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ABSTRACT

This study sought to investigate the factors that affect fuel consumption by haul truc]
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CHAPTER 1

INTRODUCTION

1 BACKGROUND

Open-pit mining is a process of extracting useful minerals from near-surface deposits by
excavation or cut made at the surface (Wetherelt and van der Wielen, 2011; Mero et al.,
2017). Open-pit mining methods generally employ a conventional mining cycle of
operations to extract the minerals. These include drilling and blasting for rock fragmentation

and, loading and hauling for materials handling.

In any mine today, managing the operations cautiously results in the profitability of a mine
(Coronado, 2014). Research shows that truck haulage accounts for a s1gmﬁcant amount of
p to 40% of
the total cost (Bishop, 1968; Michaelson, 1979; Sullivan, 1990) Fuel consumptlon is one

production costs (= 26%). In addition, together with shovels, they constltute_

of the primary operating costs in shovel-truck operations, wnth fuel cost representmg a

Fuel efficiency is the relationship between fuel consumption and

also defined as the ratio of the amount of useful work g)’_‘ne to th

reference to Debswana Orapa Mine in Botswana.

In open-pit mines, dump trucks are used along with excavators to han'fdl'



The fuel consumption of dump trucks is affected by the distance and nature of the haui?,
roads, payload, speed, rolling resistance and topography of the area. Other factors include:
empty and gross weight, power, acceleration, idle time, aerodynamics, tyre quality, wheel
alignment and inflation pressure of tyres, fuel quality, the operator’s efficiency, outside
temperature, weather and quality of a truck’s maintenance program (Kecojevic and
Komljenovic, 2010).

Most of these parameters can be controlled by the mine operators to some degree. Adequate
management of these factors may significantly reduce the fuel consumption by haulage
trucks while providing the required truck efficiency, without important investments or

operational changes (Kecojevic and Komljenovic, 2010).

1.1 Problem Statement

1.2 Research Rationale
This research work will assist:

i. The management of mines with a system that can b’e

consumption. e

In planning for how much fuel is going to befre_qp ;

truck with abnormal fuel consumption.




1.3 Research Objectives

The objectives of this research are to:
i. Investigate the factors that affect the fuel consumption of haul trucks in open-pit
mines.
ii. Propose and implement an algorithm for predicting fuel consumption by haul trucks
in open-pit mines.

iii.  Evaluate the system against benchmark in terms of accuracy and performance.

1.4 Research Questions (RQ)
There are several research issues that need to be addressed to understand the problems of
fuel consumption by haulage trucks in open-pit mines and prediction techniques. This
research tries to find answers to the following research questions:
RQI: What are the parameters influencing fuel consumption byhaul
mines? £
Rationale: To determine which parameters are more detrlmental to fuel consu
identify the controllable and uncontrollable parameters
Methods: Systematic literature review.

RQ2: What is the mechanism used by Orapa Mine for contro‘llmg/ de—queum

the mining operations?

consumption, idling, or/and travel times.

Methods: Interviews, Questionnaire and Ethnography.
RQ3: What are the techniques or methods that can be u
haulage trucks in open-pit mines?
Rationale: To predict fuel c_origu__rrgp

understand easily.

mine managers.

Methods: Different validation methods, effect size»an_d pra‘(:tic.‘




1.5 Expected Outcomes

The expected outcomes of this research are to be able to predict fuel consumption by haulage
trucks using the developed prediction models. A well-functioning model for predicting the
fuel consumption of haulage trucks in a mine could be used to determine haul routes that
will minimise fuel consumption. This could be useful because reducing fuel consumption
means reducing operating costs and reducing the environmental impact of dust and exhaust
fumes in the operations. The model could also be used to detect and identify haulage trucks

that consume a higher than normal amount of fuel. This will enable the early identification

and correction of possible defects in the haulage trucks.

1.6 Methods Used
This section outlines all methods used to answer the research questions. A description of

yprovided and

how fuel consumption by haulage trucks data is extracted at OrapaMm P

the method for data modelling is discussed.

Survey: In order to determine the variables influencing ﬁifelluconsumpti " haulage trucks
in open-pit mines and the techniques used for predicting fuel consumption by ‘
trucks, a comprehensive literature review was conducted o similar topics. b

SE0 e
The ethnography of the Orapa Mine pit and the time studies o

the loading points through haulage segments in the pit to dum

loading points.




by the haulage trucks along the various routes. It is configured to find which route will result

in the shortest travel times.

Data was gathered from Orapa Mine through reports generated by the service providers
(Komatsu and Barloworld Equipment). The data is on the fuel consumed by the various
mining equipment and also captures 11 parameters (e.g. payload, cycle time) on a trip basis
from Barloworld which is responsible for the CAT 789 and CAT 793 trucks which are of
190 ton and 240 ton respectively.

The data gathered from Komatsu is on the fuel consumption and 37 parameters (e.g.
payload, speed, cycle time, etc.) on a trip basis. Komatsu is responsible for the Komatsu 730
and Komatsu 830 trucks which have 190 tons and 240 tons capacities respectively.

Experimental procedure: The steps taken to determine if Case-Based Reasoning (CBR) can

%
be used to predict fuel consumption by haulage trucks are outlmed Itis 'rxi y of note that

the available records in the literature show that the CBR techmque has *&eer been used in

to new problems. To determine if CBR can be used to- predlct fuel consump i€

mines the following steps were followed:

Mine was used.




al. (2015) when predicting the Design Reality Gap (DRG) scores for telecen

evaluating the prediction methods.

1.7 Scope of Work

climatic and operational conditions. Accordingly, the results obtained by using-;.ff

methods in one mine may be different from those of other mines.

Mine. Chapter 3 has the li e review which mcludes paramete

consumption b hy hmtiﬁfe? used in predlctmg fuel cons

haulage trucks i

contains the Conclusions and Recommendations arising



CHAPTER 2

GENERAL INFORMATION ABOUT AREA

2 HISTORY OF MINE

Orapa Mine is the oldest operating mine in Botswana and the largest open-pit diamond
mine in the world. The diamond deposits in Orapa were discovered by a team of De Beers
geologists in 1967. The mine was officially opened in July 1971 by the then President of
Botswana, His Excellency Sir Seretse Khama (Anon., 2018a). The mine is located in

central Botswana 240 km west of Francistown as shown in Figure 1.

Zim

Bulawayo

. _Orapa Dlamon’éi Mine

g

Gaborone

Pretoria

Mahikenq

Figure 1 Location of Orapa Diamond Mine (Anon., 2018b)

Orapa Mine is owned by Debswana Diamond Company (Pty) Limited, a collaboration

between the Botswana government and De Beers Group of Companies. The company was

incorporated on June 23, 1969, under the original name of De Beers Botswana Mining
Company (Pty) Limited. The company changed its name on March 23, 1992, to Debswana
Diamond Company (Pty) Limited. Debswana is the world's leading diamond producer by

7
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value and Botswana's largest private-sector employer, with over 5,000 employees and over
6,000 contractors. Orapa pit is currently at a depth of 250 m and is estimated to reach 450
m by 2026.

Debswana operates four diamond mines namely Orapa, Letlhakane, Damtshaa and
Jwaneng Mines (Anon., 2018c). Through these mines, Debswana has made a tremendous
contribution to Botswana's economic growth through diamond revenue, transforming
Botswana from an agriculture-based economy in the 1960s into a country that has

consistently displayed one of the world's highest economic growth rates.

2.1 Geology of Mine
The Cretaceous Orapa A/K1 is exposed as a bilobate kimberlite pipe with preserved crater

lithofacies. The pipe is currently the biggest of all known kilb'nberlit_qb; ies within the

Orapa Kimberlite Cluster (Maphane, 2017). Orapa's kimberlite occupies an area of 118

km? on the surface and is part of the Karoo Super-group lying above Archa;__‘ n granite and

it consists of Stormberg-aged basalt lavas. The surface intersection of the Orapa kimberlite
pipe is ovoid in form, 1,500 m long and 1,000 m wide (Anon., 2013a). A numt

kimberlite bodies are currently being economically exploited (e.g. Ofapa A/K
B/K9 and B/K11 and Letlhakane D/K1 and D/K2) or at advanced evalu
(Maphane, 2017). The Orapa kimberlite has the world's second-largest di

the surface about 93 million years ago. Orapa Mine is projecte

million carats out of 205 million tons of mineral over.its 15-

through each step. These phases include (Anon., 2018d): :
1. Mining: Drilling and blasting operations are used to break do,w‘n.,mill‘i“
ore and waste. Large shovels then load the kimberlite (ore) and w.

and carry them to the primary crusher and waste dumps, t




(W)
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Figure 2 Layout of Orapa Diamond Mine Pit (Anon., 2018b)

Crushing: Ore is broken down through different stages of crushing and screening into
controllable sizes to the size of the rock fed to the processing plant and release
diamonds from the host kimberlite rock.

Treatment: Diamonds are denser than the rock that contains them. In a method known
as Dense Media Separation (DMS), heavy minerals, including diamonds, are
segregated from light minerals until the material has been reduced to the right sizes
and diamonds are liberated. To float light minerals and isolate them from heavy
minerals, a Dense Medium Separation technique known as ferrosilicon-powdered
iron and silicone in water is used. DMS is one of several pre-concentration methods
used for early rejection of waste from run- of- mine ores running at relatively coarse
particle sizes before additional milling and beneficiation. |

Recrush: The remaining material is forwarded to the Recrush Plant from the DMS
Plant. The ore is recrushed using a more advanced process. This plant helps release
the smaller non-liberated diamonds from the initial treatment process. The process
yields a concentrate.

Recovery: Diamonds have many remarkable properties that can be utilised to recover
them from the concentrate prepared source. They emit light under X-rays that allow

detection and separation of them (Moore, 2009). Diamonds repel water and are drawn




to grease. The diamonds bind to the grease when the concentrate is mixed with water
and passed over a grease belt. Diamonds fluoresce under laser sorters that are used
to further concentrate it within the processing stream.

6. Sorting and Sales: Sorting, washing, packing and weighing of diamonds takes place
in an automated Fully Integrated Sorthouse (FISH). FISH maximises the protection
of diamonds while improving the sorting of diamonds using laser technology. The
diamonds are then sold to the DTC Botswana in Gaborone. At DTC Botswana, the
diamonds are sorted into more than 12,000 different categories before being sold to
De Beers by the DTC Board, who in turn sells them to their clients in Gaborone. The
rough diamonds then find their way to cutting and polishing centres where they are
sold to manufacturers producing diamond jewellery for the leading consumer

markets.

2.3 Haulage System at Orapa Mine
Orapa Mine uses a fleet management system called Wencomine provided by Wenco
International Mining Systems for its mining fleet. Wenco International Mining Systems

provides GPS-based fleet management systems for open-pit mines worldwide. E 8

Wencomine Fleet Management System (FMS) meets the open pit needs of the miﬁef]}, G
allocating vehicles, managing payloads, streamlining haul cycles and monitorilig o‘
mining operational details. Wenco has a tight integration that includes fuel level se‘
tyre pressure monitoring systems and payload managers that help to equ1p dxspat

the requisite control, expertise and understanding to minimize costs, increase saﬁety and

profit sustainability across the operation (Wells, 2018). Wenco also help

control off-routes trucks, engine overspeeds and payloads. Eve,ry»“g;gck, fshovel and
auxiliary unit is completely controlled through the Wencomine tdrag'-a.r(id-drop interface.
Switching tasks, reading reports and responding to ~warriings from the original equipment
manufacturer is as simple as clicking on a button (Wells, 2019a). Wencomine supports
decision taking that resets the mine performance. With Wencomine it is possible to track
key performance indicators (KPIs) such as waiting time, cycle time, payloads, availability

and quality of grade.

Wencomine entails a dynamic dispatch that operates in two stages. First, to ggnéfa

A0 e




reduces the number of truck needs, shortens waiting times and produces more mate:

Dispatchers see a mine projection and change according to need (Wells, 2019b).

Wencomine is equipped with advanced GPS-based navigation called PitNav or turn by tu
navigation which searches for route congestion, blast delays and other obstacles to trqv
PitNav then redirects the haulage trucks to alternative routes conserving hundreds of hours

FitNav navigates around hazardous sites then excludes equipment from these speciﬁcGP
T
enf?sa 3



CHAPTER 3

LITERATURE REVIEW

3 INTRODUCTION

According to Siami-Irdemoosa and Dindarloo (2015) and Rodovalho et al. (2016), the main
haulage equipment used in open pit mines are dump trucks and they constitute a sizeable
proportion of both capital and operating costs. Fuel consumption in surface mines accounts
for about 30% of overall energy costs. Research by Coffey (2016) shows that an increase
in engine speed reduces efficiency, whereas an increase in torque increases engine
efficiency. Coffey (2016) further note that if fuel consumption is a function of driving
resistance and engine efficiency then it is necessary to recognise that driving resistance is
a function of road conditions and driver behaviour while engine speed is a function of

vehicle speed and gear position.

3.1 Haulage Truck Fuel Consumption Parameters

related to the vehicle’s design, manufacturing and assembly. A pap

and carbon dioxide emissions from passenger cars m Euro in the laboratory and real-

world emissions categorised the factors affecting :ﬁ;gl ‘ ’. 0 three groups as
(Fontaras et al., 2017): :
i.  Vehicle characteristics and systems-related factors These factors are based on the,
key energy consumption contributors, which determine the fuel consumption. __

ii. Environmental and traffic conditions. This includes factors such as Wg ;
conditions, the morphology of the road and traffic conditions.

iii.  Vehicle driver-related factors such as driving style and vehicle mainte




A study by Soofastaei et al. (2016) into reducing fuel consumption of haul trucks in surface
mines using artificial intelligence models found that the factors that contribute to the fuel
consumption by haul trucks include haul road properties and conditions, condition of

trucks, truck speed, rolling resistance and environmental conditions (see Figure 3).

Gradient Surface Component of GVW"
*Gross Vehicle Weight (GVW) = Load + Truck Weight

IFigure 3 Sketch of Key Factors that Affect Haul Truck Performance (Soofastaei et
al., 2016)

3.1.1 Driving Style

Several studies have been conducted on the effects of driving style on fuel consumptlon

Driving behaviour refers to a driver's personal driving style and is characterised by rap d

and average speed, acceleration and gear selection (Brundell-Freij and Ericsson, 2005
report by Rodovalho ef al. (2016) also demonstrates how driving style is a’ﬁ'ected
performance of the truck operator, which varies under conditions of acceleratlon, brakmg,
cornering, variable speed and manoeuvring. A study by Carpatorea et al. (2016) found that
around 30% of the operational cost for the fleet is as a result of the driver. Ihg:cfore, having
efficient drivers is important to cut down fuel consumption in -haﬁlﬁée operations.
According to Ishibashi et al. (2007), many parameters such as driving environment, traffic
situation, driving context, driver’s condition and characteristics affect the driver’s
behaviour. The driver’s characteristics include gender and age, driving experience and
habits such as years of working experience at the particular mine site, involvement in traffic
accidents, driving frequency and annual mileage. A study by Zacharof et al. (2016) on the
factors affecting fuel consumption and carbon dioxide emissions by passenger cars
concluded that aggressive driving increases fuel consumption and this is m

characterised by high acceleration and high speed. A study by Rolim et al. (2017) on !

13




different factors shown in Figure 4.

é Driving Characteristics 2)

-Age,Gender, etc
-Marital Status, Education,

work experience etc
-Attitude,perceptions,
\_ expectations etc )
(“ Vehicle B

-Type, model, engine

Characteristics Driving Behaviour

Mobility Patters

-Travel duration
-Traffic Condition
{ -Road geometry

Environmental Indicators

-Weather Conditions

Figure 4 Features Inﬂuencmg Driving Behavnour olim et al. 2017)

3.1.2 Rolling Resistance

Rolling resistance (RR) is ‘deﬁned_,a;s a measure of the force requis




various aspects including mine schedules, financial requirements and constraints,
availability of personnel and equipment, weather conditions and the quality/condition of
the haul roads (Thompson and Visser, 2003).

Another research by Thompson and Visser (2003) on mine haul road maintenance
management systems shows that where the total resistance is low, a slightly grdwing rate
of fuel consumption with speed was observed due to dynamic rolling resistance effects.
This effect was largely hidden at higher levels of total resistance by an approximately linear
increase in fuel consumption with speed (Thompson and Visser, 2003). Dotto (2014)
investigated the impact of rolling resistance on the fuel consumption of haul trucks and
found that when it comes to rolling resistance, the rate of increase in fuel consumption is
influenced by the surface wearing course material used, traffic volume and the increase in
total resistance. These effects are more significant in smallér trucks than'in larger trucks.
Figure 5 shows that an increase in rolling resistance leads to a.fdecrease B i’i‘uck speed,

lower production and an increase in fuel consumption.

180% 10%
160% 1
140% -
120%
100% 1
80% t
60% t
40% +

20% 1+  Fuel cost
0% A t t
1% 2% 3% 4% 5% 6% % 8% 9%

Rolling Resistance

Fuel Cost

O Ry %l

Figure 5 Effects of Rolling Resistance on Product




Grade Resistance (GR) is the amount of force required to overcome gravity (Johansson,
2016). It is measured as a percentage and calculated as the ratio between the rise of the

road and the horizontal length.

3.1.3 Speed

A paper by Richardson and Mclver (2015) on improving mine haul road surfaces and ways
to reduce haul truck fuel efficiency showed that fuel consumption by trucks is dictated by
the conditions of the haul roads as transmission shift is minimised by smooth constant
grade, which allows the driver to maintain high speed and allowing constant braking efforts
on returns which reduce fuel consumption. On the other hand, poorly designed or
maintained roads lead to dramatic cost increases due to higher fuel consumption. Another
study by Dey ef al. (2017) reveals attempts by drivers to run the trucks on flatter surface

roads under steady-state conditions. However, observations show that a few drivers change

the speed with frequent braking under poor road conditions resulting in varjgng speeds. It
is also shown that fuel consumption increases due to variation of speeds ori‘?tfie haul roads

and the speeds between 20 - 30 km/hr give the best fuel economy and safe dnvmg

conditions along the haul roads. A paper by Brundell-Freij and Erlcsson (20
that a significant increase in fuel consumption occurs when the speed is b&i w 2

which Ericsson (2001) has defined as the stop time.

3.1.4 Cycle Time

Research by Dindarloo and Siami-Irdemoosa (2016) on the determ

truck cycle.




= Queaing ) P

Queuing Returning Dumping

Figure 6 Truck Cycle Time (Soofastaei et al., 2016b)

3.1.5 Payload

A paper by Soofastaei (2016) shows that variance in the payload of haul trucks affect their
fuel consumption. It also indicates different parameters that affect the loading of trucks
include blast design, degree of fragmentation of the muck pile, operator’s efficiency and
mine planning. It also states that optimal payload must be strived for by the operator during

the loading of haul trucks. Another research on factors affecting fuel economy by Smith

(2012) suggests that a heavily loaded truck will consume morelfuel than gt%ghtly loaded
truck. However, a study by Motlogelwa and Minnitt (2013) showed that fu%} consumption

in litres per ton decreases with increaéing tonnage (see Figure 7).

(2 o [
o) o)) o L~
S o) 0 S

Yo
)]
N

b
)

1.58

Litres of diesel per tonne

{ 156 ! : : " :
? 175 18 185 19 . 195 208 0051 DTSR

' Average Tonnage

Figure 7 Average Tonnage vs. Litres per Tonne (Motlogelwa and

3.1.6 Weather Conditions
Weather conditions also have a significant contribution t

trucks in mines. The findings of Fontaras et~,él; (201




higher rolling resistance leading to higher fuel consumption and that the effects of air

conditioning on fuel consumption depend primarily on the desired interior temperature and

ambient temperature.

3.1.7 Haul Road Geometry

A road network for mines typically consists of 10 - 25 km of road segments with variable
traffic volumes and quality of construction materials. If the road surface is not regularly
repaired, there will be rutting and haulage segments where vehicles have to slow down
their speeds to deal with adverse conditions (Kaufman and Ault, 1977). Holman (2006)
concluded that poorly maintained haul roads raise operating costs in terms of maintenance

and fuel costs.

1.8 Tyre Condition B,
Tyre costs account for 18% - 22% of the total operating cost of a haulage ﬂeet (Knights
and Boerner, 2001; Meech and Parreira, 2013). The findings from Thompson (1979) show
that fuel consumption is affected by tyres because of the force and the wprk required from

the engine to propel the vehicle. Furthermore, when a truck travels on level r

dissipated in the truck’s tyres or in overcoming the aerodynamic drag of th

3.1.9 Idling Time
Truck idling refers to running a vehicle without moving the vehicle (Anon.

idling, the engine often continues to partfally burn fuel, resulting i

2013). Idling-affected components include engme ga

filter. When grounded the damage caused by in




Haul roads can be highly complex, cover wide areas of land and pass through extreme
changes in elevation. Excavator load times depend on excavator capacity, digging
conditions, truck capacity and the operator’s efficiency. Queues may also form at the
excavator locations when the individual shovels are allocated too many trucks (Necmettin,
2004). Production scheduling can reduce idle times of haulage trucks and excavators
(Darling, 2011). Rahman et al. (2013) state that truck drivers idle their engines to maintain
cab comfort to obtain the power needed for accessories such as air conditioners, heaters,

refrigerators and lights. The idling of engines increases their fuel consumption.

A paper by Lutsey et al. (2004) states that when idling, the amount of fuel consumed while
tie vehicle is idling can be estimated by the engine speed. Engine speed (rpm) has a
substantial effect on the fuel consumption of heavy-duty trucks that idle. A study was

untdertaken on reducing stoppage time for haul trucks. The analysxs gmcluded different

than when loaded (Hargroves et al., 2014).

3.1.10 Queueing Theory

Queueing theory deals with waiting of humans, units, or é,htiti_,gs at a given location for a

banks and computer systems. Queueing theory.is a field that applies probabil

problems in traffic engineering, telecommunication and operatio

locations.

3.1.11 Engine Load Factor




the work process (Klanfar et al., 2016). It is also defined as the ratio of a

maximum load in an operating cycle (Kecojevic and Komljenovic, 2010);

caiculating fuel consumption (FC):

€ .= 0.3"MEERSR

FC = % X LF x P

The engine power (P) of a truck can be

_REXS

< 3.6

where RF is Rimpull Force



Table 1 Mining and Off-Highway Trucks Engine Load Factors (LF)
Operating LF (%) Description

Condition

Low 20—-30  Continuous operation at an average gross weight less than
recommended. Excellent haul roads. No overloading, low load factor

Medium 30-40  Continuous operation at an average gross weight approaching
recommended. Minimal overloading, good haul roads, moderate load
factor

High 40-50  Continuous operation at or above the maximum recommended gross

weight. Overloading, poor haul roads, high load factor.

Source: Anon. (2017)

3.2 Introduction to Machine Learmng

learning algorithms are given data that represents a taskx
predict a solution (Sigweni, 2016). The categorles of leammg are supe

unsupervised learning.




learning has input variables (x) and output variables (Y) and an algorithm is used to learn
from input to output the mapping function (Brownlee, 2016). The aim is to estimate the
mapping function so well that you can predict the output variable (Y) when having new

input data (x) using equation (5).

Y = f(x) (%)

It is called supervised learning because the process of learning an algorithm from the
training dataset can be considered as a teacher overseeing the learning process. The correct
answer is known and the algorithm repetitively makes predictions about the training data
and the teacher corrects it. Learning stops when the algorithm hits an appropriate level of

success (Brownlee, 2016).

v‘.’i

or the output variable is a category and regression (mappmg mput to a con ‘uous output)

¥ !

or the output variable is a real value (Brownlee, 2016; Soni, 2018). Supe ﬁlsed leammg is

frequently used in applications where historical knowledge can be used to pr

future events (e.g. fuel consumptlon for the next trip usmg data from the |

sections.

3.2.1 Fuel Consumption Prediction Techniques.
This subsection outlines the techmques {
consumption by haulage trucks in o’ént'
planning tool that can be used to rédgﬂ
pit mining. These techniques include Artificia
Linear Regression (MILP), Multiple Linear Regression (MLR), Auto-Regressi
Moving Average (ARIMA) and Case-based Reasoning (CBR).

Artificial Neural Networks (ANNs) ‘
ANNSs have been used to predict fuel consumption (Siam(iV—I'rd" I




ANNSs can simulate the effect of multiple variables on one primary factor by a fitness
function. ANNS are trained by the values of the connections between parameters in such a
way that an input leads to the specific target output. The pros of ANN are that the hidden
and strong non-linear dependencies can be found after learning from examples and the cons
are that the prediction error cannot be generally estimated (Obitko, 1999) and ANN can

learn the dependency that is valid in a certain period only.

Multiple Integer Linear Regression (MILP)

Integrated analysis is the use of models that concurrently optimise changing decisions from
separate parts of a production system (Patterson et al., 2016). The disadvantages of MILP
rnethods are that linear programming does not consider the effect of time and uncertainty.
Parameters appearing in the model are assumed to be constant which is not the case in real-

life settings.

Multiple Linear Regression (MLR)

Kenton (2019) defined MLR as a statistical technique whlch uses several explanatory

variables to predict variable out of response. MLR attempts to model a llneat' :

between independent variables and dependent variables. The advantage of |
is extremely simple, but its main disadvantage is that it assumes that there is a straig]

relationship between variables which is sometimes incorrect.

Auto-Regressive Integrated Moving Average (ARIMA)

It is a statistical analysis tool that predicts future patterns using

loading time, hauling time when loaded, dumping" 1
entire modelling procedure must be repeated as there is no automatic updating with

as new data becomes available (Nanda, 1988).




e CBR uses data from the previous haulage trips to predict the fuel Qonsumption%'dlf‘:‘l
the next trip.

* CBR system learns by acquiring new trips through use. Hence, decision making
through the CBR system is dynamic.

e This system can be used even when the dataset is small and the maintenance of a

CBR system is easy.

This method according to research, was used to predict fuel consumption for light driving
vehicles (Rios-Torres et al. 2018). However, it was not used in the context of this research

to predict fuel consumption by haulage trucks in open-pit mines

Case-Based Reasoning (CBR)

Domains do not need to be completely understood and it highlights the impg
parameters. The disadvantage of CBR is that retriéval/adaptation knowledge is still nee
(Badamich, 2015). :

Research shows that CBR wa‘s:

problem (i.e. in planning househo ivities, CBR can be usec

worked and what did not work pre _ 1 use that to plan

as it is not model-based.




The components of the CBR cycle are as illustrated in Figure 8 (Aamodt and Plaz
Pal and Shiu, 2004):

Retrieving: Most similar cases to new problems are retrieved with the ai

similarity function from the case base.

Re-use the cases by integrating the solutions from the cases retrieved.

solve the initial problem.

Retaining the new solution once it is validated or verified.

P

G\
{ Problem ;

N ————

(rescen)

—




chosen from the available data to apply a learning algorithm (Kumari and Swamkar,20;-
It involves the determination of the optimum subset of features that would provide the m
accurate prediction (Ayoung et al., 2015). Hall and Smith, (1997) state that feature subs

AT o

F={fi, ..... {55 S

Where n optimises the obje

The objective is to determine the optimal subset of feature at maximises the




Filter methods: Filter methods assess the significance of the feature by examining the4 3
intrinsic properties of the data independent of an algorithm (Sutha and Tamilselvi, 2015).
All features are scored and ranked according to certain statistical criteria. The lowest
ranking features are discarded whereas the highest-ranking features are selected (Kumari
and Swarnkar, 2011). The filter method may rank individual parameters or evaluate all
feature subsets and feature filtering measures based on information, distance, consistency,
similarity and statistical measurement (Jovic et al., 2015). Filter methods fully disregard
the effects of the weight of the selected features on the output of the estimation algorithm
and the method is fast and independent of the classifiers (Sigweni, 2016). Filter methods
do not use a learning algorithm to evaluate a subset of features, since they use statistical
measures to rank features available (El Aboudi and Benhlima, 2016). Figure 9 is a

schematic diagram of filter methods.

Set of all
Features

Selecting the
best features

Learning
Algorithm

Variable ranking: The filter technique uses variable‘raﬁklgg.
features by values and by a scoring function that usua”llyh@easures feature
(Kaushik, 2016). The selection of a subset of input variables is often based ona ra
being built to order the variables according to a given specific criterion.
linearize the search and estimate the quality of the subsets that

variables (Quevedo et al., 2007).

X, contains a set of random variables which™ pote ally influence Y an

Dl s Xip)y i = L e , 1, independent copies of S = (¥, Xj,... '
on the response of Y (Baranowski et al., 2018).

The variable ranking makes use of the scqrihg' funct




output variable, yx. The scoring function is computed from values fi; ana yi(k =
(Guyon and Elisseeff, 2003).

used to calculate dependencies between quantitative variables fand y for n cases in a data
set utilising the means of fand y (de Siqueira Santos et al., 2014). A simple method .fOE_. :
feature selection using variable ranking is to select the k highest-ranked features according

to S. Equation (8) is used in ranking variables in the filter method:

Tiea(Fei- F)O=9)
J SRt~ F) SEa i 902

r{fi, y) =

and 0 if the random variables are not dependent

s =l (de Siqueira Santos ef al., 2g31'4).

M”‘“"

r approach, there exists a feature SUGEE

nd the n uction algorlthm Usmg the induction

search procedure is described in the space of possible s

subsets of features are generated and evalua shown in F

Generation of

All Features features

'N_Lfli("ﬁ? "Y B Der 'ﬁi‘ii|;'.¥-’:~;{'ﬁt 1
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Evaluation of any given subset of features is obtained through training and testing of
specific classification model, execution of this approach is adapted to a specific

classification algorithm (Kumari and Swarnkar, 2011).

Wrapper methods employ a learning algorithm that is adopted to evaluate the accuracy of
the performance of a candidate feature subset which leads to better results (El Aboudi and
Benhlima, 2016). A search algorithm in searching the space of all feature subsets is
‘wrapped’ around the classification model. A heuristic search model is used as the space

of feature subsets grows exponentially (Kumari and Swarnkar, 2011).

in the Wrapper approach, the dataset is usually separatedmgo training data and test data. A

good subset is then searched using the feature subset se

mnduction algorithm itself as part of the feature subst

a predefined induction algorithm:
1. Searching a subset of features. k-

2. Evaluating the selected subset of features by the performance of theind!

o
o

algorithm. 3

3. Repeating steps | and 2untxl the desired evaluation accl

1]

method is used to find the optimum subset of featur:
et al., 2013). The embedded method uses a search pr

*
oy




Training Feature 1
Data Feature  INyeight set i i 5
Weight set g Weight set Evaluation ]
C—
Search Feature H thess
Pet:forn.mance Weight set TPorSs
estimation ;
Induction Algorithm r 3‘
Final
Weightset  Results
Test Data Validation
2 Induction Algorithm e

Figure 11 Wrapper Approach to Feature Weight Set Selection (Sigweni, 2016)

The advantages and disadvantages of feature selection methods (i.e. Filter, Wrapper and

Embedded methods) are summarised in Table 2.

Feature

Selection

Methods

Filter o Fast and scalable °

e Simple computation

e Independent  of
classification algorithm

e Better computational

difficulty than the wrapper | ®

approach

Higher

accuracy.

e Interaction
classifier =~

e Considers th
dependencies.

e Good classification
accuracy.

e Minimises computational

cost.

Interaction with the
classifier.

e Consider the feature
dependencies.

e Better runtime than
wrapper methods

Advantages

classifier
e Ignores
dependency

the

Wrapper o classificati

Embedded °




Case-based reasoning (CBR) is preferred as the best technique to be used to predictifﬁl,
consumption by haulage trucks in open-pit mines. CBR was selected because it is the
simplest method that can be easily understood by mine managers and its domain does»ﬂdt;
need to be understood completely by the mine managers. CBR uses data from the previous

haulage trips to predict the fuel consumption of the next trip.

3.3 Analogy Based Software Effort Estimation
Estimation by analogy is basically a form of case-based reasoning (Bajta, 2015). Azzeh
and Nassif (2015) defined estimation by analogy as a simplified process of finding nearest

analogies based on the notion of retrieval by similarity.

3.3.1 ArchANGEL Analogy Based System

interface (GUI) as its primary user. ArchANGEL allows%ﬂx estimator specified featu
be used when it searches for source analogles. The built-in search algorithms
possible combinations of the featuréjsub§¢t.;§nd select the one that minimises the pre dict;

metric to determine the best subset_:(l(glgt'lng, 2009).

Estimation using analogica

base case to a new project fi

shown in Figure 12 (Sigweni, 2016):
i. Template is like a data dicti 'narY




ii.  Information captured in a template build trip case base. It is the
data.

iii.  Using source trips as the trip’s base case, allows the user to generats

for target trips. ¢
Template Editor
Used by | Project
+ Template File "1 Editor

Creates/Modiﬁesl Ao
Used b - ST

Although many approaches have been used
feature subset selection and case-based reasonir ) d together with
ArchANGEL in this research. ;

Similarity measure: Measuring simil
estimation. For calculating the degree of s

A

function is used. Similarity pl an impa




space as given in equation (9):

ED(x, y) = J iz (xi — ;) ©)
where: n is the number of parameters, x and

Euclidean distance equation (10) measures the distances WO projects or trips:

n
D(t, t') = ZW1DiS(f1 =)
i=1

(f, — £)iff; and f;’
Dis(f, — ) =< 1 iff;andf]
0 iff;andffa

aS AONo!

prOJects/tnps to predict thef

influences the accuracy of



eung 20 8) shows a proce

value for each project |

project cases (X1, X2, X3, ...., Xu) the tra

i.  Euclidean distance betwee
by their similarity.

Prediction is then simulated with k = 1, k = 2, for case xi. The mean



and Shiu (2004) state that the adaptation rules are mechanisms used to derive a new estimat
to lessen the differences between donor cases and the new case being predicted. Various
techniques of adaptation have been proposed, such as: A
i.  The mean adaptation rule uses the nearest neighbour's average effort. It expresses

the central value of a set of cases and assumes similar cases have equal effects-“‘ /

with each other. ‘

ii. The median adaptation rule is another measure of central value for a set of cases.

It takes the median of the effort of selected neighbours. Thus, it is more robust

than the mean as k increases (Angelis and Stamelos, 2004; Sigweni, 2016)

1ii. The inverse distance weighted mean allows

effects on the prediction. Therefore cases more lar to the new case being

in this research work.

3.4.1 Methods of Accuracy Estlmatlon

- hows that windowing is one of the effec

es in the windowing

Figure 14, T represents the earliest trip (i.e.

Estimation, e.g. starting with 3 trips. Win.dOF




used to predict trip Tn.
DATASET T Ty T3 Tg Ts T‘ Tz T‘ Tg Tm Tn Tn
A
WINDOW 1 Imn|ln|n
WINDOW 2 T | T2 | T3 | Tg —
PHNDOW n T | T | T3 | T | Ts

2016)

2. Moving approach

happens if one assumes that recent tri ﬁps reﬂect wha

practlce while past trlps become less relevant over tim




DATASET Ty Ty T3 Tg TS5 Ts Tz Tg To | Tio | T11 | T12
A A
WINDOW 1 T | T | T3
WINDOW 2 2| V3| Ts =
WINDOW N B T Ts — Tn3 | Tn-2 | Tn-1

Figure 15 Evaluation Data Set using Moving Window (adopted from Sigweni, 2016)

3.4.2 Evaluation Method

The quality of prediction results plays a signiﬁcant pai:tlnan&i sis and decision making and

(Shepperd and Macdonell, 2012).

257
o

e~

o}

Evaluating an estimation system is ba’séﬁ;upon Standardised Accura

dataset D using some accuracy
MacDonell, 2012). The SMM method car

statistic, S, the following steps must be taken:

1. Performance against random guessing




useful way or at all.

2. Testing for Significance

| xi— yil
Xin

MMRE=

residuals of a predicti cause it is an asymmetric me
Kitchenham et al, 2001;

Ostvold, 2006) since MMRE penallses overestlmatlon :ﬁ'@f’f‘ﬁ-ﬁ?lﬁ"’tﬁm

2 model



PRED(p) is the percentage of all predicted cost values that are within p% of_tlhe:‘
p = 25% is the widely used value. PRED(p) is calculated as in equation (13):

l
PRED(p) = ~

Where n is the number of all trips and / is the number of trips whose MRE < p-value. T
evaluation method is not appropriate for comparing competing predicting models, as it

not differentiate between system models that fall outside the p% range (Li et al, 20'09)..

Due to the above-mentioned issues for MMRE dMRE and PRED(p), Shepperd

of these statistics is based upon Mean Absolut
(14): e

SR (xi-yil)

n

MAR =

where: x; is the i value predicted Vi

n is the number of trips -in‘}tljié datas



where: MARE = mean of a large number (normally 1000) runs of random gu

SA = ratio representing how much better the estimation system Ej is thanran
E,. If the SA value is near zero it would be discouraging and a negative value !

more regrettable.

3. Effect Size

| MARg, ~ MARg
: A= )

ii).




means of two groups. By convention, if p <0.05 (i.e. below 5%), the difference is.

be large enough to be 'significant'. If not, then it is 'not significant' (Coe, 2002).

7

To determine which method to use the following steps are followed:

1. A significance level of (5%) is used.

o)
L

The standard deviation of the control and experimental groups is determinéc_l

the standard error (sd) is determine

5 5

sd =
Ny Nz

where: S; and S» are the standard devia

: V B
respectively whereas Nj and N2 are sample size
3 i\l"

respectively.



Table 3 Classes of Effect Size

Relative Size Effect Size Percent of Control Group (< Mean of

Experimental Group)

Small 0.2 58
Medium 0.5 69
Large 0.8 79

Source: Adapted from Coe (2002) and McLeod (2019)

Repeated measure design: The repeated measure design was opted for in this work because
it takes measurements on the same subject over time and under different conditions. It is
characterised by having more than one measurement of at least a given variable for each
subicct. The repeated measure design also reduces the variéjiccs of estimates of trips by a

haulage truck which allows fewer statistical interferences t’d-t__i,e madqﬂf-‘w% 1 fewer trips. It

T

o

G e 3 e 4
also aillows more experiments to be completed more quickly as fewer trips need to be trained

to complete an entire experiment. 4

functions embedded in the ArchANGEL system. Threengg‘»tfhation "techniq 1es \
for in the prediction of fuel consumption by haulage trucksjml open-pit mines using
methods. These techniques were utilised by Sigweni and éLﬁépperd, (2015 thei
analysis research and they constitute a range of poténtial methodologies that
Case-based fuel consumption estimation. These include:

1. Naive technique where a sample mean is used







CHAPTER 4

DATA COLLECTION AND ANALYSIS

4 INTRODUCTION
This chapter outlines how the data was acquired from Orapa Diamond Mine and \howj-"t'h
collected information is used to predict fuel consumption by haulage trucks using the
prediction methods. The qualities of each prediction method in predicting fuel consumption

are outlined.

4.1 i»ata Collection

maintenance and operation of CAT 789 and C :

ton capacities respectlvely

shift. The on-board screens are where all the inform

vehicle’s monitoring system.




slopes and switchbacks. The best possible travel path can be the most fuel-consuming f’c’iutes
as the system does not consider the amount of fuel consumed when selecting the best 1

possible path.

The dispatch system consists of infrared beacons which are communication points mounted
on each segment of the haul routes and at other strategic locations in the pit. The
programming algorithm assigns trucks to different locations throughout the shift using

these beacons.

The Wencomine system stores data in the form of reports. The reports were extracted

together with those from Barloworld and Komatsu for use in this work. The reports contain

several variables influencing fuel consumption by haulage‘,trucks and the amount of fuel

o to scenarios in

Scenarios for analysis of fuel consumption by haulage t(;yc
This section discusses three different scenarios used to analyse the p

consumption by haulage trucks in open-pit mines.




hours. The morning shift is from 06:00 hrs - 14:00 hrs, the Afternoon shift is from 14:00 hrs
- 22:00 hrs while the Nightshift is from 22:00 hrs - 06:00 hrs. Night shift work is usually
associated with fatigue from the lack of sleep of most workers during daytime which
eventually causes workers to doze off during the night shifts. As a result, production values
from night shifts are usually less than those in the other shifts. This research seeks to
determine how fuel consumption is affected during the three shifts and the factors that might
be contributing to the differences in fuel consumption. The details of the dataset used from
Debswana Orapa Mine are contained in Appendix 1. These were divided according to shifts

for analysis as Scenario 2 (see Table 4).

Table 4 Selected Datasets for Scenario 2

Datase No. of Cases No. of Features
CA Truck #3 - Morning shift 230 156
CAT Truck #3 - Afternoon shift 215 s B
CAT Truck #3 - Night shift 203 L BG

f_.;z‘*'

Scenario 3: CBR for predicting fuel consumption among different hat ’fage
at Orapa Mine ' S
Scenario 3 was used to check whether CBR can be used to preaict fuel copt on by the

different capacities of haulage trucks used at Orapa Mine.

The datasets presented in Table 5 were used to determine whether CBR canb

predict fuel consumption by haulage trucks of different capacities at Orapa-Min@;

Table 5 Selected Datasets for Scenario 3
Dataset No of Cases
Komatsu 830E Truck #1 514
CAT 793 Truck #2




consumption during the next trips.

import csv

from dateutil.relativedelta import relativedelta
from datetime import datetime

import math

with open ('CATtrucksPayloadTruck 3.csv', 'r') as Trucks:
head = ""
cases = {}
for line in Trucks.readlines():
case = line.split(",")
enddate = None
try:
: enddate = datetime.strptime(case[l],"sm/$d/s¥Y $H:sM 57
except ValueError; :
- head = line
' continue
cases[case[O]] = enddate, line
windows = { }
for tnum, tcase in cases.items():
: windows[tnum] = []
for cnum, case in cases.items():
‘ if case[0] < tcase[0]:
windows [tnum] .append(case[l])
: wlndows[tnunu append (tcase[l])
for cnum, case in windows.items () :
1f len(case) > 3:
wfile = open ('TRUCX3/window' + cnum + '.csv'
wfile.write (head) :
for c in case:
i i i wflle wr;te(c)

4.1.3 Prediction Using ArchANGE
ArchANGEL was then set up for predlctlon using
in Table 6.



Table 6 ArchANGEL Setup

Field Option
Target Feature Fuel Used
Number of Donors (k) 2
Performance Indicator Sum/r
Selection Strategy FSS or CBR

The fuel consumed by haul rucks during all target trips in the evaluation datasets was
predicted using the FSS and CBR techniques as the feature subset strategy and the sum of
absoluie residuals for these predictions were used as the accuracy indicator for each
prediction technique. The prediction for random guessmg’was done using the Python code
in Figure 17 where the input parameters are the actda fuel consumed and the output
paraineters are the standard deviation (sd), mean and th mean éﬁ
or MAR) values.

for (1 in 1:1000) {
factual <- c()
?predicted <- sample (actual, replace=F)
§print(as.interger(mae(error)))
§sd(predicted)

?mean <- function(error)

' mean (abs (error))

In this section, the mean absolute as used to determine the 3




of fuel consumed using the three techniques together with the absolute errors. In analysing
the results, it is expected that a good prediction technique should have small absolute errors
close to zero. Table 7 shows that the absolute errors from CBR-FSS are lower than those of
the CBR and Naive techniques. This shows that CBR-FSS is a better prediction technique

in fuel consumption than the CBR and Naive techniques.

Table 7 Random Sample (10%) of Actual Fuel Used, Predicted Fuel Used and
Absolute Errors for CAT Truck #29 Dataset

Trip | Actual Fuel Predicted Fuel in litres (y) Absolute Residuals/Errors
No. | Consumed (Ix-y])

|| (itres)(x) | CBR-FSS | CBR | Naive | CBR-FSS | CBR | Naive
T 9207 | 89.03 | 85.17 0.68 371 7.58

90, '; 87.06 86.12 99.38 | 85.17 0.95 12.31 1.90
21 | 8612 8659 | 9321 | 85.17 0.47 709 | 095
25 1 2070 20.50 39.74 | 85.17 1.26 1797 | 63.40
a7 90.85 9069 | 8423 | 85.17 0.16 6.63 5.68

29 88.96 8921 | 9933 | 85.17 0.25 1038 | 3.9
62 101.26 10123 | 11120 | 85.17 0.03 994 | 16.09
70 86.12 8565 | 8896 | 85.17 0.47 284 | 095
74 33.01 8864 | 15622 | 85.17 0.63 6821 | 285
107 | 2934 2839 | 6416 | 85.17 095 | 3483 | 5583
114 | 830l 8845 | 11807 | 8517 | 047 | 3005 [ 28
120 | 9085 90.85 | 9979 | 85.17 0.00 894 | 568
134 | 10221 103.15 | 97.98 | 85.17 0.95 422 | 1704
138 34.07 33.83 | 83.48 | 85.17 0.24 4942 |7 5110
139 35.02 35.02 | 3596 | 85.17 0.00 095" [ 50.15
142 | 35.02 3596 | 14266 | 8517 | 095 | 107.64 | 5015

Figure 18 is a boxplot showing the distribution of the residuals of the prediction techniques.

It shows that the residuals from the Naive technique were normally distributed while those

of the CBR-FSS and CBR techniques were positively skewed. From Figure 18 the CBR-

FSS technique has absolute residual values that are much closer to zero than the CBR and

Naive techniques. This indicates that CBR-FSS is a better prediction technique.
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statistically significant. The Standardised Accuracy (SA) of each technique an

sizes compared to random guessing are summarised in Table 9.

Table 9 Standardised Accuracy and Effect Size CAT Truck #29 Dataset

Techniques SA (%) Effect Size (4)
CBR-FSS 60.42 0.672
CBR 43.73 : 0.486
Naive 892317 0.360

than random guessing respectively. Accordingly, t_he.,_ ﬁ"




Table 10 Mean Absolute Residuals for Shifts Prediction for CAT 793

Datasets
Technique CAT 793 Truck #3 | CAT 793 Truck #3
Morning Shift Afternoon Shift
CBR-FSS 2.34 2.70
CBR 4.10 4.52 ,
Naive 4.39 1225 6.00
Random Guessing 6.18 14.93 V
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Table 11 summarises the effect size of the CBR-FSS, CBR and Naive techniques relative to A
random guessing. The effect sizes were obtained using Glass’s delta as the difference .
between the standard deviations were significantly different at p-value < 0.05. The effect
sizes were 0.382, 0.178 and 0.110 for CBR-FSS, CBR and Naive techniques respectively.
It means that random guessing is at the 62" percentile of CBR-FSS technique, 58"
percentile of CBR technique and 54" percentile of Naive technique respectively. Therefore,
random guessing will predict fuel consumption which will be more than 62% of that
predicted using the CBR-FSS technique. In the same way, random guessing will predict
average fuel consumptions of 58% higher than that of the CBR technique and 54% higher
than the Naive technique. The results also show that the CBR-FSS technique is better in
predicting fuel consumption by haulage trucks than the other techniques.

Tabie 11 SA and Effect Size for CAT 793 Truck #3 Morning ShlftuD%tas§t
Technique SA (%) Effec’t Size (A)

CBR-FSS 62.01 B 0322

CBR 33.58 - WU 4

Naive 20.83

Table 12 SA and Effect Size for CAT 793 |
Technique SA (%) Effect Size (A)

CBR-FSS 81.91 0.422

CBR 69.77

Naive 17.99




The effect sizes of 0.422, 0.360 and 0.093 respectively for CBR-FSS, CBR and Naive
techniques show that a trip from random guessing would predict fuel consumptions that are
> 66% of the fuel predicted using CBR-FSS, > 62% CBR technique and > 54% of the fuel
predicted by Naive technique. These effect sizes were computed using Glass’s delta after it
was determined that the standard deviation between the CBR prediction techniques and
random guessing had a statistically significant p-value of 0.0001. The effect sizes in Table
12 also prove that the CBR-FSS technique is a better predictor of fuel consumption levels

by trucks than the other techniques and random guessing.

Table 13 summarises the SA values of 65.45% for CBR-FSS, 44.39% for CBR and 18.51%
for Naive techniques compared to random guessing. The results show that the CBR-FSS

teciinique is a better estimator because of its higher SA value. The standard deviations of all

3 techniques agamst random guessing were determined to be statlstlcallye‘ i 1cant i.e. the

Technique SA (%)

CBR-ESS 65.45
CBR : 44.39
Naive 18.51




predicted fuel used are presented in Appendices 5 and 6. The results of Scenario 3 were also

based on absolute residuals which led to the calculation of SA values and effect sizes.

The mean absolute residuals obtained using CBR-FSS, CBR, Naive technique and random

guessing prediction techniques are summarised in Table 14.

Table 14 Mean Absolute Residual of Komatsu 830E #1 and CAT 793 #2 Datasets

Technique Komatsu 830E Truck #1 CAT 793 Truck #2
CBR-FSS 0.49 3.16

| CBR 10.61 5.54

‘Naive 16.62 11.08
Random Guessing 28.17 14.07

. R

>

Figure 22 shows the residual distribution for each prediction techmque fo ;,he Komatsu

830E #1 truck dataset. The plots of the Naive and CBR techmques are pg%sltlvely skewed
while that of the CBR-FSS technique is normally dlstnbuted The ploLof CBR—FSS data

prediction method than the other techniques.
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Table 15 shows the SA values fo {
ing the results from Table 14. T

¥
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Table 15 SA and Effect Size for Kom:

Technique SA (%)

CBR-FSS 98.28

CBR 62.34

Naive [ (40997 i S0\ 53,

Table 16 summarises the
- 3 0A ﬁ




21.25% for CBR-FSS, CBRand Naive techniques respectively. The results also show that
the CBR-FSS technique is the best estimation method as it gives the best prediction results

in fuel consumption by haul trucks.

Table 16 SA and Effect Size for CAT 793 Truck #2 Dataset

Technique SA (%) Effect Size (A)
CBR-FSS 77.54 0.435
CBR 60.62 0.340
Native 21595 0.119

From Table 16, CBR-FSS techniques have an effect size of 0.435. It means that the value
obtained from random guessing is at the 66" percentile of CBR-FSS. Thus, the prediction

of fuel consumed during a trip using random guessing will be = 66% of ‘t'ﬁ.éi‘t'fpredicted by

the CBR-FSS technique. In the same way, the CBR technique has an effegtgs‘ize of 0.340.
Thus, the random guessing technique will predict fuel consumption that wdiild > 62% ofthe

fuel consumptlon predicted by the CBR technique. Lastly for the Nalve techm

technique. Thus, using effect sizes as the criterion for comparison of p

the CBR-FSS is a better predictor than the other techniques.

#3_Morning, CAT Truck #3_Afternoon, C

larger SA values than smaller dataséts'(é > Ta




flatten out between 250 and 400 trips. This could be because either some important feattlfeﬁs
were no longer important, or the new cases predicted had no similar cases to the preVi'oué

cases used in the predictions.
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CHAPTER 5

CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

fuel consumption by haulage trucks in open pit mines. Thereafter, evaluate the systéiﬁ
against benchmarks in terms of accuracy and performance. Therefore from the analysis in
this study, it is concluded that: e

i)  The case-based reasoning (CBR) method can be effectively used to predict the 'fue"If L

consumption of haulage trucks in opén-pit mines.

ii)  The predicted values of fuel consumption us 1g the CBR-FSS techmque gave muchf,

iower absolute error/residual values than th(.)"s';
the datasets of CAT 789 Truck #29, CAT 793 Tru
nght shlfts) Komatsu 830E Truck #1 and CA
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APPENDIX 1

SAMPLE OF CAT TRUCK #29 DATASET
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APPENDIX 1

SAMPLE OF CAT TRUCK #29 DATASET

Trip Actual Fuel Predicted Fuel Used (Litres) Absolute Residuals/ Errors

Number Used CBR-FSS | CBR | Naive | CBR-FSS | CBR
(Litres)

6.00 15.62 15.62 16.79 18.24 0.00 118 [ 2.62

7.00 16.56 16.80 16.56 18.24 0.24 0.00 | 1.67

11.00 15.14 15.14 17.64 18.24 0.00 2.50 | 3.09

12.00 15.62 16.09 16.32 18.24 0.47 071 | 262

14.00 16.09 16.49 17.26 | 1824 0.40 1728 [2iIsh

6.00 16.56 16.53 1585 | 1824 | 003 67

17.00 16.09 16.53 1680

L2.00 16.09 15.62 16.33

2800 16.09 16.32 15.14

40.00 15.14 14.91 2T

50.00 16.09 15.88 1467

54.00 16.09 15.84 3341

55.00 15.62 15.85 153900

56.00 16.09 16.05 15.37

58.00 17.51 17.51 28.84

61.00 15.62 15.90 15.85 .

66.00 17.51 1798 | 17.03 | 1824 0.47

68.00 19.40 1972 [ 1658 18.24

69.00 15.62 15918

71.00 17.51 17.60

80.00 15.62 !

87.00 14.67

14.67




APPENDIX 3

RANDOM SAMPLE OF ACTUAL DATASET FOR CAT TRUCK #3

(AFTERNOON SHIFT)
Trip Actual Predicted Fuel Used (Litres) Absolute Residuals/ Errors
Number | Fuel Used "™CBR_FSS [ CBR | Naive | CBR-— | CBR | Naive
(Litres) FSS
1 14.20 14.20 13.53 22.69 0.00 0.66 8.50
4 14.20 14.20 15.18 22.69 0.00 0.98 8.50
21 15.62 15.56 14.67 22.69 0.05 0.95 7.08
45 14.67 14.67 14.89 22.69 0.00 0.23 8.03
56 14.67 14.58 13.27 22.69 0.09 1.40 8.03
69 14.67 14.62 15.14 22.69 0.05 0.47 8.03
85 19.40 19.49 14.90 22.69 0.09 4.50 3.29
87 16.56 16.56 14.18 22.69 0.00 2.38 6.13
88 16.56 16.56 15.38 22.69 0.00 1.18 6.13
92 16.56 16.59 15.61 22.69 0.03 0.95 6.13
117 16.09 16.20 16.33 22.69 0.11 0.24 6.61
124 17.51 17.66 15.15 22.69 0.15 2:36% 58S, 195
130 15.14 15.14 16.08 22.69 000 | 094 | 7.55
154 16.09 16.21 15.14 22.69 0.12
155 18.93 18.93 16.56 22.69 0.00
165 14.67 14.67 14.19 22.69 0.00
166 16.56 16.45 17.15 22.69 0.12
167 16.09 16.05 15.85 22.69 0.04
169 15.14 15.14 15.14 22.69 0.00
198 16.56 16.61 18.22 22.69 0.04 | 1.66
210 15.62 15.53 18.45 22.69 009

Rl




RANDOM SAMPLE OF ACTUAL DATASET FOR CAT TRUCK #3

APPENDIX 4

(NIGHT SHIFT)

190

15. 14

b 15818

Trip Actual Fuel Predicted Fuel Used (Litres)
Number | Used (Litres) ["CBR-FSS | CBR | Naive | CBR-FSS | CBR
3 15.62 15.62 1679 | 18.47 0.00 1.18
4 16.56 16.80 16.56 | 18.47 0.24 0.00
8 15.14 15.14 17.64 | 1847 0.00 2.50
13 16.56 16.53 1585 | 1847 0.03 0.71
25 16.09 1632 | 1514 |
| a7 16.09 1588 |
73 17.03 16.80
92 15.14 15.26
108 15.62 15.38
132 19.87 19.64
137 15.62 1568
144 15.62 15.52
146 15.62 1554 |
147 15.62 1554 | 13.
179 15.14 1538 | 1443
181 15.14 1537 | 14.43 &
189 15.14 ' 14.15 | 1847




RANDOM SAMPLE OF ACTUAL DATASET FOR KOMATSU 830E TRUCK #1

APPENDIX 5

Absolute Residuals/ Errors

Trip Actual Fuel Predicted Fuel Used (Litres)
Number Consumed
(Litres) " ~CBR-FSS | CBR | Naive | CBR.FSS | CBR | Naive
18 134.07 134.07 130.26 | 135.07 0.00 3.81 | 1.01
24 124.65 124.65 122.48 | 135.07 0.00 2.18 | 10.42
26 124.51 124.65 121.57 | 135.07 0.14 2.94 | 10.56
28 146.43 146.43 12728 | 135.07 |  0.00 19.16 | 11.36
123.67 12367 | 3718 | 13507 | 000 | 1351 | 1141
) 123.67 12367 | 12409 | 13507 -;-':'-;:j_i_‘_g.,oo~ [ 042 | 1141
47 141.09 141.09 123.05 | 13507 ’, i_%%o.oo 6.02
48 140.95 140.95 13451 | 13507 "?%o.oo _
49 140.95 140.95 0.00
52 177.35 177.35 '
53 145.73 145.73
55 145.87 145.73
86 137.86 137.93
87 136.04 136.04
95 144.05 144.05
100 140.39
119 146.58
122 133.93
138 140.81
149 141.80
152 118.33
156 138.00
157 149.10
160 146.86
162 139.13




181 141.52 14159 | 13920 | 13507 | 007 | 231 | 644
182 124.79 12475 | 13567 | 13507 | 005 | 10.88 | 1028
203 125.78 12578 | 132.05 | 13507 | 000 | 628 | 930
206 136.88 136.83 | 155.14 | 13507 | 005 | 1826 | 1.80
220 13435 13421 | 12781 | 13507 | 014 | 653 | 0.73
222 139.27 13927 | 14391 | 13507 | 000 | 464 | 419
223 120.30 12030 | 13242 | 13507 | 000 | 1212 | 1478
238 12535 12535 | 13145 | 13507 | 000 | 6.10 | 9.72
239 122.12 122.12 | 13009 | 13507 | 000 | 7.97 | 12.95
240 13337 13349 | 1428200818507 | 0.2 | 896 | 171
241 14545 14550 | 14891 | 13507 | 0.4 | 346 | 1038
242 148.54 14863 | 15720 | 13507 | 008 | 865 | 1347
243 (5121 15128 | 14440 | 13507 | 007 | 681 | 16.14
267 13351 133.58 | 13856 | 13507 | . 007 | 506 | 157
291 89.94 89.94 | 13460 | 135.07

298 120.58 12051 | 121.09 | 135.07

300 113.83 [13.97 | 129.15 | 135.07

302 11931 11931 | 132.82 | 135.07

303 179.18 17930 | 173.95 | 135.07

304 135.89 13585 | 13848 | 135.07

329 116.36 11636 | 126.04 | 135.07

336 147.70 14784 | 140.77 | 135.07

384 149.95 14985 | 129.64 | 135.07

387 14320 14325 | 14398 | 13507

392 117.91 11791 | 12863 | 13507 |

395 132.38 13252 | 3L | 135.07

398 123.53 12367 | 138.82 | 135.07

420 145.59 14566 | 13099 | 135.07

428 137.16 13721 | 11897 | 135.07

31 123.25 12325 | 116.17 | 135.07

469 108.49 10863 | 109.59 | 135.07

80




135.07 |

470 124.09 124.23 131.95

486 108.35 108.43 105.30 | 135.07
493 179.46 179.60 137.61 | 135.07
500 130.27 130.27 143.64 | 135.07




APPENDIX 6

RANDOM SAMPLE OF ACTUAL DATASET FOR CAT 793 TRUCK #2

Trip Actual Fuel | Predicted Fuel Used (Litres) Absolute Residuals/Errors
Number Used
(Litres) CBR-FSS | CBR Naive | CBR-FSS | CBR | Naive

5 16.09 1593 | 1611 | 23.08 0.16 0.02 | 699
T 16.09 1601 | 1727 | 23.08 0.08 .18 | 84l
16 17.03 17.11 | 1940 | 23.08 0.08 237 | 320
25 14.67 1467 | 1511 | 23.08 0.00 045 | 888
68 15.14 504 | 514 | 208 | 000 0.00 | 037
87 16.56 1638 | 1938 | 23.08 | 018 |2 3.20
101 16.09 1615 | 1561 | 23.8 007 047 | 84l
112 16.09 1607 | 1585 | 2308 | 002 | 1024 | 632
117 14.67 1267 | 1491 | 2308 | 0.0 gjf 841
(19 16.09 60z | 1582 | 2308 | 0077

125 1609 | 1607 | 1538 23.03{_} i_%o.oz

128 18.93 1908 | 1584 | 23.08 | 0.16

135 14.67 1467 | 13.96 | 23.08 0.00

159 16.56 16.63 23.08

163 16.56 1662

168 18.45 1844

202 16.09 5% |

207 4401 2408

211 15.14 15.14

227 17.03 17.19 | 1467 | 23.08 0.16

230 16.09 1597 | 1559 | 23.08 0.12

237 16.09 1604 | 1609 | 23.08

246 16.09 1604 | 1609 | 23.08

247 16.09 16.04




248 16.09 16.04 1443 | 23.08 0.05 1.66 | 7.46
261 20.35 20.35 1823 | 23.08 0.00 212 | 462
274 17.98 18.04 1561 | 23.08 0.06 237 | 134.02
278 18.45 18.64 20.58 | 23.08 0.19 ME) | 50
281 15.62 15.62 1538 | 23.08 0.00 023 | 462
295 16.09 16.09 17.74 | 23.08 0.00 1.66 | 6.52
297 17.03 17.02 19.87 | 23.08 0.01 2.84 | 178
304 20.35 20.38 20.82 | 23.08 0.04 047 | 652
305 16.09 16.10 16.80 | 23.08 0.01 071 | 4.15
308 15.14 15.14 1533 | 23.08 0.00 0.19 | 699
332 2035 20.21 1939 | 23.08 0.14 0.96 | 127.87
339 17.98 17.98 16.56 | 23.08 0.00 142 | 652

346 18.45 18.34 17.51 | 23.08 0.12 6;95 3891

57 17.03 17.00 16.09 | 23.08 0.03 095 | 746
372 16.09 16.09 17.98 | 23.08 0.00
388 14.67 14.67 17.73 | 23.08 0.00
392 15.62 15.62 16.56 | 23.08 0.00
394 16.56 16.64 1632 | 23.08
396 15.62 15.46 17.98 | 23.08
409 15.62 15.58 15.61 | 23.08
411 15.62 15.49 17.97 | 23.08
432 17.51 17.63 2153 | 23.08 [ 0.

463 17.03 1689 | 17.03 | 23.08 0,

465 17.03 16.89 16.32 ;,23.'0.8',»;1; il

483 15.14 15.14 16.09 | 23.08 0.00 095 | 6.52
485 15.62 15.46 15.62 | 23.08

495 15.62 15.46 17.74 | 23.08

508 16.09 16.27 1467 | 23.08

519 16.56 16.56 19.11 | 23.08

523 15.14 15.14 1444 | 23.08

8







