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Abstract: Identifying the as-drilled location of blastholes is crucial for achieving optimal blasting
results. This research proposes a novel integrated methodology to control drilling accuracy in open-
pit mines. This approach is developed by combining aerial drone images with machine learning
techniques. The study investigates the viability of photogrammetry combined with machine learning
techniques, particularly Support Vector Machine (SVM) and Convolutional Neural Networks (CNN),
for automatically detecting blastholes in photogrammetry representations of blast patterns. To verify
the hypothesis that machine learning can detect blastholes in images as effectively as humans, various
datasets (drone images) were obtained from different mine sites in Nevada, USA. The images were
processed to create photogrammetry mapping of the drill patterns. In this process, thousands of
patches were extracted and augmented from the photogrammetry representations. Those patches
were then used to train and test different CNN architectures optimized to locate blastholes. After
reaching an acceptable level of accuracy during the training process, the model was tested using a
piece of completely unknown data (testing dataset). The high recall, precision, and percentage of
detected blastholes prove that the combination of SVM, CNN, and photogrammetry (PHG) is an
effective methodology for detecting blastholes on photogrammetry maps.

Keywords: blasthole; machine learning; photogrammetry; support vector machine; convolutional
neural network; drilling accuracy

1. Introduction

Figure 1 shows a simplified mining flowsheet where the first activity is drilling the in-
situ rock, followed by blasting, then digging, hauling, and finally processing the ore. Drill
and blast activities impact all these processes in a mine, influencing shovel productivity,
equipment maintenance, highwall stability, ore recovery, and the related costs across all
these processes. Therefore, it is necessary to utilize novel technologies, such as sensors,
unmanned aerial vehicle (UAV), image processing, virtual reality, and teleoperation to
address these issues [1-4].

Every blast in open-pit mines consists of hundreds of holes that sometimes deviate
from their designed coordinates for diverse reasons, such as issues in the existing technolo-
gies of the drill rigs or low GPS signal. Moreover, blasthole collar inaccuracy leads to an
imbalanced distribution of the explosive energy in the rock mass, resulting in unexpected
blasting results. Even with high-precision GPS technologies onboard the most modern
open-pit drilling machines, there is a considerable amount of (mostly unknown) collar
deviations. This issue is mainly due to several factors: (i) some mine sites cannot or do not
want to afford high precision RTK/GPS advanced features on their drill rigs, (ii) most of
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the small drill rigs (especially the ones intended to drill pre-split) are not equipped with
high precision RTK/GPS, (iii) GPS accuracy decreases in locations close to high walls due
to signal blocking, and (iv) drilling operators decide to make slight location changes to
some blastholes due to operative reasons (e.g., pit edge, and overbreak from the previous
blast). These operative changes are not always reflected in the final blasting decisions
(e.g., explosive loading maps/spreadsheets). Although surveying is one of the most accu-
rate methods for checking the blasthole location, it is not viable in current mining operations
due to the time involved in the activity and the workforce needed. Therefore, drill and blast
engineers usually have limited to no accurate data about the magnitude of the deviation in
their drilled patterns. This paper proposes a new methodology to identify drilling collar
errors using drones and machine learning techniques. This approach begins by capturing
high-resolution images, which are processed first with photogrammetry techniques, and
then using deep learning. Machine learning solves several imaging problems, including
detection, segmentation, etc. Moreover, using machine learning to detect blastholes on
aerial images can help control the drilling accuracy for better blasting outcomes, benefiting
the downstream processes (e.g., digging, hauling, and ore processing).
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Figure 1. An overview of key stages involved in ore processing [5].

Blasthole detection using drones and machine learning aims to be a complementary or
supplementary way to know the blasthole location to improve the distribution of explosive
energy in the blasting process. In open-pit mines, drill and blast engineers are interested in
knowing the final location of the blastholes, but the information coming from this research
may also be helpful for other departments like ore control and survey.

Mining engineers need to know the final location of the collar of the blastholes to
adjust the blasting variables in the best possible way before executing the blast. Several
blast variables can be improved using blasthole detection, such as powder factor, stemming
depth, explosive type, and timing. The motivations behind developing an alternative
system to manage the drilling accuracy through photogrammetry and machine learning
are summarized as follows:

e Importance of drilling accuracy in blasting: Drilling accuracy is the main variable
influencing blasting results.

e  GPSsignal loss: The inconvenience with the GPS mounted on the drilling machines is
the loss of signal in some regions of the mine (blind spots), like close to the high walls.
The quality of the signal received from the satellites relies on several elements, such
as geometry/triangulation regarding the satellites, signal obstruction, atmospheric
conditions, and features/technology of the receptor [6].

e Explosive energy distribution: To obtain good rock fragmentation and avoid issues
(e.g., flyrocks, misfires, and oversize), it is essential to simulate the explosive energy
distribution knowing the blasthole’s final location [7].

e  Potential of the research: This research has great potential to be applied to other related
object detection problems in the mining industry.
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Figures 2—4 show comparisons of the design of the pattern versus the on-field execution.

Figure 2. Designing drill pattern using GPS (Left image) and implementing drill pattern being
surveyed (Right image) [8].
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Figure 4. “As designed” (green circles) versus “as drilled” (gray dots) reported by the high-precision
GPS drilling system.
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Figure 2 illustrates the two most common alternatives to obtain the final location of the
blastholes, either GPS in the drill rigs or a survey. To the left, the machine drills the holes
according to a drilling design perfectly aligned with the GPS, but the final implementation
of the pattern is not always accurate, which can be verified through a survey. The left image
in Figure 2 faces issues in some geographical locations or areas of the mine. In contrast, the
right image in Figure 2 is highly time-consuming. Figure 3 depicts the drilling patterns “as
designed” and “as drilled” in the field. Also, Figure 4 indicates a real case of a drill pattern.
In this figure, “as designed” (green circles) and “as drilled” (gray dots) are performed by a
high-precision GPS drilling system.

Blasthole detection over aerial images is challenging for machine learning algorithms
because of different “distractions” in the drill pattern images, such as rocks, cutting (mate-
rial coming from inside of the hole while being drilled), vehicle tracks, blasting accessories
(primes and detonators), oil on the ground, and stakes (Figure 5).
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Figure 5. A typical blasthole view from the air (10 ft above the ground level) with many features in
the image like vehicle footprint, cutting, rocks, marks, shadows, etc.

In this paper, support vector machines and convolutional neural networks are pro-
posed to solve the blasthole detection problem on drone aerial images converted or pro-
cessed as Orthomosaic and DEM. The contributions of the present study are outlined
as follows:

e New methodology to control drilling accuracy: Introducing a complementary or
supplementary system to determine the final location of blastholes in cases where the
GPS of the drills is inaccurate, has a poor signal, is uncalibrated, or the machine lacks
GPS technology (e.g., pre-split drill rigs or older machines without the technology).

e New approach for object detection using Digital Elevation Models (DEM): Unlike
most object detection techniques that use RGB or grayscale images, the proposed
methodology, especially the multiple dataset stage, employs elevation data to detect
the object of interest (blastholes).
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e Providing a new tool to improve blasting results by developing more realistic
process simulations.

e  Establishing the first blasthole image database could lead to a more extensive blasthole
image database from multiple mine sites.

The rest of the paper is organized as follows: Section 2 presents the related previous
studies. Section 3 details the materials and methods used for this study, including the
methodology for data collection, processing of raw data, experimentation with machine
learning algorithms, and the framework employed. The results and discussion of the study
are presented in Section 4. Section 5 provides the conclusions of the present study, along
with its potential applications and future work.

2. Related Work

To the best of our knowledge, no specific references were found in the literature
related to blasthole detection using photogrammetry and machine learning. However,
a few studies have addressed blasthole detection on images. In [9], the authors utilized
205 RGB images from different mine sites, enhancing image quality through a “Blasthole
Feature Extract Transformation” (BFET) module. They employed a YOLOv7 neural network
architecture to develop models for blasthole detection. In [10], the authors developed a
semi-supervised method using RGB-D images for blasthole segmentation, circumventing
the need for manual annotation due to limited labeled data in mining. This approach
employs pseudo-labeling with the histogram of gradients and self-training on unannotated
images for segmentation.

Machine learning has recently been utilized in various aspects of drill and blast opera-
tions to develop more site-specific models. Researchers demonstrated that its estimation
results were better than traditional methods [11-26]. In [27], the authors employed the
Random Forest (RF) technique for estimating blast-induced ground vibration (BIGV). Am-
nieh et al. [28] utilized vibration measurement datasets from a copper mine to analyze
the potential of Neural Networks in predicting BIGV during blasting operations. Also,
Monjezi et al. [21] employed Neural Networks to predict fragmentation and flyrock dur-
ing blasting operations. In [29], a methodology was developed to predict flyrocks using
multivariate regression analysis (MVRA) and backpropagation neural network (BPNN).
This methodology involved the motion analysis of 95 blast movies from four mines. In [30],
the authors described several options to predict rockburst using machine learning. Among
the techniques described in the study, they used the General Regression Neural Network
(GRNN), Swarm Optimization, and Genetic Algorithm. Eades and Perry [31] established a
deep belief model to differentiate Microseismic events from blasting signals. Shi et al. [32]
applied Support vector machines (SVM) to predict fragmentation patterns after bench
blasting operations. Another use of machine learning involves the estimation of NOX
generated by blasting [33]. Furthermore, Jha and Tukkaraja [34] have focused on semantic
segmentation to detect the geological discontinuities in open-pit mines using drone images
and Convolutional Neural Network (CNN). A comprehensive review of the utilization of
machine learning in predicting the broad domain of the blast impact was developed in
another research study [35].

Cazzato et al. [36] examined recent advancements in 2D object detection for UAVs, em-
phasizing the utilization of RGB cameras due to their cost-effectiveness. They highlighted
the importance of achieving autonomy and addressing operational challenges in UAV
operations. Additionally, they proposed a new taxonomy based on height intervals and
methodological approaches to categorize research in this field. Somua-Gyimah et al. [37]
introduced a scalable machine vision model based on Convolutional Neural Networks for
dragline excavation, achieving an average classification accuracy of 82.6% and 91% detec-
tion accuracy in collision avoidance. They also performed well in terrain recognition and
oversized rock detection tasks, offering potential for broader application across automated
excavators. Maitre et al. [38] presented a computational approach for automating mineral
grain recognition from optical microscope images, offering a cost-effective alternative to
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manual characterization. Utilizing simple linear iterative clustering segmentation, the
method efficiently isolates sand grains, demonstrating approximately 90% accuracy in
mineral recognition.

According to the literature review, a few studies have focused on blasthole detection,
particularly utilizing image processing techniques. However, these studies predominantly
relied on image analysis using RGB or RGB-D images and did not incorporate photogram-
metry techniques, which are essential for capturing detailed spatial information crucial for
accurate blasthole detection. The study performed by [9] solely relied on the YOLOvV7 neu-
ral network architecture, while the other study utilized a semi-supervised machine learning
method based on pseudo-labeling using Histogram of Gradients. These approaches may
not fully exploit the potential of combining different machine learning techniques for
improved accuracy and reliability.

3. Materials and Methods

Deep learning (DL) is an advanced branch of machine learning that can find patterns in
data that are not easy to recognize by humans. DL uses multiple layers to extract features at
different levels or layers progressively. For example, lower layers may identify edges, while
higher layers may identify some elements relevant to humans, such as digits, letters, or
faces [39]. The solution proposed in this document uses deep learning to detect blastholes
in photogrammetry representations (Orthomosaic and DEM). The data were collected at
different mine sites located in Nevada, USA. These photogrammetry representations were
used to train neural networks to detect blastholes in blasting patterns. Blasthole detections
are challenging for automated algorithms due to the many features typically present in
drilling images, such as cracks, cutting, rocks, and shadows (Figure 5).

3.1. Framework

Figure 6 illustrates the different stages involved in the proposed solution. The process
starts by using drones to capture high-resolution images from the drilling areas. Then, those
images are processed through photogrammetry techniques to generate Orthomosaic (union
of individual images) and DEM (elevation maps). Next, a conventional drone (i.e., UAV)
was used to take high-resolution pictures flying close to the holes (e.g., 40 feet = 12 m above
the ground level (AGL)). A special ground control application was used for this step. Then,
training and testing areas were defined for the single dataset stage. In the multiple dataset
stage, one complete dataset was used for testing, and the remaining datasets were used for
training. The training step starts with the annotation of the blastholes, involving drawing
bounding boxes around the holes to teach algorithms the features of a blasthole. Through
several examples, the algorithm can be learned from the data. In this case, the machine
learning algorithm was trained to differentiate between blastholes and no-blastholes using
patches extracted from the photogrammetry representations containing positive samples
(blastholes) and negative samples. The patches were then augmented using different
techniques, including rotations, translations, and brightness changes. Afterward, these
patches were used as inputs for the training process of Support Vector Machine and
Convolutional Neural Networks.

The modeling stage involved training the SVM and CNN, with the Histogram of
Gradients (HoG) used as the feature detector. Then, a Sliding Window was employed to
extract patches from the photogrammetry representations. These patches, or subdivisions
of the orthomosaic and DEM, were then classified as blastholes (PS) or no-blastholes (NS).
At the end of each patch’s binary (PS or NS) classification process, multiple detections were
identified around the blastholes. For instance, it is possible to find several hundreds of
detections in a dataset containing a hundred holes. To address this, additional detections
around the holes were removed using a non-maximum suppression algorithm, keeping
just one bounding box around each hole with the highest score.
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Figure 6. The proposed framework outlines the phases of machine learning for blasthole detection.

The mathematical formulation of the SVM decision function is as follows:
wIx+b=wx;+ - +wyxy+Db (1)
where w is the feature weights vector, x is the new instance vector, and b is bias term.

.0, ifwTx+b<0
y_{l, ifwTx+b>0 @

After applying Equation (2), the predicted class () is as follows:

< 0 = no — blasthole 3)
> 0 =1 = blasthole

During the training of SVM, the aim is to find the best values of w and b to fit the
widest margins separating blastholes from no-blastholes. If all the data points are outside
of the margins, this is called hard margin classification. In some cases, it is allowable
to have some points inside of the margins to give a certain flexibility to the model and
obtain better classification results; this is called soft margin classification. The quadratic
programming problem is employed for the hard and soft margin classification options of
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an SVM. Expression (4) and Constraint (5) express the Quadratic Programming for hard
and soft margin classifications.

Minimize%pTHp +fTp (4)
p
subject to
Ap<b ®)

where p is 1,-dimensional vector (1, = the number of parameters), H is n, X 1, matrix,
f is np-dimensional vector, A is n; X 1, matrix (n. = the number of constraints), and b is
n.-dimensional vector.

Another aspect of the study involves sliding window-based algorithms, such as
support vector machines, which generate multiple detections around the object of interest.
These additional detections can be filtered out using non-maximum suppression (NMS).
NMS is designed to retain only the detection with the maximum score; in our case, it is one
detection per blasthole [40]. It calculates the intersection over union (IoU) of the bounding
boxes, comparing the model’s detection against the annotated blasthole. A threshold value
is defined to adjust the accuracy of the algorithm.

Intersection

IoU =
Union
(6)

The mathematical formulation of CNN for calculating the output of a neuron in a
certain layer, row, column, and feature map is as follows:

i =ixs,+u
j=jxsp+o

e = bt D 0 0y g wnpes with { %
where Zijk is the output of the neuron in row 7, column j, feature map k, sy, is horizontal
stride, s, is vertical stride, f, is receptive field height, f, is receptive field width, f, is the
number of feature maps in the previous layer, x; ; ;- is the output of the neuron in previous
layer, row i, column f’, feature map k', by, is bias term in feature map k (layer [), and w,, , '
is connection weight between neurons in feature map k and inputs at row u, column v, and
previous feature map k.

In this study, MATLAB software package version R2021b was employed as the main
tool to develop and write codes for machine learning solutions. Additionally, VLFeat
was another tool used for machine learning development. It is an open-source library for
image processing and computer vision that implements specialized algorithms in image
understanding and local feature extraction and matching. VLFeat libraries can be easily
implemented in MATLAB scripts. Furthermore, Metashape Agisoft software standard
version 2.0 was utilized for the photogrammetry process.

Using the above general steps, four different blasthole detection results were generated:

v Single Dataset

O  Support Vector Machine—Orthomosaic
O  Support Vector Machine—DEM
O  CNN—Orthomosaic

v/ Multiple Datasets
O CNN—DEM
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1) DATA COLLECTION AND
INITIAL PROCESSING

« Drone flight around the drill
pattern.

* Orthomosaic and DEM
generation.

« Groundtruth (Annotation).
« Data Augmentation.

In the multiple datasets stage, the CNN-DEM framework is shown in Figure 7. The
data collection for this stage was increased significantly compared to the single dataset
stage (48 times more data). Optimizing essential data collection in open-pit mines in
the single dataset stage laid the foundation for subsequent collection efforts, leveraging
our accumulated experience. The Orthomosaic and DEM photogrammetry processing
remained consistent with the single dataset stage. Blasthole annotation followed a similar
process to the single dataset stage, albeit requiring additional effort and time due to the new
amount of data. The data augmentation process was similar (i.e., rotations, translations,
and brightness changes). The training of the CNN-DEM model was slightly different. In
multiple experiments, one complete dataset was considered for testing, following a process
known as Leave One Out for Cross-Validation (LOOCYV). In this stage, only DEM was
utilized, and the Orthomosaic of the datasets was not used. The Orthomosaics were built
and used just referentially to verify the accuracy of the detections. This was necessary
because, in DEM representations, it is not always easy to identify the blastholes enclosed
by the bounding box detections. Four CNN architectures were used, similar to those used
in the single dataset stage (Appendix B). Hyperparameter fine-tuning was time-consuming,
with each run of a new set of hyperparameters requiring several hours of processing time.
After obtaining low validation accuracy results using elevation values ([1469 ft-1738 ft]),
the strategy was changed, and normalized elevation values ([0-1]) were employed.

3) CNN Testing
«Drillhole detection applied to a
blasting pattern.

*Recall and Precision.

2) CNN Training
Architectures Definition.
*Hyperparameters fine-tuning.

Figure 7. Blasthole detection phases for Convolutional Neural Networks—DEM.

3.2. Data Acquisition

The data (drone images of blastholes in blasting patterns) were acquired in several
mine sites located in Nevada, USA. The drones used in this study were a DJI Phantom
4 Pro and DJI Mavic Mini Pro. The flight options used were “manual” and “automatic”.
The “manual” flight refers to capturing images using the drone’s radio controller and a
generic ground control application (software app). On the other hand, “automatic” flight
captures images using just a ground control application. The images were captured at
different elevations above the AGL (Figure 8), e.g., 30 ft, 40 ft, 60 ft, and 100 ft, depending
on the pattern size (burden x spacing).

" 100feetAcl

o { A R
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¢ ‘A* »
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Figure 8. Drone images of blastholes captured at 40, 60, and 100 feet.
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3.3. Data Processing
3.3.1. Photogrammetry

Metashape Agisoft standard version 2.0 was the software used for the photogrammetry
process. This software employed some functions, including reviewing the pictures, aligning
them, building a dense cloud, constructing a mesh, and finally obtaining the Orthomosaic
and DEM (Figure 9). After finishing the photogrammetry representations, patches of
positive (blastholes) and negative (no-blastholes) samples were extracted from the DEM.
Those patches were the inputs to build SVM and CNN models to detect blastholes.

Figure 9. Orthomosaic (left) and DEM (right) containing blastholes.

3.3.2. The Definition of Training and Testing Areas

In the single dataset, the upper region of the Orthomosaic and DEM were designated
as the testing area, while the lower zone was designated as the training area (Figure 10). In
the case of multiple datasets, the LOOCV approach with different datasets was employed
for the testing dataset, finally defining dataset number 5 for testing using normalized (0-1)
elevation values.

Testing 5DH

Figure 10. Definition of training and testing areas for the single dataset.
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3.3.3. Positive and Negative Samples Generation

In the positive sample generation, the first step was to draw bounding boxes around
the blastholes. This process is known as annotation (Figure 11). Then, the coordinates of
these bounding boxes were used to extract positive sample patches from the Orthomosaic
and DEM. Finally, the negative sample patches were obtained using a random sliding
window algorithm, automatically extracting patches without blastholes (Figure 12).

-

.3‘

Figure 11. Blasthole labeling (annotation) for positive sample generation.

»

Figure 12. Examples of positive and negative patches.

3.3.4. Sliding Window

The sliding window algorithm (Figure 13) was utilized in two different stages. The
first application of the sliding window was to generate random negative sample patches.
The second application of the sliding window was to divide the orthomosaic and DEM into
small patches for later classification. Each of these patches was then categorized as positive
or negative samples. In the case of random negative samples, the patch dimension was the
average positive sample patch dimension per dataset. In the case of the sliding window
to generate classification patches, the patch dimension was 300 x 300 pixels with steps of
100 pixels horizontally and vertically.

3.3.5. Data Augmentation

To provide accurate detection results, it is possible to increase the number of posi-
tive samples through a process known as data augmentation. The extracted patches are
submitted to different image processing modifications, including rotations, translations,
and brightness changes. The rotations of the patches were 90°, 180°, and 270° degrees.
The translations were horizontal and vertical random patch locations, shifting between
—30 and +30 pixels. The final stage included changes to the brightness levels of the patches
between —20% and +20%. The final number of extracted positive samples is later matched
with the number of negative samples via a random sliding window algorithm.
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Figure 13. Sliding Window to extract patches to be classified.

3.3.6. Training SVM

SVM training starts with creating Orthomosaic and DEM from the photogrammetry
stage. Then, the positive samples (blastholes) are annotated, and the training/testing areas
or datasets are defined. Afterward, a data augmentation process is used for the positive
samples (blastholes). For example, a dataset is assumed to have 28 positive samples (PS).
Data augmentation increases the dataset multifold due to the rotation, translation, and
brightness changes. As an example, 28 PS x 4 rotations x 4 translations x 3 brightness
changes at the end of the data augmentation process, resulting in 1344 PS. Next, a random
sliding window algorithm was utilized to extract negative samples (NS) until reaching the
same amount as the augmented positive samples. Furthermore, a HoG was used to extract
features and finally obtain the SVM model.

3.3.7. Training Convolutional Neural Networks (CNN)

Different convolutional neural network architectures were used to detect blastholes,
following the general configuration described in Figure 14, including convolution, batch
normalization, max-pooling, and fully connected layers.

fc

conv_1 Fully Connected

h conv_2 conv_3
g f?onvc;ugoq Convolution Convolation 2 fully connected layer
PI ‘g;? [ X ] size 16 filters [3x3x8] size 32 filters [3x3x16] size softmax
adding: same Padding: same Padding: same Softmax
batchnorm_1 batchnorm_2 b
el _: atchnorm_3
Balcr81 ?ﬁ;’::;'lzsamn Batch Normalization Batch Normalization c|ascsli?12::i’:r:pcl)‘:tput
16 channels 32 channels crossentropyex with classes
relu_1 relu_2 relu_3 M5 Snc ES
ReLU ReLU ReLU

f_‘ﬁ 1 1 | 1 1
I 1 ]

=~ &

maxpool_1 maxpool_2

Max Poollng Max Pooling
Pool size: [2 2] Pool size: [2 2]

Stride: [2 2] Stride: [2 2]

Figure 14. CNN general architecture configuration for blasthole detection.

Every architecture (Figure 14) starts with an ImagelnputLayer containing patches
of 96 x 96 pixels. The processing of the patches starts with a Convolution2DLayer (CL)
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containing eight filters of 3 x 3 pixel size and one channel, followed by a BatchNormal-
ization Layer (BNL) containing eight channels to normalize extreme values. The neuron
activation function chosen was ReLu (Rectified Linear Unit). The link between this first
block of layers and the second one corresponds to a MaxPooling2DLayer (MPL) of size
2 x 2 and stride 2 x 2. Afterward, two more similar blocks of layers were used before
arriving at a FullyConnectedLayer (FCL). Finally, the outputs of the FCL were passed
through a SoftmaxLayer (SL), generating the results through a ClassificationOutputLayer
(COL) with two classes, corresponding to NS (no-blastholes) and PS (blastholes).

3.3.8. Testing SVM/CNN

Once the training of SVM and CNN is finished, the next step is to verify (test) the de-
tector’s accuracy. To achieve this, the “big” image (Orthomosaic and DEM) was subdivided
into small patches using a sliding window algorithm. These patches are then classified as PS
or NS using the SVM and CNN models (Figure 15). Finally, a non-maximum suppression
method filters out the detections with the highest scores corresponding to the blastholes
(Figure 16).

Figure 16. Detection results after NMS keeping just the bounding box with the highest score.
4. Results and Discussion
4.1. Single Dataset

At the beginning of this study, only one single dataset was employed to develop
the study framework. The dataset was divided into training and testing areas. The total
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number of holes in the single dataset was 33 blastholes augmented to 1344 patches through
the data augmentation processes described in Section 3. This stage had three main results:
SVM-Orthomosaic, SVM-DEM, and CNN-Orthomosaic.

4.1.1. SVM—Orthomosaic

The first trained model was SVM using Orthomosaic. Figure 17 illustrates the detection
results in the testing area.

Figure 17. SVM-Orthomosaic detection results with a single dataset.

4.1.2. SVM—DEM

The second model trained with a single dataset was SVM using DEM. Detection results
are shown in Figure 18.

Figure 18. SVM-DEM detection results with a single dataset.

4.1.3. CNN—Orthomosaic

The third model trained with a single dataset utilized a Convolutional Neural Network
using the Orthomosaic representation. Figure 19 indicates the detection results for the
developed four CNN architectures (CNN1 through CNN4).

4.1.4. Recall and Precision

In this study, two popular machine learning metrics were employed to evaluate
the detection results: recall and precision. Recall (R) is defined as the number of true
positives (TP) over the number of true positives plus the number of false negatives (Fyy)
(Equation (8)) [41].

Tp

R=——+—
Tp + Fy

(8)
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CNN1

CNN3

Precision (P) is formulated as the number of true positives (Tp) over the number of
true positives plus the number of false positives (Fp) (Equation (9)) [41].

Tp

P=——
Tp + Fp

)
The recall and precision have been calculated using the confusion matrix (Figure 20).

The key definitions to estimate the confusion matrix are as follows:

- True Positive (TP): Predicted as blasthole when it is a blasthole.

- True Negative (TN): Predicted as no-blasthole when it is not a blasthole.

- False Positive (FP): Predicted as blasthole, but it is not a blasthole.

- False Negative (FN): Predicted as no-blasthole, but it is a blasthole.

= —_— - r—
» P =t

CNN2

Figure 19. CNN-Orthomosaic detection results with a single dataset.
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Figure 20. Confusion Matrix for blasthole detection (DH: Blasthole).

Finally, several detections around the blastholes were filtered out using the non-
maximum suppression algorithm, keeping just the detection with the highest score in
each case.

Recall and precision (Table 1) were used to compare the results of SVM and CNN
detection. Figure 21 displays recall and precision for the five models built (1 SVM, 4 CNN)
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using the Orthomosaic. The best results were obtained using CNN. Also, in the comparison
of detection results between Orthomosaic and DEM (Figures 17 and 18), DEM demonstrated
superior performance. For these reasons, the authors have chosen to proceed to the next
stage, utilizing CNN and DEM with multiple datasets.

Table 1. Recall and Precision Results before and after NMS (TP: True Positives, FP: False Positives,
FN: False Negatives).

[~
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o

'\

=
<
-

= =

x® ®

(=] =]

SVM

Before NMS
Detections TP FP EN Recall Precision
SVM 11 3 8 2 0.6000 0.2727
CNN1 23 5 18 0 1.0000 0.2174
CNN2 20 5 15 0 1.0000 0.2500
CNN3 14 5 9 0 1.0000 0.3571
CNN4 22 5 17 0 1.0000 0.2273
After NMS
Detections TP FP FN Recall Precision
SVM 9 3 6 2 0.6000 0.3333
CNN1 19 5 14 0 1.0000 0.2632
CNN2 9 4 1 0.8000 0.4444
CNN3 8 4 1 0.8000 0.5000
CNN4 11 4 7 1 0.8000 0.3636
W Recall Precision

080

CNN1 CNN2 CNN3 CNN4

Figure 21. Recall and Precision results using the Orthomosaic for SVM and CNN.

4.2. Multiple Datasets

Based on the single dataset results, this study focused on applying CNN with DEM at
this stage. Appendix A provides the Orthomosaics for the datasets used in this stage. In
this phase, the quantity of collected data exponentially increased from 33 to 1573 blastholes.
This increase means 48 times the initial dataset. Table 2 provides a detailed description
of the number of blastholes captured for each dataset. After data augmentation, the total
number of patches involved in the training/testing process was 11,007 patches.
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Table 2. The number of holes and patches for each dataset.
Datasets Number of Holes Number of Patches
DS1 178 1245
DS2 353 2471
DS5 139 973
DS7 142 994
DS8 225 1575
DS9L 191 1337
DS9U 125 875
DS10 220 1537
Total 1573 11,007
CNN—DEM

In this stage, Convolutional Neural Networks on DEM with seven datasets were
employed for training, and one complete dataset was utilized for testing. Also, multiple
experiments were performed with different elevation values. The first experiment used
LOOCYV, but the validation accuracy was around 60% (Figure 22). In addition, some LOOCV
combinations generated just negative sample results. The second experiment was to group
datasets with similar elevations for training and testing, but the validation accuracies
were between 70% and 80%. Finally, the third group of experiments was performed by
normalizing the elevation values, obtaining validation accuracy results greater than 90%.
Detection results using normalized elevation values and the testing dataset DS5 are shown
in Figures 23 and 24. These results can be verified using the results provided in Table 3,
which outlines the detection results for normalized elevation values. The table includes
several columns, including the number of layers, experiment numbers E1 through E5,
proportions of training and testing data, learning rate used in each experiment, epochs
used in the experiments, the number of detected holes after non-maximum suppression,
and the last column gives the percentage of detected holes in each experiment. In this
case, the testing dataset was DS5, containing 139 blastholes. The best experiment, achieved
by E5, detected all the blastholes in the testing dataset. The combination of normalized
elevation values, increased training data, and optimized learning rate contributed to the
superior performance of Experiment 5 in accurately detecting blastholes. These adjust-
ments demonstrate the importance of thorough experimentation and parameter tuning in
achieving optimal results in machine learning tasks.

Training Progress (08-Apr-2021 09:52:34) Results
Validation accuracy: 62.50%
Training g finished: Reached final iteration

Training Time
Start time: 08-Apr-2021 09:52:34
80— Elapsed time: 2 min 13 sec

Training Cycle
Epoch: dofd
teration: 208 of 208

terations per epoch: 52

Maximum iterations: 208

Accuracy (%)

Validation
30 Frequency: 30 iterations

20 Other Information
Hardware resource: Single CPU

Epoch 1 Ep?ch 2 Epoch 3 ‘ Epoch 4 Learning rate schedule: Constant
0

Learning rate: 001
o 20 40 60 80 100 120 140 160 180 200

Iteration EdLearn more

G A Accuracy

Training (smoothed)
7 i Training
— —e— — Validation

20— _ Loss
—le—_
R —

= ———— ——— ——— &
5 Epoch1 | Epeoch-2— Epoch3- —Epoch+ N Final
0 20 40 60 80 100 120 140 160 180 200
teration — —e— — Validation

Training (smoothed)

Training

Figure 22. Training progress screen with a validation accuracy of 62.5%.
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B

Figure 23. Detection results with bounding boxes displayed over the testing dataset (DEM).

Figure 24. Detection results with bounding boxes are displayed over the testing dataset (Orthomosaic).

Table 3. Experiment results using normalized elevation values and DS5 as the testing dataset.

Layers Experiment Training (%) Testing (%) Training Datasets Le;r;ing Epochs ];:zclgl(\)/? SS g)ei(:::csl
El 80 20 DS1,DS2,DS7,DS10,DS11 0.01 85 61%
E2 80 20 DS1,DS2,DS7,DS10,DS11 0.001 4 27 19%
15 E3 80 20 DS1,DS2,DS7,DS10,DS11 0.001 10 31 22%
E4 80 20 DS1,DS2,DS7,DS10,DS11 0.1 4 132 95%
E5 81 19 DS1,DS2,DS7,D510,DS11 0.1 139 100%

Furthermore, for blasthole detection purposes, the percentage of detected holes is a
more representative metric than recall and precision typically used in machine learning.

4.3. Performance Analysis of All Experiments

Many studies indicate that achieving a high recall value or precision is dependent on
the specific application. The objective of this study is clear: to detect as many blastholes
as possible. This section examines the performance results of the models developed
throughout the study.
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Figure 25 illustrates four performance indicators that were evaluated and compared:
recall, also known as sensitivity, precision, F1 score, and accuracy. The recall represents the
proportion of correctly predicted blastholes out of all the blastholes in the pattern. Precision
is the percentage of detections (bounding boxes) that were accurate. The F1 score is the
harmonic mean of recall and precision. Accuracy measures how effectively the model
considers both positive and negative cases.
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Figure 25. Performance results of the eleven models built during the research.

As depicted in Figure 25, the first model (SVM_O = SVM_Orthomosaic) exhibits
low-performance metrics. In the second model (SVM_D = SVM_DEM), a significant im-
provement is observed in the metric scores compared to the first model, attributed to using
Digital Elevation Maps (DEMs) for detections. CNN architectures were employed for the
subsequent four groups of bars (CNN1_O, CNN2_0O, CNN3_O, and CNN4_O) to achieve
better performance results, particularly for CNN number 3 (CNN3_O), which stood out.
Subsequently, we transitioned to the “multiple dataset stage”, where the first three rounds
of experiments initially showed low-performance results (MDS_E1, MDS_E2, MDS_E3).
However, the score results for experiment E4 (MDS_E4) demonstrated a significant im-
provement, while experiment E5 yielded outstanding results.

Furthermore, upon analyzing Figure 25 and commencing with the single dataset stage,
models built using SVM and DEM (recall: 0.80, precision: 1.0, F1: 0.89, and accuracy:
0.89) outperformed those built using SVM with Orthomosaic (recall: 0.6, precision: 0.3,
F1: 0.4, and accuracy: 0.25). Hence, we opted for DEM and CNN s in the final phase of the
study, the multiple dataset stage, where we achieved remarkable recall, precision, F1, and
accuracy values of 0.99. These high-performance values are not typical in other blasthole
detection studies, as evidenced by comparisons with prior literature. For instance, in a
study by [9], they obtained a recall of 0.423 and a precision of 0.7115 without reporting
the F1 score. Conversely, Zhang et al. [10] utilized IoU and Dice to evaluate models based
on semantic segmentation. After the multiple datasets stage, our detectors successfully
identified most blastholes in the drill pattern, with just one hole missed, demonstrating the
excellent performance of the developed models. These outstanding results were attained
through experimentation with different modeling alternatives.

Seeking to summarize the performance results in a single metric, we calculated the
arithmetic and harmonic mean of recall, precision, F1, and accuracy (Figures 26 and 27).
This method effectively sorted the models based on their overall performances. The clear
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winner was experiment E5 of the multiple dataset stage, with a harmonic mean (H) of 0.991,
closely followed by experiment E4 with H = 0.971. SVM-DEM (H = 0.865) secured the third
position, while the CNN3-Orthomosaic model (H = 0.8) ranked fourth.

Arithmetic Mean of Recall, Precision, F1, and Accuracy

e B
SVM-Orthomosaic

:
CNN1-Orthomosaic

:

:

s T

Figure 26. The arithmetic mean of performance metrics considers recall, precision, F1, and accuracy.

Harmonic Mean of Recall, Precision, F1, and Accuracy

e
SVM-Orthomosaic
CNN1-Orthomosaic

2
CNN4-Orthomosaic

: T

2

ES 0.991

Figure 27. The harmonic mean of performance metrics considers recall, precision, F1, and accuracy.

4.4. Detection of Snow-Covered Drill Holes Using CNN

The winter season in Nevada is characterized by snowfall within the region, cov-
ering the blastholes with snow. To detect these snowy holes, a new CNN model was
developed using a Mask R-CNN (Region-Based Convolutional Neural Networks) archi-
tecture (Figure 28). The Mask R-CNN is an object detection model based on a deep CNN
architecture developed by researchers in 2017. Mask R-CNN provided high accuracy in
object detection problems. The model development procedure was comparable to the steps
detailed previously in this paper. The model returns a bounding box and a mask for each
detected object. In this case, 90% and 10% of the data were used for training/validation
and testing, respectively. The tool used for the annotation stage was VIA (VGG Image
Annotator). VIA converts the annotation process to a JSON file specifying the bounding
boxes” extent and coordinates.
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Figure 28. Snow-covered blastholes detected by the Mask R-CNN Model.

5. Conclusions

The following conclusions can be derived from this research work:

Blasthole detection using drones and machine learning aims to be a complementary or
supplementary way to identify the ultimate location of blastholes and improve the
distribution of explosive energy in the blasting process.

The proposed solution in this study can be used in open-pit mines for drilling accuracy
control, enabling drill and blast engineers to simulate and adjust blasting parameters,
optimizing blasting results, and improving the safety of the process.

The research offers a new way to control the drilling accuracy in open-pit mines (not
just surveys and GPS mounted over the drill rigs).

The experiment results demonstrated that it could be possible to automatically de-
tect blastholes on aerial images (captured through a drone) under different seasonal
conditions, using Support Vector Machine and Convolutional Neural Networks in
open-pit mines.

The proposed solution provides a way to control drilling accuracy deviations in blast
patterns. These inaccuracies occur for several reasons: signal loss in certain mine
areas (known as blind spots), operational factors such as drilling near pit edges, or
overbreaking resulting from previously blasted patterns.

Another potential application of this research is to define the extension of the polygon
blasted for ore control purposes.

With a single dataset, detection results using SVM over DEM yielded better results
than SVM with Orthomosaic representations, but the best results for the single dataset
were obtained using Convolutional Neural Networks and Orthomosaic.

In the case of multiple datasets, the most favorable results were obtained in experiment
E5, wherein all 139 blastholes were detected. This process was accomplished using
normalized elevation values and specific hyperparameters: 81% of the data for training,
19% for testing, a learning rate of 0.1, and 4 epochs.

Hyperparameter tuning was the most time-consuming activity during the training of
the CNN-DEM architectures because of the high amount of information in the datasets.
In this machine learning application, prioritizing the detection of blastholes, the
percentage of detected holes proves to be a more representative metric compared to
the conventional recall and precision metrics. The final goal of the study is to identify
as many blastholes as possible.

In this study, the percentage of detected holes was the best performance metric. This
issue differs from typical deep learning applications in computer vision, where recall
and precision are commonly used as performance metrics.

Future work will involve collecting data from various mine sites encompassing differ-
ent rock formations, drilling diameters, and weather conditions to develop models
capable of detecting blastholes across diverse environments.

Additionally, exploring the utility of the images captured for blasthole detection for
other applications, such as delineating blasting overbreak and estimating the volume
and tonnage of blast patterns, presents an avenue for further research and application.
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Appendix B. CNN Networks

CNN1

layers = [

imagelnputLayer([96 96 1])
convolution2dLayer(3,8,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(3,16,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(3,32,'Padding','same")
batchNormalizationLayer

reluLayer

fullyConnectedLayer(2)

softmaxLayer

classificationLayer];

CNN2

layers = [

imagelnputLayer([96 96 1])
convolution2dLayer(5,8,'Padding','same’)
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(5,16,'Padding’,'same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(5,32,'Padding','same")
batchNormalizationLayer

reluLayer

fullyConnectedLayer(2)

softmaxLayer

classificationLayer];
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CNN3

layers = [

imagelnputLayer([96 96 1])
convolution2dLayer(3,8,'Padding','same')
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(3,16,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(3,32,'Padding','same")
batchNormalizationLayer

reluLayer
convolution2dLayer(3,64,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
fullyConnectedLayer(2)

CNN4

layers = [

imagelnputLayer([96 96 1])
convolution2dLayer(5,8,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(5,16,'Padding','same")
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
convolution2dLayer(5,32,'Padding','same")
batchNormalizationLayer

reluLayer
convolution2dLayer(5,64,'Padding','same’)
batchNormalizationLayer

reluLayer
maxPooling2dLayer(2,'Stride',2)
fullyConnectedLayer(2)

softmaxLayer softmaxLayer
classificationLayer]; classificationLayer];
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