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Abstract

A spectral feature selection scheme is proposed
for multi-class automated rock recognition from
real world drilling data using Gaussian Pro-
cess classification. This work is part of a larger
project aimed at surface mine automation. The
motivation for this research is to investigate
which combination of drilling data measure-
ments is most relevant for rock recognition.
We conduct feature selection in the frequency
domain where characteristics are more distin-
guishable. In particular, we extended the spec-
tral feature selection method from binary clas-
sification to multi-class classification by decom-
posing the multi-class classification dataset into
a series of one versus one binary classification
datasets. A non-uniform discrete Fourier trans-
form (NDFT) is then applied to data on each
of the binary classification features, where the
features with the most consistent “major band-
width” across all decomposed binary classifica-
tions are selected. The approach has been ap-
plied on multi-class rock recognition (based on
drilling data) and results are presented on real
world drilling data.

1 Introduction

Automated rock recognition is used to classify properties
such as rock type and strength from blast hole drilling
data on an autonomous drill rig. The system operates
using measurements while drilling (MWD) data (e.g.,
rotation speed, pull down rate and pull down pressure,
etc.) with a prior obtained from geophysical logging.
This work is a key element of a larger project aimed at
developing a fully autonomous, remotely operated mine.
The rock recognition results are highly desired by the
mining industry as they provide information that can be
used in the optimization of the mine operations as well
as mine planing and design [Gonzalez, 2007]. For in-
stance, the rock strength can assist automatic loading of

Figure 1: An autonomous blast hole drill rig used for
collecting experimental MWD data in this paper.

explosives in the charging process and the rock bound-
ary map is useful for further blast hole design as well as
long term strategic planning.

The MWD data used for rock recognition are the
measurements (called features in classification) collected
from sensors equipped on large drill rigs used in min-
ing for blast hole drilling. The MWD data in this work
is from an autonomous blast hole drill rig (as shown in
Figure 1). Each measurement corresponds to one of the
sensors. They are primarily used to control and monitor
the drilling process. We use the MWD data to relate
the drill performance to the physical properties of the
rocks being drilled. It is necessary to understand how
the MWD measurements contribute to the classification
output of the rock recognition. This facilitates a better
understanding of how the system functions, and also pro-
vides insight as to what new information may be useful
for improving performance. We resolve this problem by
means of feature selection in Gaussian Process classifi-
cation. This is a state-of-the-art classification approach
[Rasmussen et al., 2006] which is flexible and works es-



pecially well on high dimensional data (which is the case
for rock recognition with numerous measurements).

Previously, feature selection has been done intuitively,
i.e., to choose part of the measures that appear to be
relevant to the classification. It is necessary to choose
the features in a more meaningful and systematical way.
In this paper, we analyze this problem in the frequency
domain where some of the underlying characteristics of
the data can be better revealed. We then propose to
choose the features that have the most consistent fre-
quency domain measure and discard the rest.

The study of classifying rock types from drilling data
is not new. Machine learning methods have been ap-
plied on drilling data based rock recognition [Itakura et
al., 1997] [King et al., 1993] [Utt, 1999] [Gonzalez, 2007].
Among these approaches, [Gonzalez, 2007| tried to ap-
ply Principal Component Analysis (PCA) to the feature
data for the purpose of feature selection. However, the
author does not seem to show an effective and consistent
rule for PCA feature selection. Essentially, PCA aims
to move as much variance as possible into the first few
dimensions and retain these few dimensions (principal
components) so that features with the greatest variance
are kept, but this does not guarantee to maintain (or
even enhance) the performance in supervised learning.

Mackay and Neal [Neal, 1996] used Automatic Rel-
evance Determination (ARD) to assign each input a
weight value (ranging from 0 to 1). The weight val-
ues have independent Gaussian prior distributions with
standard deviation given by the corresponding hyper-
parameter with some prior. Then, the posterior distri-
bution of the hyper-parameters is calculated given the
training data. The values of the hyper-parameters are
proportional to the corresponding input weight values.
An issue for ARD is: what prior should be used for
the hyper-parameters? (as it will have a significant im-
pact on the accuracy of estimation results of the hyper-
parameters). Zhou et al. [Zhou et al., 2009] eliminated
inconsistent features for Gaussian Process classification
by choosing the features with the most consistent spec-
tral measure. The advantage of spectral feature selection
is efficient and direct, avoids the need to choose priors for
the hyper-parameters as it does for feature selection us-
ing ARD. We adopted spectral feature reduction method
in [Zhou et al., 2009], extended it for using in multi-class
classification and applied to the feature selection for rock
recognition.

The remainder of the paper is organized as follows.
A brief introduction to Gaussian Process classification is
given in Section II. Details of spectral feature analysis for
multi-class classification are described in Section III. In
Section IV, experimental results are presented and dis-
cussed, followed by a summary of the main conclusions
in Section V.
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2 Gaussian Process Classification

In this paper, we consider using the state-of-the-art
Gaussian Process model for classification.

A Gaussian Process is a collection of random variables,
any finite number of which have a joint Gaussian distri-
bution [Rasmussen et al., 2006]. A GP is fully specified
by its mean function u(x) and kernel function k(x,x’),
ie., f ~ GP(u, k). With the prior represented by the GP
kernel function, GP classification models the posterior
directly [Rasmussen et al., 2006]. The kernel function’s
hyper-parameters can be learned from the training data.
The kernel function studied in this paper is the Radial
Basis Function (RBF).

Assume we have a data set D with n observations D =
{(xi,¥i),4 = 1,2,---,n}, where x is the input vector of
dimension d and y is the class label +1/ — 1. The input
d xn matrix is denoted as X. Predictions for new inputs
x’ are made out of this given training data using the
GP model. As described in [Rasmussen et al., 2006],
GP binary classification is done by first calculating the
distribution over the latent function f corresponding to
the test case

pum&%xvzijWchﬁMﬂXwa (1)

where p(f|X,5) = p(ylp(f1X)/p(y|X) is the latent
variable posterior, p(f'|X,x’, f) is the predictive poste-
rior wrt possible latent functions, and the values of this
could lie anywhere within the range of (—oo,+00). So
the probabilistic prediction is made by

' =py = +1|X,y,x') :/S(f')p(f’lX,y,X')df’ (2)

where s can be any sigmoid function that ‘squashes’ the
prediction output to guarantee a valid probabilistic value
within the range of [0, 1].

For the multi-class classification problem with ¢ classes
(such as rock recognition), we turn it into a series of
(¢(c — 1)/2) one versus one two-class problems and ap-
ply binary classification individually to each of them, fol-
lowed by max vote to assign the class labels [Friedman,
1996].

3 Spectral Feature Selection for
Multi-Class Gaussian Process
Classification

Following [Zhou et al., 2009], we use spectral feature se-
lection to choose the features. The advantages of spec-
tral feature selection are that it is efficient and direct.
It also avoids the need to choose priors for the hyper-
parameters which was an issue with feature selection us-
ing Automatic Relevance Determination (ARD) [Neal,
1996].
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Figure 2: Major bandwidth of GP data, which is the
range of frequencies from zero to the first level u crossing.

Table 1: Spectral feature selection algorithm.

Input: N x m data matrix [x;] and N x 1 label
matrix y, where each z; is a N x 1 vector which is
the data on the j th feature, j = 1...m. N is the
total number of data points and m is the total
number of features (dimensions).

y is the N x 1 label matrix with ¢ classes.

(1) Derive a total of S one versus one N; X m
matrices [vz}] and the corresponding N; x 1 label
matrices y* from [z;] and y, where S = ¢ * (¢ —
1)/2,i=1..5, 4% € [-1,1),n = 1...N,.

(2) For the ith matrix pair [vxé] and y*, apply
NDFT to data on each feature vmj- to calculate
the data frequency content F'(f );

(3) Estimate the major bandwidth MBW} of
each feature on the ith matrix pair using equa-
tions 3 and 4. Then calculate the ith matrix pair
major bandwidth average M BW*

MBW? = Y (MBW})/m, j = 1..m

(4) For the jth feature, compute
numj=total number of M BW
where MBW, >=nx MBW?
1=1...5, n is set to be 0.25.

5) oxjr = x; if
j j
num; > 0.5 % S

Output: N x m’ data matrix [ox;/], where m’ is
the number of chosen features.
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As the feature data are usually unevenly spaced high
dimensional data, non-uniform discrete Fourier trans-
form (NDFT) [Bagchi et al., 1999] is applied to the data
on each feature to calculate the data frequency content
(which is the NDFT magnitude). From this, a metric
called “major bandwidth” (M BW) is extracted.

Intuitively, M BW is the bandwidth range where the
major energy of the frequency content is concentrated.
It is precisely defined as:

Major bandwidth: In a Gaussian Process data fre-
quency content, the range of frequencies from zero to
the first level u crossing (see Figure 2).

M BW value should be the smallest frequency value
satisfying

F(f) > u*max(F) f < MBW (3)

F(f) <usxmax(F) f=MBW (4)

where F is the data frequency content (NDFT result)
of the given data. f is the frequency variable and u is the
level where the data frequency content first cross, which
is used for extracting the central lobe and filtering the
noisy side lobes. u is empirically set to be 0.25.

Since the Gaussian Process kernel is isotropic [Ras-
mussen et al., 2006], i.e., rotation invariant (both on
signal domain and frequency domain), the main idea be-
hind spectral feature selection is to choose the features
that have the most consistent spectral metric, which is
M BW in our approach.

As indicated in Section 2, we convert the multi-class
rock recognition problem to a binary classification prob-
lem by extracting a series of one versus one data matrices
from the original data. For each of the one versus one
data matrix, NDFT is applied to data of each feature
individually to estimate the corresponding M BW val-
ues. We then apply max vote to the M BW wvalues of
each feature across all one versus one division, i.e., the
feature will be chosen only when a majority number of
one versus one M BW values is greater than or equal to
the preset threshold. The rest of the features will be
discarded. In this way, the chosen features have a more
consistent M BW, which can fit better to the isotropic
Gaussian Process kernel. Details of the spectral feature
selection algorithm are summarized in Table 1. Binary
GP classification is implemented using Lawrence’s fast
GP classification approach, which makes the calculation
significantly faster and close to real time (scaling at most
O(n-d?), where n is the training dataset size and d is the
active set size which is much smaller than n) [Lawrence

et al., 2003].
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Figure 3: Data frequency contents (frequency unit is Hz) of all features in the 3 class rotary dataset.

Table 2: Features used for rotary drilling.

Feature index | Feature name
1 Time
2 Rotation speed
3 Pull down rate
4 Drill depth
5 Head position
6 Target depth
7 Rotation pressure
8 Pull down pressure
9 Bit air pressure
10 Rotation relief
11 Pull down relief
12 Rotation output
13 Pull down output
14 Water injection flow
15 Water on
16 Air on
17 Hold back

4 Experiments and Results

Tests were carried out using various real world MWD
datasets collected from 135 blast holes at an iron ore
open pit mine in Western Australia. The data includes
information from both rotary and percussion drilling
modes. Each blast hole is approximately 10m deep, and
the drilling measurements in each hole are downsampled
at 10cm interval. The drilling measurements collected
for rotary and percussion drilling are shown in Table 2

Table 3: Features used for percussion drilling.

Feature index | Feature name
1 Time
2 Rotation speed
3 Pull down rate
4 Drill depth
5 Rotation pressure
6 Pull down pressure
7 Bit air pressure
8 Hydraulic case pressure
9 Right tram pressure
10 Rotation pressure
11 Aux hydraulic pressure
12 Hydraulic charge pressure
13 Compressor air tank pressure
14 Auto lube pressure
15 Engine oil pressure
16 Compressor oil pressure
17 Water injection pressure

and Table 3 respectively. The geologists label and cor-
respond the drilling measurements to several lithological
rock types. Two labeling schemes are applied. The first
uses 3 class labeling which divides the rocks to shale, ore
and bif. The second uses 5 class labeling which cate-
gorizes the rocks as shale, low grade medium ore, high
grade medium ore, high grade soft ore and bif.

In the work presented here, only five of the drilling
measurements were selected for use in the rock recog-
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Table 6: Illustration of spectral feature selection on 3 class percussion drilling dataset.

Feature MBW of If chosen MBW of If chosen MBW of  If chosen Total Final
index class 1 vs 2 (Y/N) class 1 vs 3 (Y/N) class2vs 3 (Y/N) vote  decision
No. 1 27 N 55 N 74 N 0 N
No. 2 266 Y 301 Y 702 Y 3 Y
No. 3 262 Y 490 Y 752 Y 3 Y
No. 4 61 N 68 N 65 N 0 N
No. 5 166 N 125 Y 99 N 1 N
No. 6 743 Y 497 Y 54 N 2 Y
No. 7 607 Y 395 Y 65 N 2 Y
No. 8 105 N 378 Y 1028 Y 2 Y
No. 9 689 Y 264 Y 495 Y 3 Y
No. 10 166 N 125 Y 100 Y 2 Y
No. 11 2655 Y 1200 Y 429 Y 3 Y
No. 12 935 Y 340 Y 474 Y 3 Y
No. 13 664 Y 357 Y 61 N 2 Y
No. 14 257 Y 516 Y 1524 Y 3 Y
No. 15 2707 Y 430 Y 736 Y 3 Y
No. 16 488 Y 369 Y 7 N 2 Y
No. 17 584 Y 309 Y 69 N 2 Y
Mean 670 366 400

class 1: shale class 2: ore class 3: bif

Table 4: Number of features selected in drilling datasets
for classification.

Table 5: Selected feature details for 3 class rotary drilling
dataset.

Drilling Empirically Spectrally Feature index | Feature name
data type chosen features chosen features 2 Rotation speed
Rotary - 3 classes 5 11 3 Pull down rate
Percussion - 3 classes 5 14 4 Drill depth
Rotary - 5 classes 5 11 5 Head position
Percussion - 5 classes ) 15 6 Target depth
7 Rotation pressure
8 Pull down pressure
nition system. These five measurements are: rotation 9 Bit air pressure
speed, pull down rate, rotation pressure, pull down pres- 11 Pull down relief
sure and bit air pressure. The selection of these measure- 13 Pull down output
ments was done empirically by picking out those that are 14 Water injection flow

considered relevant and meaningful to the rock types.

Following our proposed method in Section 3, spectral
feature selection is applied to all the drilling datasets
with the selected feature numbers shown in Table 4. As
an example, the details of spectral feature selection on
3 class rotary data are shown in Figure 3 and Table 5,
where Figure 3 shows the data frequency contents of each
individual features and the selected feature details are
listed in Table 5. It can be seen that only those features
with a similar major bandwidth are selected and the rest
discarded.

Table 6 illustrates how the multi-class spectral fea-
ture selection algorithm in Table 1 works. 3 one versus
one data matrices are extracted from the original data.
NDFT is applied to data of each feature in every one

versus one data matrix individually to estimate the cor-
responding M BW values. With each group of one versus
one M BW wvalues, initial judgements are made on each
feature to decide if it should be chosen. For those ini-
tially selected features, the relevant M BW value must
be greater than a preset threshold which is the mean
M BW wvalues (of all features within each one versus one
group) weighted with a coefficient. Then max vote is ap-
plied to the initial feature selection results from all one
versus one data, from which the final feature selection
decision is made.

Data with selected features are classified with GP clas-
sification using k-fold cross validation. The classification
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(a) Classification accuracy comparison on varied MWD
data using empirically chosen features and spectrally cho-
sen features.

Classification precision comparison on drilling data
1 T T

Il Erpirically chosen features
I Spectrally chosen features

Rotary - 3 classes Percussion - 3 classes Rotary - 5 classes Percussion - 5 classes

Precision

(b) Classification precision comparison on varied MWD
data using empirically chosen features and spectrally cho-
sen features.
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(c) Classification recall comparison on varied MWD data
using empirically chosen features and spectrally chosen
features.

Figure 4: Classification results comparison between em-
pirically chosen features and spectrally chosen features
of varied MWD data.

results are evaluated by calculating accuracy, precision
and recall, which reflect the classification performance
from varied aspects. Accuracy is the percentage of all
correct predictions (both positive and negative), preci-
sion is the ratio of correct labels among the positive pre-
dictions and recall is the percentage of the positive labels
that has been correctly predicted.

The classification results are shown in Figure 4. It can
be seen that in all configurations of drilling mode and
labeling scheme, the classification evaluation results (ac-
curacy, precision and recall) of the data with spectrally
chosen features constantly outperforms the classification
results on the data with empirically chosen features. It
should also be noted that there is a larger performance
leap on the percussion drilling data compared with the
rotary drilling data. This difference shows that spectral
feature selection can effectively capture the most promi-
nent features and considerably improve the classification
performance over the raw percussion drilling data which
are normally less distinguishable (compared with rotary
drilling data).

5 Conclusions

The development of new sensing and classification sys-
tems to support large scale mine automation is a key
challenge. This work has begun to address this by
proposing a spectral feature selection method for multi-
class GP classification of rock types from real world
drilling data (MWD data). The main contribution of
this paper is generalizing the spectral feature selection
method from binary classification to multi-class classifi-
cation and applying to rock recognition. By analyzing
feature data on the frequency domain, a measure called
“major bandwidth” is defined so that features with sim-
ilar “major bandwidth” across all classes are chosen and
the rest discarded. Although the proposed approach was
applied to MWD data classification, it is equally appli-
cable to varied classification / pattern recognition appli-
cations. The experimental results have shown the effec-
tiveness of our approach.

In future work, it is worthwhile to compare the pro-
posed spectral feature selection based GP classification
with some other relevant approaches, e.g., decision tree
learning [Mitchell, 1997].
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