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Abstract 
Blasting performance with loading and crushing time were correlated in order to 

minimize energy consumption in quarry operation. A measure scaled object was 
placed within the muck pile of blasted rock fragments. Digital camera was used to 
take the photograph of the scaled object and the blasted rock fragments before the 
commencement of loading and crushing operations. The data collected were 
subjected to fragmentation analysis using split desktop App while the correlation 
analyses were carried with Microsoft Excel App. The fragmentation and distribution 

analysis showed that the fine cut off sizes are 8.75 cm, 9.55 cm, 7.58 cm, 8.58 cm 
and 11.75 cm while their mean size distribution are 35.99 cm,  10.25 cm, 24.86 cm, 
16.78 cm and 16.10 cm respectively. The R squared values (R2) obtained during the 
correlation of digging time with size of fragmentation passes (P50), mean deviation 
and bucket passes were given as 0.94, 0.39 and 0.63 with p-values of 0.00, 0.34 and 
0.82 respectively. Consequently, the R2 values during the correlation of crushing 
time with P50, mean deviation and range were specified as 0.64, 0.62 and 0.27 with 
p-values of 0.00, 0.11 and 0.07 respectively. The study therefore established that only 
the regression equation for P50 is statistically significant while statistically 

insignificant for mean deviation, range and number of bucket passes.  
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1. Introduction 
In recent times, the campaign for energy efficiency in mining in-

dustry is yielding good results. Energy consumption in mining con-
tributes to operational costs in all stages of ore recovery process: 

blasting, excavation, materials transfer and haulage, comminution, 

ventilation and dewatering [1]. In order to optimize energy in mining 
sector, Energy Mass Balance (EMB) has been adopted and incorpo-

rated into mining industries activities. The EMB systematically col-

lects and analyses data on energy use and investigates where losses 

occur [2]. This suggests that the EMB can only be used as an energy 
saving strategy in mining industry but it cannot predict the outcome 

of any system of operations and cannot really access blast results to 

show energy losses during blasting. 
Also, some optimization models have emerged in the mining in-

dustry that are operation specific such as loading, hauling and crush-

ing [3,4,5]. For instance, Leighton Contractors Pty Ltd developed a 

series of mass and energy equations to improve the energy saving 
initiatives in haulage operations during mine design [6]. Fortescue 

Metals Group identified and quantified the energy costs associated 

with stopping haul trucks [7] while Downer EDI Mining developed 
performance indicators that use an ‘equivalent flat haul’ calculation to 

account for elevation changes on a specific mine route [8]. These 

models have achieved numerous results but they can only be used to 
evaluate the energy optimizations for haulage operations. 

As mentioned earlier the major limitation that unites all the mod-

els discussed above is that they actually correct energy wastage in 

operations but they do not prevent the energy wastage. It does not 
agree with the saying that “prevention is better than cure. Fragmenta-

tion control is the best way to prevent energy wastage in the entire 

mining operations and it can be done through optimization of blasting 
performance [9]. The reason for this assertion is based on the fact that 

the quality of the fragmentation after blasting affects both loading, 

haulage and crushing. The overall cost effectiveness of the production 
operations is compatible with optimization of drilling and blasting 

parameters [10]. Kuz-Ram fragmentation model is the closest mining 

based model that predicts fragmentation performance [11]. It has 

helped blasting engineers round the world in predicting the outcome 
of a blast and energy used up in blasting. The basic limitation of the 
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model is that it cannot predict the energy consumption in subsequent 

mining operations like: loading, haulage and crushing.  

Since, most of the previous studies focused much on the correc-
tion of energy wastage in operations with little attention on the pre-

vention of energy wastage, this study therefore provides opportunity 

to advance our knowledge on energy correction and prevention of 
energy wastage in loading and crushing operations through optimiza-

tion of blasting performance 

1.1 Overview of Energy Consumption in Mining and other In-

dustrial Sectors 
Energy consumption is one of the key determinants of operational 

cost in mining and other industrial sectors [12]. Recent investigation 

showed increase in daily demand of energy in mining and other in-
dustrial sectors. In 2017, the world total energy supply was 162,494 

TWh of which only 113,009 TWh was finally consumed [13]. Out of 

this, mining sector consumed approximately 11% of the world total 

energy [14]. In 2012, about 2-3 % of the total energy supplied in USA 
was consumed by mining sector [15] while 8 % of the total energy 

supplied in South Africa was consumed by mining sector in 2010 

[16]. The corresponding number in Canada in 2009 was 12 % [17]. 
The world’s largest individual energy consumer is China, which also 

produces 40 % of the world’s minerals [18]. 

In 2025 about 36.2 % of energy are projected to be consumed by 
new mining project [1]. It was also projected that about 41.1 TWh of 

energy would be used in 2025 by copper mining industry in Canada 

which is an increase of 95.5 % recorded in 2013 [19]. In all stages of 

mining operation, mineral processing consumes most energy world-
wide and it accounts for 4-5 % of the total electrical energy produced 

globally [1,20]. In mineral processing operation, loading and crushing 

are the principal energy consumers with 40% of energy consumed in 
mineral processing operations and 4 % of the world’s total electrical 

energy [21-24]. 
 

2. Material and Methods  

2.1. Description of the Study Area  
Francisca Muinat (FM) Quarry is the case study area and is situat-

ed within the longitudes 50 00'E and 50 17'E and latitudes 70 10'N 

and 70 20'N about 4 km to Akure on Aaye-Ijare road as shown in 
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Figure 1. The outcrop is made up of migmatite intruded by three pet-

rological varieties of older granites under the Basement complex of 

South-western Nigeria. Francisca Muinat Quarry has a joint venture 
partnership with the Chinese. It is a commercial aggregate quarry that 

produces different sizes of granite aggregate for construction purpos-

es 

 
Fig. 1. Location of study area 

 
2.2. Data Collection Procedures     

(a) Loading and Haulage Procedures 
(i) A scaled object was placed within the blasted rock fragments 

and digital images of the fragmented rocks with the scaled object 

were taken before the commencement of loading and haulage opera-

tion.   
(ii) The time taken for the loader to dig and scoop fragmented 

rocks from the muck pile to the loader for each bucket was recorded. 

(iii) The swing time to and fro (time taken in digging and loading 

the dump truck and then coming back to muck pile again) was rec-
orded. 
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(iv) The number of buckets to fill the dump truck was recorded by 

recording the digging time for each bucket. 

(v) The travel time of the dump truck with the loading fragments 
from pit to crusher hopper was recorded  

(vi) The travel time for the dump truck to travel back to the pit 

empty was recorded  
(vii) The above procedures were repeated for twelve times in order 

to obtain adequate data for the analysis  

(b) Crushing Procedures 
(i) A scaled object was placed within the blasted rock fragments in 

the crusher hopper and digital images of the run off mine fed into the 

jaw plates was taken before the commencement of crushing operation 

(ii) The time to crush each of the fragmented rocks in the crusher 
was taken and recorded 

(iii) The above procedures were repeated for twelve times in order 

to obtain adequate data for the analysis 

2.3. Data Analysis 
The variables P50, range, mean deviation and p-value were used 

to carry out correlation analysis using split desktop App and Mi-

crosoft excels application. P50 was used because its value can be ob-
tained from Kuz - ram model to predict blasting performance while 

range and mean deviation were used to predict the size distribution of 

fragmented rocks. The image photographs obtained from field were 
uploaded on the split desktop App. The split desktop App was used to 

scale and delineate the images for size distributions analysis. This 

was used to determine the sizes at which 50 % (P50) of the particular 

fragment passes. The mean deviation and the range were calculated 
while their R squared values and the P values for the models derived 

were observed. The variables P50, range, mean deviation for all the 

images were plotted against time taken to dig, load and crush the 
fragments using Microsoft excel App. The linear regression lines ob-

tained from Microsoft excel App and their respective R squared val-

ues with p-values were used for the correlation analysis with blasting 
performance. The R squared values show how well the points fit the 

regression lines. The R squared value indicates how well the points 

plotted on the graph agrees with the regression line, which informs 

the decision of the analyst on whether to rely on the equation or not. 
R squared values above 50 percent is quite reliable and the values 
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under 50 percent is not reliable. The p-values show the level of statis-

tical significance of the model. 

3. Result and Discussion   
3.1. Fragmentation and Distribution Curves Analysis    

The results of the fragmentation and size distribution analyses us-

ing split desktop App were presented in Figures 2-7. The fainted red 
lines in the figures indicate fine particles while the bold red lines in-

dicate fragmented rocks. The fine cut off indicates the size below the 

fragment that considered as fine particles. Figure 3 shows that the 

fine cut off of 8.75 cm with mean size of 35.99 cm while Figure 4 
shows a fines cut off of 9.55 cm with mean size of 10.25 cm. Figures 

5-7 show fine cut off sizes of 7.58 cm, 8.58 cm and 11.75 cm respec-

tively while their mean sizes are 24.86 cm, 16.78 cm and 16.10 cm 
respectively 

 
 

Fig. 2. Delineation picture using spilt desktop application 

 
Fig. 3. Fragmentation analysis for image (1) 
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Fig. 4. Fragmentation analysis of image (2) 

 

 

Fig. 5. Fragmentation analysis of image (3) 

 

Fig. 6. Fragmentation analysis of image (4) 
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Fig. 7. Fragmentation analysis of image (5) 

 

3.2. Correlation of loading time with fragmented size  
The average time taken for digging during loading was correlated 

with the size at which P50 of the muck pile passes as presented in Fig-

ure 8. The regression equation of average digging time and P50 was 

given as y=0.0036x+0.1242 with R-square value (R²) of 0.9403. This 
demonstrated that there is good correlation between the average dig-

ging time and sizes at which P50 of the particular muck pile passes as 

94.0% of R squared value (R²) of the two variables formed the regres-

sion line. The calculated p-value is given as p<0.00 which means the 
two variables are statistically significant.  

 

Fig. 8. Correlation between average digging time and P50 

 
Figure 9 presents the correlation of average digging time with the 

mean deviation. The regression equation of average digging time and 
mean deviation of size distribution of the muck pile was given as 
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y=0.0055x+0.106 with R²=0.3932. This substantiated that there is no 

good association between the digging time and size distribution of the 

muck pile as only 39.0% of the two variables aligned to the formation 
of regression line. At the same time, the calculated p-value is given as 

0.34 which established that the two variables are statistically insignif-

icant.   

 

Fig. 9. Correlation between average digging time and mean deviation 

 
The relationship between the average digging time and number of 

bucket passes during the loading of muck pile is presented in Figure 
10. It was discovered that the regression equation between the two 

variables is given as y = -0.0548x + 0.5982 with R² = 0.6364. This 

affirmed that there is a good relationship between the digging time 

and the number of bucket passes during the loading operations as 
63.0% of the two variables formulate the regression line. The esti-

mated p-value was given as 0.82 which proved that the two variables 

is not statistically significant. 

 

Fig. 10. Correlation between average digging time and number of bucket passes 
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3.3. Correlation of crushing time with fragmented size  
The time taken to crush the run off mine in the crusher is plotted 

against P50 as shown in Figure 11. The regression equation of blast-
ing performance from the figure was given as y = 0.0276x + 0.3566 

with R² value of 0.6408. This means there is good relationship be-

tween the time taken to crush the run off mine in the crusher and sizes 
at which P50 of the particular fragment passes as 64.0% of R squared 

value (R²) of the two variables aligned to form the regression line. 

The calculated p-value is given as p<0.00 which means the two vari-

ables are statistically significant.  

 
Fig. 11. Correlation between the time to crush and P50 

 
The time taken to crush each of the muck pile loaded in the crush-

er hopper was correlated with the mean deviation as shown in Figure 

12. The regression equation of how much the various fragments devi-

ates from the mean size (P50) of the stock of materials was given as 
y=0.0547x+0.1345 with R²=0.6212. This presents that there is good 

correlation between the time taken to crush each of the muck pile 

dumped in the main hopper and the fragmentations distributions of 
the muck pile dumped in the hopper as 62.0% of R

2
 value of the two 

variables agreed to form the regression line. The p-value for the re-

gression was given as 0.11 which is p>0.05. Therefore it can be de-

duced that the two variables are statistically insignificant.  
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Fig. 12. Correlation between the time to crush and mean deviation 

 
The relationship between the times taken to crush each trip of feed 

material and the range of sizes of the fragments were correlated as 

shown in Figure 13. The regression equation of range of sizes of the 
fragment was given as y=0.0103x+0.1763 with R²=0.2772. This es-

tablishes that there is no correlation between the time taken to crush 

each trip of feed material and range of sizes of the fragments (differ-
ence between maximum and minimum sizes of the fragments) as 

27.0% of R
2
 value of the two variables formulate the regression line. 

Meanwhile, the calculated p-value is given as 0.07 which means the 

two variables are statistically insignificant 

 
Fig. 13. Correlation between the time to crush and range 
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Conclusion    

 

This study was set out to correlate blasting performance with load-

ing and crushing time in order to minimize energy consumption in 

quarry industry. The study therefore concluded as follows: 

(i) The fine cut off values of fragmentation and distribution sizes 

using split desktop App are given as: 8.75 cm, 9.55 cm, 7.58 cm, 8.58 

cm and 11.75 cm while their mean size are 35.99 cm,  10.25 cm, 

24.86 cm, 16.78 cm and 16.10 cm respectively. 

The correlation of loading time with fragmented size established 

that the regression equation of average digging time and P50 had an R-

square value (R²) of 0.9403 with p-value of 0.00 which means the two 

variables are statistically significant. Meanwhile, the regression equa-

tion of average digging time and mean deviation of the muck pile had 

an R² value of 0.3932 with p-value of 0.34 which established that the 

two variables are statistically insignificant.  

The regression equation between the average digging time and 

number of bucket passes during the loading of muck pile had an R² 

value of 0.6364 with p-value of 0.82 which proved that the two varia-

bles is not statistically significant. 

(ii) The correlation of crushing time with fragmented size ascer-

tained that the regression equation of blasting performance had an R² 

value of 0.6408 with p-value of 0.00 which means the two variables 

are statistically significant.  

Consequently, the regression equation of how much the various 

fragments deviates from the mean size (P50) of the stock of materials 

had an R² value of 0.6212 with p-value of 0.11 which means the two 

variables are statistically insignificant. The regression equation of 

range of sizes of the fragment had an R² value of 0.2772 with p-value 

of 0.07 which means the two variables are statistically insignificant. 
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