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ABSTRACT

This study explores implementing a machine learning-
based system to generate a 3D surface repre- sentation of
the roof and support straps in the mine. Event cameras have
been chosen for their performance in high-dynamic-range
lighting conditions and for their low latency. To enable
automated drilling and bolting, 3D vision using event-
based cameras has been developed. A ground-truth set is
created using two, time-synced event cameras and a LIDAR
camera. These sensors are used to construct a ground-truth
dataset of corresponding event- camera images and surface
maps from the LIDAR. The network is tested with stereo-
pairs of event images and produces a depth image with +5
mm RMS error on average across 1000 test images.

INTRODUCTION

This paper looks to introduce the use of neuro- morphic
sensors called event cameras, to perform the 3D percep-
tion task [1] of surface representation in the harsh envi-
ronmental and lighting conditions of underground mines.
These cameras offer several advantages over traditional
cameras such as low latency, high temporal resolution, and
very high dynamic range [2]. This allows for the capture of
information in an active mining environment as it is resis-
tant to motion blur due to vibrating sensor platforms, shad-
ows due to single-point source lighting, and dust clouds.
However, this sensor is novel enough to not have an asso-
ciated data set that is both large and diverse [3]. This is
an additional hurdle to using commercial vision products
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as there simply is not enough labeled data to design and
train a generalized machine learning model. This problem
is usually solved by using simulated data [4]. Nevertheless,
simulators frequently lack the representation of visual fea-
tures commonly present in mining environments, as can be
seen in Figure 1. Additionally, the shift from simulation to
real- world conditions is recognized to be challenging [5].
The pipeline suggested in this paper serves as an alternative,
offering a quick and cost-effective means of generating a
labeled data set.

The 3D perception task requires that image points (x,
y) in pixels be re-projected into world coordinates (X, Y, Z)
in physical distance units. This can be achieved by incorpo-
rating depth by using either a depth sensor [6] or a stereo
camera pair [7], during operation. To mitigate power and
dust concerns associ- ated with active sensors, stereo-vision
has been chosen to compute the depth of each pixel.

Stereo vision takes two images taken by cameras that
have a known distance offset and outputs a dis- parity map.
Disparity is the lateral perspective shift between a pair of
corresponding pixels in the left and right images. Since the
baseline distance (distance between the cameras) is known,
the per-pixel disparity can be projected into depth using
epipolar geometry [8] as in Equation 1.
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where,
d = the per-pixel disparity value,
b =the distance between the stereo cameras,
f= the focal length of the cameras used,
z = the depth of the pixel.




Figure 1. Shows an image of the roof with a bolted support
strap, taken at the Edgar Mine in Idaho Springs, CO

Roof bolting is generally considered to be one of the
most dangerous jobs in underground mines in the United
States [9]—-[12]. This is due to two factors - the operator is
at risk of being injured by the bolting machine itself [13],
and there is a risk of being a casu- alty of a roof fall [14].
Accidents, particularly affecting less-experienced opera-
tors, are prevalent. Miner safety and productivity could be
greatly improved if the operator was not required to be in
situ, identifying areas of the roof to drill, positioning, and
operating the drill. Autonomous technologies in the mining
industry offer numerous advantages by minimizing work-
ers exposure to dangerous conditions, increasing safety
standards, lowering costs, and enhancing efficiency a[15].

There are several challenges to automating this pro-
cess. Firstly, the semantic recognition of regions of the
roof that are rock versus the support strap. It is critical for
the autonomous system to be able to differentiate areas
of the roof from straps that are already bolted to the roof.
Secondly, the system needs to create a 3D surface repre-
sentation of the scene during a drilling operation. This is
to allow for the roof bolter to localize itself relative to the
roof. Both of these tasks, semantic segmentation and 3D
reconstruction, need to be per- formed in an active mining
environment. This means that the system has to be robust
to vibrational loads, dust clouds, and severe lighting con-
ditions. These factors make it difficult to implement off-
the-shelf computer vision products to solve these problems.
Traditional stereo-vision products exist for stereo pairs of
images. However, since this class of algorithms relies on
matching corresponding pixels in the images taken by the
left and right cameras using feature detectors [16], their

performance degrades significantly when used with noisy
event-based images.

The alternative is to train a convolutional neural net-
work (CNN) with event-based stereo pairs, labeled with
ground-truth depth data, to learn feature match- ing. This
approach means that the system learns how to match cor-
responding points. The pyramid stereo matching network
[17] utilizes a 3D CNN and region- scale features, rather
than pixel-scale features, to in- corporate global context
information. This is essential to predict a disparity map
given a stereo pair of noisy, event-based images.

This paper presents a novel approach to solving the 3D
reconstruction problem in harsh lighting and environmen-
tal conditions. Specifically, the contribu- tion is the pipeline
for generating very large training data sets for event-based
images during active mining operations.

This paper is laid out with a discussion of the planned
approach, a description of the experimen- tal setup, a pre-
sentation of the results, a discussion grounding the results
in the context of the project, and a conclusion.

METHODS

The goal is to predict depth images given time- synced
accumulated event images. To do so, the dataset needs to
be comprised of event images captured from a mine, and
an associated depth ground-truth image.

Disparity is used as a proxy feature to ensure model
modularity. Therefore, a disparity image is computed from
the corresponding ground truth depth image us- ing the
camera intrinsics of the sensor being used. This disparity
is combined with the time-synced stereo- image pair and
input to a 3D CNN architecture. To test, a time-synced
event stereo pair of images is input to the network. The
output is a disparity image, which can then be reprojected
into depth, given the focal length of the stereo sensors.

A. Stereo-Disparity

The disparity ground-truth images are computed from the
depth images taken by the L515. To do so the horizon-
tal distance between the event cameras needs to be calcu-
lated. Once this is known, the disparity is calculated as in
(1). Disparity is chosen as the quantity of interest as it is
hardware agnostic. This means that depth can be inferred
from any disparity given the focal length, as in 1. Therefore,
the stereo-disparity training dataset is comprised of time-
synced stereo- event pairs and a ground-truth disparity
image. When testing the network, a stereo-pair of event
images and a disparity image is predicted. This predicted
disparity image is projected to depth using Equation 1.




B. Neural Network Architecture

The network used is the stacked hourglass architec- ture as
first presented by Chang et al. in pyramid stereo matching
network [17]. This particular architecture was chosen for
the ability to extract global context information and infer
features from noisy event-based images. The architecture is
as shown in Figure 3.
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Figure 2. Shows the process for training the network to
predict depth images

This work utilizes the stacked hourglass design. This
allows for the 3D CNN to regularize cost volume [17].

C. Training the Deep Neural Network

The process described above is used to create a dataset of
around 2400 stereo-pairs registered to the corresponding
depth image. These are divided into batches of two, and
trained for 26 epochs as seen in Figure 4 using a NVIDIA
GeForce RTX 3070 graphical processing unit.

Several strategies were used so as to prevent overfit- ting
[18]. Firstly an early-stopping strategy was used to stop the
training process before validation variance started rising.
Secondly, the training and validation set was shuffled at
each epoch.

D. Extrinsic and Intrinsic Calibration

The sensor extrinsics are calibrated using computer vision
techniques to compute the relative positions of the sen-
sor axes. From this, we can get the offset distance between
the two optical axes, the baseline, as well as the mapping
between the Lidar and each of the event cameras [7].
OpenCV’s library [19] is leveraged to compute the princi-
pal point and focal lengths of each of the three sensors. The
focal length, £, is used for pose computation and mapping
between disparity and depth as in 1.
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Figure 3. Shows the architecture of the Pyramid Stereo Matching Network [17]




E. Sensor Calibration Setup

The relative position of each sensor is computed with refer-
ence to the geometric center of the mobile rig using pose
computation using a fiducial marker as in Figure 5.
Homogenous transforms can be chained together
to map a depth image from the Lidar to be centered
around each of the event camera axes. This is used as the
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Figure 4. Shows the loss curves generated during the
training of the network. An early stopping strategy was
utilized so as not to over- train the network

Figure 5. Shows the calibration rig used to extract the
relative sensor poses. The fiducial marker can be swapped
with a checkerboard to get the intrinsic matrix, K, for each
of the sensors

ground-truth depth image, from the perspective of the
event cameras, £1.
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where I is the depth image taken by the LiDAR, 1 is the
ground-truth depth image from the perspective of each of
the event cameras, and £ 77 is the transform between the
depth camera and each of the event cameras found from
extrinsic calibration.

Through this approach, the generation of a diverse,
large training data set is automatic. Thus, any super- vised
learning approach can be used as the constraint of the com-
plication of labeling a data set is removed.

DATA SET COLLECTION

The sensors used are two iniVation DAVIS (Dynamic and
Active-pixel Vision Sensor) event cameras and one Intel
RealSense L515 (Lidar-Camera). These are mounted rig-
idly as shown in Figure 7.

We evaluated the entire pipeline by collecting both
training and testing data in the Edgar Mine in Idaho
Springs, Colorado. The hypothesis is that disparity maps
can be predicted at a higher speed and with higher fidelity
than when computed with traditional stereo vision tech-
niques, during an active drilling operation. To map the real-
time disparities to depth, Equation (1) is used again. Using
just the stereo setup, two-time synced images are input to
the trained network as shown in Figure 8.

As can be seen, the input images have a significant
amount of noise that would disrupt traditional stereo
vision [20] that is based on feature matching. When the
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Figure 6. Shows the process used to locate the three sensors
relative to each other




Figure 7. Shows the sensor rig used during mobile data
collection operations in the mine. The stereo event cameras
are mounted to the top of the rig, while the L515 lidar
camera is mounted to the bottom rail

stereo-pair is input to the trained network, the output is a
disparity map as shown in Figure 9.

A. Evaluation Metric

To evaluate these predictions, the Frobenius norm of the
difference between the prediction and the ground truth

image is used.
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where d is the ground truth depth and d predicted depth.

These prediction images can be used to re-project
images taken by the event cameras into 3D world coordi-
nates. This is used to compute a surface rep- resentation of
the roof.

B. Data Sets Collected

Data was collected from four different areas of the Edgar
Mine - two of these were reserved for unseen testing, with
the LiDAR off to prevent unintentional triggering of the
event cameras. These areas already have bolted roofs, with
straps and meshes in all align- ments. The lighting condi-
tions are all single-source, point lighting. Stereo pairs of
accumulated event-based images are input to the trained
network and a predicted depth image is the output. Ten %
of the labeled data is reserved as a validation set. For this
subset of the data, ground truth is available to evaluate the
output of the network. Figure 9, from left to right, shows
the right event image, the ground-truth disparity image,
and the predicted disparity image.

Two models with the same architecture were instan-
tiated and trained on two different training data sets. The
first was a data set from one adit of the mine called the
Miami. The distance to the roof was kept within a range of
one meter to two meters. The focal length of the event cam-
eras was adjusted appropriately to ac- count for this range
and the cameras were intrinsically calibrated afterwards.
The features in the data set were horizontal straps and fairly
regular gneiss rock. The light source was a single-point
headlamp. Ego motion was limited to handheld motion,
mimicking a rigid mount to a drill rig.

The second data set was from a different adit called the
Army. The distance to the roof was a wide range from one
meter to ten meters. Therefore, the images from the data
set are not necessarily in focus for the duration of the col-
lection run. The data set is comprised of a variety of fea-
tures - straps in various orientations, mesh, gneiss rock with
discontinuities, and a desk-sized rolling toolbox. The light

Figure 8. Shows the time-synced accumulated event images as taken by the left event camera and right event camera




source was the same as the first set. Ego motion was a wide
variety of speeds in each of the six degrees of freedom.

RESULTS
A. Training Set One
When projected to depth, this data set had ||¢||z = 5mm

+ 1mm. This means that on average the Root Mean Squared
Error(RMSE) between the prediction and the ground-truth
is 5 mm.

B. Testing Set One

The figures below show predictions from the net- work.
The input images are taken in a different area of the mine,
i.e., unseen to the network prior to testing. The images are
taken under different lighting conditions.

DISCUSSION

This work was able to generate virtually unlimited amounts
of training data. Using the PSMNEt-Stereo network, event-
based images were used to generate a 3D surface representa-
tion of the roof of the mine. Even though each mine can
have unique lighting conditions, this pipeline can be used
to collect data from the field quickly and cheaply. This data
can be immediately added to the training set, without any
pre-processing and a quick training regiment can be run.

As can be seen in Figure 9, the features detected by the
tightly scoped network, trained on Training Set One, are
predicted with high resolution and the right distance scale.
The widely generalized model was able to get the right dis-
tance scale but was not able to learn the features to the
same fidelity. This implies that the fidelity of the model is
correlated with the resources devoted to the training of the
model.

As Figures 9, 10, and 11 show, the event images can
be used to produce a depth image of acceptable fidelity.
The straps have holes to allow for bolting. The network can
predict the depths of these through holes. Additionally,
the outline of the strap is detected with the appropriate
20mm depth difference between the strap and the roof,
where ground truth was available. This work shows that the
LiDAR sensor perfor- mance can be replicated when the
rock is smooth. However, the neural network exceeds the
performance of the LiDAR in certain areas of the mine.
Specifically, the support straps appear to absorb the wave-
length generated [21] by the RealSense L515. The effect of
the attenuated return signal is that straps in depth images
appear to have the same depth. This introduces a signifi-
cant measure of noise into the measurement. This is not

Figure 9. Top Row (Left to Right). Input event based
image, LiDAR based depth image. Bottom Row. Predicted
depth image. Shows the depth map predicted by the trained
network. We can use the computed focal lengths and the
baseline distance between the two event cameras to generate
the real-time depth map from the perspective of each of the

event cameras

Figure 10. Top Row (Left to Right). Input event based
image, Predicted depth image. Shows the prediction of the
network from an input event image with the strap partially
in a shadow. The 20mm difference in depth between the
strap and the roof is captured

Aip
Figure 11. Top Row (Left to Right). Input event based
image, Predicted depth image. Shows the prediction of the
network from a well-lit input event image. The difference in
depth between the holes in the strap and the strap itself is
captured




an issue with the event cameras as they are passive sensors.
However, it is an issue when trying to baseline the proposed
architecture.

In addition to the advantages gained from learned fea-
ture matching, a noteworthy benefit is that the cameras
do not necessitate stereo-calibration to obtain the essential
matrix [22]. The essential matrix is used to encode the rela-
tive poses of each camera, aiding in solving the pixel cor-
respondence problem. Tradition- ally, stereo calibration is
a crucial step in the process of determining the intrinsic
and extrinsic parameters of the two cameras. However, in
the context of the learned stereo-vision approach, this cali-
bration step becomes redundant. The method leverages the
pixel correspon- dence learned during training, allowing
the cameras to perform feature-matching without the need
for explicit stereo-calibration. This not only simplifies the
overall pipeline but also reduces the complexity associated
with the setup and maintenance of stereo-calibrated cam-
eras. By eliminating the stereo-calibration require- ment,
the learned stereo-vision approach streamlines the imple-
mentation and deployment of multi-camera systems. This
reduction in complexity contributes to the practical feasi-
bility and efliciency of deploying vision systems in various
applications, particularly in harsh environments like under-
ground mines.

Another network with the same architecture was
instantiated separately and trained on a tightly scoped scene
with a horizontal strap and constant lighting conditions.
This was done to separate the overhead costs of the training
from the experimental parts of the pipeline. The output is
shown in Figure 9. This performs better than the Lidar as
with a higher number of training epochs, all the stochastic
noise introduced by the environment is filtered out. This
is promising moving forward, as the surface reconstruc-
tion problem can be solved using just two event cameras,
allowing for resources for machine learning model train-
ing [23]. The sensor rig is expected to be mounted onto
the drill rig. Therefore, this network can be specialized to
a narrow field of view. Since the dataset is representative of
the final use case, i.e. on the drill, the performance of this
network is severely degraded in depths greater than four
meters. However, since the labeling is cheap, the network
can be generalized given the appropriate resources.

Looking ahead, this work can be extended to a simul-
taneous localization and mapping (SLAM) [24] module,
offering real-time localization inputs to the roof-bolting
machine. This integration presents a prac- tical solution to
enhance the autonomy and efficiency of the roof-bolting
process by providing accurate and up-to-date information
about the machine’s position within the mine environment.

Furthermore, the applicability of this approach ex-
tends beyond roof bolting, holding significant value for
localization and mapping in the context of mobile robots
operating in challenging environmental and optical condi-
tions. Autonomous vehicles, for instance, encounter dimin-
ished LiIDAR performance in adverse weather conditions
such as fog and rain [25]. By lever- aging the robustness of
event-based images and the learned stereo-vision approach,
the SLAM module can potentially overcome these chal-
lenges and maintain reliable localization and mapping
capabilities even in severe conditions.

This broader application underscores the versatility of
the developed methodology and its potential impact on
advancing autonomous systems in various domains. The
adaptability to challenging environmental factors sets apart
the event camera data pipeline as a promising solution for
improving the reliability and performance of mobile robots
and autonomous vehicles operating in real-world scenarios
marked by adverse optical conditions.

In essence, this pipeline offers a scalable and ef- ficient
means of continuously updating and improv- ing the
performance of learned stereo-vision models through the
integration of fresh, real-world data. The combination of
quick data collection, minimal pre- processing, and quick
training cycles enhances the adaptability and efficacy of the
model in addressing the challenges posed by unique and
evolving mining conditions.

CONCLUSION

This work has shown the capability to use event cameras
and leverage their superior optical properties to create a
3-dimensional representation of the roof during an active
mining operation. The contribution is the capability to
produce virtually free, labeled data. This can be used in
conjunction with any supervised approach. Moreover, a
small sensor rig comprising just the two event cameras can
be integrated onto a roof bolter. This work has shown that a
real-time surface representation can be computed and used
as inputs to planning algorithms. This is made easier due to
the low power requirements and the superior optical prop-
erties of the event cameras themselves.
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ABSTRACT

High-quality sample selection for metallurgical test work
is essential to a geometallurgy study, but the large multi-
dimensional dataset makes sample selection a daunting
task, as classifying the dataset while respecting its heteroge-
neity is difficult. This paper presents a streamlined approach
for sample selection, utilizing custom-built tools in Python
to standardize the methodology, saving time and costs.
This approach uses the cumulative sum method, princi-
pal component analysis, and k-means clustering method
to elegantly cluster the data and select representative sam-
ples. A case study is used to demonstrate the effectiveness
of the methodology by selecting 40 samples for flotation
test work.

NOMENCLATURE

PCA—DPrincipal component analysis
CuSum—Cumulative sum
PC—Principal component
WCSS—Within-cluster sum of square

INTRODUCTION

Geometallurgy is a compelling methodology in the mining
industry to bridge the gap between metallurgy and geology.
It aims to reduce technical risk and enhance the economic
performance of a mineral processing plant by accounting
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for the variability in a deposit to strengthen investor con-
fidence, facilitating robust revenue models, and developing
scenarios with variable throughput rates to more accurately
forecast cash flows for future mining operations. A geomet-
allurgy study looks at the relationship between a deposit’s
geological characteristics, its variability, and its response to
metallurgical processes. Selecting samples that capture the
heterogeneity of the deposit for metallurgical test work is
an essential component of a geometallurgy study.
High-quality sampling is vital across the entire mine
value chain, as sampling errors are additive and generate
monetary and intangible losses (Dominy et al., 2018). The
goal is to select samples that accurately describe the deposit
(Dominy et al., 2018). A geometallurgy database usually
consists of sample id, mineral grade, lithology, alteration,
and test work data if available. It is the basis for choos-
ing representative samples for metallurgical characteriza-
tion test work (competency, hardness, recoveries) which is
then used in robust flowsheet development and equipment
selection for optimum life of mine performance. However,
these datasets can be large with multiple columns, making
sample selection a daunting task during the analysis.
Michaux et al. (2020) present a framework to develop
a geometallurgical program in which they discuss the meth-
odology to cluster a geometallurgy database into similar
clusters, and they present the cumulative sum (CuSum)




