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The use of  an unsupervised learning technique for classifying geological features in the roof overlying 
an underground coal mine is described. The technique uses torque, thrust, drill speed, penetration 
rate, and drill position data from a roof bolter as inputs for the classification. Data were obtained from 
an underground coal mine in the western United States and initially classified using clustering. Some 
of  the available approaches for clustering are reviewed and the rationale used in selecting the chosen 
approach is discussed. The cluster centers, or exemplars, obtained from this approach can be used to 
train two supervised neural networks involving the back-propagation of  error learning algorithm. 
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1. BACKGROUND 

The simplest classification of a mine roof is one in 
which the roof falls into one of two different classes or 
states--safe or unsafe. From this elementary classifica- 
tion, one can conclude that if the mine roof is safe, then 
the roof support plan can be implemented as pre- 
scribed. However, if the mine roof is unsafe, then the 
plan must be modified immediately. The deficiency in 
this simplistic approach lies in its inability to discern 
how "unsafe" the mine roof is. A metric for "unsafe" is 
necessary before a cost-effective supplemental support 
scheme can be recommended. 

A natural extension of the two-state classifier is one 
that would indicate not only that the roof is either safe 
or unsafe, but also why the roof is either degrading or 
improving. To accomplish this, it would be necessary to 
know something about the structure of the mine roof. 
Once the structure is determined, then it is just a 
matter of determining the best supplemental roof sup- 
port plan for that structure. Depending upon the classi- 
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fication, the system could recommend anything from 
additional posts and cribs to changes in entry width. 

The most likely place to obtain the real-time data 
necessary to make decisions about a mine roof is from a 
roof bolter. Research by the U.S. Bureau of Mines and 
its contractors have shown this to be true. Information 
that could be provided to a system from a bolter are: 

• 1. Drilling parameters--position, penetration 
rate, thrust, torque, and rotation rate. 

• 2. Amount of reflected light from cuttings in the 
vacuum line. 

• 3. Vibration of the roof at some distance from the 
drill. 

Other potential sources of input data are instru- 
mented bolts, geophones, vibrating wire stress meters, 
flatjacks, etc. In other words, almost any geotechnical 
monitoring device could provide input to the system. 

The U.S. Bureau of Mines has been collecting data 
from roof bolters as the basis for developing "smart 
drills," i.e. autonomous roof bolting machines. ~ The 
data collection phase of this research is proceeding 
successfully, and it was appropriate to endeavor to use 
data from an underground coal mine in the western 
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United States in the development of an intelligent "--'~.:. 
system for geologic feature detection. The data were 
from only one section of the mine where the roof was ......._..,..._____~.. 
predominately sandstone. Five core holes had already :~::::::.----,:.:,:. 
been drilled and logged along 15.24 m (50ft) of the ::::::::~": 
section. Five holes were then drilled around each core " - "  
hole with an instrumented drill to record torque, thrust, _ _ 
drill speed, penetration rate, and drill bit position. In 
addition, the drill was equipped with a void detector =l~_ 
that gave an audible alarm that was recorded by the - ~  
drill operator.  

The obvious step was to use the drilling parameter  -='~-- 
data in some sort of pattern recognition scheme. I - - - J  t- ---~ 
Statistical approaches were inappropriate, because data v- -~l 
were limited to only one section. However,  the abun- i- ...... J~--~ 
dance of data from the section and its quality indicated )i))) 
that an artificial neural network approach to classifying :i:..:ij 
the data should be pursued. However,  the data sets had __ 
not been labeled, which made it impossible to use a ........: 
supervised learning approach. Therefore,  it was ii:i:iii~i 
decided to use an unsupervised learning approach to Z:.I:'.: 
discover patterns within the data that could be used as ...... . . . m . ,  

. . . m . ,  

labels. .v.:v. . , m . . .  

. . a . . .  
. @  . . . .  

2. UNSUPERVISED LEARNING 

Unsupervised learning is the clustering of patterns in 
feature space. The operation takes a "follow the 
leader" approach. That is, when a new pattern is 
presented to the network, it will associate with an 
existing cluster unless the new pattern is too dissimilar. 
In that case, the new pattern will begin a new cluster. 
Classification occurs when nearly all patterns within a 
cluster are of one class, so discovery of a cluster 
provides the basis for classification. The learning is 
"unsupervised" because the clusters are formed and 
learned without recourse to class labels or to infor- 
mation on attributes. An advantage of unsupervised 
learning is its innate ability to compress data, which 
results because the cluster center can serve as the 
prototype of a very large number of patterns in that 
cluster. 

In this problem, the training set data were not classi- 
fied. All that was available for classification and inter- 
pretation were core holes and their logs drilled within 
0.61 m (2 ft) of the roof bolt holes (Fig. 1). Figure 2 
illustrates the actual drilling parameter  data from a roof 
bolt hole drilled near the core hole shown in Fig. 1. 
Since an accurate method of matching drilling param- 
eter data with core log information did not exist, 
unsupervised learning appeared to be the only logical 
approach to classifying the drill data into a finite 
number of classes that would represent roof lithology. 

Before unsupervised classification was attempted, a 
few important assumptions were made. It was decided 
that a microscopic picture of the mine roof (like the 
detailed core log of Fig. 1) was not necessary. What was 
needed was a more macroscopic view of the mine 
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Fig. 1. Geological core log for core hole 3. 

roof - - the  location of bedding planes, voids, etc. It was 
theorized that if the bolter were drilling within a given 
stratum of a certain average strength, a pattern should 
emerge that would describe a relationship between the 
different variables being monitored. Then,  when the 
drill penetrated a new stratum or feature, a new pattern 
would emerge assuming the new stratum's strength was 
different from the one previously drilled. Therefore,  it 
would only be necessary to classify a limited number of 
patterns representing the major features within a mine 
roof. 

Unsupervised learning algorithms operate by deter- 
mining the similarity of a new object to existing cluster 
centers, or exemplars. A training set is used to create 
the exemplars, and new objects are then compared to 
all existing exemplars. Training is done off-line and 
more effort may be expended in computation than is 
desirable for on-line recognition purposes. The objects 
are typically parameters arranged as vectors. The corn- 
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Actual Ddll Parameters vs Hole Depth for Gore 3, Hole I 
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Fig. 2. Drilling parameters for core 3, hole 1. Note logarithmic vertical scale. 

parison is then a vector distance, or metric, of some 
sort. The effectiveness of the clustering algorithm is 
completely dependent on the distance function used. 

Because of the importance of correctly classifying the 
data from the drill holes, it was decided to review 
various similarity and distance metrics that could be 
used for clustering. It was also decided to explore a 
method of visualizing the clustered data in a two- or 
three-dimensional graph. Since the original data was 
four-dimensional (torque, thrust, drill speed, and pene- 
tration rate), it was thought that this would aid in 
ascertaining the validity of the clusters. In the following 
section of the paper, several distance metrics are com- 
pared for use in a clustering algorithm and a nonlinear 
mapping algorithm, and the efficiency of computation 
and discrimination of the metric are reviewed. 

2.1. Euclidean distance 

Euclidean distance is perhaps the simplest and most 
efficient metric in common use. Equation (1) shows the 
formula for computing this metric. 

d(x ,y)  = IIx - Yll = (x,-  yi) 2 . (1) 
. =  

The Euclidean distance is the 2-norm of the vector 
difference between the cluster center and the sample 
vector. The metric is easily computed, although it 
requires a square root. Using the Euclidean distance in 
determining clustering of data geometrically corre- 
sponds to placing an n-suface in n-space. Any data 
points inside the n-surface are considered as being 
within the cluster. The radius of the n-surface is the 
threshold of the clustering algorithm. A disadvantage 
of using the Euclidean distance metric is that the shape 
of the volume included tends to exclude objects that are 
in elongated or ellipsoid clusters. 

2.2. Minkowski distance 

The Minkowski distance is directly related to the 
Euclidean distance and has some of the same advan- 
tages and disadvantages. It uses the p-norm of the 
vector difference. 

d(x ,y)  = [xi-YiJ p (2) 

The Minkowski distance is computationally more diffi- 
cult because it requires raising each vector difference to 
the pth power and then taking the pth root of the sum. 
Overflow must be managed carefully in the calcula- 
tions. Using the pth power magnifies the differences 
and makes this metric more discriminating than the 
Euclidean. The shape of the volume included is the 
same as that of the Euclidean distance and has the same 
disadvantages. 

2.3. Hamming distance 

The Hamming distance (shown in equation 3) is most 
commonly used to find the distance between binary- 
represented values. It is used in cluster analysis for 
nonnumeric data represented by feature vectors, The 
presence of a feature is represented by a 0 and its 
absence by a 1. 

( 0  iff x i= yi 
dn(x,  y)  = E i  6(xi, y,), where 6(x/, Yl) = ~ 1 otherwise. 

(3) 

The Hamming distance is just the sum of feature 
mismatches in the data. Computation of the Hamming 
distance is extremely simple, but data must be amen- 
able to representation as binary values to give mean- 
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ingful results. This is not typical of real-world data so 
forcing the data into this representation can lead to 
artificial and/or meaningless conclusions. 

2.4. Mahalanobis distance 

The Mahalanobis distance is based on the general- 
ized Gaussian distribution for multidimensional space. 
A single-point centroid exists for some set of data. The 
metric is then the distance between the ith sample, x, 
and the centroid, y, given by 

x/ _1 dm(x,y) = + (x -y ) r  E (x -y ) ,  (4) 

where Y. is the covariance matrix of the data set. Since 
the covariance matrix is rarely known, it must be 
estimated from a sample of the data set of size n. The 
revised metric is 

where 

din(x, y) = + V'~-(x-y)rS -' ( x - y ) ,  (5) 

S = ( x i - - y ) T ( x i - - y ) .  ( 6 )  
n - 1  

i= l  

The geometric representation of the Mahalanobis dis- 
tance model is an ellipsoid-shaped cluster with the 
population mean as its centroid and its size defined by 
the value of chi square at a specified confidence level 
with k degrees of freedom. 2 A sample is defined as 
within the cluster if its Mahalanobis distance falls inside 
a sufficiently high probability level. 

The computational load for the Mahalanobis dis- 
tance is high, requiring two vector-matrix multiplies 
and a matrix inverse. The Mahalanobis metric has the 
advantage of taking into account the correlation among 
the data and is unaffected by a change of scale of the 
data) 

2.5. Correlation 

The correlation is a measure of the similarity of the 
object to the exemplar rather than the distance from 
the exemplar. A higher correlation value denotes more 
similarity. The correlation coefficient r, normally 
defined and used in statistics, is given in equation (7) 

( x ,  - - y)2 
i i 

(7) 

Usually the samples are normalized to the average 
of all the samples, allowing the use of the simpler 

equation (8). 

2 x/2 E y/Z 
i i 

If each of the exemplars is normalized so that 

(8) 

E x2=l  and E Y ~ = I '  (9) 
i i 

then the similarity measure becomes just 

This quantity can be recognized as the inner (dot) 
product of two vectors and is often used without nor- 
malizing the vectors. The coefficient produced may be 
larger than 1 and has a more complex dependency on 
the similarity of the vectors. 

A means of normalizing the metric derived in equa- 
tion (10) is to divide by the product of the norms of the 
two vectors involved. The measure thus derived corre- 
sponds to the cosine of the angle between the vectors, 
as seen in equation (11). 

(x'y) 
cos 0 = Ilxll I[yl------~ (11) 

This metric has a maximum value of 1 and is easily 
computed. The discrimination of the measure is small 
since the metric normalizes out the vector lengths. One 
concern with the correlation metric is that two sets of 
vectors may have the same metric, but the vector 
endpoints can be widely separated if the vectors have 
different lengths. 

2.6. Tanimoto 

The Tanimoto similarity measure, as seen in equa- 
tion (12), is a generalization of its basic form. 4 

(x,y) 
Sr(x, y)= ilxll2 + HyllZ_(x, y ). (12) 

The Tanimoto metric is typically used in the compari- 
son of nonnumeric sets. Equation (13) shows that the 
similarity of two sets, A and B, may be defined as a 
ratio of the number of their elements in common to the 
number of elements that are different. 

n(A n B) n(A 13 B) 
Sr (x ,y ) -  n(A U B) - n (A)+n(B)-n(A  U B)" (13) 

2.7. Clustering and nonlinear mapping algorithms 

Promising distance and similarity metrics were used 
in a simple clustering algorithm to compare their com- 



ROGER L. KING et al. : UNSUPERVISED LEARNING FOR FEATURE DETECTION 569 

1-- 
8 

i  aro Ho'es I pos,,,o  ho,.s I 

N / E  

w ~ s  

Cri t ica l  posiHon holes 

I TtlL[ Smart Boiler Core Paltern 
l - t / 2  North section, X-cut 25, 
Off Coltotlwood mo[n Rotldwoy 

Fig. 3. Three-dimensional depiction of sandstone section of mine showing various drill holes. 

putational efficiency and discrimination properties for 
the roof  bai ter  data. Then a nonlinear mapping algor- 
i thm was used to visualize the data. 

The clustering algorithm used was quite simple. The 
first data vector  was taken as an exemplar  and the 
second data vector was compared  to it. If  the distance 
function had a value less than some given threshold, the 
second vector became part  of the cluster. When a new 
vector was found to be within the cluster, the cluster's 
center was updated and this became the new exemplar.  
If  a new data vector had a distance value above the 
threshold, a new cluster was formed with the data 
vector as the first exemplar.  All subsequent data vec- 
tors were compared  to each cluster exemplar  with a 
minimum distance used to determine membership  in 
the cluster. 

The threshold may be adjusted to be so small that 
each pat tern forms a unique cluster, or so large that all 
patterns fall into one cluster, or anywhere in between. 
The clusters formed by the algorithm must be inspected 
by a human expert after they are grouped to ensure 
they are reasonable.  The program used in this research 
was adapted from one originally developed by M.S. 
Klassen and Yoh-Han Pao. 5 

The purpose of the nonlinear mapping algorithm 6 
was to reduce multidimensional data to a lower dimen- 
sional space (specifically two- and three-dimensional 
spaces) where structure or clustering may be identified 
visually. The structure of  the original multidimensional 

data was approximately preserved by fitting the points 
in the lower dimensional space (/-space) so that the 
distances approximated the interpoint distances in the 
higher dimensional space (M-space). An initial location 
for the points was produced by projecting the original 
M-space data vectors orthogonally onto the/-space.  An 
error term E was calculated from the mean squared 
error between the /-space distances and the M-space 
distances. A steepest descent procedure was then used 
to adjust the points so as to decrease the error. 

2.8. Results 

As mentioned previously, five core holes were drilled 
and logged along 15.24 m (50 ft) of the section. Then 
five roof bolt holes were drilled around each core hole. 
Figure 3 depicts a three-dimensional view of the mine 
entry and the drill holes. Table 1 shows how the drilling 

Table 1. Data from drill hole 1-1 during hole collaring 

Position Penetration rate Thrust Drill speed Torque 
(mm) (mm/s) (N) (rpm) (J) 

183.39 0.9 - 285 356.2 81.2 
183.90 5.1 - 0.5 356.2 78.8 
187.71 6.8 165 356.7 77.3 
192.79 11.9 1421 357.3 80.2 
202.95 12.8 1855 359.3 83.1 
210.06 11.9 1690 357.9 81.1 
215.65 11.0 1689 357.5 81.6 
222.25 9.4 957 357.3 77.9 
225.30 4.3 544 358.1 69.2 
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Table 2. Variation in data from drill hole 1-1 

Penetration rate Thrust Drill speed Torque 
(mm/s) (N) (rpm) (J) 

Mean 12.1 6187 366.7 76.6 
Standard deviation 3,7 2435 4.5 3.8 
Minimum 0.9 - 285 355.4 69.2 
Maximum 20.4 14,283 374.7 92.4 

parameter data change during drilling and what occurs 
when the drill is first starting to collar a hole. Note the 
negative thrust values recorded and the variations in 
the magnitudes of recorded data. Table 2 shows varia- 
tion in drilling parameters during the drilling of a 
1.22 m-long (4 ft) roof bolt hole. 

Initially, the drilling parameter data from five differ- 
ent drill holes (one from each core hole location) were 
individually clustered using the Euclidian distance 
metric in conjunction with the clustering algorithm. 
This resulted in mapping the individual drilling param- 
eter data into a few patterns. Figure 4 shows the results 
of clustering actual torque, thrust, speed, and pene- 
tration rate data using the hole 3-1 data of Fig. 2. 

Although a reduction in the randomness of the data 
and a grouping into specific clusters were achieved 
using unsupervised learning, it was still difficult to 
visualize the results. It was necessary to compare the 
clusters with the core logs to determine whether or not 
the thresholds selected for learning were making rea- 
sonable cluster centers. If the clusters had not been 
reasonable, then another threshold value could have 
been selected and the clustering process repeated. 

To permit the comparison, it was decided to fuse or 
combine the clustered drill parameters into a relative 
measure of specific energy. 7 This measure is described 
in the relationship: 

2,7r N 
e = ( F )  + ( ~ - )  ( - - - ~  , (14) 

where e=specific energy (Jim3), F-- thrust  (N), A = 
area of the hole (m3), N =  rotation speed (rpm), T=  
torque (J), u = penetration rate (m/s). 

It should be noted that the specific energy has two 
components---a thrust component and a rotational 
component. No attempt was made to directly relate the 
specific energy term to the strength of the rock types 
being drilled. The specific energy was used only to 
order cluster numbers from the lowest value of specific 
energy (cluster 0) to the highest value of specific energy 
(cluster n). Thus, cluster numbers served as a relative 
strength index; i.e. the geologic feature represented by 
cluster 3 was easier to drill through than the geologic 
feature represented by cluster 5. 

After several attempts at selecting threshold values, 
favorable results were obtained (Fig. 5), and it was 
decided the unsupervised learning approach to classifi- 
cation of the drilling parameter data should be con- 
tinued. These initial tests were conducted using the 
Euclidian distance metric. As a result of this success, all 
data from five individual holes (1-1, 2E-l, 3-1, 4-1, and 
5E-l) were grouped into one large data set of 617 
patterns and the impact of the various distance metrics 
on the clustering was explored. The hole notation x - y  

refers to a specific core hole, x, and a particular roof 
bolt drill hole, y, drilled in the vicinity of core hole x. 

Figures 6-9 illustrate various distance metrics 
applied to the 617-pattern data set and subsequent 
nonlinear mapping of the results to a two-dimensional 
plot. Figure 6 represents nonlinear mapping of the 
actual four-dimensional data into two dimensions. Note 
that the units for the axes will not be of any great 
significance. The reader is encouraged to inspect the 
mappings with a view toward visualizing clusters of 
data. Figure 7 is a mapping of the data after a Euclidian 
metric has been applied, and Fig. 8 represents a 
Minkowski metric where p =  1. Arrows have been 
added to help in visualizing clusters that the authors 
believe they see. Figure 9 uses the correlation measure 
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of similarity. No arrows were added to this figure so 
that readers would have the opportunity to visualize 
clusters. 

After the various metrics applicable to real valued 
data were all tried with the nonlinear mapping tech- 
nique, no significant differences were noted in the 
various metrics. Therefore, it was appropriate to con- 
tinue using the Euclidian distance metric for the data 
because this metric is easier to program and more 
widely accepted. It was speculated that since all the 
data were from sandstone of fairly similar strength 

Eucl id ian 
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Fig. 7. Nonlinear mapping of drilling parameter data using the 
Euclidian metric. 

enough to allow the various metrics to discern signifi- 
cant differences. However, if research continues in this 
area and data sets that are composed of a variety of 
different rock types become available, it would be 
useful to again attempt clustering the data with the 
various distance and similarity measures to see if any- 
thing different can be learned. 

After several trials, the 617 data sets were clustered 
into 16 different classes. Determination of the thresh- 
old was based primarily on how the clustering algor- 
ithm handled what was obviously bad data (for exam- 
ple, entries 1, 2, and 3 in Table 1). It was logical that 
the unsupervised learning should be able to classify bad 
or unrealistic data into a sort of "trash" category. By 
adjusting the threshold of learning for the algorithm 
and then reviewing how the system handled the known 
"bad" data, the cluster centers in Table 3 were even- 
tually obtained. Using equation 14, the cluster numbers 
were ordered from the least amount of energy required 
for drilling (cluster 0) to the most (cluster 15). The 
actual values of specific energy of drilling ranged from 
3750.75 to 618521.78kJ/m 3 (544-89,709in-lb/in3). 
Unconfined compressive strength tests on sandstone 
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Correlation Table 4. Nine-exemplar set obtained from 617 unclassified training 
patterns 
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Fig. 9. Nonlinear mapping of drilling parameter data using the corre- 
lation measure of similarity. 

1.7 tl =}ff = I | --~l~ % Cluster Penetration rate Thrust Drill speed Torque 
1.6 ~ = no. (mm/s) (N) (rpm) (J) 

1.5 ~- " h  . I r .~  . . 0 2.7 1251 24.3 3.8 
/ • m=l  1 14.4 3776 82.8 20.5 

1.4 I ;lI i~ll~ [= 2 18.6 9793 426.5 49.2 
J t . l l .  ".I 3 14.0 4875 402.7 55.7 

1.3 1 1 | | 2 = ~  4 9.5 2335 428.2 37.9 
12]= ~ p  g l ~ . .  5 14.3 7655 398.3 62.3 

I 6 18.2 11,875 428.9 76.1 
1.1 ~ l l l  • " 7 15.8 13,525 439.7 95.2 

, k "  ~ 1 ~ . ~  I ! ~  lib " 8 5.3 549 416.6 36.4 
I=~ = l i l i ~ i g i l ,  m I am 

in classifying the  va l ida t ion  pa t te rns .  Tab le  4 lists the  
c lus ters  of  the  second  classification.  The  th resho ld  of  
the  c lus ter ing a lgo r i thm was ad jus t ed  so that  it g r o u p e d  
the  617 pa t t e rn s  into nine geologic  fea tures .  

core  samples  f rom the  roo f  r anged  f rom 87.15 to 
177.20 M P a  (12,640 to 25,700 psi) .  Obv ious ly ,  no di rec t  
r e la t ionsh ip  exists b e t w e e n  the two measures .  
H o w e v e r ,  as s ta ted  p rev ious ly ,  the  specific energy  
m easu re  was only  used  to  o r d e r  the  c luster  numbe r s  
into a re la t ive  s t rength  index.  

Two d i f fe ren t  classif icat ions of  the  da t a  were  then  
d e v e l o p e d  to  pe rmi t  a compar i son  of  the i r  efficiencies 

Table 3. Sixteen-exemplar set obtained from 617 unclassified training 
patterns 

Cluster Penetration rate Thrust Drill speed Torque 
no. (mm/s) (N) (rpm) (J) 

0 2.6 1879 1.2 0.5 
1 2.8 622 47.3 7.1 
2 14.4 3776 82.8 20.8 
3 13.6 5088 171.3 27.9 
4 18.6 9230 434.2 46.3 
5 18.8 10,537 438.3 54.5 
6 15.3 4926 395.2 57.0 
7 9.3 2603 438.1 33.6 
8 19.6 11,652 434.8 69.6 
9 14.0 7759 394.8 63.3 

10 12.8 6559 407.4 56.6 
11 10.9 3765 447.6 45.4 
12 8.8 1443 409.5 43.8 
13 15.8 12,648 425.7 92.5 
14 15.2 14~018 436.3 91.8 
15 4.8 289 414.5 34.5 

3. C O N C L U S I O N S  

The  use of  unsuperv i sed  learn ing  to  d i scover  pa t t e rns  
in roo f  bo l t e r  drill  da t a  was successful.  The  Eucl id ian  
d i s tance  met r i c  was found  to be a sa t i s fac tory  measu re  
of  s imi lar i ty .  Two m a j o r  resul ts  were  achieved.  Firs t ,  
the  617 dril l  p a r a m e t e r  t ra in ing  pa t t e rns  were  classified 
( l abe led )  and  can be  used  in the  d e v e l o p m e n t  of  super-  
v ised learn ing  classif icat ion ne tworks .  Second ,  the  617 
da t a  po in ts  r ep resen t ing  the roo f  l i thology have been  
r e d u c e d  (da ta  compress ion )  to jus t  a few (9 o r  16) 
un ique  pa t t e rns  o r  fea tu res  r ep resen t ing  m a j o r  geologic  
fea tu res  within a mine  roof.  
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