of the same
material can be identified, and irregularly shaped heaps can be divided. The method’s
potential is demonstrated by F1 scores of 0.90 for pixelwise segmentation and 0.70 for
object recognition.

The potential utilization of FinTech solutions driven by deep learning for sustainable
mineral extraction and use was investigated in [2]. A quantized variation in the efficient
deep learning model was proposed for mineral identification, resulting in reduced model
size and complexity while performance was maintained. An 8-bit symmetric quantization
technique was applied to a specific mineral dataset, yielding improved results. A precision
of 0.97, a recall of 0.89, and an accuracy of 99.5% were achieved by the quantized model,
surpassing the performance of the floating-point model.

By forecasting mineral concentrate grades using image processing and deep learning
techniques, Refs. [3,4] address the challenge of controlling the froth flotation process in
the mining industry. For Zn, Pb, Fe, and Cu concentration grades in real-world industrial
evaluations, image processing was utilized to extract important froth properties, including
texture, bubble size, velocity, and color distribution, and obtained high accuracy (up to
0.94) and presented precision errors below 4.53%. These results highlight the potential of
the method as an Al-driven online analyzer for improving the performance and real-time
control of complex polymetallic flotation circuits.

The importance of appropriately monitoring spoil pile heights in the dragline over-
burden (OB) removal operation was addressed in [5]. This is a practice required for in-pit
space optimization and, concurrently, safety and productivity in mining operations. This
operation entails real-time monitoring of dump pile heights to confirm that they are in
compliance with dragline balancing diagrams for the offering of stable dump profiles. The
proposed method estimates dump pile heights in real-time with an 84.6% F1-confidence
score and a 99.49% mean average precision (mAP) using the YOLO technique. Using 2D
computer vision on simulated video data, the method provides a quick, cheap, real-time
dump profile recognition and pile height estimate system. This invention guarantees that
stable and safe dump heights with the given design criteria are maintained, therefore
increasing the production of dragline mining.

Using 2042 training photos and 284 new images across 68 types, Ref. [6] used a tech
based on how computers see to sort gems by type on their own. They checked these photos
in just 0.0165 s using a top model that mixed Random Forest with RGB color data and
local binary patterns and obtained a 69.4% hit rate. This result was the same as that of
human gem experts, who took 42 to 175 min to sort the same photos but obtained scores
ranging from 42.6% to 66.9%. Even though the human experts were slower, the computer
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tech was a bit more on target, showing how useful this tool could be in studying gems and
similar fields.

Examining how an anti-collision system with computer sight sees persons traveling in
deep mines, major safety concerns like poor sight and concealed places that might cause
major incidents and deaths are addressed in [7]. Following PRISMA guidelines, a complete
review sorts past systems based on the kind of sensor (i.e., cameras or lidar) and evaluates
their performance in deep, dark environments.

The integration of machine learning and computer vision in tunneling and under-
ground construction was explored in [8], along with their unique applications and chal-
lenges compared to above-ground construction, and an overview of emerging technologies
in the architecture, engineering, and construction industry was provided. Specific appli-
cations, such as real-time monitoring, geological prediction, and automated equipment
control, are enabled by these technologies, while challenges like limited visibility, complex
subsurface conditions, and data scarcity are faced, distinguishing them from above-ground
contexts. Emerging technologies, including Building Information Modelling (BIM), digital
twins, and advanced robotics, are highlighted as transformative tools, with their potential
to enhance efficiency, safety, and sustainability across the industry being emphasized.

The role of computer vision (CV) in enhancing e-waste management by automating
and streamlining waste processing was examined in [9]. Computer vision is expected to
reduce human intervention, processing time, and cost, thus increasing the efficiency and
sustainability of e-waste management. In India, where e-waste management is a major
environmental and social challenge, CV is a must. In intelligent transportation systems (ITS),
CV is utilized to boost efficiency, intelligence, and safety [10]. Hand gesture recognition
techniques using CV are reviewed for applications in communication for the deaf-mute,
robot control, human—computer interaction, home automation, and medical fields [11].
Automated fruit and vegetable sorting and grading with CV are assessed, highlighting
improved consistency, productivity, and economic growth by evaluating appearance for
market value and quality [12]. Civil infrastructure condition assessment employs CV with
remote cameras and UAVs for non-contact monitoring, addressing automation challenges,
and ongoing research [13]. In agriculture, CV’s potential and challenges in monitoring
pig behavior for animal welfare in commercial production systems are described, noting
dataset creation issues [14]. Offsite construction benefits from CV, with its applications,
algorithms, and performance evaluated in a scoping review [15]. Safety in construction
is improved through CV and deep learning frameworks, focusing on identifying unsafe
conditions and behaviors despite implementation challenges [16]. Lastly, crime detection,
prevention, and resolution are enhanced by CV and machine learning, with examples
demonstrating effectiveness and statistical improvements in law enforcement [17]. Across
these sectors, CV drives innovation while facing unique technical and practical challenges.

2. Materials and Methods

Traditionally, fleet management in mining has relied on fixed routes and manual
dispatching, which, while the cheapest to start, become costly over time due to their
inefficiencies. In contrast, real-time fleet management systems offer unparalleled opti-
mization but come with high costs and slow implementation, best suited for large mines
with significant capital. A computer vision-based approach emerges as a compelling
alternative—relatively inexpensive and faster to deploy, delivering actionable real-time
insights for small-to-medium fleets. Compared to the CV approach as a baseline, real-time
fleet management systems can range from 6 to 30 times more expensive per unit, reflecting
their comprehensive hardware, software, and integration demands. For mining operations
aiming to balance cost and efficiency without the complexity of enterprise solutions, CV
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provides a practical, scalable starting point. For real-time fleet management by CV, it is
critical to collect and use data from video recordings of operations. This study uses CCTV
recordings for object detection to identify trucks and excavators, spatial-temporal analysis
for equipment locations and interactions, and activity classification to classify activities
like loading, hauling, or queuing. The YOLO model, a state-of-the-art object detection
algorithm, is employed to analyze visual data from an operating open-pit mine.

The steps of the method appear in Figure 1. The proposed system operates within
a local CCTV network, ensuring continuous functionality without reliance on external
internet connectivity. All video feeds from the CCTV cameras are transmitted to a Network
Video Recorder (NVR) located in the system center. The NVR subsequently forwards the
recorded footage to the central system computer, where the object detection algorithm
processes the video data locally. The method focuses on setting the start times of excavators
and trucks at dump places to help pick the best truck-to-excavator match-ups. This picking
process is formulated as a two-goal math task: to cut down on the wait time of excavators
and to lower the deviation from daily targets. To check the trade-offs between these goals,
the epsilon limit method is used, making the Pareto line clear. This way shows the possible
swaps and aids in making choices to keep work speed good while achieving work targets.

Workflow Diagram of the Method

Movement of Equipments Training of YOLO model Multi-objective optimization

CCTV Recordings Desig.nation O_f Operational Decisions
Operation Metrics

Figure 1. Workflow diagram of the method.

2.1. Image Detection with YOLO Model

The YOLO (You Only Look Once) model is a unique deep learning framework for
real-time object detection, known for its accuracy and efficiency. This technique uses a
single forward pass of a convolutional neural network (CNN) to enable concurrent ob-
ject localization and classification in pictures, therefore removing the need for complex
multi-stage pipelines usually used in object identification. With each iteration—YOLOv2,
YOLOvV3, and YOLOv4—the YOLO framework has seen notable improvements in de-
tection accuracy, processing efficiency, and the capacity to recognize small objects under
complex situations. Recent iterations, including YOLOv5 and YOLOV?7, have provided
architectural designs with fresh concepts, including better feature extraction methods
and training methodologies. The most recent installment, YOLOVS, clearly advances the
YOLO family [18]. Released by Ultralytics, YOLOVS presents contemporary deep learning
advances, including a more efficient backbone and head architecture, hence improving
feature extraction and recognition of tiny and overlapping objects. Furthermore, YOLOVS8
gives usability first importance as it guarantees its operation as a versatile and efficient
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tool for object detection throughout numerous uses by means of smooth interaction with
modern machine learning systems and approaches [19]. Figure 2 demonstrates the exact
improvements in YOLO models.
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Figure 2. Precision performance of YOLO models [20].

The modern object identification method YOLO v8 is used to examine visual data
from a working open-pit mine. Image tagging and segmentation are performed on
the Roboflow platform in preparation for training the YOLO v8 model. By allowing
exact annotation of object classes—that is, idle, loading, truck at dump, and truck at
queue—this platform simplifies the dataset preparation. Roboflow was shown frames
taken from video footage. A total of 1480 video frames were all tagged, and 1880 exca-
vator items and 1901 truck objects were among them. One may observe a tagged video
frame in Figure 3. Pre-processing methods are applied to the dataset to guarantee the best
performance of the YOLO v8 model. These methods comprise image resizing to fit the
input size requirements of the model, pixel value normalization to enable faster and more
stable model training, and augmentation via transformations including rotation, flipping,
and brightness modification to improve the variation in the dataset. These preparation
techniques greatly raise the dataset’s quality as well as the trained YOLO model’s accuracy.
Three subsets—70% for training, 20% for validation, and 10% for testing—were formed
from the dataset created from the video frames to guarantee appropriate model assessment
and avoid overfitting.

The object detection model was trained using six hours of video footage captured from
the mining operation. Hyperparameters of the trained model are given in Table 1. The
video data were acquired using a Dahua DH-IPC-HFW24315-5-52 camera manufactured
by Dahua Technology Co., Ltd, Hangzhou, China, which provided the necessary visual
input for detecting and tracking trucks within the mine. The image processing tasks were
conducted on a PC equipped with the INTEL UHD Graphics 770 GPU.
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Annotations

Group: truck

CLASSES

excavator

® truck

No Tags Applied

+Add Tag

Figure 3. Object tagging on the Roboflow platform.

Table 1. The hyperparameters of the trained model.

Hyperparameter Value
Batch Size 16
Optimizer AdamW

Learning rate 0.01
Weight decay 0.0005
Momentum 0.937

Drop out 0.0

The model checks for trucks waiting at each excavator every 20 s. This gives a good and
sharp check of when tools can be used. Figure 4 shows a green space tied to the excavator
of interest. The green geofence delineates the excavator’s operational area, ensuring clear
visibility of truck entry and exit, maneuvering within the loading zone, the loading process,
and trucks queuing for service. A distinct geofence must be established for each loading
location. Similarly, the red geofence in the dumping area is designed to comprehensively
capture truck entry, maneuvering, and queueing before dumping. A truck is considered
present in the loading area upon entry; however, if its duration within the geofence is less
than 15 s—indicating a mere passage or similar occurrence—it is not recorded as being in
the area. Readiness of the excavator is set by looking at three clear cases. These cases think
about whether trucks are there and how many are in that space:

e No trucks in the green area: If the green area is devoid of trucks, the excavator is
deemed ready for operation. In this scenario, the ready time is assigned a value of
zero seconds, indicating immediate availability for new assignments.

e  One truck in the green area: When a single truck is present within the green area, the
excavator’s ready time corresponds to the loading time of the truck. For the case study,
this loading time is standardized to 300 s.

e  Multiple trucks in the green area: If more than one truck occupies the green area, the
additional trucks are classified as being “in queue”. In this case, the ready time of the
excavator is incrementally extended by the sum of the maneuvering and loading times
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for each queued truck. This approach accounts for the additional delays caused by
processing the queued trucks sequentially.

Truck 3
Truck 7
Truck 4

Figure 4. Different scenarios of mining operations: (a) Scenario 1 (no trucks in the green area);
(b) Scenario 2 (one truck in the green area); (c) Scenario 3 (multiple trucks in the green area); and
(d) truck on a dump site.

This classification method helps calculate when an excavator will be ready. It looks at
how excavators and trucks move and work together, showing real mining operations. At
the same time, the model spots trucks at dumps to check which ones need new tasks. This
fast-detect skill lets us add computer vision checks into the setup, making the truck team
run smoothly and fast. Figure 4 illustrates four distinct scenarios of a mining operation,
providing a comprehensive depiction of excavator availability and operational dynamics
within the system. In Figure 4a, the excavator is idle, with no trucks present in the
designated waiting area (green spot). Figure 4b depicts an active loading operation, where
a truck occupies the green spot while the excavator is engaged in loading. Figure 4c
highlights a queuing scenario, where a truck is waiting due to congestion in the green
spot, demonstrating the impact of multiple trucks occupying the area. Figure 4d presents
a truck at a dump site, requiring immediate dispatch to an available excavator. Together,
these images offer a clear visualization of how excavator utilization fluctuates based on
truck movements. Additionally, Figure 5 showcases a processed image with confidence
levels assigned to detected trucks and excavators, further illustrating the effectiveness of
the detection system. Additionally, Figure 5 showcases a processed image with confidence
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levels assigned to detected trucks and excavators, further illustrating the effectiveness of
the detection system. In open-pit mining, the processed images provide a comprehensive
dataset tracking important details. This covers production rates of the excavators, the
number of empty trucks at dump sites, and the length of time their availability for new
assignments. After that, this dataset is applied in a particular model meant to maximize
the assignment of empty trucks to excavators. The model seeks to lower queue times and
increase the general effectiveness of mining operations by considering elements including
when excavators are ready, where trucks are parked, and how much work the excavators
are performing.

Figure 5. Confidence levels of detected trucks and excavators on a processed image.

2.2. Multi-Objective Optimization

Multi-objective optimization is the solution of problems having two or more com-
peting objectives that have to be optimized collectively. While single-objective optimiza-
tion seeks the best solution, multi-objective optimization seeks to disclose a collection of
optimum trade-offs—often referred to as the Pareto frontier [20]. A solution is consid-
ered Pareto optimal if there exists no other solution that improves one objective without
negatively affecting at least one other. This method is applied extensively in fields like
engineering, economics, and decision-making, where goals like cost, efficiency, and envi-
ronmental impact have to be optimized against each other. Various techniques, including
weighted-sum, epsilon-constraint, and evolutionary methods like NSGA-II, are used to
address these problems. The outputs of multi-objective optimization serve to assist decision-
makers in assessing and choosing between solutions based on their priorities or restrictions.

2.2.1. Pareto Frontier Analysis with e-Constraint Approach

Pareto frontier analysis is a key concept in multi-objective optimization that involves
simultaneously optimizing numerous competing objectives. Solutions on the Pareto front
show different trade-offs and help to understand the degree and priority of every goal.
All Pareto optimum solutions make up the Pareto front. The Pareto front usually shows
up as a curve or surface within the goal space in a situation with two objectives. In
higher-dimensional objective spaces, it shows up as a hypersurface. Common in multi-
objective optimization, the epsilon-constraint approach transforms a multi-objective issue
into several single-objective problems by maximizing one goal while considering the others
as constraints determined by certain epsilon values [21]. One goal function is converted
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into a constraint with an upper bound of ¢, which is subsequently modified repeatedly to
investigate the trade-off between the two objectives in order to construct the Pareto frontier.
This method is applied to an operational open-pit mine during a 10 h shift. The
primary objective of the optimization model is to minimize the deviation from the required
assignment numbers for the excavators, ensuring that production targets are met. A
secondary objective is to minimize the total ready time of the excavators, promoting the
decreased queue time of the trucks. To prioritize the objectives, the latter is treated as
a constraint within the model rather than a standalone objective. This approach allows
the model to focus primarily on achieving the required assignments while incorporating
the minimization of ready time as a conditional factor. The epsilon constraint method is
employed to systematically vary this constraint, enabling the exploration of potential trade-
offs between the two objectives. This process generates a Pareto frontier providing insights
into the balance between meeting assignment targets and maximizing truck utilization. The
processed images help make a full dataset that shows key work metrics in the mine area.
These things list when excavators are set to take on more work, which shows if they are free
for more jobs; how many trucks have no load at dump spots, showing how well trucks are
used and how fast they work; and how much diggers do, giving a look into how they work
and add to mine work. This dataset is used in a plan to better place empty trucks with free
diggers. This plan, talked about next, uses info like digger-ready times, truck open spots,
and work numbers. It aims to make better choices on which truck goes to which digger.

2.2.2. Binary Integer Programming Model and Definition of Parameters

In this section, we present the suggested multi-objective optimization model, detailing
its parameters, objective functions, constraints, and decision variables along with their
respective definitions.

° Parameters;
P.: Production target for excavator e.
This represents the desired amount of material (e.g., tons of ore or soil) that excavator
e should process or load onto trucks within a given time period. It is a goal the model
aims to meet as closely as possible.
RT,: Ready time for excavator e at a given timestamp.
This is the time at which excavator e is available to start working (e.g., after mainte-
nance or previous tasks). It affects scheduling and assignment decisions.
TTy,: Travel time from dump d to excavator e.
This measures the time it takes for a truck to travel from a specific dump site d to
excavator e. It is critical for calculating total time in the system and ensuring efficient
assignments.

e  Decision Variables:
Xtge € {0, 1}: Binary decision variable

o 1, if truck t on dump d is assigned to excavator e
tde = 0, otherwise.

This variable indicates whether truck t at dump d is assigned to excavator e (1 = yes,
0 =no). It is binary because each truck can only be assigned or not assigned, with no
partial assignments allowed.

A,: Deviation from the production target for excavator e.

This variable captures how much the actual production (based on truck assignments)
deviates from the target P, for excavator e. It is split into positive A: and negative 4,
components in the model to measure over- or under-achievement.
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Objective Functions:

Minimization of total deviation from production targets. This objective aims to en-
sure that the production achieved by each excavator is as close as possible to its
target P,. The positive deviation (A:, exceeding the target) and negative deviation
@,

4, , falling short) are summed across all excavators e.

A+
ec E €

Minimize : Z =Y +A,

Minimization of the total ready time of excavators. This objective seeks to reduce the
combined ready time and travel time associated with truck assignments, making the
operation more efficient.

Minimize : Zp =Y, Y wor > uep Xtde"(RTe + TTy,)

Constraints:

Each truck can only be assigned to one excavator. This ensures that a truck t is assigned
to exactly one combination of dump d and excavator e, preventing double-booking or
unassigned trucks.

Y ek dugep Yede = 1 vteT

Each dump site can have one truck requiring an excavator assignment at the same
time. This limits each dump site d to having at most one truck assigned to it at any
given time, reflecting capacity or operational constraints at the dump.

Y ek dper Xede < 1 VdeD

Decision variables of the trucks on the road are set to zero at the given time. This
constraint forces x5, to be 0 for trucks that are currently on the road (unavailable),
ensuring that only available trucks are assigned.

Xtge = 0 Vt € TNVd € D,Ve € E

Deviation constraints: These define the positive and negative deviations from the
production target for each excavator. The positive deviation A: measures how much
production exceeds P,, while the negative deviation Ae_ measures how much it falls
short. These are calculated based on the number of trucks assigned.

A: > Peo—Y or dgep Xtde Ve € E Positive deviation
A > Zt or ) gep Xtde — Pe Ve € E Negative Deviation
Binary variable constraint:
X0 € {0,1} Vt € T,Ve € E,Vd € D.

Epsilon constraint: This limits the total ready time and travel time Z; to a threshold ¢,
often used in multi-objective optimization to prioritize one objective (e.g., Z;) while
constraining the other Z,

Yoocr et Ygep Xede ¥ (RTe + TTy,) < ¢
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2.3. Application of Method in an Open-Pit Mine

In order to demonstrate its usefulness in a real-world situation, this approach is used
on an active open-pit mining project. There are 25 trucks in total in the operation, each with
a handling capability of 40 tons; five excavators and seven dump sites total. Dividing the
overall output objective by the truck handling capacity helps one to obtain the necessary
assignment numbers for every excavator, as shown in Table 2. This method guarantees
that the production needs determine the assignment numbers in proportion. Key input
values for the optimization model, these figures direct the truck distribution to excavators
so effectively reaching the target production levels. When multiple trucks need to be
assigned within a single timestamp, the travel time data from Table 3 is used to update the
excavator ready times, providing a more accurate representation of excavator availability
by accounting for delays arising from sequential truck assignments.

Table 2. Required assignment number of excavators.

Excavator IDs # of Required Assignment
0 280
1 74
2 50
3 249
4 246

Table 3. Dump site to excavator travel times (in seconds).

Excavator IDs

Dump Site IDs 0 1 2 3 4
0 230 250 300 450 500
1 250 350 500 400 200
2 350 500 500 400 200
3 500 370 700 650 550
4 1000 500 200 500 750
5 500 1000 500 210 1000
6 210 500 1000 210 500

Examples of truck locations and excavator ready times at specific timestamps are
presented in Tables 4 and 5, respectively. Full tables are omitted for brevity due to their
limited relevance to the discussion. Table 4 presents a thorough picture of the operational
situation throughout the shift under review. Every column shows a particular second
within the shift, enabling time-resolved study. Rows line up with the trucks working
during the shift. If the vehicle needs an assignment at that specific second, the relevant cell
for each truck contains its ID number. On the other hand, should a vehicle not need an
assignment, its cell is empty with a value of 0. Table 4’s last five rows provide the projected
ready times for the excavators, therefore indicating the time left before any excavator may
be used to service another truck. This structure enables exact decision-making inside the
binary integer programming model by clearly synchronizing the depiction of truck requests
and excavator availability.
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Table 4. Example dataset of the trucks and excavator ready times.

Time of the Shift

©) 25,560 25,680 25,800 26,040 26,160 26,220 26,280

3 0 0 0 3 0 0 0
5 0 5 0 0 0 5 0
6 0 0 0 0 0 0 0
9 0 0 0 9 0 0 0
10 0 0 0 0 0 10 0
TruckIDs 44 0 0 0 0 0 0 0
12 0 0 12 0 0 0 0
13 0 0 0 0 0 0 0
14 0 0 0 0 0 0 0
25 0 0 0 0 25 0 0
0 138 18 2 36 116 56 76
Excavator 1 4268 4148 4028 3788 3668 3608 3548
Ready Times 2 3633 3513 3393 3153 3033 2973 2913
(s) 3 93 72 33 36 71 1 34
4 91 222 102 93 36 78 18
Table 5. Example dataset of truck locations.
Time °f(§‘e Shift 25,560 25,680 25,800 26,040 26,160
1 99 99 99 99 99
2 99 99 99 99 99
3 99 99 99 1 99
4 99 99 99 99 99
5 99 1 99 99 99
6 99 99 99 99 99
Truck IDs 7 99 99 99 99 99
8 99 99 99 99 99
12 99 99 6 99 99
13 99 99 99 99 99
14 99 99 99 99 99
15 1 99 99 99 99
16 99 99 99 2 99

Table 5 details the location of trucks at specific seconds during the shift under con-
sideration. Each cell corresponding to a truck is populated with the ID of the dump site
where the truck is located at that moment. Trucks that are on the road are marked with the
number 99 for coding purposes. This distinction ensures clarity in identifying trucks in
transit, as the number 0 is reserved to represent the index of the first dump site. This coding
scheme enables a clear and unambiguous representation of truck locations, whether they
are stationary at a dump site or actively traveling, which is critical for accurately updating
excavator-ready times when multiple trucks require assignment within a single timestamp.
By incorporating the spatial distribution of trucks, this methodology ensures that excavator
availability is accurately represented, reflecting the dynamic nature of truck movements
and assignments in the open-pit mining operation.

3. Results
3.1. Performance Analysis of the Trained Model

After going through 60 runs, the model was evaluated to see how it performed. Main
test scores like precision, recall, and mean average precision (mAP), were calculated to see
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how well the model detects “truck” and “excavator”. Both check and test datasets were
used to make sure the model’s guesses were strong with new data.

Figure 6 shows the model performance improvements during training and validation.
The graphs for Train/box_loss, Train/cls_loss, and Train/dfl_loss show that the box fits,
hits the right class, and edge details performed better over time. Similarly, validation
graphs Val/box_loss, Val/cls_loss, and Val/dfl_loss demonstrate consistent reductions
in errors, confirming generalization to unseen data. The Metrics/precision(B) and Met-
rics/recall graphs show that the model’s predictions became more stable and sharper.
Also, the Metrics/mAP50(B) graph shows mean average precision close to 95%, while the
Metrics/mAP50-95(B) graph shows strong scores across different test levels. All these
points prove the model works well and can be trusted.
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Figure 6. Object detection accuracy metrics of the trained model.

Table 6 delineates the evaluation metrics for a test set comprising 124 images and
289 instances, demonstrating the model’s efficacy with an overall precision of 0.966, recall
of 0.978, mAP50 of 0.99, and mAP50-95 of 0.911 for the aggregated “all” class, while
also providing detailed outcomes for the “excavator” and “truck” categories. The results
underscore the model’s robust performance, with the “truck” category exhibiting the
highest precision (0.982) and mAP50 (0.993), and the “excavator” category maintaining a
commendable precision (0.95) and recall (0.975). Representative instances from this test set
are depicted in Figure 7.

Table 6. Test set evaluation metrics.

Class Images Instances Precision Recall mAP50 mAP50-95
all 124 289 0.966 0.978 0.99 0.911
excavator 119 137 0.95 0.975 0.986 0.912

truck 106 152 0.982 0.98 0.993 0.91
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962

truck 913]

excavator 968

Figure 7. Example detections from the test set.

By using these tests, the overall reliability and effectiveness of the trained model can
be evaluated in real-world applications. The confusion matrix in Figure 8 shows that
the model performs well in classifying excavators and trucks, with 260 and 294 correct
predictions, respectively. However, some misclassifications occur, particularly between
equipment and background (13 excavators and 20 trucks), suggesting an overlap in visual
features. Additionally, a few background pixels are misclassified as machinery (seven as
excavators and five as trucks), though the model generally distinguishes the background
well. To improve performance, data augmentation with varied conditions, enhanced feature
extraction, and fine-tuning classification thresholds could help reduce errors.

Confusion Matrix

excavator

20

Predicted
truck

- 100

=50

4 7 5

background

excavator truck background
True

Figure 8. Confusion matrix of the trained model.
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3.2. Results of Multi-Objective Optimization Model

A multi-objective optimization model is developed using input variables obtained
from the image processing phase, where truck and excavator positions are detected and
analyzed. The optimization problem aims to minimize the deviation from required
truck-to-excavator assignments while simultaneously minimizing the total ready time
of excavators. To systematically explore the trade-off between these two conflicting objec-
tives, the epsilon constraint method is applied, treating the excavator’s ready time as a
constraint while optimizing the assignment deviation. This approach enables the identifica-
tion of optimal operational strategies by illustrating how strict enforcement of excavator
idle times affects assignment targets and overall system efficiency. The Pareto frontier
in Figure 9 reveals that minimizing the total excavator ready time leads to a substantial
increase in assignment deviation, reaching approximately 500 units in the most constrained
scenario. This indicates that reducing excavator idle time forces truck assignments that de-
viate significantly from the target distribution, likely due to the prioritization of immediate
truck-excavator pairings overachieving the required allocation targets. As the constraint on
deviation is progressively relaxed, the total deviation decreases sharply, reaching nearly
zero at around 600 s of ready time. This suggests that achieving a balanced assignment
distribution necessitates allowing higher truck queue times, which in turn increases exca-
vator waiting times to ensure an optimal allocation of trucks. Beyond 600-700 s of ready
time, the total deviation remains close to zero, implying that further increasing excavator
idle time does not provide additional benefits in assignment accuracy. This observation
highlights a critical threshold beyond which additional waiting time becomes inefficient, as
it does not contribute to improved assignment balance but instead results in unnecessary
operational delays.

Pareto Frontier

500

400

w
S
=3

Total Deviation

~
=3
S

100

400 600 800 1000 1200
Max Ready Time

Figure 9. Pareto frontier of 2 objective functions.

The truck-to-excavator assignment results for the 750 s limit on total excavator ready
time, as presented in Figure 10, demonstrate the effectiveness of incorporating computer
vision-based input variables into a dispatching algorithm for fleet management in open-pit
mines. By leveraging real-time image processing, the model accurately designates truck and
excavator positions, enabling an automated and data-driven approach to optimizing fleet
operations. This integration of computer vision enhances decision-making by providing
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dynamic, real-time input variables, ensuring that truck assignments align with operational
constraints while minimizing deviation from target distributions. The results highlight
the potential of computer vision-assisted optimization in improving the efficiency of mine
dispatching systems, ultimately reducing delays and enhancing overall productivity.

Truck Assignments Per Excavator for Epsilon: 750
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Figure 10. Truck to excavator assignment of a 10 h shift.

4. Discussion

This work shows a shift to long-term operational decisions that use data. Making the
work of seeing data automatic helps the mining industry move to less need for people,
lower costs, and a greener way of mining. The mining field can take in a lot from pairing
new tech in computer vision with smart plans to push more study in Al and machine
learning to deal with hard work issues. Computer vision in mining could change the sector.
By means of data-driven decision-making, this approach fosters sustainable transitions and
digitalization, therefore enabling the mining sector to be more efficient and future-ready.
Low quality, inadequate camera counts, and visual problems resulting from dust make
applying computer vision technology for processing CCTV data difficult, nevertheless.
Notwithstanding these difficulties, developments in camera technology help to make
these problems controllable; the running expenses to solve them are small in relation to
the advantages.

The YOLO framework was selected for our application due to its high real-time per-
formance and efficiency, enabled by its single-shot architecture that provides fast and
sufficiently accurate results, complemented by readily available resources, extensive com-
munity support, and comprehensive documentation, all of which enhance our research and
development efficiency and confirm YOLO as the optimal choice. The video recordings,
obtained from the mining operation as agreed at the project’s outset and not publicly avail-
able, were processed at one frame per second—analyzing only one out of every 30 frames
from a 30 FPS camera feed—since the equipment’s status changes moderately slowly, al-
lowing us to efficiently utilize computational capacity while maintaining effective real-time
algorithm execution.

A significant limitation of the proposed method for optimizing truck-to-excavator as-
signments lies in the challenge of ensuring human drivers adhere precisely to
algorithm-driven schedules in real-world operations. Although the study showcases the
theoretical potential of computer vision as an alternative to real-time dispatching systems
like DISPATCH], its practical application is constrained by the complexities of coordinating
human behavior, suggesting that optimal performance may require automation. As a
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potential direction for future research, integrating the system with a mobile application
installed on drivers’ smartphones could provide real-time guidance and feedback, offering
a practical interim solution.

The algorithm was primarily tested during the day under clear weather conditions,
with limited testing conducted at night. It was observed that the model performs effec-
tively in well-lit areas but may face challenges in low-visibility conditions. Similarly, in
foggy weather, the detection accuracy depends on whether trucks and excavators remain
within the camera’s field of vision; otherwise, the model fails to recognize objects. Another
limitation is that cameras in the loading area must not only cover the loading zone but also
capture truck entry and exit points to ensure accurate tracking. Additionally, equipment
failures require manual deactivation and reactivation in the system, which may cause
delays in operations. To enhance the system, future developments could integrate auto-
mated malfunction detection based on prolonged inactivity or visual cues such as smoke,
enabling immediate reporting and notification of maintenance teams. Furthermore, incor-
porating natural language processing models could enhance real-time status detection of
equipment, improving overall efficiency in monitoring activities such as loading, dumping,
and maneuvering.

Further studies are needed to evaluate the viability and impact of this approach,
potentially facilitating a transition toward fully automated vehicle fleets. Generally, the
use of computer vision in mining supports sustainable practices and digitization for a
more effective future in the sector by means of data-driven decision-making. The use
of the epsilon-constraint method showed the trade-offs between lower excavator idle
time and achieving daily production goals. This method helps to improve operational
decision-making in addition to reducing fuel consumption and traffic and improving safety.
Measuring queue densities at facilities and guiding trucks to alleviate congestion, sending
real-time traffic management data to decision-makers, improving internal communication,
and automating operational data collecting help this study support the mining sector. In
conclusion, this study exposes the potential of integrating computer vision to revolutionize
the open-pit mining fleet management using multi-objective optimization. The results
highlight a particularly significant progress, i.e., the reduction in excavator idle time while
keeping or improving on production target compliance. This has been demonstrated
through Pareto front analysis. The use of the YOLO v8 model for real-time vehicle detec-
tion and the multi-objective binary integer programming model enabled us to achieve a
more optimized truck-to-excavator assignment procedure, which improved the overall
operational efficiency.
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Abbreviations

The following abbreviations are used in this manuscript:

YOLO  You Only Look Once

CCTV  Closed-Circuit Television

Ccv Computer Vision

OB Overburden

ML Machine Learning

CNN Convolutional Neural Network
mAP Mean Average Precision

Al Artificial Intelligence
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