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Abstract

Energy efficiency measures (EEM) are implemented on mines to reduce energy consumption.

The impact of an EEM must be determined to evaluate if any energy savings were achieved. This

is done by applying measurement and verification (M&V) principles. However, unanticipated

operational changes known as non-routine events (NRE), inhibit accurate quantification of an

EEM.

One challenge in industry is to rapidly identify an NRE. Further investigation on mines

brought to light that NREs are detected and quantified through manual monitoring and strategy

application. This process may take days or weeks and can lead to energy over expenditure or

increased costs. Mines have implemented advanced metering infrastructure that continuously

expand databases. To address the big data availability, M&V 2.0 emerged over the last decade.

This field has seen little contribution in terms of anomaly detection in mining equipment. In

this study, a data driven approach to rapidly identify NREs in mines is investigated.

The literature study identified the importance of data preparation to expose trends and

gain insight. The methodology included the organisation of mining energy data according to

Eskom time of use (TOU) periods. Changepoint detection strategies were then applied to each

respective TOU category. Research stipulated that the cumulative sums (CUSUM), a prescribed

M&V technique, was suitable to identify anomalies in large data sets. To contribute to the

field of M&V 2.0, this study compared two changepoint detection algorithms to the CUSUM

method —pruned exact linear time (PELT) and binary segmentation (BinSeg). A package called

changepoint, developed in the R programming language, was applied to implement the BinSeg

and PELT algorithms.

It was found that the BinSeg and PELT algorithms identified more changepoints than the

CUSUM method. Overall, PELT was the most accurate. One flaw in the CUSUM method

was that it did not identify changepoints in data with high variability. Whereas, the PELT

and BinSeg algorithms may have been inaccurate if the parameters were not correctly specified

for each data set. One such parameter was the minimum segment length, which stipulated the

minimum duration of a valid changepoint. In this study, the minimum segment length was

generalised to mining energy data as a whole and should have been specific to each data set.

In conclusion, the algorithm driven technique was proved to be effective in identifying NREs

in mining energy data. Such algorithms can be applied to every data stream in the mine. The

impact of this is more rapid identification of equipment failure or increased energy consumption.

In this study, energy data from the national lockdown was used. During this period, increased

demand in the gold plant energy data was identified. In a time where the mine could not

generate revenue, the increased energy on the gold plant was estimated to cost R27000 daily.
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Chapter 1 Background and literature review

1.1 Preamble

This chapter provides background on the research topic. The literature review aims to identify

critical areas that will benefit from further investigation. From this, the problem statement is

formulated. Thereafter, the objectives of this study are discussed. Furthermore, the research in

this chapter forms the basis upon which the methodology is carried out in Chapter 2.

1.2 Non-routine event detection in mines and application of

M&V 2.0 methods

Energy efficiency measures (EEMs) are frequently implemented for use in mining systems [4] with

the aim to either reduce electricity consumption, or improve the efficiency of, a system [5]. In

order to evaluate whether or not any savings were achieved as a result of EEM implementation,

the impact of any EEMs must be determined — a process which can be complex given that

energy consumption is often influenced by external factors, such as climate. The procedure used

in quantifying the success of an EEM is known as “measurement and verification” (M&V).

M&V methodology generally follows the International Performance for Measurement and

Verification Protocol (IPMVP). To calculate energy savings, this standardised procedure is sum-

marised by Equation 1.1 [5].

savings = baseline− assessment± adjustments (1.1)

In this instance, the baseline represents the system’s energy consumption before the EEMs

are implemented. The assessment period energy is the energy consumed while an energy effi-

ciency project (EEM) is ongoing. As can be derived from Equation 1.1, savings are achieved

when less energy is consumed in the latter period.

In Equation 1.1, adjustments are applied for numerous reasons. One such reason is that

of a non-routine event (NRE), as characterised by unforeseen changes in the operating state

of the system — such as by equipment failure. An unplanned-for event that has caused lower

energy consumption cannot, thus, be claimed to be an energy-saving measure [5]. Conversely, if

a system consumes more energy for reasons that could neither be foreseen nor prevented by the

EEM, then the project should not be penalised as a result. An example of such an outcome is

the presence of newly-installed equipment that was not present during the baseline period [6].

1



Application of M&V 2.0 techniques to identify and quantify non-routine events

According to the literature [4][7], NREs are mostly detected and quantified through manual

monitoring. In the context of a mine, this is a time-consuming procedure, as the individual

who suspects the occurrence of an NRE must first contact mining personnel so as to retrieve

the needed context relevant to the equipment in question. Furthermore, the classification of an

event as an NRE is a subjective decision made by the individual performing the investigation.

Therefore, a standardised technique for use in mines and similar environments would be an

improvement [6]. Ideally, the system should be monitored closely so as to rapidly notice any

unplanned changes. Industry has become more reliant on statistical analyses being developed in

the advanced M&V (M&V 2.0) field [6]. In the mining industry in particular, this dependency

is enforced by the scale at which mines continue to exist, with some shafts as deep as 3.8 km [8].

Figure 1.1 shows the layout of a gold mine in South Africa [9]. In this instance, complex

and intricate electrical metering, piping systems, and networks of machinery that have been

developed over the mine’s lifetime are present on site [10]. A breakdown in any one of these

areas may influence another working area [11], making the manual monitoring process of every

section, as well as the ability to rapidly notice anomalies, increasingly challenging.

Numerous power meters are in place to measure the mine’s energy consumption [13]. The

capability of metering equipment has improved since the late 1970s, when data logging capa-

bilities were developed. However, the widespread and global adoption of such technologies was

only witnessed from 1990-onward [14]. It is possible to extract and store data from these power

meters in half-hour intervals, a development known as advanced metering infrastructure (AMI)

[4]. Thus, AMI’s proliferation has increased the resolution and volume of energy data that can

be obtained. Aspects concerning resolution was improved upon given that AMI consistently

logs data at frequent intervals (such as daily, hourly, or every second) [15]. This has created

the need for more sophisticated techniques in order to process the large quantity of data now

attainable. To address the evolved metering environment, M&V 2.0 has subsequently emerged

over the last decade in response [5]. The principles of M&V 2.0 are the same as M&V, however

there is greater focus on automated methods and data analysis in addressing the expansion of

data now potentially available. For example, high-resolution data specifically require adequate

preparation beyond simple outlier mitigation [16].
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Figure 1.1: Areal schematic of a deep level gold mine showing a network of tunnels [12]
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1.3 Data driven non-routine event detection applied in industry

1.3.1 Data quality and preparation for analysis

Data quality must be ensured when performing any data analysis. Data loss, measurement in-

strument reliability, and descriptions (such as of units) all fall under the umbrella of data quality

[17]. Poor data quality will lead to incorrect conclusions, potentially resulting in undesirable and

unforeseen repercussions [18]. A data quality assessment follows a series of checks in identifying

inconsistencies — such as that concerning data loss and outliers. The points most relevant to

the quality of energy data are given below [19]:

1. Accuracy : the data should be in the correct order of magnitude that is specified by the

source. For example, if a pump has a power rating of 45 kW, then the logged data should

not exceed this value.

2. Reliability : This refers to the trustworthiness of measurement equipment and whether they

were calibrated correctly.

3. Completeness: If data loss occurred, measures must be put in place to account for, or

estimate, the missing values where possible.

4. Accessibility : This defines how easy it is to obtain the data.

5. Timeliness: The period in which the data are relevant. Data that are out of date may

skew results.

It is important to note that the points listed above also represent the reasons for the emer-

gence of anomalies and may, as such, interfere with NRE investigations. For example, data loss

may lead to misdiagnosed equipment failure. Therefore, rapid NRE detection process used in

this study includes highlighting poor data quality. The next step in data preparation is statisti-

cal analysis. To expose patterns and trends, the data should be grouped according to descriptive

metrics [20]. These are known as categorical variables that describe each data point. Examples

include season, date and location.

Measurement resolution should be considered in parallel with categorical variables; for a

monthly analysis, using hourly data points might contribute to noise and obscure change points

[7]. In a study [21] where M&V 2.0 modeling strategies were tested on building energy con-

sumption, it was found that subdividing the raw energy data into weekly periods improved the

model’s accuracy. Unique models were created for each time of week corresponding to when a

specific load could be expected. Figure 1.2 has been extracted from a similar study and clearly

shows how resampling to lower resolution can reveal trends [22].
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Figure 1.2 shows load profiles of an office building (top), a furniture store (centre), and a

bakery (bottom). The daily profiles were created by taking the average of each hour in the

month — for example, the average of each measurement taken at 12:00h on Mondays, and so

forth. Doing so revealed periods of higher and lower demand [22].

Figure 1.2: Daily demand trends of an office, furniture store, and bakery (top, centre, and bottom).

The results are shown in Figure 1.3. For each of the three plots, the apexes of the curve

correlate to periods of high demand, whereas the corresponding troughs indicate periods of low

demand. The dotted/dashed lines indicate the 15th, 50th and 85th percentiles of the high demand

data. The dips appear on holidays.

Figure 1.3 shows that: in the office building, a peak demand of 300 to 500MW can be

expected; the furniture store’s peak demand ranges from 800 to 1000MW; and that the bakery’s

peak demand mostly falls between 500 and 600MW.

This consistency enables higher model accuracy when both the time of day and the day of

the week can be used as inputs [22]. Therefore, data preparation via the selection of the correct

resolution and categorical variables is necessary in order to gain insights. In South Africa the

national electricity provider, Eskom, has specific tariff schedules for high-demand facilities, such

as ”megaflex” on certain mines [23]. Eskom applies a higher electricity cost during certain hours

of the day — the tariff book [23] also shows specific tariffs for summer, winter, and Saturdays and

Sundays. Furthermore, the tariff book also includes a calendar whereby holidays and vacations

that fall on a weekday are classified as Saturdays or Sundays. Time of use periods, according

to the Eskom tariffs, will affect operation in the mine and may produce similar trends to those

shown in Figure 1.3 [24]. To further support the importance of categorical variables, [25] states

that improved simulation accuracy can be achieved when they are accounted for.

In M&V, simulations and EEM performance are built with, or relative to, baseline data.
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Figure 1.3: Demand profiles from Figure 1.2 split into peak (top line) and low (bottom line) demand
periods.

For mine EEMs, energy data are recorded by an extensive network of power meters, with the

data verified via a process of comparison to the monthly Eskom bill [24]. In a study [24] which

developed energy budgets for deep-level mines in South Africa, it was found that the baseline

data should be categorised according to the following periods: weekdays, Saturdays, Sundays,

public holidays, the Christmas break, and Easter weekend. These periods provide baseline

profiles that can be used to standardise the expected energy consumption on similar days across

the assessment period. Few data quality checks are performed in South African mines other

than by comparing the total measured energy consumption to the bills provided by Eskom [24].

When selecting baseline data for mine energy consumption, the following data preparation steps

should be performed:

1. Identify large periods of “zero” consumption — if it is abnormal then remove the corre-

sponding date and time from the data set [24] [26].

2. For missing data, remove the corresponding date and time from the data set [24].

3. Highlight data points that are more than two standard deviations from the mean [24].

4. Evaluate whether these points are outliers; if so, then remove them.

5. Determine if any known NREs occurred during the baseline period. If so, this data should

be replaced with the average consumption during normal operation [24].

In summary, the following was drawn from literature. Data quality must be ensured by

analysis and cleaning[17][18][19]. It is important to consider specific operational aspects of a
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system when preparing the data [16]. This can be done by grouping the data into periods

where constant conditions are expected [7][22][20]. Anomaly-detection algorithms may then

more successfully locate abnormal data points [25]. In the IPMVP guide on NRE detection, it is

suggested that monitoring changes in time-of-use periods is a possible way to quickly identify an

NRE [21][27]. For mining energy data, this can be achieved by categorising the data according

to Eskom time of use periods [23][24].

1.3.2 IPMVP-prescribed techniques for non-routine event detection

The International Performance Measurement and Verification Protocol (IPMVP) prescribes nu-

merous options for retrospective NRE detection. It is recommended that these methods be

applied periodically and as soon as possible once an EEM has been implemented, as it will

ensure early detection and mitigation of NREs. The most simple approach to identifying NREs

is to monitor areas that are expected to remain constant. This method is known as “identifying

changes in static factors” [27]. The IPMVP core concept defines static factors below:

“Static factors: those characteristics of a facility which affect energy con-

sumption and demand within the defined measurement boundary that are not

expected to change and were therefore not included as independent variables in

the energy model. If they change, Non-Routine Adjustments need to be calcu-

lated to account for these changes.... Note: Those characteristics may include

fixed, environmental, operational and maintenance characteristics.”[27]

An example of a static factor is an increase in temperature expected during summer — peri-

ods of abnormally cold days may affect cooling equipment that use temperature for the setpoint.

Another example is equipment installation/removal or their failure which may directly affect the

EEM. Static factors may vary with time, weather, or other independent variables, such as pro-

duction [7]. Most commonly, regular feedback is required from site personnel. By involving site

personnel, the precedent is set for energy efficiency management and will aid in the continuation

of the EEM [27].

The process of solely relying on reports from site personnel may not be sufficient. The

IPMVP application guide strongly suggests the use of data analysis as an additional metric.

Energy data should be investigated to verify the personnel’s findings [27], thus requiring data

logging equipment such as flow and power meters. Many mines rely on SCADA systems — like

the one in Figure B.1 — that allow for remote data gathering [28] [29]. This method is suggested

for EEMs that do not use a mathematical model in order to predict energy consumption. This

method is particularly advantageous when facilities have high level and sub-level metering. The

sub-level metering is installed on energy consuming equipment and makes it possible to pinpoint

the location of an NRE [27].

As previously stated, AMI produces large quantities of data, rendering attempts at manual
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monitoring unfeasible. More efficient strategies, such as visualisation tools, must thus be used.

In this regard, the IPMVP suggests the use of: heats maps, surface charts, time-series plots, and

overlays of daily load profiles. However, all of the visual techniques are limited by the number

of data points and the relevant time period . According to literature [30], visual techniques are

limited to two dimensions, few variables, and few observations. Too many points of observation

rapidly clutter the plots and prohibit conclusions to be drawn. Given that manual monitoring

is already proven to be too slow and insufficient, this study will focus on other more-automated

approaches.

SCADA applications have alarm systems. These alarms are connected to sensors that can

detect “on/off” or if equipment exceeds any preset limits [31]. This method of outlier detection

can be based on thresholds or statistical standard deviation. According to ASHRAE guideline

14, acceptable thresholds are 10% of the maximum and minimum [32]. However, the IPMVP

recommends establishing an expected range. For normally distributed data, the sample standard

deviation can be used to define limits [27].

In normally distributed data, many of the observations are near the mean, the distribution

curve is bell shaped, and data are dispersed symmetrically about the mean [33]. This is useful

given that the z-score method can then be applied to present the data in accordance to the

number of standard deviations (σ) from the mean [34]. An example of a normal distribution

with the z-score on the x-axis is shown in Figure 1.4. From the figure, this representation

provides insights independent of units or magnitude.

The z-score is the standardised distance between each point and the mean [34]. In Equa-

tion 1.2, Zi is the distance between point xi and the mean in terms of number of standard

deviations (σ).

Zi =
xi − µ

σ
(1.2)

Standard deviation (σ) is the square root of a data set’s variance (σ2). Variance is the

distance between each data point and the mean as shown in Equation 1.3. Where n = number

of data points, µ is the mean and xi is each individual data point. The difference, xi − µ, is

squared to produce a positive value.

σ2 =

∑n
i=1(xi − µ)2

n− 1
(1.3)

Simply put, the variance gives an indication of the spread of the data [35]. A large variance

suggests that many of the data points are far from the mean.

It is important to use the standard deviation of either the baseline period or from the data

used to create the model [27]. The IPMVP suggests that outliers are those data points considered
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to be more than three standard deviations away from the mean, as shown in Figure 1.4 [27].

Figure 1.4: Example of normally-distributed data showing outliers at more than three standard deviations
from the mean.

However, literature [24] suggests that the threshold should be reduced to two standard

deviations for mining-energy data, given that it is a more strict criterion necessary for the

magnitude of demand from mining equipment. This strategy requires baseline period data

from “consistent operations” [27], indicating that the data should not include days when the

equipment had been turned off, or weekends/holidays where no production occurred. Figure 1.5

shows the data from Figure 1.4, along with the limits as prescribed by the IPMVP. These

limits are shown in the top legend as: maximum plus 10%, minimum less 10%, and ±3σ. The
baseline data on the left hand side of Figure 1.5 was randomly generated with a mean of zero

and standard deviation of one. The assessment period shows that the arbitrary data exceed the

upper threshold towards the end of the time period.

Figure 1.5: Example of normally distributed data along with 10% and standard deviation test metrics.

The advantage of a normally-distributed data set is that outliers can be spotted with simple
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thresholds set up via the SCADA [27]. Figure 1.5 shows that the assessment period data exceed

the limit towards the end. The system must exceed the limits to activate an alarm. Unless

more-strict thresholds are set, this method is only reactive, and not proactive. A more proactive

approach would be to monitor the rate of change in the data [27]. Figure 1.6 highlights where

the increased rate of change may indicate a warning sign of the system approaching a limit.

Figure 1.6: Repeated example of normally-distributed data along with 10% and standard deviation test
metrics

The IPMVP suggests tracking this with cumulative sums [27]. As suggested by the name,

a cumulative sum (CUSUM) chart plots the accumulation of values. That is, the sum of the

values from start to present (if the data are time-series). The calculation is demonstrated in

Table 1.1. CUSUM charts are used to identify change [36].

Table 1.1: CUSUM example where xi is the assessment period data, yi is the CUSUM, i = {1, 2, ...n},
n is the number of data points and y0 = 0.

i xi yi = y(i−1) + xi

1 3 3

2 3 6

3 2 8

n
...

...

Figure 1.7 demonstrates this principle with the same data from Figure 1.6. Keeping in

mind that the mean is zero, some of the data points are negative and, therefore, Figure 1.7

initially does not show accumulation. Towards the end, it is clear that the trend had changed,

corresponding to the system exceeding threshold. Changes in a CUSUM chart may consist of a

change in slope or direction [36].
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Figure 1.7: Example of a CUSUM plot showing acceleration and, therefore, higher rate of accumulation.

More formally, the CUSUM calculation is defined by Equations 1.4 and 1.5 [36]. Variables

SH and SL represent positive and negative accumulation, respectively. The optional term ω is

a parameter for adjusting the strictness of the test [37].

SH(i+1)
= max(0, SHi + xi − ω) (1.4)

SL(i+1)
= min(0, SLi + xi − ω) (1.5)

This method does not necessarily require visual monitoring as it can be combined with the

threshold technique (for example, the CUSUM of standard deviations can be used). To generate

the values in Table 1.2, xi in the CUSUM formulas above was replaced with Zi from Equation 1.2.

Table 1.2 shows that SH reaches 3σ when i = 28 — the data have a standard deviation of

one and, therefore, when Zi > 3 the distance between the data points and the mean may be too

big. This is an indication that the system has possibly reached the upper threshold. The SL

column shows that the system had already exceeded the lower threshold (−3σ).
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Table 1.2: CUSUM example where the positive (SH) and negative (SL) accumulation in standard devi-
ation is determined.

i Zi SH SL

25 -1 0 -7

26 0 0 -7

27 1 1 -6

28 2 3 -4

29 0 3 -4

30 -1 2 -5

The points in Table 1.2 are highlighted in Figure 1.8. Upon visual inspection, it is clear that

the positive change as induced via CUSUM provides early warning that the system may exceed

its limits, but perhaps too early. Figure 1.8 implies that the system exceeded three standard

deviations in the middle of the time period. However, when comparing this with the data in

Figure 1.6, it is apparent that the system only exceeded the threshold near the end of the time

period.

Figure 1.8: CUSUM of the distance between each point and the mean divided by the standard deviation
(σ = 1). The highlighted area relates to SH/L in Table 1.2

In Figure 1.8, the negative change CUSUM shows that the system exceeds the lower (−3σ)
limit near the beginning. However, when comparing this to Figure 1.6, it is clear that the data

points which lie slightly below the mean decrease SL to prematurely exceed the set boundary

— the converse is true for SH . This causes the data in Table 1.2 to wrongfully indicate out of

bounds activity.

The importance of ω is now evident as it can be used to decrease the sensitivity of the

CUSUM calculation [37]. According to McNeese et al. [37] [38], ω is typically set to 0.5σ. After
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some iteration, in Equations 1.4 and 1.5, ω was set to ±3σ to reduce the sensitivity. In summary,

Equations 1.2 to 1.8 are repeated below with values assigned to all variables:

Zi =
xi − µ

σ
where µ = 0 and σ = 1 (1.6)

SH(i+1)
= max(0, SHi + Zi − ω) where ω = 3σ (1.7)

SL(i+1)
= min(0, SLi + Zi − ω) where ω = −3σ (1.8)

These equations were used to generate the values in Figure 1.9. For ease of comparison,

Figure 1.5 is repeated in Figure 1.10.

Figure 1.9: Positive (SH) and negative (SL) accumulation of the standard deviation (Z) with sensitivity
set to three standard deviations, ω = ±3σ.

Figure 1.9 shows that the system exceeds the upper bound near the end of the time period.

This coincides with the data in Figure 1.10, where the system increased rapidly towards the end.

Figure 1.9 also shows that the use of standard deviation CUSUM can provide an early warning.

The upper limit in Figure 1.9 was crossed before the system went out of bounds in Figure 1.10
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Figure 1.10: Example of normally-distributed data along with 10% and standard deviation test metrics.

The following was derived from literature. An IPMVP approach to NRE detection makes

use of static factors [27]. These are processes or conditions that are expected to remain constant

for the foreseeable future [7]. Currently, in large scale industry static factors are generally

monitored manually [27]. To locate outliers, statistical thresholds can be set up on visual

monitoring (SCADA) systems[28][29][32][31]. However, visual monitoring has space limitations

and few data streams can be plotted to prevent clutter[30]. According to Benoit and Petitgas

[39], CUSUM calculations hold the potential to provide early warning signs; these may indicate

if the system is approaching its limits. This is one of the methods applied in advanced M&V

(AM&V or M&V 2.0) which has emerged over the past decade [4]. The movement was facilitated

by the development of AMI and is characterised by:

1. High resolution data logging (by the hour, or more frequently).

2. Using statistical or analytical methods to process data for rapid feedback and calculations.

The following section discusses research surrounding algorithmic NRE detection.

1.3.3 Algorithms for non-routine event detection

The analytical approach to NRE detection is an up-and-coming area of research. Currently, the

approach mostly consists of manual feedback and a review of CUSUM charts [4]. In Section 1.2,

Granderson et al. [4] and Touzani et al. [6] confirmed that manual feedback is inconsistent

and not fast enough. To improve on this, analytical methods can standardise NRE detection,

making it a straightforward and consistent procedure [4]. As a possible solution, Touzani et al.

[6] suggest investigating an analytical method based on statistical properties. This method aims

to detect fluctuations in data trends [40].

The application of statistical-change detection in building energy analysis was investigated
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by Touzani et al. [6]. Statistical change can be defined as “the point at which the statistical

properties of a sequence of observations change” [41]. A sequence is an ordered list that contains

observations [42], with observations, in turn, referring to the data points. Statistical properties

are descriptors such as mean and variance [43]. Figure 1.11 shows an example of statistical

change using arbitrary data. The left- and right-hand side figures show change in mean and

variance respectively.

Figure 1.11: Example of statistical property changes showing change in mean (left) and variance (right).

One study [6] used a change point detection algorithm to locate NREs in various EEMs

applied to building energy. The study was implemented in R, a programming language and

platform readily used for statistical analysis and visualisation — the platform is also open source,

meaning that no licence is required for its use and that anyone can contribute useful solutions

via the platform. The research in this dissertation will be conducted in R. The algorithm tested

by Touzani et al. [6] successfully identified 75% of the change points in the study’s energy data.

This study recommends further investigation of change point detection (CPD) algorithms so as

to locate anomalous energy usage and equipment failure.

Numerous CPD algorithms exist. The choice of which to apply to mining time-series data is

discussed in this section. According to Killick and Eckley [41], the differentiation of algorithms

should be based on how many change points are expected. Many algorithms are excellent when

there is only one change to be found, with a study conducted by Otto [44] also having compared

the most common algorithms for change point detection. The following algorithms, as used in

R, are not suitable when multiple change points are expected [44]:

1. AMOC (at most one change), as in the name, finds the location of a single change point.

2. BCP (bayesian analysis of change points) uses probability to divide the data into blocks.

BCP is an iterative process whereby different groupings are tested. Each iteration is re-

flected upon in order to determine which combination of blocks have the smallest variance.
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However, this algorithm was designed for normally-distributed data and often only detects

one change.

3. Segmented regression can detect more than one change point, but the number of change

points must be known beforehand.

4. A regression tree splits the data in two and calculates the deviation from the mean in each

segment. It moves the split point until minimum deviation in each segment is obtained.

Then it splits the two new segments and repeats the previous step. Knowledge of the

minimum number of change points is required, often too many change points are found.

The package changepoint contains algorithms that showed promise when multiple change

points are expected [44]. Studies [6][44] have suggested that the pruned exact linear time (PELT)

algorithm be investigated — available in changepoint. Before delving into the principles of

PELT, it is important to describe change points, terminology, and algorithms in general.

In time-series analysis, the change point refers to a point in time where the properties of the

data change. Properties include mean, variance, magnitude and gradient, among others. The

fundamental assumption of some change point algorithms is that the properties remain constant

both before and after the change point [45]. To define a change point mathematically, consider

the following definitions:

y1:n is an ordered sequence such as,

y1:n = (y1, y2, ..., yn) (1.9)

τ is a location in time such that,

τ ∈ {1, 2, ..., n− 1} (1.10)

Let ya and yb be two consecutive sets in y1:n such as:

ya = (y1, ...yτ ) and yb = (yτ+1, ...yn) (1.11)

A change point is present at location τ when the statistical properties of ya differ from yb. The

concept is presented visually in Figure 1.12. For the case of change in mean, Equations 1.9 to 1.11

can be summarised by Equation 1.12 [41].

µt =


µ1 if 1 ≤ t ≤ τ1
...

...

µm+1 if τm < t ≤ τm+1 = n

(1.12)

where m is the number of change-points and µ1 is the mean in segment 1. Notice in Figure 1.12

that when there is only one change point, then m = 1, but there are two segments and thus µ1
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and µ2. This explains the last condition in Equation 1.12, where µ2 is described as the mean

of the segment after τm, the last change point. In this representation of change points, the last

data point (n) in the sequence is denoted as change point τm+1.

Figure 1.12: Statistical change point at time τ , showing change in mean of arbitrary data.

Change point detection can be applied either online or offline. When applying offline change

detection, the entire data set is evaluated to find changes retrospectively. Online methods aim

to identify changes as new data are received. How rapid an online algorithm generates results

depends on the type of data. It is important to note that “online” should not be interpreted

as “immediate”. Online change-point detection is a novel field that requires highly complex

algorithms [46]. Therefore, this study will investigate the application of offline models.

An offline model does, nonetheless, have the potential to locate change points rapidly enough.

Consider the current time frame of NRE detection through manual monitoring; it involves

surveys, interviews, and physical audits of the equipment. An offline model can be run daily

and is able to analyse the previous day’s data. As such, the aim is to improve the current

method in a manner that is easy to understand and implement.

The main points drawn from this research segment are as follows. Manual monitoring of

EEMs are not sufficient [4][6]. It is suggested that an automated approach be investigated [40].

This study will implement offline algorithms capable of locating more than one change point.

However, to demonstrate the principles of multiple change point detection, it is necessary to

explain the fundamentals of single change point detection.
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1.3.4 Change-point detection theory

This section will describe the CPD algorithms tested throughout this study. As an introduction,

the mathematical description of single change detection is discussed. On a fundamental level,

the algorithms in changepoint determine τ with log likelihood test statistics. This is different

from probability, which is defined in Appendix A. Although, it is important to first determine

what characteristics of the data are required.

Killick et al. [41], recommends scaling the data. It is assumed that a change in mean may

be present in the data. Therefore it is uncertain what the standard deviation (σ) would be for

each segment. Scaling ensures that σ ≈ 1, and it is sensible to scale with respect to the median

[47]. This can be done with the median absolute deviation (MAD) scaling method shown in

Equation 1.13 [48].

xi−scaled =
(xi −median)

median(|xi −median|)
(1.13)

The MAD is an indicator of variability because it involves the distance between each data

point and the median [49]. As can be derived from Equation 1.13, when most data points are

near the median, the MAD will be low. A high MAD indicates sporadic data because many of

the data points are located far from the median. Now consider the likelihood function given by

Equation 1.14, with σ = 1 substituted. This states what the likelihood is that the mean of the

data set is µ, given the observed data point xi.

L(µ|xi) =
1√
2πσ2

exp

[
−(xi − µ)2

2σ2

]
(1.14)

The point xi will be part of a sequence x = (x1, x2, ..., xn). The standard deviation and

mean can be inferred from a sample. With the assumption that samples are independent and

identically distributed, Equation 1.15 shows the likelihood of µ given x1 and x2 [50].

L(µ|x1 and x2) = L(µ|x1)× L(µ|x2) (1.15)

To determine the likelihood of µ given a sequence x1:n, Equation 1.15 can be linearised by

taking the log on both sides. The linearisation steps are explained in literature [50] and results

in Equation 1.16 (continuing with the assumption that σ = 1).

log[L(µ|x1:n)] = −
1

2
n ln (2π)− 1

2

n∑
i=1

(xi − µ)2 (1.16)
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Given the arbitrary values for xi:n shown in Figure 1.13, Equation 1.16 is plotted in Fig-

ure 1.14 with a range of possible values of µ. Upon inspecting the data, it was estimated that

the mean may lie be somewhere between the values of 0 and 3.0.

Figure 1.13: Arbitrary time series data with standard deviation σ ≈ 1.

Figure 1.14 shows µ as the independent variable on the x-axis. The maximum point on the

curve implies that the mean of the arbitrary data set is most likely ≈ 1.5.

Figure 1.14: Plot of log likelihood for the mean of the data given in Figure 1.13.

The next building block in probabilistic change detection is the likelihood ratio test [50]

which measures how different the likelihood of an occurrence is from the null hypothesis [51].

Continuing with the example data in Figure 1.13, let the null hypothesis be µ0 = 1. When

substituting µ = 1 into Equation 1.16 (or by tracing the curve in Figure 1.14) then likelihood

of µ0 given the data x1:n is:

log[L(µ0|x1:n)] = −328 (1.17)
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Refer to Figure 1.15, which shows the likelihood of the null hypothesis (Equation 1.17).

The curve was plotted with the data from Figure 1.13 as xi by ranging µ form 0.5 to 2.0 in

Equation 1.16. When the sequence x1:n is observed, the alternative hypothesis is created (H1),

stating that the maximum likelihood is -305 when µ1 = 1.5.

Figure 1.15: Log likelihood plot showing the likelihood of the null hypothesis (µ = 1 and its vertical
distance from the alternative hypothesis.

The difference in the likelihood of H0 and H1 is known as the likelihood ratio test (LRT).

This is shown in Equation 1.18 [50].

LR =
L(µ1|x1:n)
L(µ0|x1:n)

(1.18)

Equation 1.18 above can be linearised by taking the log of each side. This will then achieve

the expression shown in Equation 1.19.

log[LR] = 2(log[L(µ1|x1:n)]− log[L(µ0|x1:n)]) (1.19)

Figure 1.15 shows the LRT to approximate the mean of a single data set. To translate the

use of LRTs to change point detection, it is applied to more than one data set [41]. Consider

the example data in Figure 1.13. Splitting the data at time τ would produce two segments, x1:τ

and xτ :n. For this example, τ was set to split the data midway. Now let H0 be the hypothesis

that there is no change point (solid line) and H1 is the hypothesis that there is a single change

point (dotted and dashed lines). The test is summarised in Table 1.3 and plotted in Figure 1.16.
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Table 1.3: Summary of equations for the log likelihood hypothesis test.

Hypothesis Data set Equation 1 Equation 2

H0 no change point x1:n log[L(µ0|x1:n)]

H1 one change point x1:τ & xτ :n log[L(µ1|x1:τ )] log[L(µ2|xτ :n)]

Figure 1.16: Log likelihood curves for two sets of the data compared to that of the entire data set.

According to Killick et al. [41], the maximum likelihoods of the alternative hypothesis

corresponds to the mean of each segment. Therefore, let ML be the maximum likelihood:

ML(x1:n) = max log[L(µ|x1:n)]) (1.20)

Then the likelihood ratio in Equation 1.19 can be written as,

log[LR] = 2[ML(x1:τ ) +ML(xτ :n)−ML(x1:n)] (1.21)

A change point at time τ occurred if Equation 1.21 is larger than some test metric

(or cost c) [41]. For the case of one change point and small data sets, Killick et al.

[41] suggests ranging τ from 1.0 to n. This incrementally splits the data into segments

x0 & x1:n, x0:1 & x2:n, ... x1:10 & x11:n, etc. Then, by iteratively calculating values for Equa-

tion 1.15, we can plot Figure 1.17. The maximum point on this curve shows in which two

segments the respective means (µ1 and µ2) are the most different from the mean of the entire

data set (µ0). At this point, the null hypothesis is rejected and a change point exists at τ .

Figure 1.17 has a maximum when τ = 109. This indicates a change in the mean in Figure 1.13

at the 109th data point.
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Figure 1.17: Top: log likelihood ratio Equation 1.21 with respect to τ . Bottom: arbitrary time series
data with standard deviation σ ≈ 1. The red line shows µ1 and µ2 as was discovered in
Figure 1.17.

This method is not efficient when multiple change points are being searched for within a large

data set [41] . It is suggested that a suitable value for c be chosen; however, methods for this are

currently being researched and will not be focused upon in this study [41]. To locate multiple

change points, it is possible to sum the maximum likelihoods (Equation 1.20) for various subsets

in the data. The accompanying problem with this method, however, is deciding how to “search”

for the optimal combination of subsets that will produce the maximum likelihood ratios. A

popular method is to minimise a cost function [41]. Let m be the number of segments, if the

data were partitioned into two segments then m = 2. A cost function (C) can then be calculated

for each segment and summed (note that the cost function is different from the test metric c).

This can be repeated with different segments to find the minimum sum. Equation 1.22 below is

the mathematical representation of this process.

m+1∑
i=1

[C(x(τi−1+1):τi)] (1.22)

where τi is the location of a change point and x is the data. The algorithms discussed hereafter
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use the negative of Equation 1.20 as the cost function C [41]. Substituting C = −ML into

Equation 1.22 would produce:

m+1∑
i=1

−[ML(x(τi−1+1):τi)] (1.23)

One of the most-widely-applied methods to minimise Equation 1.23 is is that of Binary

Segmentation (BinSeg) [41], as developed by Edwards and Cavalli-Sforza [52]. This method first

applies an LLR test on the whole data set so as to find a single change point, shown in the second

plot of Figure 1.18. To find the single change point, Equation 1.21 is used as a cost function and

the test metric is then set to maximise the cost function [53]. In other words, c = max(LLR)

in the BinSeg algorithm. If a change point is detected, the data are then divided at this point

(third plot) and the same calculation is repeated on the two new segments (fourth plot). The

process is repeated on each new segment until no change points are detected [41]. This method

is not exact given that each new change point is affected by the previous change point [41].
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Figure 1.18: Visual representation of the BinSeg algorithm.
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For more accurate multiple change point detection, Killick et al. [41] suggest the use of

an optimal partitioning algorithm — the following explanation is adapted from the work by

Killick et al. [41] and Killick, Fearnhead, and Eckley [53]. So as to explain this algorithm via

an example, Figure 1.19 presents arbitrary data with two steps where the mean increases. This

algorithm aims to minimise Equation 1.24).

m+1∑
i=1

−[ML(x(τi−1+1):τi)] (1.24)

Figure 1.19: Arbitrary time series data showing two increases in the mean.

In each step, a single change point is located by computing the minimum of Equation 1.24

for a small subset of the data [53]. For example, the mini-segment may range from x0 to x15 in

Figure 1.19, Keeping in mind that τ0 = 0 and τ2 = 15, which are the first and last data points

in the mini-segment. Then a single change point is searched for by minimising:

singlechangepoint = min[−ML(x(τ0+1):τ1)−ML(x(τ1+1):τ2)] (1.25)

Equation 1.25 is simply the expansion of Equation 1.24 for two segments, or a single change

point. These two segments are now inside of the mini-segments. If one were to plot term 1 and

term 2 in Equation 1.25, their curves would be similar to those of set 1 and set 2 in Figure 1.16.

However, the curves would be concave because the negative log likelihood is plotted [41]. The

lowest points for term 1 and 2 are provided by the minimum of Equation 1.25 and indicate a

possible change point — let this step be MINA. Visually, this minimisation is presented in

Figure 1.20, with a clear indication that a possible change point exists at time = 10.
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Figure 1.20: Summed negative log likelihood of two segments to identify a single change point in the
arbitrary data of Figure 1.19 between time points 0.0 and 15.0.

This change point is denoted τ∗ and is known as “the last change point” [53]. The min-

imum of Figure 1.20 (MINA) is stored. The starting point (x11) for the next mini-segment

is determined by τ∗. Let the length of the segment be 15.0 once again. The minimisation of

Equation 1.25 is repeated for this new mini-segment and added to MINA. This is shown in

Equation 1.26 and plotted in Figure 1.21.

MINA −
[
ML(x(τ∗+1):τ1)−ML(x(τ1+1):τ2)

]
(1.26)

Figure 1.21: Summed negative log likelihood of the previously identified change point MINA and the
two segments within mini-segment x11-x25 to identify a single change point in Figure 1.19.

The new minimum point in Figure 1.21 indicates another change point. The formal definition
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of optimal partitioning is presented in Equation 1.27. This is written in terms of the cost function

C, which will be the negative log likelihood (-ML) summation for two segments within a mini-

segment (such as that depicted in Figure 1.20).

F (n) = min
τ∗

{
min
τ |τ∗

m∑
i=1

C
[
y(τi−1+1):τi

]
+ C

[
y(τ∗+1):n

]}
(1.27)

The PELT algorithm uses optimal segmentation. Pruning involves eliminating the time

points that cannot possibly be change points [53]. Optimal partitioning is an exact method,

meaning that all of the possible change points are correctly identified. This substantially reduces

the search space and reducing the optimal partitioning algorithm’s running time, hence the term

“linear time” — as discussed in the next section. Optimal partitioning may be too sensitive and

may identify each data point as a change point. To prevent this over fitting, a penalty term β

is added to Equation 1.27, as shown in Equation 1.28 [41].

F (n) = min
τ∗

{
min
τ |τ∗

(
m∑
i=1

C
[
y(τi−1+1):τi

]
+ β

)
+ C

[
y(τ∗+1):n

]}
(1.28)

An iterative approach can be taken to identify β. By varying beta from some integer a to

b in Equation 1.28, a range of change points can be calculated. The number of change points

are then plotted against β [54]. This was applied to arbitrary data shown in Figure 1.22. The

penalty was varied from 1.0 to 20.0 and resulted in the elbow plot in Figure 1.23.

Figure 1.22: Arbitrary time series data showing two change points.
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Figure 1.23: The effect of a penalty in the PELT algorithm showing how the number of change points
identified changes with the given penalty range.

As a rule, the apex of the angle in the elbow plot can be used to estimate a suitable value for β

[41]. It seems as though the elbow curve converges to zero as the penalty reaches 8.0. A penalty

should be chosen that enables the identification of a realistic number of change points. The test

was repeated with a penalty range spanning from 1.0 to 10.0. From this plot, Figure 1.24 shows

that a penalty between 4.0 and 6.0 is reasonable for this data set and that a realistic number of

change points is less than 10.0.

Figure 1.24: The effect of a penalty in the PELT algorithm showing how the number of change points
identified changes with the given penalty range.

In change point detection analysis, the selection of an appropriate penalty remains an un-

resolved and open research question [53]. Although the penalty does improve the identification

of true change points, it does not guarantee that all of these changes constitute an NRE. In the

following section, verification metrics that scrutinise the success of an NRE detection method

will be discussed.
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1.4 Verification of rapid non-routine event detection

In Section 1.3.1, the importance of data preparation for NRE detection was explained. This

constitutes the first methodology verification step: to ensure the raw data is correctly organised

so as to aid in successful NRE detection. Data preparation must account for changes in static

factors [27] and must be reorganised to avoid expected change points that can be attributed to

changes in season or peak demand patterns.

In studies that test algorithms as possible solutions to some research problems, verification

is defined as “the task that determines whether an algorithm will be suitable and applicable to

the problem at hand” [55]. One suitability test for CPD algorithms is that of runtime, whereby

“the algorithm must remain computationally efficient when applied to a large quantity of high

resolution data.”

An algorithm’s runtime can be determined by measuring the start and ending timestamps

and finding the difference between the two points. To compare two algorithms, it is important

to ensure consistent and equal testing conditions. Algorithms often compute in milliseconds.

On such a small scale, measurement noise is often present — as such, the algorithm should be

executed several times, with the average runtime calculated as a result. As presented in a paper

by Shastri, Manostra, and Sharma [56], the average runtime was computed by executing each

algorithm 10 times. One must be aware that other processes on the computer, such as updates

and malware protection, are most likely running concurrent to the execution of the algorithm.

These processes share some of the memory that is needed when running an algorithm. Therefore,

it is suggested that most unnecessary processes are paused while testing is being conducted. This

ensures consistency when comparing the performance of algorithms with one another [56][57].

Time complexity is expressed in “big-O” notation [58]. Given the number of data points n,

an algorithm may have a complexity of O(g(n)). This reads as “the complexity is big O of some

function g of n” [58] and relates runtime to the number of operations that an algorithm performs.

It is important to state that big-O establishes the worst case runtime, therefore an algorithm

could be faster than its big-O function [58]. To explain further, consider two sorting algorithms,

bubble sort and heap sort. Given an unsorted list of integers, bubble sort iteratively compares

each element to the next one and checks which is bigger. If the second element is bigger, then

it switches their positions in the list and starts over, reading the list from the beginning. This

is illustrated in Figure 1.25.

The heap sort method simply identifies blocks of already sorted numbers, as illustrated in

Figure 1.26. It then iteratively slots the rest of the unsorted numbers into their correct positions.

The bubble sort complexity is O(n2), with heap sort’s complexity being O(nlog(n)). Heap

sort has lower time complexity than that of bubble sort. This is shown in Figure 1.27, where it

is clear that the bubble sort runtime (solid line) rapidly increases with input (n). When the list
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Figure 1.25: Illustration of the bubble sort algorithm.

Figure 1.26: Illustration of the heap sort algorithm.

has twenty elements, for example, the bubble sort algorithm performs 400 operations to sort the

list. The time in seconds varies based on the computer it is run on and should be timed. This

becomes quite significant with larger data sets and would render the bubble sort algorithm too

sluggish for use.

Figure 1.27: Comparison of the bubble and heap sort algorithm complexities.

The computational complexity of the CUSUM method is negligible given that it performs

a single calculation per data point [59]. Therefore, it is not necessary to quantify. Complexity
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is important when many operations are performed on multiple data points. Briefly, the BinSeg

method searches for a single change point in the entire data set. If one is found, the data

set is split at that point. A single change point is subsequently searched for in each subset.

Because operations are performed on subsets of the data, it improves computational efficiency

[41]. BinSeg has complexity O(n log n) [53], which is inexpensive, but which is not exact. To

improve accuracy while keeping complexity low, Killick et al. [53] developed PELT, which has

been proven to have a linear computational cost O(n) [53]. The “pruning” removes the locations

where it is impossible that a change point would occur, reducing the search space and the number

iterations needed to find the optimal combination of change-point locations.

According to Pedersen et al. [60], a validation procedure stipulates the performance indica-

tors that a mathematical model must have in order to be successful. In terms of CPD, Touzani

et al. [6] state that a CPD algorithm must be capable of both correctly identifying a change

point and detecting multiple changes in time series data.

An NRE detection algorithm can be validated by applying it to data with a previously

confirmed NRE. If the algorithm identifies the confirmed NRE as a change point, then it passes

the validation check. As pointed out by Earni and Therkelsen [7], it is worth noting that

momentary spikes or dips in the energy do not constitute a valid change point. Therefore, a

reasonable minimum segment length should be specified so as to prevent momentary spikes or

dips being identified as change points. General guidelines and factors that should be accounted

for to validate an NRE algorithm are summarised in Table 1.4 [61]:

Table 1.4: Table of important factors to consider when confirming that a valid change point was identified.

Metric Example Description

Magnitude Set limits The most important factor to classify a valid change point.

This should be set according to acceptable limits of the system.

As discussed on page 8 in Section 1.3.2, possible thresholds are

3σ and 10% of min/max [27]. For mining-energy data, the

threshold is 2σ [24].

Duration Short Long Anomalous data points may not be noteworthy if the duration

is seconds/minutes. Duration in combination with magnitude

should more accurately identify a significant change point [7].

In mining-energy data, events are considered significant if the

duration is several hours in length [24].
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Frequency Sample

rate

This refers to the resolution. Whether data points are logged

hourly, daily or monthly will affect what time frame can be

monitored [7]. Page 4 in Section 1.3.1 discussed that high

resolution can be a noisy data set that obscures trends.

Period Baseline

Assessment

Transition

The transition (in between) period just after the EEM is im-

plemented is expected to show changes [27].

Type Demand

Schedule

Variance

Mines implement load shifting according to Eskom’s tariffs. In

more expensive periods, equipment is cut back upon or turned

off. The peak period times (schedules) are different in the sum-

mer and winter. When equipment is not cut on back during

this scheduled time, it can be a possible NRE [24].

Independent

variables

Temperature

Weekday

Production

Season

A change is not considered an NRE if it is brought about by

cyclical changes (such as that of a seasonal change). However,

if the system is directly affected by production, and a sud-

den increase of production is initiated by the mine, then the

resulting energy increase is an NRE [24].

In summary, the change point detection methodology and selection of algorithms can be

verified by answering the following:

1. Does the data preparation organise the data such that cyclical changes are not present?

2. Are the chosen algorithms computationally efficient?

3. Were consistent testing conditions in the computer enforced?

To validate that the CPD algorithms successfully identify change points in mining-energy data:

1. The algorithms should detect a previously known change point.

2. The algorithms should be capable of identifying more than one change point.

Lastly, the objective to find algorithms for rapid NRE detection in mining-energy data should

be addressed. To validate whether or not an algorithmic approach will satisfy this objective, the

approach will be compared to a prescribed IPMVP method for the purposes of this study. The

verification and validation of a methodology and algorithms for rapid NRE detection concludes

the literature review. Important concepts, the need for the study, and objectives are all discussed

in the following section.
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1.5 Problem statement, need and objectives

Section 1.2 explained that NREs interfere with the success of an EEM [5]. It is important to

monitor a mine’s data so as to rapidly detect anomalous behaviour. Currently, this monitoring

is mostly done through communication with personnel and some manual data analysis [7]. The

following problems often arise:

1. Manual monitoring is subject to both missing anomalies and the subjective nature of the

individual’s opinion when classifying an NRE [6].

2. Due to the complexity present in mining operations, there are multiple systems and mea-

surements in place. This makes it infeasible to monitor every data stream.

The increased availability of data, as brought about by AMI, has created the need for ad-

vanced analysis [4]. In the case of NRE detection in mining energy data, the need is to apply

automated anomaly detection. M&V 2.0 is an umbrella term for the latest advances which

enable analysts to harness the potential of AMI [5].

To initialise the scope of this investigation, critical measurement points of mining energy

data were derived from literature. In Blaettler, significant systems for the case study mine

that account for 80% of the total energy consumption were identified [62]. This narrowed the

monitoring focus to systems that have the largest impact and may become costly if not properly

managed. Therefore, it would be beneficial to apply automated anomaly detection to such

systems.

One such focus area is data-driven change-point detection. This study will thus investigate

the potential of applying change point algorithms for rapid NRE detection in the mining industry.

An IPMVP-prescribed technique and two CPD algorithms will be investigated. The IPMVP

method suited to time series change detection is that of cumulative sums (CUSUM) [27]. The

two CPD algorithms that will be tested are Binary Segmentation and Pruned Exact Linear Time.

The aim of this study is to improve the current delayed NRE detection, and the objectives are

summarised below:

1. Apply the CUSUM, BinSeg, and PELT methods to the mining-energy data identified in

Blaettler [62].

2. Evaluate the ability of each method to rapidly identify NREs.

3. Evaluate each method’s ability to correctly identify NREs with applications on historically

confirmed NREs.

4. It is also important to criticise each method’s ease of implementation and computational

complexity.
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1.6 Outline of document

• Chapter 1: Background and literature study: This chapter provides a description of impor-

tant elements and procedures in mines pertaining to non-routine events. It also outlines

that M&V 2.0 emerged with data-driven analyses to utilise the enormous availability of

energy data. Data preparation techniques and the importance of data quality is also

discussed. From this discussion, change-point detection is described, followed by the de-

scription of the applicable algorithms that will be investigated in this study. To compare

the relevant performances, this chapter discusses the metrics that will be used to evaluate

each algorithm. In conclusion, the main objective is to implement data-driven, non-routine

event detection that will improve the current slow, inconsistent, and manual monitoring

process.

• Chapter 2 Methodology: The literature review is used to develop steps that ensure the

fulfilment of each objective outlined in Chapter 1. These steps are demonstrated with

a mine-compressor’s power data as an example and as a proof of concept. Initially, the

raw data are categorised according to season, weekday, and Eskom time of use periods.

Holidays must be reassigned as either a Saturday or Sunday, as per Eskom’s calendar. For

IPMVP NRE detection, a baseline period and manual data inspection with outlier removal

is discussed. To implement BinSeg and PELT, the method to select appropriate penalties

is explained. These methods also require parameter-tuning for each data set, such as the

minimum duration of a valid change point. This chapter concludes with concise scoring

metrics that aim to summarise the characteristics of each algorithm.

• Chapter 3 Results and discussion: The case studies and raw data are shown and discussed.

Data preparation is applied to each case study and the final testing data are displayed

visually. The change-point detection methods are then performed on the prepared test

data.

• Chapter 4 Conclusion: The purpose of the study and problem statement is reiterated. The

following discussion highlights how each of the research objectives were achieved. Recom-

mendations for further studies are also presented. The recommendations are followed by

a critical analysis of the study as a whole. Lastly, the impact of the study and relevance

to the mining industry is discussed.
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Chapter 2 Methodology for rapid non-routine event

detection

2.1 Preamble

The problem statement presented in Chapter 1 emphasises the need to closely monitor energy

data in order to rapidly identify anomalous events. In Chapter 2, the procedure is discussed

from the point of raw data collection and preparation to change-point detection. The important

steps identified through the literature review are:

1. Data preparation.

2. Change-point algorithm parameter-tuning based on the properties of each data set.

3. Consistent operating conditions in the computer when comparing algorithms.

4. Application of change point detection algorithms.

5. Verification of each algorithm according to accuracy, ease of implementation, and compu-

tational complexity.

Each of these steps will be described in this chapter with respect to mining-energy data. To be-

gin, the following section aims to identify what categorical variables and measurement resolution

will produce the most sensible data for successful change point detection.

2.2 Preparation of mining-energy data

The preparation of mining-energy data for anomaly detection can be summarised via three steps:

1) label weekday holidays as either “Saturday” or “Sunday” according to Eskom’s calendar; 2)

assign “Weekday”, “Saturday”, or “Sunday” to all other dates; and 3) separate the data set into

summer and winter periods and label each hour as “peak”, “standard”, or “off-peak” according

to Eskom’s schedule.

It was speculated in Section 1.3.1 (Page 4) that Eskom’s tariffs may govern the mine’s energy

consumption [23]. This study will apply the Eskom time-of-use tariffs as categories on a case

study mine. The raw data will be reorganised according to weekday/holiday, off-peak, standard,

and peak time-of-use periods. This may provide more consistency in the data for a weekday,

for example, and remove “dips” from holidays that fall on weekdays. The holiday calendar for

2020-2021 is shown in Table 2.1.
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Table 2.1: Eskom assignment of vacation and holidays in 2020-2021 [23].

Date Day Actual day of week Time of use treated as

10 April 2020 Good Friday Friday Sunday

13 April 2020 Family Day Monday Sunday

27 April 2020 Freedom Day Monday Saturday

01 May 2020 Workers Day Friday Saturday

16 June 2020 Youth Day Tuesday Saturday

09 August 2020 National Women’s Day Sunday Sunday

10 August 2020 Public Holiday Monday Saturday

24 September 2020 Heritage Day Thursday Saturday

16 December 2020 Day of Reconciliation Wednesday Saturday

25 December 2020 Christmas Day Friday Sunday

26 December 2020 Day of Goodwill Saturday Sunday

01 January 2021 New Year’s Day Friday Sunday

21 March 2021 Human Rights Day Sunday Sunday

22 March 2021 Public Holiday Day Monday Saturday

02 April 2021 Good Friday Friday Sunday

05 April 2021 Family Day Monday Sunday

27 April 2021 Freedom Day Tuesday Saturday

01 May 2021 Worker’s Day Saturday Saturday

16 June 2021 Youth Day Wednesday Saturday

To demonstrate the impact of re-assigning holidays according to the Eskom calendar, an

example data set is shown in Figure 2.1. This is power data logged at half-hour-intervals for

every day in August 2020. The compressor power output is reduced on weekends and corresponds

to the dips seen in Figure 2.1. However, there is an extended period of low power from day 7

to 10. According to the Eskom calendar, National Women’s day was observed on Monday 10

August. This Monday was treated as a Saturday, with less production taking place, explaining

the extended low demand seen in Figure 2.1.
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Figure 2.1: Power data from a mining compressor for August 2020.

The second step involved adding the day of week labels to the remaining dates in the data

set. When the weekday holiday is relabeled as a Saturday, it is not included with the weekday

data. This prevents the holidays from obscuring the profiles associated with weekdays. Fig-

ure 2.2 shows some weekdays in August with the holiday excluded. This demonstrates that the

compressor can be expected to operate in the vicinity of 4000 kW on a weekday. By removing

the public holiday, the long weekend from 8 to 10 August is excluded in Figure 2.2; this distinc-

tion then clearly highlights an abnormality on Friday, 7 August. It is possible that personnel

received more time off and ended the workday earlier. Nevertheless, this division would reduce

false change point identification that can be attributed to a holiday. The reader is reminded

that outlier and data loss analysis will not be performed at this stage because it falls within the

scope of change-point detection.

Figure 2.2: Power data from a mining compressor for a selection of weekdays in August 2020.

Figure 2.3 shows the average hourly compressor power for a typical weekday in August 2020.

The grey bars indicate Eskom’s peak tariff hours. This shows that the power was lowered during

the morning peak period and indicates a possible trend.
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Figure 2.3: Average hourly power on weekdays of a mining compressor in August 2020. The grey bars
indicate Eskom peak tariff hours.

The Eskom tariff book also stipulates the summer and winter time-of-use periods [23]. This

is summarised in Table 2.2; the period starts on the hour; thus, in summer from 6am − 7am

“standard” tariffs apply. The third data preparation step is to divide the data into summer

and winter months. Thereafter, each hour will be labeled as “peak”, “standard”, or “off-peak”

according to Table 2.2.

Table 2.2: Eskom’s assignment of time of use periods between peak, standard and off-peak times.

Time Summer Winter

Weekday Saturday Sunday Weekday Saturday Sunday

00:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

01:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

02:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

03:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

04:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

05:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

06:00 Standard Off-peak Off-peak Peak Off-peak Off-peak

07:00 Peak Standard Off-peak Peak Standard Off-peak

08:00 Peak Standard Off-peak Peak Standard Off-peak

09:00 Peak Standard Off-peak Standard Standard Off-peak
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10:00 Standard Standard Off-peak Standard Standard Off-peak

11:00 Standard Standard Off-peak Standard Standard Off-peak

12:00 Standard Off-peak Off-peak Standard Standard Off-peak

13:00 Standard Off-peak Off-peak Standard Standard Off-peak

14:00 Standard Off-peak Off-peak Standard Standard Off-peak

15:00 Standard Off-peak Off-peak Standard Standard Off-peak

16:00 Standard Off-peak Off-peak Standard Standard Off-peak

17:00 Standard Off-peak Off-peak Peak Standard Off-peak

18:00 Peak Standard Off-peak Peak Standard Off-peak

19:00 Peak Standard Off-peak Peak Standard Off-peak

20:00 Peak Off-peak Off-peak Peak Off-peak Off-peak

21:00 Peak Off-peak Off-peak Peak Off-peak Off-peak

22:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

23:00 Off-peak Off-peak Off-peak Off-peak Off-peak Off-peak

At this point, the data preparation is complete for anomaly detection algorithms. In this

study, an IPMVP method for anomaly detection will be applied as a comparison to demonstrate

advantages of algorithmic methods. In Chapter 1, the cumulative sums (CUSUM) method was

identified as suitable for high-volume mining-energy data, given that it does not require visual

monitoring through plots — plots which can only provide a limited view (Page 8). This method

identifies abnormal behaviour by comparing assessment-period data to a baseline and which

requires an additional data preparation step.

As discussed on Page 6, a baseline must represent consistent operating conditions and should

be chosen such that it does not contain anomalies. If that is unavoidable, the outliers should be

removed from the baseline data. Section 1.3.1 mentioned that the measured mining energy is only

compared to monthly Eskom bills. The data should also be inspected for data-loss or outliers

and the corresponding dates and times must be discarded. It seems counter-intuitive to perform

an outlier analysis since the focus of this study is rapid anomaly detection. However, standard

M&V practice is compared to an algorithmic M&V 2.0 approach to address the objective to apply

rapid anomaly detection. It demonstrates that the M&V approach relies on the time-consuming

process of setting up baselines.

The standard deviation of the baseline period can be calculated with Equation 1.3. Equa-

tion 1.2 computes the distance between each data point and the mean. Any data points more
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than two standard deviations from the mean may be outliers [24]. If any such points are found,

it must be determined whether or not their deviation was caused by a non-routine event (NRE).

For demonstration purposes, let August 2020 be the baseline for the mining compressor. Fig-

ure 2.4 shows a standard deviation plot of the Eskom peak time-of-use period of this baseline

data. The distance from each point to the mean of this baseline period is plotted in terms of

standard deviations |(xi−µ)|
σ .

Figure 2.4: Standard deviation plot for a mining compressor’s weekday peak time-of-use power output in
August 2020.

Figure 2.4 highlights outliers in the peak time period on 11 and 19 August. These data

points should be discarded to complete the preparation of a baseline for the IPMVP anomaly

detection approach. Figure 2.5 shows the peak hours for every day in August 2020 of the mining

compressor with the anomalous data removed to form the baseline for this example. This

baseline outlier analysis should also be performed on the off-peak and the standard time-of-use

data.

Figure 2.5: Baseline data for a mining compressor’s weekday power output during Eskom’s peak periods
in August 2020.

According to the existing body of literature [27][41], the data should vary with approximately

one standard deviation to apply anomaly-detection algorithms. Continuing with the mining-
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compressor example, the data in Figure 2.5 should be scaled with respect to the median absolute

deviation (Equation 1.13). The result of the scaling is shown in Figure 2.6. This concludes

the baseline data preparation for the IPMVP anomaly detection technique. For this data, the

average is 0.04 and the standard deviation is 1.25. These parameters can be used in the CUSUM

method in order to detect non-routine events.

Figure 2.6: Scaled baseline data for a mining compressor’s weekday power output during Eskom peak
periods in August 2020.

In summary, the raw data was categorised into season, weekday, and time-of-use periods.

Thereafter, the raw data were scaled such that the mean is roughly zero, with approximately

one standard deviation. The IPMVP method requires and extra step which consists of choosing

a baseline with little to no outliers present. If outliers are unavoidable, these must be removed

from the baseline data. The following sections explains the methodology in implementing the

NRE detection methods.

2.3 IPMVP anomaly detection

Section 1.3.2 discussed the CUSUM method that is prescribed by the IPMVP. This method

aims to provide an early warning if the system is approaching some predefined boundary. From

the literature review, a boundary of two standard deviations (±2σ) of the baseline period is

applicable to mining data. Division into time-of-use periods should then create data sets that

are normally-distributed. The baseline period must be chosen such that it describes the expected

normal operation of the system, without any EEMs. Then the mean and standard deviation

should be determined and substituted as constants into Equation 2.1 (repetition of Equation 1.2).

Zi =
xi − µ

σ
(2.1)

Then Zi should be calculated for every data point for the CUSUM method, as shown below.
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SH(i+1)
= max(0, SHi + Zi − ω) where ω = 2σ (2.2)

SL(i+1)
= min(0, SLi + Zi − ω) where ω = −2σ (2.3)

To indicate that the system is out of bounds, the limits are reached when SH > 2σ and SL < −2σ.
If the limit statements are true, the index in the date and time list should be recorded. This

can be done in Python with the following pseudo code:

Algorithm 1 CUSUM

1: b = list of n energy data points from the baseline period
2: Calculate constant µ = average of b

3: Calculate constant σ2 =
∑n

i=1(bi−µ)2

n−1
4: Let ω = 2 ∗ σ
5: x = list of energy data points from the assessment period
6: DateT ime = list of date and time from the assessment data
7: Calculate Zi =

xi−µ
σ

8: Calculate SHi+1 = max(0, SHi + Zi − ω)
9: Calculate SLi+1 = min(0, SLi + Zi − ω)

10: if SHi+1 > ω then
11: Add the index i from DateT ime to a list
12: end if
13: if SLi+1 < −ω then
14: Add the index i from DateT ime to a list
15: end if

The list of recorded dates and times from Algorithm 1 will then indicate where the system

may have approached its thresholds. An example is shown in Figure 2.7. The CUSUM method

was tested on the example mining-compressor data for the period 23 November 2020 to 18

January 2021. The solid line shows the power output of the example data during the Eskom-

delineated peak periods on weekdays. The dotted line is the negative cumulative sum, calculated

with Equation 2.3.
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Figure 2.7: Negative CUSUM applied to a mining compressor’s weekday power output during Eskom
peak periods in August 2020.

No positive accumulation was present and is confirmed by the absence of positive shifts in

Figure 2.7. The CUSUM method correctly identifies a power decrease on 1 December. The

dotted line shows a minor dip below zero, which recovers to null because the data became

available again. A much larger decrease is present during the period of 25–31 December. This

is expected during the Christmas break when no compressed air is required for mining. The

magnitude of the CUSUM results give an indication of how long an NRE has occurred and

will aid in classifying significant events. However, the CUSUM method shows “slow recovery”

to null and this may obscure NREs that occurred shortly after. A more exact approach will

also be investigated in course of this study, with the following section describing the method of

implementing Binary Segmentation (BinSeg) and Pruned Exact Linear Time (PELT).

2.4 Change point detection algorithms

In Section 1.3.3, it was stated that the R programming language contained useful packages for

anomaly detection. One such package is called changepoint [41]. This package contains R code

that implements the BinSeg or PELT algorithms for identifying change points in time-series

data. The package description and inputs that are required are the instruments used to answer

the research question. The code example below shows the implementation to identify changes in

the magnitude of time series data. Calling cpt.mean() essentially “fetches” the corresponding

algorithms in the changepoint package.

ChangePoints = cpt.mean(data, minseglen, penalty, pen.value, method, Q)

The input data is a list of time series data points, such as the compressor-power data in the
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previous example. The input minseglen is the minimum segment length. This is the number of

data points where no change is expected. For example, one would not choose a minimum segment

length of one for the compressor example because a change point that lasts only 30 minutes is

not deemed to be significant. As shown in Figure 2.4, and in concurrence with Table 1.4, it is

considered significant when the compressor’s power output is out of the ordinary for a number

of hours. Therefore, one would set minseglen = 8 (eight 30-min intervals) to ignore changes

that last less than four hours. The minimum segment length influences the penalty and helps

to identify the correct number of change points. If minseglen is too small, it may lead to many

falsely-identified change points.

The penalty input offers a selection of penalty methods. Such methods remain an open and

unresolved research question. However, changepoint contains functionality for some methods

that have been developed thus far. In this study the penalty will be “Manual” for the PELT

algorithm and selected with the elbow plot method discussed on Page 27. The apex of the

elbow, at the sharpest point, shows at which penalty the algorithm identifies the most reasonable

number of change points. For each data set, the number of change points will vary based on

the penalty. This was applied to the example using compressor data in Figure 2.6 by selecting

a wide range of penalties and iteratively adapting this range until an elbow shape was achieved.

The number of change points plotted as a function of the penalty value creates an elbow plot,

as shown in Figure 2.8.

Figure 2.8: The effect of a penalty in the PELT algorithm showing how the number of change points
identified changes with the given penalty range.

The reader/viewer of this figure knows that there are three change points in the weekday

data based on the visual inspection of Figure 2.4. However, Figure 2.8 above suggests that

there are more than five change points. It is possible that the manual penalty method is not

strict enough, or that the algorithm has identified more than three true change points. Based on

Figure 2.8, a penalty of 50000 corresponds to the apex and may be reasonable for the pen.value
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input.

The next input, method, specifies which change point algorithm to use. If the method is

set to “BinSeg”, then Q must be specified. This is the maximum number of expected change

points and should be judged based on what is expected from the system under analysis. For the

compressor example, one may use the elbow plot and set Q = 20. In summary, for the compressor

example, the changepoint package inputs for BinSeg and PELT would be as follows:

ChangePointsBinSeg = cpt.mean(data, method=“BinSeg”, Q=10, minseglen=8)

ChangePointsPELT = cpt.mean(data, penalty=“Manual”, pen.value=50000,

method=“PELT”, minseglen=8)

The package returns the location of each change point found and the mean of that segment.

These can be used to plot a change point line over the test data. Figure 2.9 shows the results

from the “BinSeg” method applied to the compressor example data.

Figure 2.9: Change points discovered by the BinSeg algorithm for Eskom-delineated peak tariff data of
a mining compressor’s weekday power profile.

Figure 2.10 shows the results from the PELT method applied to the example. It is clear that

this algorithm identifies anomalous data points.

Figure 2.10: Change points discovered by the PELT algorithm for the Eskom-delineated peak tariff data
of a mining compressor’s weekday power profile.
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The method described above can be summarised as R pseudo code algorithms. Algorithm 2

below describes the penalty selection method. Comments are indicated with a “#” symbol; it is

important to notice that the notation is slightly different from Python, such as “←” instead of

“=”. The first step is to load the data into R using import. To start guessing, one may let beta

range from 1.0 to 10.0. For each value in beta, compute the number of change points with the

PELT method and store it in a list. This list is then plotted with beta on the x-axis to create

an elbow plot. On the y-axis, the number of change points should be a realistic range. Increase

the penalty — by, for example, ranging beta from 10 to 100 — so as to improve accuracy.

Algorithm 2 Penalty Determination

1: data ← import(“path to directory and filename of the data”)
2: beta ← list of guess values for the penalty.
3: ChangePointsPELT ← cpt.mean(data, penalty=“Manual”,

pen.value=beta[i], # Where [i] fetches the value in beta at a certain index.
method=“PELT”, minseglen=8)
# Loop through each possible penalty in beta by changing the index i.

4: NrChangePoints = ChangePointsPELT .cpts # this extracts the list of changepoint lo-
cations from the results of cpt.mean(). The length of this list is the number of change
points.

5: Store length(NrChangePoints) in a list and create the elbow plot.
6: Adjust the range of beta to achieve a realistic number of change points.

Once the penalty has been set, the PELT and BinSeg algorithms can be applied. Algorithm 3

outlines the steps for BinSeg. This method requires a guess for the maximum possible number

of change points, Q. A reasonable value can be based on the y-axis of the elbow plot from

Algorithm 2, the number of change points associated with the chosen penalty. Based on the

example compressor data, a minimum segment length of 8.0 may be reasonable for mining data

— this should be confirmed for each data set. The output of this algorithm, labeled TauList in

Algorithm 3, is a vector of change point locations and the mean associated with each segment.

These locations are the date and time where a change point was found.

Algorithm 3 Binary Segmentation

1: data ← import(“path to directory and filename of the data”)
2: QV alue = The number of change points that correspond to the penalty derived in Algo-

rithm 2.
3: ChangePointsBinSeg = cpt.mean(data, method=“BinSeg”, Q=QV alue, minseglen=8)
4: TauList = ChangePointsBinSeg.cpts

Implementing PELT is similar to that of BinSeg and summarised in Algorithm 4. The

penalty (BetaV alue) was selected from the elbow plot as described in Algorithm 2. The output

is also a vector of change point locations and the resepctive segment means.
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Algorithm 4 Pruned Exact Linear Time

1: data ← import(“path to directory and filename of the data”)
2: BetaV alue = Predetermined penalty from Algorithm 2.
3: ChangePointsPELT ← cpt.mean(data, penalty=“Manual”, pen.value=BetaValue,

method=“PELT”, minseglen=8)
4: TauList = ChangePointsBinSeg.cpts

In summary, this section described how to implement three change-point detection methods:

CUSUM, BinSeg, and PELT. The various methods of implementation was demonstrated through

an example of energy data concerning a mining compressor. Data preparation precedes any

change point detection application. In this step, the data are reorganised according to season,

weekday, and then Eskom’s time-of-use periods. Doing so agglomerates periods where consistent

power output can be expected, which improves change point detection. The important step for

CUSUM is to select an appropriate baseline period such that it represents normal operation.

The baseline data must be manually checked for data loss and outliers, and anomalous data

should be removed. To implement BinSeg and PELT, a penalty is first determined. Elbow plots

are created by varying guessed penalties and by plotting the number of change points. This also

gives an indication of the estimated maximum number of change points required in BinSeg.

It is important to remember to terminate any background processes on the machine before

running an algorithm. As explained in Section 1.4, any processes may interfere with the ma-

chine’s ability to run an algorithm. If this is not done, the computation-time test metric will

not be consistent. To keep track of the background processes, this study will monitor the task

manager as shown in Figure 2.11.

Figure 2.11: Task manager showing the memory usage on the computer to be used for change point
detection implementation.

Once the data preparation is complete and all apps/processes are terminated, change-point

detection algorithms can be implemented. The outputs of BinSeg and PELT are vectors that

contain the date and time of change points, along with the mean of each segment. What remains

are steps to verify the success, accuracy and usability of each change-point detection method.
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2.5 Verification

Verification of the methodology is to prove that the steps explained in this chapter will enable

one to run a change point detection algorithm that successfully and efficiently locates meaningful

change points. The verification of data preparation and algorithms for NRE detection in mining

energy data was gathered from literature reviewed in Chapter 1. First, the data must be

reorganised to account for expected and cyclical changes [27]. In Figure2.3, it is clear that

lower demand can be expected in the example data during the first Eskom peak time of use.

Therefore, this categorisation accounted for the energy reduction that occurred daily, as shown

in Figure 2.3.

Second, the chosen algorithms must maintain low computational complexity with regards to

the size of the data that they are applied to [55]. This does not apply to the CUSUM method,

given that it performs a single operation on no more than two data points at a time [59].

According to Killick et al. [53], the BinSeg and PELT algorithms are inexpensive when working

with large data sets. Therefore, the CUSUM, BinSeg, and PELT methodologies are verified to

be suitable for NRE detection in mining-energy data. To conclude methodology verification,

consistent testing conditions were enforced by terminating all unnecessary processes on the

computer [57].

It is necessary to ensure that the chosen algorithms and methodology address the research

objectives. In this study, the objective is to apply algorithms that rapidly identify non-routine

events in mining energy data. An algorithmic approach addresses the goal to rapidly identify

NREs because it does not rely on feedback from any site personnel. An algorithm can be run

continuously and will thus identify anomalous data very near in time to the commencement of

the NRE. According to the literature review, a changepoint detection algorithm is validated if

it detects a historically known changepoint. The CUSUM method was proven to be suitable, as

shown in Figure 2.7, the reduced power during the Christmas period was highlighted. Similarly,

Figure 2.9 shows that the BinSeg and PELT algorithms successfully identified the anomalous

data points on 11 and 19 August. Literature states that a CPD algorithm must be capable

of identifying more than one changepoint in a data set [63]. The CUSUM method indicated

reduced power on two occasions: 01 December and 25 - 31 December. The BinSeg and PELT

algorithms also identified two anomalous periods in Figures 2.9 and 2.10.

The final validation will involve comparing the new algorithms to the IPMVP method. The

comparison metrics include ease of implementation, runtime, and accuracy. This addresses the

main study objective, which is to show that an algorithmic approach is faster and easier to

implement than the prescribed IPMVP method. This can improve the current reactive and slow

NRE-identification process utilised in South African mines.
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2.6 Conclusion

In this chapter, the methodology to implement change point detection was developed. This was

done with aid of a test case to validate the methodology. In the next chapter, the case study

data will be explained. Thereafter follows the presentation and discussion of the results.
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Chapter 3 Rapid change point-detection implemen-

tation and results

3.1 Preamble

The problem statement in Chapter 1 emphasises the need to closely monitor energy data in order

to rapidly identify anomalous events. The body of literature reviewed has revealed important

data preparation steps and data monitoring algorithms that can identify change points. In

Chapter 2, the procedure was outlined from the raw data stage to the point of change-point

detection. With the aid of the example compressor data, it was determined what resolution

is best and which level of categorising is useful for mining-energy data. Thereafter, the steps

to implement CUSUM, BinSeg, and PELT were explained. In this chapter, the methodology

outlined in Chapter 2 will be applied to four case studies.

3.2 Case study explanation and data preparation

The case study in this section was chosen from the study mentioned on Page 33 in Chapter 1.

The case study mine receives electricity from Eskom which is distributed into the mine via a

cable system known as “feeders”. In this case, there are 300 feeders which log half-hourly power

data — of these 300, the 57 most significant were identified [62]. This accounts for 80% of the

mine’s total energy consumption in the case study. In this section, the data preparation and

change-point detection results will be discussed for four of these feeders.

The first case study concerns a feeder that supplies electricity to a rock mill. Figure 3.1

shows the raw data covering activity between January and June 2020 (inclusive). These data

points represent the power output as they were logged every half-hour. This data set displays

a high degree of variance while also indicating the presence of a significant period of decreased

power in April of 2020.
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Figure 3.1: Half-hourly power output of a rock mill.

The second case study concerns a compressor which services a different shaft than that of

the example compressor in Chapter 2. The raw data have been recorded at half-hourly power

measurement intervals, as shown in Figure 3.2. The recorded sharp drops in power make it

difficult to identify trends in the raw data, with a prolonged period of inactivity also having

been recorded for the period spanning from the end of March to the beginning of May 2020.

Figure 3.2: Half-hourly power output of a compressor.

The third case study is of a feeder connected to a gold plant, which extracts gold from raw

materials. Various machines and processes present at the plant are supplied with electricity

through this feeder. The gold plant power demand data are shown in Figure 3.3. These power

readings were recorded every half-hour. At this resolution, the data appear sporadic which

makes it difficult to identify trends.
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Figure 3.3: Half-hourly power output of a gold plant.

The fourth data set covers the power output from a fridge plant located in the mine. These

data were also collected at a half-hourly-interval basis and have been presented in Figure 3.4.

Although these data appear less sporadic than that of the gold plant above, there is a change

in the variance on 10 May. It is unclear if any trend can be identified at this resolution.

Figure 3.4: Half-hourly power output of a fridge plant.

Section 1.3.2 explained that the CUSUM method requires a baseline period [27]. For this

study, February 2020 was chosen as the baseline for all four case studies, with its selection having

been derived from the example data in the Chapter 2 that showed decreased consumption during

the Christmas break. This continues into January 2020 given that the 1st of the month is a public

holiday and is followed by a start up period [24]. Therefore January does not represent normal

operating conditions, as shown in Figure 3.5.

Figure 3.5 shows that the fridge plant initially ran at reduced level of power and that the

compressor was off until 6 January. As explained by Schutte, Kleingeld, and van der Zee [11],

equipment and systems in a mine may affect one another. Therefore, it cannot be assumed that

the mill and plant’s operations are not influenced by the reduced power from the fridge plant

and the compressor. Furthermore, February is a reasonable baseline period because little-to-no

anomalous data is present during this period in Figures 3.1 through 3.4.
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Figure 3.5: End of Christmas break start-up period in January.

In all of the case studies above, it was made apparent that the raw data do not show

any patterns. The aim of data preparation and categorisation is to expose trends, with the

methodology laid out in Section 2.2 being applied to the four case studies for this reason. The

first step was to reassign holidays as “Saturday/Sunday”, as per Eskom’s calendar in Table 2.1.

The data were then split into season, weekdays, and Saturdays and Sundays. This was done

so as to label each time according to the Eskom time-of-use periods found in Table 2.2. The

next step requires the scaling of the data such that the standard deviation is approximately 1.0,

as achieved via the median absolute deviation method defined in Section 1.3.4. The following

discussion presents the data preparation results, and specifically for weekday Eskom off-peak

periods in the summer — in short, S WKD OFF.

Figure 3.6 shows the formatted power output from January 2020 to March 2021. Winter

months are excluded and only the off-peak time-of-use periods are plotted. Similar plots for the

standard and peak Eskom time-of-use periods are in Appendix Figures C.1 and C.2.

This configuration clearly highlights the dip in consumption in April 2020 of plots (a) and

(b). In plot (b), the scaled parameters are a mean = −27 and a standard deviation = 39. This

process did not achieve a standard deviation of 1.0, which is necessary for change-point detection

as stated on Page 18. However, in this study, no further data formatting will be applied. In

plots (c), the sporadic data points seen in Figure 3.3 are not present. This makes it possible

to see the period of lower demand in April 2020. Plot (d) shows increased demand near the

end of November 2020 which may not be visible in the raw data. It remains to be seen if these

statistical parameters will hinder the performance of the change-point detection algorithms
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Figure 3.6: Scaled Summer weekday off-peak time-of-use plot of (a) a rock mill, (b) a compressor, (c) a
gold plant, and (d) a fridge plant.

CHAPTER 3. RAPID CHANGE POINT-DETECTION IMPLEMENTATION AND
RESULTS

54



Application of M&V 2.0 techniques to identify and quantify non-routine events

To apply the CUSUM method, the baseline data must be cleaned — as described on Page 39.

The standard deviation for February 2020 was calculated with Equation 1.3. Each point in

Figure 3.7 is xi − µ divided by the standard deviation. These plots are of the S WKD OFF

periods in February 2020 and show the outliers on the following days:

(a) The 7th and 11-13th.

(b) The 20-25th and 27th.

(c) The 3rd, 6th, 10th, 13-14th, and 26-28th.

(d) The 12-14th, 18-19th, and 24th.

Figure 3.7: S WKD OFF standard deviation plots of February 2020 for (a) a rock mill, (b) a compressor,
(c) a gold plant, and (d) a fridge plant.
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The data points that fall outside of the 2σ limit were removed. Thereafter the data was

scaled with the MAD method described on Page 18 and plotted in Figure 3.8. The resulting data

provide the statistical parameters for the CUSUM method. These parameters are summarised

in Table 3.1.

Table 3.1: Baseline statistical parameters for CUSUM-anomaly detection.

Parameter Rock mill Compressor Gold plant Fridge plant

µ -1 0 -2 0

σ 2 3 5 2

The scaling process ensured that most data points are within one standard deviation of the

mean and, therefore, satisfies the condition set in Section 1.3.1. With this condition satisfied,

the data in Figure 3.8 present suitable baselines for CUSUM-anomaly detection. On Page 8,

the literature reviewed [5][27] explained that the standard deviation of a suitable baseline pe-

riod can be used to identify outliers in the assessment period. The baseline preparation was

also applied to Eskom standard and peak time-of-use periods. This can be seen in Appendix

Figures C.3 and C.4. The following section describes the results of the CUSUM method.
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Figure 3.8: S WKD OFF cleaned and scaled baseline plots of February 2020 for (a) a rock mill, (b) a
compressor, (c) a gold plant, and (d) a fridge plant.
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3.3 IPMVP anomaly detection

In short, this IPMVP method utilises the cumulative sum of each data set’s Z-score. The

constants summarised in Table 3.1 were substituted into the CUSUM Equations 2.1, 2.2, and

2.3 for each, with the case study power data plotted above the respective CUSUM plot. On the

x-axis, the most significant dates are those leading up to the COVID-19 shut down on 26 March

2020. Although the scaled data were used when applying the change-detection method, they

would not add comprehensive value upon visual inspection of the results. For this reason, the

original power output for each section was used to visually display the results.

In Figure 3.9, the negative (SL) CUSUM of the rock mill is plotted. No positive change points

were identified during this time period and the SH CUSUM plot remained at null. However,

the SL plot in Figure 3.9 indicates negative accumulation. Dips in power output were detected

on 05 March and 10-12 March. This correlates with the reduction seen in the power plot. As

such, the national lockdown was identified successfully, as indicated by the decreasing slope of

the CUSUM plot.

Figure 3.9: Top: S WKD OFF power output of a rock mill in March 2020. Bottom: SL CUSUM result
showing detection of anomalies.

Similar to the previous case study, no positive accumulation was identified for the compressor.

Figure 3.10 shows the power output of the compressor and the corresponding SL plot. The

national lockdown was correctly identified; however, the extent of this negative accumulation

obscures the sharp dips present on previous days.
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Figure 3.10: Top: S WKD OFF power output of a compressor in March 2020. Bottom: SL CUSUM
result showing detection of anomalies.

The IPMVP method did not detect any positive or negative accumulation for either the gold

plant or the fridge plant in March 2020. In Figure 3.11, the power output dips to nearly zero

on multiple occasions. However, no negative accumulation developed. The reason is due to the

variability of the raw data. The standard deviation of the baseline period is large enough such

that the data points in Figure 3.11 do not exceed 2σ.

Figure 3.11: S WKD OFF power output of a gold plant in March 2020.

Figure 3.12 shows that the power output of the fridge plant did not increase or decrease out

of bounds during March 2020. However, the dip in power output on 30 March was not identified.

The threshold for the CUSUM method is 2σ, where σ is the standard deviation of the baseline

period. It is evident that the baseline data had a high degree of variability and that 2σ was,

thus, not exceeded during the assessment period.
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Figure 3.12: S WKD OFF power output of a fridge plant in March 2020.

Overall, the CUSUM method is capable of detecting change points. However, this method

becomes less accurate when there is high variability present in the baseline data. In the following

section, the results of the BinSeg and PELT algorithms are analysed.

3.4 Change-point detection algorithms

In this section, the results of the BinSeg and PELT algorithms are discussed, with these algo-

rithms having been applied to each case study — the relevant S WKD OFF periods will, thus,

be shown in this section. The results of the S WKD STD and S WKD OFF periods can be

found in Appendix D. These methods require parameter-tuning to limit the number of change

points to that of a realistic number. The three parameters that must be tailored to each data

set are the minimum segment length, penalty, and maximum number of change points (Q).

From the literature reviewed, a significant change point should last a duration of four hours.

The case study data are measured in half-hour increments and, therefore, the minimum segment

length was chosen to be that of 8.0. With this parameter in place, a penalty was determined for

each data set via the use of the elbow plot method which was applied to the March 2020 portion

of the scaled-power data sets that were developed in Section 3.2. The plots in Figure 3.13 were

created by varying the penalty in the PELT method. The number of change points identified

by the PELT algorithm were plotted as a function of penalty values. The penalty values were

created by guessing a range of penalties and adjusting this range until an elbow-shaped curve

was achieved.
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Figure 3.13: Elbow plots showing the number of change points along varying penalties in the PELT
method for the March 2020 S WKD OFF power data for: (a) a rock mill, (b) a mining
compressor, (c) a gold plant, and (d) a fridge plant.

Figure 3.13 (a) shows that the apex of the elbow plot is at the coordinate location (30,10).

This means that the PELT algorithm identifies 10.0 change points when the penalty is set to

30.0. The apex of plot (b) lies somewhere between points (200,8) and (300,4). Upon referring to

Figure 3.6 (b), little variation can be seen for the period ranging between February and March

2020. Therefore, the more strict penalty of 300 was chosen for the mining compressor data set.

For the gold plant data, a penalty of 260 was chosen based on Figure 3.13 (c). Figure 3.6 (c)

shows variation during February and March; therefore, an estimation of 10.0 change points may

be reasonable. There is significant discontinuity along the y-axis in Figure 3.13 (d) where the

number of change points reduce from 9.0 to 5.0 as the penalty increases from 0.293 to 0.294. It

is not clear which penalty should be used — therefore, both 0.293 and 0.294 will be discussed

for the fridge plant data.

The BinSeg method requires that a maximum number of change points be set. According to

Section 2.4, this limit can be based on the elbow plot method. The maximum number of change

points for each data set was selected from Figure 3.13 and summarised in Table 3.2.

As derived from the review of the extant body of literature, it is crucial to maintain consistent

testing conditions when comparing algorithms. This means that any background process must
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Table 3.2: Summary of maximum change point limits for the BinSeg algorithm.

Rock Mill Compressor Gold Plant Fridge Plant

Max CPT 10 4 10 9

be turned off, if possible. Section 2.4, showed that the task manager on a system using Windows

can be used to achieve this outcome. Figure 3.14 shows what portion of background processes

were active while implementing the CPD algorithms. The little memory that was used was to

maintain critical processes, without which the computer could not otherwise function.

Figure 3.14: A snapshot of the memory usage on the machine that was used to implement change-point
detection algorithms.

With consistent testing conditions ensured, the change-point detection algorithms were im-

plemented. In the following section, the results are presented visually for the four case studies.

The convention in this section is that the original assessment power data for March 2020 are

plotted first. Below that, the scaled power data from Section 3.2 are presented as an area graph

— this is the data set used in the CPD algorithms. The CPD results for BinSeg and PELT are

plotted over the scaled area graph. These lines represent the estimated mean of each segment

between change points. The following discussion will focus on the summer weekday off-peak

Eskom time-of use-periods — refer to Appendix D to see the results of the standard and peak

periods.

Figure 3.15 shows the BinSeg and PELT CPD results for the rock mill case study. It is

clear that both algorithms detected the national lockdown from 25 March 2020. The BinSeg

algorithm located five change points, and the PELT algorithm identified eight. The CPD results

for the mining compressor are shown in Figure 3.16. Keeping the scaled power data as an area

graph did not simplify the visual representation and was, therefore, changed to a line. Both

algorithms successfully identify the periods when the compressor turned off for the national

lockdown from 27 March 2020.
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Figure 3.15: (a) S WKD OFF power output in March 2020 of a mining rock mill; (b) the change-point
detection results overlaid on the scaled version of plot (a) as an area graph.

Figure 3.16: (a) S WKD OFF power output in March 2020 of a mining compressor; (b) change-point
detection results along with the scaled power data from plot (a).

Figure 3.17 shows a closer view of Figure 3.16. The short duration dips in power were not

identified as change points. This shows that the minimum duration setting of four hours prevents
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the identification of insignificant change points. However, the lower power values bring down

the mean of that segment and make the CPD results seem less accurate when compared to that

of the power data. Furthermore, the sharp drops in power obscure the overall trend and renders

it difficult to discern the segments identified via the CPD algorithms.

Figure 3.17: (a) S WKD OFF power output of a mining compressor from 13-25 March 2020; (b) change-
point detection results along with the scaled power data.

The gold plant power data for March 2020 are plotted in Figure 3.18 (a). Although the

elbow plot estimation showed that 10.0 change points can be expected for this data, the BinSeg

algorithm converged to a value of 5.0. However, the PELT algorithm located 10.0 and is, thus,

more robust when there is variation within a segment.

Figure 3.18: (a) S WKD OFF power output in March 2020 of a gold plant; (b) the change-point detection
results overlaid on the scaled version of plot (a) as an area graph.
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For example, refer to 9 March in Figure 3.18 (b), the PELT algorithm shows a segment of

lower power output. There is a spike in the centre of this segment which would cause the segments

on either side to be less-than the minimum valid change-point duration. For this reason, the

BinSeg algorithm did not classify either segment as a change point. Neither algorithm identified

a change point around 6 March. This was unexpected given that there was a reduction in power

at this time — as shown in Figure 3.18 (b). In the case of PELT. the constraints limited the

number of change points to 10.0 — therefore, the 10.0 most critical changes were highlighted.

The fridge plant results are shown in Figure 3.19. The BinSeg algorithm did not identify any

change points. In this case, the BinSeg algorithm has failed. The PELT algorithm classified nine

segments and, thus, identified inconsistent operation on this system. Furthermore, a decrease in

production was expected during the COVID-19 national shutdown. The PELT algorithm would

have alerted mining personnel of the increased power consumption seen on 31 March.

Figure 3.19: (a) S WKD OFF power output in March 2020 of a fridge plant; (b) the change-point detec-
tion results overlaid on the scaled version of plot (a) as an area graph.

This concludes the results discussion. What remains is a discussion of the validation of the

chosen change-point detection algorithms. This will be covered in the following section.

3.5 Validation

In Section 2.5, the validation metrics for change-point detection algorithms were outlined:

Namely to detect a historically-known change point and to rapidly detect NREs in mining-
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energy data. It was also necessary to confirm that the algorithms show low time complexity.

From the results discussed, it was made clear that all three algorithms successfully identified

a historically-known change point — the national lockdown. The main objective of this study

was to test the implementation of algorithms so as to rapidly identify non-routine events (NRE)

in mining-energy data. The literature review indicated that NRE detection in industry and

mines can take multiple days. The methods tested in this study would reduce this time-frame as

it is capable of locating anomalies within a few hours of the event occurring. This is as a result

of the segment lengths of change points in mining-energy data, which are recorded in hourly

intervals.

To test time complexity, the runtime for the BinSeg and PELT algorithms were measured.

These are summarised in Appendix Table D.1. For all of the data sets, both the BinSeg and

PELT algorithm runtimes remained less than 25ms. Therefore, the time complexity is suffi-

ciently low for mining-energy data at a half-hourly resolution.

Another objective of this study is to develop M&V 2.0 techniques which aim to improve the

utilisation of large scale data. This was addressed through application of a prescribed IPMVP

technique and change-point detection algorithms. The following discussion will focus on the

comparison of the CUSUM method with the BinSeg and PELT algorithms. The comparison

metrics are “ease of implementation” and “accuracy”.

The CUSUM formulas are much simpler than that of the BinSeg and PELT algorithms. To

understand the CUSUM method, basic mathematical knowledge is required. In comparison, an

understanding of the BinSeg and PELT fundamentals requires background knowledge of algebra

and statistical principles, namely: likelihood and probability.

In terms of implementation, the CUSUM method requires an extra step in data-preparation.

A baseline must be chosen for every data set, with this data undergoing an analysis to remove

any outliers. The next step is to calculate two constants for each baseline: mean and standard

deviation. Thereafter, Equation 2.1 must be applied to calculate the Z-score of each data point.

Lastly, there are two outlier tests in the CUSUM method, used to identify positive and negative

accumulation. Therefore, CUSUM results for each data set consist of two graphs showing the

positive and negative accumulation of the Z-score if it was larger than two standard deviations.

One criticism of this method is that there is no “recovery” term. In reference to Figure 3.9,

and as per the definition, the CUSUM values will keep decreasing as long as the data points

continue to lie beyond the threshold. However, this is inconvenient when interpreting the results.

The y-axis scale can become very large and may obscure change points that lasted for a shorter

period. Suggestions to improve this will be addressed in chapter 4.

The implementation of BinSeg and PELT was done in a programming language called R with

no prior knowledge. The code to implement BinSeg and PELT already existed in a package

called changepoints; as such, it was not necessary to re-code the algorithms. However, these
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algorithms required a penalty selection step for each data set. This involved running the PELT

algorithm with varying penalties to create the elbow plots. The BinSeg and PELT results are a

list of locations where a change point was found, along with the respective mean of each segment.

The visual application of this process enables the reader to see defined regions within the data.

In terms of accuracy, the PELT and BinSeg algorithms are superior to the CUSUM method.

For example, in Figure 3.11, the CUSUM method did not indicate any change points. This was

related to the large variance in the baseline data and, thus, none of the assessment-period data

points exceeded two standard deviations. Therefore, the CUSUM method is not suitable for

data sets that show high degrees of variability.

The PELT algorithm is more accurate than BinSeg. Overall, it was able to identify more

change points than the BinSeg algorithm, with the exception of figure 3.17. In this case, BinSeg

located five change points, whereas PELT identified four.

3.6 Conclusion

In this chapter, the change point detection methodology was applied to a case study mine.

Specifically, the energy data of four significant systems were presented. The methodology steps

were to: categorise the data into Eskom time of use periods, select a baseline period for the

CUSUM method and to apply the chosen algorithms. The Concluding chapter hereafter will

revisit the problem statement and objectives and present a critical analysis of this study.
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Chapter 4 Conclusion and recommendations

4.1 Preamble

This study implemented change-point detection algorithms on mining-energy data. The aim was

to determine if the investigated methods reduce the identification time of non-routine events.

In this chapter, the problem statement and objectives are summarised. Furthermore, some

points of criticism, along with points concerning successes, are raised. This is followed by

recommendations for further study. Lastly, the potential impact of the study is discussed.

4.2 Study overview and problem statement

Chapter1 discussed that a number of initiatives that aim to reduce energy consumption and

waste are currently implemented in South African mines. The impact of such projects has typ-

ically been quantified via standardised M&V procedures. One prevalent roadblock is that of

an unforeseen or non-routine event (NRE), which formed the topic of this study and the subse-

quent formulation of the problem statement: in industry and mines, NREs are often discovered

days or weeks after they occur. Therefore, this study aims to improve upon the slow detection

time of NREs by investigating the application of algorithms on South African mining-energy

data. Advanced-metering infrastructure has been widely implemented throughout South African

mines. Such infrastructure includes energy meters on equipment that log data every 30 minutes,

resulting in large data sets along with a need to analyse and utilise the information within.

Thus, the objectives of this study are:

1. Apply M&V 2.0 techniques to mining-energy data so as to justify that algorithm-driven

methods can rapidly extract information from big data sets.

2. Investigate whether change-point detection algorithms can rapidly identify NREs in

mining-energy data.

3. Determine if change-point detection algorithms can identify a historically-confirmed NRE

present in mining-energy data.

4. Scrutinise the ease of implementation and the suitability to large data sets in terms of

computational time complexity.
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4.3 Objectives addressed

The first objective is expansion of the advanced M&V, or M&V 2.0, field of study. This is

addressed via a comparison of algorithms along a prescribed IPMVP method. The second

objective concerns an investigation into, and subsequent application of, algorithms capable of

anomaly-detection. In this study, three methods are performed: cumulative-sums (CUSUM),

binary-segmentation (BinSeg), and pruned exact linear time (PELT). The algorithms were val-

idated by ensuring that a historically-confirmed NRE was successfully identified.

The last objective is to compare the algorithms according to their ease of implementation

and computational time complexity. The chosen algorithms have predefined time complexity, as

discussed in Section 1.4. Additionally, the time complexity was tested by measuring the runtime

of each algorithm. This investigation confirmed that each algorithm will not run too slowly when

applied to mining-energy data. the ease of implementation was addressed by scrutinising the

methodology and the prior knowledge required to understand and implement each algorithm.

This critical analysis is extended to the success of the study in the following section.

4.4 Critical analysis of the study

The literature review provided insights into effective data preparation. One critical step was the

need for dividing the raw data into time-of-use periods, enabling clear divisions of consistent

operational periods. Therefore, each data set was organised to clearly determine what power

output is typically expected in each Eskom-delineated tariff period. Doing so reduced the change

in identifying false change points that could otherwise be attributed to expected differences in

power output. These expected changes were correlated to more- or less-expensive Eskom tariffs.

The literature focus concerning IPMVP techniques did not include an implementation of

the CUSUM method on a real world study. Such a study should have been included so as to

attempt implementing a tried-and-tested CUSUM methodology. This would possibly improve

the CUSUM results and lead to more change points being identified. The second point of

criticism involves the parameters of the algorithms.

The CUSUM algorithms requires thresholds: in this study, the threshold was derived from

the reviewed body of literature and remained constant across each case study. The CUSUM

algorithm failed to identify any change points in gold plant and fridge plant data sets. This

could be improved by researching and applying a method to tailor the thresholds needed for

each data set. More specific limits may have increased the sensitivity of the CUSUM technique

as based upon the relevant data set.

The BinSeg and PELT algorithms require a minimum segment length parameter. This

prevents insignificant, momentary spikes or dips from being identified as a change point. In this
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study, the minimum segment length remained constant for all of the case studies. This could

have been improved upon through an investigation into the equipment that generated the energy

data and by tailoring a minimum segment length accordingly. For example, it is possible that

a momentary spike could indicate a surge in demand on the mining compressor. In this case,

a surge could damage the equipment, requiring that a minimum segment length to be set to a

smaller number. Alternatively, the minimum segment length could be a function of the power

output of the equipment.

It is suggested that an investigation be done to identify realistic segment lengths for change

points present in mining data. The minimum duration of time for a change point to be considered

significant should be related to the characteristics of the mining equipment under measurement.

This knowledge can then also be applied as a data preparation step. For example, the momentary

dips in Figure 3.17 may have hindered the detection of significant change points. It is possible

that no non-routine events occurred in the mining compressor between 13 and 25 March 2020.

If it were known that such dips are not of concern, they could have been removed from the

assessment data.

4.5 Study impact

The impact of rapid NRE detection can be quantified. It is possible to determine the cost

implication of a historical NRE. The Eskom tariff book contains the R/kWh cost for every time-

of-use period. Therefore, if an NRE caused an increase in energy consumption, the data from

that period can be used to calculate the increased cost. The national lockdown prevented any

mining from taking place. Therefore, it was not possible for the case study mine to generate

revenue during this period. As a result, it was crucial that the energy consumption remained at

the lowest reasonable level.

In Figure 3.18, the power output was reduced to nearly 0 kW. However, the power increased

three times between 27 and 31 March 2020. Similar spikes occurred in the standard and peak

time-of-use periods shown in Appendix figures D.7 and D.11. The BinSeg and PELT algorithms

identified all three spikes. To quantify this impact, the total energy consumed from the 29th - 31st

was calculated (27th and 28th were weekend days). With the assumption that the system should

have been turned off completely, the electricity cost of this period amounted to R27.000 day.

The case study mine has 300 feeders that log power demands similar to that of the gold plant.

It is possible to apply a change-point detection algorithm to every energy data source, allowing

for the a more rapid flagging of anomalous data.
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techniques in time series: An overview,” pp. 1–10, Jun. 2019. doi: 10.1109/ICPHM.2019.

8819394.

[47] D. Rindskopf and M. Shiyko, “Measures of dispersion, skewness and kurtosis,” Interna-

tional Encyclopedia of Education, vol. 3, 2010.

[48] T. Grundy, R. Killick, and G. Mihaylov, “High-dimensional changepoint detection via a

geometrically inspired mapping,” Stat Comput, vol. 30, pp. 1155–1166, 2020.

[49] R. Wilcox, “Applying contemporary statistical techniques,” in Burlington: Academic

Press, 2003, pp. 55–91, isbn: 978-0-12-751541-0.

[50] J. Brooks-Bartlett. “Probability concepts explained: Maximum likelihood estimation.” Ac-

cessed on: Jul 22, 2021. (2018), [Online]. Available: https://towardsdatascience.com/

probability-concepts-explained-maximum-likelihood-estimation-c7b4342fdbb1.

[51] R. Riffenburgh, Risks, Odds, and ROC Curves, 3rd ed. Statistics in Medicine, 2012.

[52] A. Edwards and L. Cavalli-Sforza, “A method for cluster analysis,” Biometrics, vol. 21,

pp. 362–375, 1965.

[53] R. Killick, P. Fearnhead, and I. Eckley, “Optimal detection of changepoints with a linear

computational cost,” Journal of the American Statistical Association, vol. 107, pp. 1590–

1598, 2012.

[54] C. Truonga, L. Oudreb, and N. Vayatis, “Selective review of offline change point detection

methods,” Signal Processing, 2020.

[55] M. Ray, M. Mongiardini, C. Plaxico, and M. Anghileri, Procedures for Verification and

Validation of Computer Simulations Used for Roadside Safety Applications. National Co-

operative Highway Research Program, 2011.

[56] S. Shastri, V. Mansotra, and A. Sharma, “Sorting algorithms and their run-time analy-

sis with c#,” International Journal of Computer Science and Information Technology &

Security, vol. 5, p. 5, 2015.

[57] S. Balakirsky and T. Kramer, “Comparing algorithms: Rules of thumb and an example,”

National Institute of Standards and Technology,

[58] P. Black. “Big-o notation.” Accessed on: Aug 25, 2021. (2019), [Online]. Available: https:

//www.nist.gov/dads/HTML/bigOnotation.html.

BIBLIOGRAPHY 74

https://www.sciencedirect.com/science/article/pii/S0042698902005965
https://www.sciencedirect.com/science/article/pii/S0042698902005965
https://www.marinedatascience.co/blog/2019/09/28/comparison-of-change-point-detection-methods/
https://www.marinedatascience.co/blog/2019/09/28/comparison-of-change-point-detection-methods/
https://doi.org/10.1109/ICPHM.2019.8819394
https://doi.org/10.1109/ICPHM.2019.8819394
https://towardsdatascience.com/probability-concepts-explained-maximum-likelihood-estimation-c7b4342fdbb1
https://towardsdatascience.com/probability-concepts-explained-maximum-likelihood-estimation-c7b4342fdbb1
https://www.nist.gov/dads/HTML/bigOnotation.html
https://www.nist.gov/dads/HTML/bigOnotation.html


Application of M&V 2.0 techniques to identify and quantify non-routine events

[59] A. Coluccia and A. Fascista, “An alternative procedure to cumulative sum for cyber-

physical attack detection,” Internet Technology Letters, vol. 1, 2018.

[60] K. Pedersen, J. Emblemsvag, R. Bailey, J. Allen, and F. Mistree, “Validating design meth-

ods and research: The validation square,” 2000. [Online]. Available: https://cecas.

clemson.edu/cedar/wp-content/uploads/2016/07/2-Mistree2000.pdf.

[61] S. Consulting, Potential analytics for non-routine adjustments. Bonneville Power Admin-

istration (BPA), Bellevue, WA, 2017.

[62] L. blaettler, “Identifying essential data to evaluate and monitor energy performance,” M.S.

thesis, North West University, 2020.

[63] S. Touzani, B. Ravache, E. Crowe, and J. Granderson, “Statistical change detection of

building energy consumption: Applications to savings estimation,” Journal of Chemical

Thermodynamics, vol. 185, pp. 123–136, 2019.

[64] W. Kenton. “What is probability density function (pdf)?” Accessed on: Jul 22, 2021.

(2020), [Online]. Available: https://www.investopedia.com/terms/p/pdf.asp.

BIBLIOGRAPHY 75

https://cecas.clemson.edu/cedar/wp-content/uploads/2016/07/2-Mistree2000.pdf
https://cecas.clemson.edu/cedar/wp-content/uploads/2016/07/2-Mistree2000.pdf
https://www.investopedia.com/terms/p/pdf.asp


Appendix A Statistical concepts

The well-known probability density function for normally distributed data is Equation A.1 [64] —

it states what the probability is of observing data point xi, given a known mean and standard

deviation. Therefore, the mean and standard deviation of the data set is calculated and are

constants in Equation A.1.

P (xi|µ, σ) =
1√
2πσ2

exp

[
−(xi − µ)2

2σ2

]
(A.1)

The concept is illustrated in Figure A.1, which was created with arbitrary data that ranges

between −3 and 5, with σ = 1 and µ = 1.5. Equation A.1 and Figure A.1 show the likelihood of

what value a random sample from the series x will hold. The likelihood that a random sample

will be more than three standard deviations from the mean is low — it is more likely that this

sample will be within one standard deviation from the mean.

Figure A.1: Probability density curve of arbitrary time series data with µ = 1.5 and standard deviation
σ ≈ 1.
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Appendix B Further insight from literature and min-

ing

Figure B.1 shows a typical SCADA. Such a program provides live feedback from measurement

points such as power sensors in the mine. It is also possible to set up alarms that sound warnings

when systems show a power failure or become out of bounds [29].

Figure B.1: Sibanye Gold Kloof SCADA of pumps and water lines [29].
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Appendix C Further insight on the case study data

The data preparation results for standard and peak time of use (TOU) periods are discussed

in this section. Abbreviations S WKD STD and S WKD PEAK are summer weekday standard

and peak respectively. First, results of the categorisation according to Eskom time of use periods

(TOU) are shown. Figure C.1 is the scaled power output of the S WKD STD period.

Figure C.1: Summer weekday standard time of use plot of (a) rock mill, (b) compressor, (c) gold plant
and (d) fridge plant.
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Figure C.2 shows the S WKD PEAK scaled power output for the case studies.

Figure C.2: Summer weekday peak time of use plot of (a) rock mill, (b) compressor, (c) gold plant and
(d) fridge plant.
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Figure C.3 is a standard deviation plot. The data sets are the baseline summer weekday

standard (S WKD STD) TOU power outputs of the four the case studies. These data sets

were scaled by applying the median absolute deviation equation. Thereafter, the Z-score (Equa-

tion 1.2) for each data point was calculated to create the plot below. This clearly shows which

data points are more than two standard deviations away from the mean. Such data points were

considered outliers and removed from the baseline data sets.

Figure C.3: S WKD STD standard deviation plot of (a) rock mill, (b) compressor, (c) gold plant and (d)
fridge plant.
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Similar to the previous figure, Figure C.4 show the S WKD PEAK TOU data. These plots

show the deviation of each value in the baseline data. The final baseline data preparation step

is to remove outliers.

Figure C.4: S WKD PEAK standard deviation plot of (a) rock mill, (b) compressor, (c) gold plant and
(d) fridge plant.
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Appendix D Change point detection results

CUSUM results

Figure D.1: Top: S WKD OFF power output of a compressor in 2020. Bottom: SL CUSUM result.
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The next section shows the BinSeg and PELT parameter selection. Specifically, for the

summer weekday standard and peak time of use periods. The purpose of this parameter is to

set a realistic number of changepoints according to the data set. Figure D.2 shows the elbow

plots of the S WKD STD power data. Plot (a) is of the rock mill and shows that the number

of possible change points varies from 26 to 3 with a penalty range of 0 to 500. The apex of

this curve is at coordinate (180,7), this means that seven change points can be expected for this

data set. Figure D.2 (b) is the elbow plot for the mining compressor. Inspection of the raw data

shows little variation, therefore the more strict penalty in Figure D.2 (b) of 44 was chosen, to

limit the number of plausible change points to three.

Figure D.2: Elbow plots showing the number of changepoints with varying penalties in the PELT method
for the March 2020 S WKD STD power data of: (a) rock mill, (b) mining compressor, (c)
gold plant and (d) fridge plant.

In plot (c) of Figure D.2, the elbow curve shows that 15 is a plausible number of changepoints

with a penalty of 100. For the fridge plant data in plot (d), the penalty range is quite small.

This elbow plot suggests that there are many changepoints in the data set. The apex of the

curve is at (0.03, 13) and such a penalty suggests that 14 changepoints can be expected.

The summer weekday peak time of use elbow plots are shown in Figure D.3. The apex in

plot (a) is not well defined, it shows a more rounded shape. Upon inspecting the data, it was

decided that a penalty of 20 is reasonable. Plot (b) in Figure D.3 shows that no less than 3
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changepoints are expected for this data set. The penalty range is large, from 0 to 20000. It

converges to 3 at σ = 6000, therefore a more realistic changepoint could be closer to (5300, 5).

Figure D.3: Elbow plots showing the number of changepoints with varying penalties in the PELT method
for the March 2020 S WKD PEAK power data of: (a) rock mill, (b) mining compressor, (c)
gold plant and (d) fridge plant.

Figure D.3 (c) shows an apex at (50, 7). Therefore, a realistic number of changepoints for

this data set is 7. In Figure D.3 (d), there are two “elbows” and it suggests that both 5 and

8 number of changepoints can be expected. The parameters in this discussion were applied to

the BinSeg and PELT algorithms. An analysis of the standard and peak TOU changepoint

detection results are presented next.
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In Figure D.4 (a), the assessment period data of the rock mill is shown. Plot (b) shows the

scaled version of this data as an area graph. The changepoint detection results are plotted as

lines that show the mean of each identified segment.

Figure D.4: (a) S WKD STD power output in March 2020 of a rock mill. (b) The changepoint detection
results overlaid on the scaled version of plot (a) as an area graph.

Figure D.5 shows the change point detection results of the mining compressor. It is clear

that both the BinSeg and PELT algorithms successfully identified decreased power output that

started on the commencement of the national lockdown.

Figure D.5: (a) S WKD STD power output in March 2020 of the mining compressor. (b) The changepoint
detection results overlaid on the scaled version of plot (a) as an area graph.
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Figure D.6: Area graph of the scaled compressor data with the change point detection results overlayed.

A closer look at the compressor data is sown in Figure D.6. This is the same result and data

as that for the previous figure, but it excludes the national lockdown days. When observing

the case study data, one might argue that the algorithms did not identify enough changepoints.

This statement is supported by the three distinct regions of increase power output from 11 to

18 March 2020. One reason for this may be the fact that the standard deviation of the test data

was not exactly 1, but rather 27.

The gold plant S WKD STD period changepoint detection results are shown in Figure D.7.

Even though this system does not show a rapid decrease, as seen with the rock mill and mining

compressor, the BinSeg and PELT algorithms successfully identified the reduced power due to

the national lockdown.

Figure D.7: (a) S WKD STD power output in March 2020 of the gold plant. (b) The changepoint
detection results overlaid on the scaled version of plot (a) as an area graph.
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The changepoint detection results of the fridge plant S WKD STD power data is plotted in

Figure D.8. There is a distinct period of decreased power and increased variability from 13 t o1

March 2020. Both the BinSeg and PELT algorithms classified this as a changepoint.

Figure D.8: (a) S WKD STD power output in March 2020 of the fridge plant. (b) The changepoint
detection results overlaid on the scaled version of plot (a) as an area graph.

In Figure D.9, the changepoint detection results are shown for the S WKD PEAK data of

the rock mill.

Figure D.9: (a) S WKD PEAK power output in March 2020 of a rock mill. (b) The changepoint detection
results overlaid on the scaled version of plot (a) as an area graph.

The S WKD PEAK power data of the mining compressor is plotted in Figure D.10 (a). The
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general profile of this power data shows higher variability than that of the off peak and standard

TOU periods (Figures D.5 and 3.16). Further analysis is required to determine if this profile is

normal. It may be necessary to revisit the minimum segment length setting to establish whether

less than four hours is more suited to a mining compressor.

Figure D.10: (a) S WKD PEAK power output in March 2020 of the mining compressor. (b) The change-
point detection results overlaid on the scaled version of plot (a) as an area graph.

The gold plant S WKD STD period changepoint detection results are shown in Figure D.11.

From the national lockdown commencement, the power output was reduced more in the peak

Eskom TOU periods than in the standard TOU periods. Both the BinSeg and PELT algorithms

identified this as a changepoint.

Figure D.11: (a) S WKD PEAK power output in March 2020 of the gold plant. (b) The changepoint
detection results overlaid on the scaled version of plot (a) as an area graph.
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Figure D.12 (a) show the peak TOU power data for the fridge plant. The BinSeg algorithm

did not identify any changepoints, whereas the PELT algorithm identified two.

Figure D.12: (a) S WKD PEAK power output in March 2020 of the fridge plant. (b) The changepoint
detection results overlaid on the scaled version of plot (a) as an area graph.

The average runtime is summarised in Table D.1. This was created by measuring the start

and end timestamp as an algorithm was initiated and ran to completion. Each test was conducted

ten times and the average runtime was calculated in milliseconds.

Table D.1: Average runtime of the BinSeg and PELT algorithms.

BinSeg Rock Mill (ms) Mining Compressor (ms) Gold Plant (ms) Fridge Plant (ms)

S WKD OFF 19.35 0.60 0.60 0.50

S WKD STD 1.50 0.90 0.90 0.70

S WKD PEAK 19.75 0.70 0.50 0.40

PELT Rock Mill (ms) Mining Compressor (ms) Gold Plant (ms) Fridge Plant (ms)

S WKD OFF 22.54 0.70 0.60 0.60

S WKD STD 0.90 1.09 0.90 1.00

S WKD PEAK 0.90 0.70 0.80 0.70
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