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AnHomauyus: BypoBbie yCTaHOBKY TUITA «JI3KaMOO0» LIMPOKO UCIIOIb3YIOTCS B IIOI3€MHO TOP-
HOJ TIPOMBIIIVIEHHOCTY JIJIS1 TPOKJIaAKY TyHHesier. CKOpOCTh GypeHus CyIlieCTBEHHO 3aBUCUT
OT XapaKTePUCTUK HemedhOpMIPOBAHHO TOPHON MOPOIbI U CTPYKTYPHBIX MapaMeTPOB rOPHOI
Macchl. [T OLIEHKM CKOPOCTY MPOHMKHOBEHMSI GYPOBBIX YCTAaHOBOK THUIIA «IKaMOO» Oblia
MCIIOJIb30BaHa HeJIMHEeHass MHOKeCTBeHHas perpeccruonHast mozenb (NLMR). B atom ucciie-
IOBaHMM OBLIM MCIIOb30BaHbl TI0JIEBbIE TaHHbIE, BKIIOUatolue 737 OypoBbIX CKBakuH. Pas-
paboTaHa SMIMpUYecKast MOfe/Tb, BKJTIoUatoIias MHAEeKC 6ypuMocTy ropHoii macchl (RDi), miist
MTPOTHO3MPOBAHMSI CKOPOCTY MIPOHMKHOBEHMST OYPOBBIX YCTAHOBOK TUIIA «/I3KaMOO» B TOf3eM-
HBIX IIaXTaxX. [IJIsT OLleHKM TOYHOCTY MPOrHO3a MOZIEIM UCIIOIb30BaIMCh TTOKA3aTesu MPOU3BO-
guTenbHOCTH, Takue Kak R?2, RMSE, MAE, MAPE u VAF. Paspa6oranHas MOfe/ib IoKasasia
snauenns 0,88, 0,22, 0,17, 7,3 u 88,84 mna R?2, RMSE, MAE, MAPE u VAF coOTBeTCTBEHHO
MpU MPYMEHEHUY K TPEHMPOBOUYHBIM JAHHBIM. YUUTHIBAs KaK MeXaHMYECKMe CBOMCTBA He-
nedopMMUpPOBaHHON FOPHON TIOPOJIbI, TAK U CTPYKTYPHBIE CBOVICTBA TOPHBIX MaCCUBOB, MOZIE/Tb
MIPOIEMOHCTPUPOBAJIa TOUHbIE MPOTHO3bI CKOPOCTEN MPOHMKHOBEHUST GYPOBBIX YCTAHOBOK
THUIIA «IKaMOO0».

Knrouessle cnoea: CKopoCTb TPOHNKHOBEHMsI, Oy pOBast yCTaHOBKa «I3KaMb0», MHIEKC 6y pUMO-
ctu ropHoit Maccel (RD1i), HesMHeliHas MHOKeCTBEHHast perpecCMoHHast MOIeb.
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Abstract: Jumbo drills are widely used in underground mining for tunnel drivages. The drill-
ing rate is significantly influenced by intact rock characteristics and the structural parameters
of the rock mass. A non-linear multiple regression model (NLMR) was employed to assess the
rate of penetration of jumbo drills. For this purpose, field data, including 737 boreholes, were
utilized. This paper developed an empirical model that incorporated the Rock Mass Drillabil-
ity Index (RDi) to predict the rate of penetration (ROP) of jumbo drills in underground mines.
Performance indexes such as R?, RMSE, MAE, MAPE, and VAF were evaluated to gauge the
prediction accuracy of the model. The developed model exhibited values of 0.88, 0.22, 0.17,
7.3, and 88.84 for R, RMSE, MAE, MAPE, and VAF, respectively, when applied to the training
data. By considering both intact rock mechanical properties and structural properties of rock
masses, the model demonstrated accurate predictions of jumbo drill penetration rates.

Key words: Penetration rate, Jumbo drill, Rock mass drillability index (RDi), NMLR.
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Introduction

Drilling plays a vital role in the opera-
tional costs of underground mines and con-
struction projects especially in hard rocks
and poor ground conditions. Prediction of
rock mass drillability along with drilling
rate could lead the operation managers to
select the best drill rig and to reduce the
costs significantly.

Jumbo drills are powerful and complex
machinery that revolutionarily have chan-
ged the drilling technology in underground
operations. The performance of these ma-
chines is directly affected by three types
of factors: rock mass characteristics, ma-
chines’ operational parameters, and sup-
port and logistics [1]. Simultaneous vari-
ation of these factors along with high
levels of geotechnical and ground condi-
tion uncertainties, make the drilling speed
prediction as a big challenge for engineers.
Therefore, the assessment of the drilling
performance of jumbo rigs is a complicat-
ed task that requires many inputs [2].

In this paper, it is tried to develop a new
prediction model for jumbo’s performance
based on drilling data of 737 boreholes in
six different case study underground mines
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considering all main effective parameters,
especially the rock mass characteristics.

Drilling rate prediction models,

literature review

In drilling and blasting, jumbo drills are
crucial for maximizing advance and pro-
duction rates [3]. In tunneling using the
drill and blast method, drilling constitutes
a significant cost and time factor [4]. The
empirical approach, relying on field data,
is commonly used to study penetration ra-
tes, which depend on controllable (opera-
tional) and uncontrollable (environmental)
parameters [5, 6]. Despite advancements,
controlling rock parameters remains a tech-
nological challenge [7]. The performance
of jumbo drills is influenced by a combi-
nation of machine parameters, operational
variables, rock properties, and characteris-
tics of the rock mass, along with struc-
tural and hydrogeological conditions [8].
Accurate prediction of the Rate of Penet-
ration (ROP) is crucial for optimizing dril-
ling efficiency, but establishing a precise
prediction model remains challenging [7,
9]. The classification of surrounding rock
is vital for assessing tunnel quality, reflect-



ing rock strength, deformation character-
istics, and tunnel stability [10]. While nu-
merous attempts have been made to predict
drilling rates in the past five decades, with
a focus on both surface and underground
mines, relatively few have concentrated
on underground drilling. Several empiri-
cal models have been developed to predict
the rate of penetration in various drilling
contexts. Bauer and Calder introduced a
model focusing on uniaxial compressive
strength for iron ore [11], later updated by
Bauer and Crosby [12]. In the 1980s, Rabia
and Howarth expanded this model based
on uniaxial compressive strength [13, 14].
Workman and Szumanski proposed a new
model incorporating drilling parameters
like weight on bit and RPM [15]. In 2007,
Tutmez classified the sawability of build-
ing stones using uniaxial compressive
strength, tensile strength, Schmidt hammer
value, point load strength, impact strength,
Los Angeles abrasion loss, and P-wave ve-
locity [16]. Ersoy determined performance
of drilling equipment based on intact rock
properties [17]. Thuro determined rock mass
excavatability in drilling based on me-
chanical and petrographic rock properties.
Kahraman presented regression-based mo-
dels for rotary and percussive drilling, in-
troducing a drillability index [18]. In 2003,
He developed models for percussive drills
based on Schmidt hammer value and point
load strength [19], and for jumbo drills
based on volumetric joint count [20]. Then
he developed models for percussive drills
based on indirect tests [21]. Hoseinie et
al. introduced a new classification system
known as the Rock Penetrability Index,
utilized for estimating the penetrability and
drillability of rocks. This index incorpo-
rates various parameters of the rock mate-
rial. He introduced a system for estimating
rock penetrability and drillability, utiliz-
ing parameters like compressive strength,
abrasivity, Mohs hardness, texture, grain
size, and Young’s modulus [22]. Ataei et al.

demonstrated the predictive capability of
Rock Drillability Index (RDi) for surface
drilling [23]. Munoz, Su, and Capik et al.
conducted related research [24—26]. Shi
developed a ROP prediction model that
rock mechanical properties and bit type and
properties are input parameters to predict
ROP [27]. Hung developed an empirical
model for predicting penetration rates in
very hard rocks, emphasizing the influence
of Brazilian tensile strength [28]. Navarro
explored the significance of experimental
models in predicting penetration rates and
analyzing jumbo drill parameters [29]. Wang
utilized measure-while-drilling(MWD)da-
ta and machine learning to classify tunnel
surrounding rock accurately [30]. In this
paper, the most famous and important stu-
dies that have been presented until now
have been reviewed. The rotary drilling in
surface mining has been studied very well
and empirical models developed signifi-
cantly. However, in underground drilling
the general study has been done rarely and
a few studies have been published on the
penetration rate of jumbo drills. In the de-
veloped models, the characteristics of the
rock mass have not been incorporated, and
mainly single parameters have been used
to predict the penetration rate. Resulting
in these models being associated with un-
certainty. The research literature acknowl-
edges that numerous parameters impact
penetration rates, yet accounting for all of
them is complex, time-consuming, and cost-
ly. Therefore, there is a strong need for a
comprehensive model that covers all para-
meters that influence the penetration rate.
Hence, this study opts for a more effi-
cient approach by utilizing the Rock Mass
Drillability Index (RDi) as a representative
of rock mass properties. This index has a
simple method for surveying the data and
also takes into account the rock mass pa-
rameters affecting the drilling rate. RDi en-
compasses both intact rock properties and
structural parameters of the rock mass, ma-
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Fig. 1. The most important factors influencing drilling performance (resulting from literature review)
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king it a suitable representative for overall
rock mass characteristics. This classifica-
tion system is represented in Table 1 and
its qualitative prediction is presented in
Table 2. For detailed methodology, the
readers can refer to Hoseinie et al. [2]. ac-
cording to present literature review the
effective parameters on the underground
drilling could be figured out as shown Fig. 1.

Methodology
The geo-mechanical properties of rock

masses play a crucial role in assessing rock
drilling performance and predicting associ-

Table 2

ated factors like time, costs, and efficiency.
Regression analyses, particularly multiple
regression, prove valuable in understand-
ing the intricate relationships between de-
pendent and independent variables. The
main goal of this paper is to generate an
empirical model that can predict the pene-
tration rate of jumbo drills in underground
mines with minimal information about the
condition of rock masses in the face. For
this purpose, six parameters related to dril-
ling parameters and properties of rock mas-
ses were considered. Initially, simple re-
gression analyses involving linear, logarith-

Qualitative prediction of the penetration rate of drilling in the rock mass using RDi [2]

XapaKkTepucTnyeckmii NPorHo3 CKOPoCTHU NPOXOAKM CKBaXKMH ¢ nomoLbio RDi [2]

RDi 7—20

20—

40 40-60 60—80 80—100

Slow

Prediction of drilling rate

Slow — medium

Medium | Medium — fast Fast
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Table 3
Technical specifications of jumbo drills

TexHMYecKne xapaKTepUCTUKN CAMOXOAHBIX 6YpUIbHbIX YCTAHOBOK

Parameter Unit Minemaster 2.3-1B Ht81
Overall dimension (mm) mm 1990%3000=12 500 2100=1850=11 050
Hole depth mm 4080 3300— 3900
Hole diameter mm 42-76 42-102
Total length feeder mm 3700— 4305 3700—4305
Electric motor power KW 75 65
Rated voltage \% 380 380
Traveling speed km/h 15 14
Power diesel engine KW 95 70
Engine - DUETZ Yanmar
Percussion power KN 14 18
Drilling speed m/min 1.5-35 0.8-2
Boom rotation degree £180 %180
Weight kg 20 600 12 500
Drifter model Montabert HC 109 Montabert HC 109

mic, power, and exponential functions were
conducted to explore the connection be-
tween individual independent variablesand
ROP. However, it became evident that ROP
is influenced by multiple parameters, and a
more accurate prediction necessitated mul-
tiple regression analyses. To avoid redun-
dancy in the multiple regression analyses,
correlations between each pair of inde-
pendent variables were considered in the
second step. Subsequently, non-linear mul-
tiple regression (NLMR) models were de-
veloped, exploring different relationships
statistically. In the third step, the relation-
ships between each independent variable
and ROP led to the creation of various
NLMR models, which were statistically
investigated. The dataset was divided ran-
domly, with 80% allocated for training and
20% for testing. NLMR model was de-
veloped and performance evaluated using
determination coefficient values. Real data
from six underground lead and zinc mines
extracted using the sublevel stopping mi-
ning method were used to develop the
model. The presented steps are shown in

22

Fig. 2. Data from four different jumbo
drill brands, including minemaster 2.3-1B,
Jiusheng Ht81, Atlas Copco 282 Boomer,
and bohler were used. The technical speci-
fications of the minemaster 2.3-1B and
Ht81 jumbo drills are listed in Table 3.

Data collection from case study mines

The database in this paper was collect-
ed from some underground mines located
in the Irankouh mining district and the
Sormeh mining district in lran. Irankouh,
situated 20 km southeast of Isfahan, and
Sormeh, located 55 km southwest of Fars
province, have five and two underground
mines, respectively. The main minerals ex-
tracted from these mines are lead and zinc,
and the main lithology of the surrounding
rock in these mines is dolomite. The min-
ing method employed in all of these mines
is sublevel stoping, the tunnel faces area
is about 16 — 24 m? and contains approxi-
mately 30~35 blasting holes per face. The
used drill bits have 51 and 64-mm diam-
eters and are made of carbide with a dia-
mond content of 7%, a spherical shape.
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Fig. 2. Data collection and field study steps from tunnel faces and jumbo drill machines
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The database covers tunnel details, rock
mass characteristics, and drilling parame-
ters. Tunnel information, such as depth and
water presence, was collected before drill-
ing. Data on discontinuity properties like
joint spacing, joint aperture and filling and
the angle between the joint and borehole
axis were gathered prior to jumbo drill op-
erations. Selected rock samples underwent
lab analysis for physical and mechanical
properties. Information from 737 boreho-
les across 26 faces was collected. Careful
sample preparation was emphasized to en-
sure quality results. Uniaxial compressive
strength, density, porosity, grain size, tex-
ture, and Mohs hardness were determined
in accordance with ISRM standards [31].

After surveying the discontinuities, each
face is divided into different areas or zones
(Fig. 2). These zones, which have varying
amounts of rock mass drillability index
based on the characteristics of the face, are
marked for borehole drilling. Information
related to the drilling in each specific area
is then recorded.

Drilling parameters are collected during
the drilling of the borehole at the tunnel
face. The collected parameters are penetra-
tion velocity, feed pressure, rotation pres-
sure, and hammer pressure. Each parame-
ter during drilling is recorded for each hole
from the control panel of the machine.
The collected parameters are described in
Table 4. The geological sketch record card
of the tunnel face is shown in Table 5.

With the above method, 737 boreholes,
which is equivalent to more than 2400 m
of drilling, were collected in seven mines
of the Irankoh and Sarmeh mining com-
plex. More details are shown in Table 6.
Table 7 summarizes the ranges of input
data, including 737 boreholes, and their
statistical descriptions.

Relationship between RDi

and penetration rate

The obtained Rock mass drillability in-
dex parameters from tunnels were rated as
in Table 6. The rock mass drillability clas-
sification was determined by summing up
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Table 6
Rock mass classification sample statistics

Bbi6opouHasa cTraTucTMKa KnaccupmKaumii MacCMBOB roOpHbIX MOPOA

Rock mass drillability Mine name Number of studied Total studied
index (RDi) boreholes boreholes

Tappe Sorkh 18
Romarmar 129

20—40 307
Ghoushfil 20
Middle Sormeh 140
Romarmar 70
Middle Sormeh 184

40—-60 370
Kolah Darvazeh 48
Ghoushfil 68

60—80 West Sormeh 60 60

Total studied boreholes for model development 737

the rates as described in Table 7. Fig. 3
illustrates the probability distribution of
RDi values across 26 faces, with over 55%
falling within the range of 36 to 44. This
categorizes the rock mass into three drilla-
bility classes: slow-medium, medium, and
medium-fast, with more than 50% in the
medium class. Using ArcGIS Pro software,
RDi values for each zone were calculated,
and penetration rate values for boreholes in
each zone were input to generate a heat-
map diagram (Fig. 2).

The relationship between RDi and ROP
was assessed using correlation diagrams
for two borehole diameters (51 mm and
64 mm) as shown in Fig. 4. The analysis
revealed a linear increase in penetration
rate with higher RDi values in the rock
mass. This linear relationship was chosen
based on the highest correlation coeffici-
ents among linear, logarithmic, power, and
exponential functions. The variability in
penetration rate for each RDi value is attri-
buted to differences in machine operating

0.3
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0.26]
0.24
0.22]

0.2

E‘ 0.18

3 0.164
g 0.14
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0.1
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0.02 —\ e |
0 =
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Fig. 3. Distribution of RDi values for all mines

Puc. 3. PacnipeaeneHue 3Ha4eHusi RDi ang Bcex n3yqeHHbIX pyaHUKOB
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Table 7

Statistical analysis of measured data in field and laboratory
CTaTMCTUYECKMI aHanU3 AaHHbIX U3MepeHMi,
MONyYeHHbIX B MOMIEBbIX M 1a60PAaTOPHbIX YCIO0BUSIX

RDi Index P, P. P, ROP
Mean 80.55 70.17 125.71 2.10

20—40 Standard deviation 15.98 9.94 7.00 0.42
Minimum 50 49 105 1.28

Maximum 105 105 140 3.43

Mean 85.52 78.31 124.63 2.73

40— 60 Standard deviation 16.67 12.80 7.23 0.45
Minimum 33 55 100 1.34

Maximum 110 115 145 3.84

Mean 87.79 82.51 133,63 3.78

Standard deviation 11.76 9.15 11.04 0.53

6080 Minimum 70 72 119 3.05
Maximum 101 110 147 4.58

parameters. To clarify the correlation be-
tween these two factors, the data related to
each RDi class was clustered. Each solid
point in Fig. 4 represents the average of
multiple blasting holes, ranging from 32 to
75, with one point representing each group.

Penetration rate (m/min)

Case Study Related Data

25 35

Rock mass drillability index (RDi)

45

Fig. 4 demonstrates that as the RDi in-

creases, the penetration rate of jumbo drills

also increases. However, this relationship
applies specifically to drilling with 51 mm
and 64 mm diameters. For smaller or larg-
er boreholes, distinct curves for each stan-

55 65

75

85

Fig. 5. Relationship between RDi and jumbo drills penetration rate in different hole diameters
Puc. 5. CootHoLueHne RDi u ckopocTeii Mpoxoaky caMoXoaHbIX BYpusibHbIX YCTaHOBOK Mpy Pa3HbiX AUAMETPax

CKBa)XUH
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dard diameter are required. Jimeno et al.
provided coefficients for predicting drill-
ing rates in specific rock types with vari-
ous borehole diameters [32]. By knowing
the penetration rate for one diameter, this
method allows predictions for other dia-
meters. In this study, mathematical rela-
tionships between drilling rate and RDi for
different diameters were calculated using
the equations provided by Jimeno and the
curve in Fig. 4 (For detailed methodology,
the readers can refer to Jimeno et al. 1995
[32]). These relationships are presented in
Fig. 5. As seen in Fig. 5, in rocks with poor
drillability, the penetration rate with dif-
ferent diameters are closer to each other.
The higher hardness and the dense struc-
ture of these rocks are the reasons for this
phenomenon.

A penetration rate model

for Jumbo drills

Multiple regression techniques are valu-
able for establishing relationships between
multiple input variables and a depend-
ent variable. They are particularly useful
when dealing with complex relationships.
Nonlinear multiple regression (NLMR) is
employed when the relationship between
variables is nonlinear, allowing for predic-
tions with arbitrary relationships.

Previously, many researchers proposed
multiple regression techniques for solving
geotechnical problems, as well as for pre-
dicting TBM performance and rotary drill-
ing. However, there has been no attempt
to predict the jumbo drill penetration rate

Table 8

using an NLMR model. Since there are
nonlinear relationships, such as power be-
tween inputs and output, in this paper, an
NLMR technique was employed. In this
regard, the NLMR equation was described
using regression functions, and the process
was conducted using an iterative estima-
tion algorithm.

Initially, simple regression analyses were
conducted, employing linear, logarithmic,
power, and exponential functions to ex-
plore the relationship between each inde-
pendent variable and the rate of penetra-
tion. The determination coefficients from
these analyses are summarized in Table 8.
These analyses revealed that the rate of
penetration cannot be accurately predicted
by a single variable, as it is influenced by
numerous parameters. Consequently, more
precise predictions were achieved through
multiple regression analyses. Correlation
analyses were also performed between each
pair of independent variables, as shown in
Table 9. These analyses indicated that there
was no significant redundancy among the
independent variables, and therefore, none
of them were excluded during the model
development process.

80% of the whole database was random-
ly chosen as the testing dataset, and 20%
of the database was chosen as the valida-
tion data. Based on these datasets, different
NLMR models were developed and their
performance was evaluated using determi-
nation coefficient values. To validate each
model, several statistical indices were
used, including the root mean square error

Correlation analysis of the rate of penetration and individual parameters
KOPpenHuMOHHbIﬁ aHanin3 3aBUCUMOCTU CKOPOCTU MPOXOAKU CKBaXXUH

OT MHAMBUAYa/IbHbIX NapaMeTpoB

Parameter Linear Logarithmic Power Exponential
P 0.13 0.19 0.25 0.18
P, 0.45 0.49 0.53 0.46
P, 0.27 0.28 0.34 0.31
RDi 0.72 0.72 0.70 0.68
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Table 9

Correlation analysis between the parameters

KoppensaunoHHbI aHanM3 napameTpoB

Parameter P. P, RDi D, ROP
P 1 0.21 0.34 0.08 0.04 0.22
P. 1 0.38 0.43 -0.02 0.5
P, 0.21 -0.03 0.41
RDi 1 -0.19 0.7
D, 1 -0.6
ROP 1

(RMSE), the variance accounted for (VAF),
mean absolute error (MAE), mean absolute
percentage error (MAPE), and the F-test.
VAF can be used to evaluate the variance
proportion of the variables, while RMSE,
MAE, and MAPE are frequently used to
compare the prediction errors of differ-
ent models — the lower the RMSE, MAE,
and MAPE, the better the model performs.
These statistical indices are expressed as
follows (Egs. (1) to (4)):

1)
- (2)
n
100 &|T,-0|
MAPE = : 3
. XLZ11| | (3)
VAF:{l—M}XIOO (4)
var(T;)
Table 10

where var denotes the variance, T, and O,
are the measured and predicted values nis
the sample size.

The NLMR model was constructed us-
ing the statistical software package SPSS
version 27. The same 590 datasets were
used to build the NLMR equation, and the
remaining 147 datasets were used to check
the model's performance capacity. The pro-
posed NLMR equation, comprising five
predictors, is shown in Eq. (5):

PO .08 PR0.23 ~ PP0.54 ~ RD[0.63
1.76
K (5)

where ROP is the penetration rate in m/min,
P_ is the feed pressure in the bar, P_ is the
rotation pressure in the bar, P, is the Ham-
mer pressure in the bar, RDi is the rock
mass drillability index and D, is the bit di-
ameter in mm.

The results of multiple regression anal-
yses and performance indices of developed
non-linear multiple regression models are
shown in Table 10. The cross-correlation

ROP =5.3x

The results of multiple regression analyses and performance indices

of developed non-linear multiple regression models

Pe3ynbTaTbl MHOrOKpaTHOro perpeccMOHHOro aHasu3a 1 noKasaTenn paboTocnoco6HOCTH
paspaboTaHHbIX Moaesieii MHOXKeCTBEHHOH HeJIMHeIHOM perpeccum

Model Training set Testing set
type R? | RMSE | MAE | MAPE | VAF R? | RMSE | MAE | MAPE | VAF
NLMR | 0.88 | 0.22 | 0.17 | 730 | 88.84 | 0.88 | 0.23 | 0.17 | 7.22 | 87.99
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Fig. 6. Correlation of predicted ROP versus the measured ROP of the non-linear multiple regression (NLMR)

models: training set (a); testing set (b)

Puc. 6. CooTHoLLEHMEe 3aMEPEHHbIX M MPOrHO3HbIX 3HAYEHWUI CKOPOCTEN MPOXOAKM CKBaXKMUH M0 MOAENSIM MHO-
YKECTBEHHOM HESIMHENHOM perpeccum: TPEHUPOBOYHBIN Habop (a); npoBepoyHbIk Habop (6)

graph of the nonlinear multiple regression
model is presented in Fig. 6.

Sensitivity analysis

To recognize the most sensitive factors
affecting penetration rate, the cosine am-
plitude method (CAM) was utilized. To
apply this method, all the data pairs are
expressed in a common X-space which is
used to construct a data array X, defined
as Eq. (6).

X={X, X, Xy, X1 (6)

Each of the elements, X,, in the data ar-
ray X is a vector of lengths of n, that is:

= {Xp Xpp X X} (7)

Thus, each of the data pairs can be
thought of as a point in n-dimensional
space, in which each point requires n co-
ordinates for a full description. Each ele-
ment of the relation, Iy results in a pair-

Table 11

wise comparison of two data pairs. The
strength of the relation between the data
pairs, x, and X is given by the membership
value expressmg the strength:

Z(Xik X Xjk)

R, = k=1 (8)
[Sren
k=1 k=1

where {, j, and k represent respectively the
counters of the number of input indicators
in each data series, the indicators or factors
related to each data series, and the number
of data series or samples. The closer Rij is
to one, the greater the impact of the input
indicator on the target index. If there is no
effect, the value of R, will be zero.

The strengths of relations (r; values)
between the ROP and input parameters are
shown in Fig. 7 and Table 11. Considering
that the values of Rij are high for all pa-

Strengths value (R, ») between the penetration rate and each input parameters
3HaueHus HPOHHOCTM Koppenauuu (R ) MeXXay CKOpPOCTbIO NMPOXOAKU CKBaXXUH

U BXOAHbIMU NapaMeTpaMu

Parameter | Feed pressure | Rotation pressure

Hammer pressure

Borehole Diameter| RDi

0.959 0.975

ij

0.972 0.950 0.984
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Fig. 7. Strengths of relation (R) between the penetration rate and each input parameters
Puc. 7. 3Ha4eHus npo4HoCTy koppenaumm (| R;,-) MEeXAY CKOPOCTbHO MPOXOAKM CKBaXKMH U BXOAHbIMU MapameTpamu

rameters affecting the penetration rate, and
based on the graph presented in Fig. 7, it
can be concluded that all of the considered
parameters are significantly involved in the
rate of penetration. As is shown, the most
effective parameter on the ROP is the rock
mass drillability index. In other words,
the characteristics of the rock mass have a
great influence on the drilling speed.

Conclusions

The rate of penetration depends on a
number of parameters including rock mass
properties (intact rock properties and struc-
tural parameters), machine specifications,
and operational parameters. In this paper,
the nonlinear multiple regression model
was used to predict the penetration rate of
jumbo drills. This method was applied as
the first attempt at the prediction of ROP
in underground mines. To prepare a suit-
able database, the effective parameters on
ROP including rock mass properties and
machine specifications for 737 boreholes
in the underground mines were collected
and these parameters were used as model
inputs to predict ROP. For this purpose,
the RDi factors as joint spacing, joint aper-
ture, and filling and joint inclination were
collected along with drilling rate from
737 boreholes and then several representa-
tive rock blocks were collected from each
face to obtain physicomechanical proper-

ties and as rock texture, UCS, and Mohs
hardness. Also, data of the RDi for each
zone were correlated with the net drilling
rate. Some of the important results are as
follows:

e Linear relationships between RDi and
penetration rate were obtained with high
correlation coefficients (R> = 0.93 for
51 mm and 64 mm).

» Several simple regression analyses
were performed and the correlations be-
tween different variables and the penetra-
tion rate were determined. The results of
this step of the studies indicated that deter-
mination coefficients of simple regression
analyses are rather low.

e Then several NLMR models were
employed and the performance indexes
of these models, such as R?, VAF, RMSE,
MAE, and MAPE evaluated. In construct-
ing the NLMR technique, datasets were
divided randomly into training (80%) and
testing (20%) datasets and a new penetra-
tion rate model based on the RDi and ma-
chine specifications, has been presented.

» The application of the developed mo-
del is intended for use in the mass of dry
and semi-dry rock formations. However,
challenges may arise when dealing with
saturated rock conditions and mines expe-
riencing an above-normal water volume.
Problems may also arise in not so much
jointed rock masses, particularly those lack-
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ing cohesion, such as homogeneous rock
masses. Furthermore, it's important to note
that the model has been specifically de-
signed for underground drilling conditions.
In scenarios involving drilling in open pits
or holes with larger diameters, the model
may not be suitable for accurately predict-
ing the infiltration rate.

 Since the model includes intact and
mass properties of rocks, it provides a good
estimation of rock mass penetration in un-
derground mines. Thus, the proposed mo
del is feasible and reliable in the predic-
tion of the jumbo drill's penetration rate.
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This predicted value could be successfully
applied for scheduling the future of under-
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ther expanded in the future to improve the
application range of the model.
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