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Abstract
Tax incentives are one of the methods used by the South African government to incentivise energy efficiency.
One of these incentives is Section 12L of the Income Tax Act (1962), which allows a significant tax deduction
as a result of quantifiable energy efficiency (EE) savings. The associated EE savings are calculated by means
of baseline models and must be in accordance with the national standard for measurement and verification,
i.e. SANS 50010, which is based on international practice. The present study developed a methodology that
assists EE projects with incentive applications to objectively evaluate potential modelling options and ultimately select a final model. This methodology is based on the weighted sum method. It is verified by applying
it to three actual case studies and is further validated by comparing the results obtained from the case studies
to independent results of formal and successful incentive applications. The methodology allows for a transparent selection of a modelling option that is compliant with the relevant tax incentive regulatory requirements and untainted by personal bias.
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1. Introduction
South Africa is actively driving energy efficiency, especially in the industrial sector, which is the largest
national energy consumer (Department of Energy,
2010). One of the implemented initiatives is a tax
incentive referred to as Section 12L of the Income
Tax Act (Bergh, 2012; Morrow, et al., 2013; Schutte,
2013). This incentive gives applicants ZAR
0.95/kWh tax deduction for quantified energy efficiency (EE) savings. The high value of this incentive
has driven significant development in measurement
and verification (M&V) methods and techniques
(National Treasury, 2013; SABS, 2017).The quantification of Section 12L energy savings is done in accordance with the South African National Standard
(SANS) 50010 (SABS, 2017), which is based on industry leading guidelines such as the International
Performance Measurement and Verification Protocol (IPMVP) and the Federal Energy Management
Program (Efficiency Valuation Organisation, 2012;
Grobler, 2010; U.S. Department of Energy, 2008).
The strong link between the SANS 50010 and international M&V practices makes the developed Section 12L-related techniques beneficial to the wider
M&V industry. The concept of Section 12L is that
the more qualifying, quantifiable energy is saved,
the less tax is paid (Du Toit, 2011). It stipulates that
a tax deduction allowance is awarded to tax payers
for quantified EE savings (ZAR per verified kWh of
EE savings) (Republic of South Africa, 2013). Since
March 2015, this allowance was increased from ZAR
0.45/kWh of EE savings to ZAR 0.95/kWh
(Republic of South Africa, 2015). This is the flagship
incentive to overcome the financial barriers associated with the implementation of such EE initiatives
(EEIs) and encourage energy-efficient operations (Botes, 2017). There are, however, apparently
a number of challenges to overcome (Du Toit,
2011), given that in 2016 only 14 Section 12L certificates were successfully issued out of a total 108
registered applications (SANEDI, 2016). A key challenge is to accurately calculate and verify the
achieved energy savings, while adhering to the strict
rules and regulations, as stated in the Section 12L Regulations (Booysen, 2014; Hamer et al.,
2017; National Treasury, 2013). This challenge is a
significant concern, as the calculated EE savings directly impact the Section 12L tax allowance certificate value (Booysen, 2014; Hamer et al., 2017).
With the aim of mitigating the concerns and challenges associated with the incentive, various M&V
practices are mandatory and stipulated in the Section 12L regulatory structure. One such measure is
the requirement that the quantified EE savings must
be verified by an independent M&V body accredited
by the South African National Accreditation System
(SANAS) (Campbell et al., 2017; GreenCape, 2015;
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Hamer et al., 2017; National Treasury, 2013). Furthermore, the M&V process is required to be traceable, accurate and transparent, to ensure the protection of all stakeholders involved (Campbell, 2016;
Hamer et al., 2017). The M&V practice thus forms a
crucial part in the practical application of Section 12L and will therefore be discussed in the next
section. The key technical aspects relating to Section 12L M&V can be evaluated by first identifying
the basic M&V approach as stated in the IPMVP
(Figure 1 column 1). The appointed M&V inspection
body investigating the Section 12L potential of a
certain EEI will essentially be involved with steps 1,
2, 4, 5, 7 and 8 of the M&V approach (Janse van
Rensburg, 2015). Each of the identified steps in the
M&V process is connected to a section in the
SANS 50010 framework (Figure 1 column 2). These
connections could be further summarised to identify
the three key technical aspects of Section 12L on the
right of Figure 1 : the selection of a measurement
boundary, assessment of the baseline dataset and
the development and evaluation of the baseline
model. Each of these will be discussed in this section.
The EE savings may be determined for different
measurement boundaries on a facility. This includes
evaluating either a portion of the facility or the entire
facility to assess the EE savings. Various methodologies are available in literature to identify and evaluate the feasibility of measurement boundaries
(Booysen, 2014; Efficiency Valuation Organisation,
2012; Hamer, et al., 2017; Janse van Rensburg,
2015; SABS, 2017). Once a measurement boundary has been established, an accurate dataset must
be compiled. According to SANS 50010, the dataset
may consist of either all the parameters associated
with the energy system, or only the significant governing parameters. However, an important factor
that must be considered is the compliance of the dataset with the Section 12L Regulations. This becomes crucial when considering that industrial systems usually have large amounts of data sources and
measurement points available, all with different levels of accuracy and compliance. The dataset options
should, therefore, be evaluated (Hamer et al.,
2017). Existing and well-established methodologies
from literature can readily be used in this study to
evaluate the baseline dataset (Gous et al., 2016;
Hamer et al., 2017; SABS, 2017).
The EE savings are calculated via an EE model
after selecting a measurement boundary and dataset. Different mathematical methods may be used
for the quantification of the EE savings. These
include energy intensity calculation, simulation,
predictive modelling and various regression methods (Hamer et al., 2017). Previous studies recommended the development of multiple models to quan-
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M&V APPROACH (Efficiency
Valuation Organisation, 2012)
1. Select measurement
boundary
2. Measure performance
before EEI implementation
(baseline)

3. Design and plan EEI

4. Prepare M&V plan

5. Check EEI measuring
equipment
6. Commission EEI

7. Measure of EEI
performance
8. Calculate and report energy
savings

SANS 50010 FRAMEWORK (SABS, 2017)

KEY TECHNICAL ASPECTS

Definitions
Determination of energy savings
1. Calculation of the baseline
2. Boundary measurement
3. Measurement period
4. Basis for baseline adjustments
5. Energy quantities
6. Baseline conditions
Methodology of measurement and
verification
1. Retrofit isolation
2. Retrofit isolation with key-parameter
measurement
3. Retrofit isolation with all-parameter
measurement
4. Retrofit isolation issues
5. Calibrated simulation
6. Factors to be taken into consideration
when selecting a measurement boundary
option
Measurement of variables
1. General
2. Energy invoices
3. Calibration of measurement equipment
4. Documentation requirements
5. Calibrated simulation

2.3.2 Selection of
measurement boundary

2.3.3 Assessment of baseline
dataset

2.3.4 Baseline model
development and evaluation

Uncertainty

Figure 1: Key technical aspects of Section 12L.
Source: Botes (2017)

tify the EE savings (Campbell, 2016; Hamer et al.,
2017). Each of the developed models varies according to their selected measurement boundaries, datasets and calculation methods.
Numerous baseline modelling options are available when considering the various options of measurement boundaries, datasets, and calculation
methods. Well-established methodologies regarding
each of these three key technical aspects of Section 12L M&V are available in literature and can
readily be used in this study (Gous et al., 2016;
Hamer et al., 2017; Janse van Rensburg, 2015;
SABS, 2017). The methodologies result, however,
in numerous modelling options that may be considered when determining the achieved EE savings.
There is no established method to aid in the selection process of the final model, which becomes vital
considering the direct impact the chosen modelling
option has on the monetary value associated with
Section 12L. A need, therefore, exists to prove that
the most appropriate model was chosen. The various models should be evaluated to ensure that the

final model adheres to all the requirements associated with Section 12L. Furthermore, the evaluation
process is required to be transparent to increase the
confidence of the reported EE savings. Therefore,
the objective of this paper is to develop a methodology that assists the Section 12L application process
to evaluate and select a final model for Section 12L
applications when more than one modelling option
is available.
Previous research and development work recommended that multiple boundaries and models be
developed to holistically assess energy saving
measures (Campbell, 2016; Hamer et al., 2017).
The resulting assessments produced multiple potential results (and multiple potential tax benefits in the
Section 12L context). These studies, however, do
not give guidance on how to evaluate the potential
modelling options. This becomes critical since the
chosen model directly impacts the monetary value
associated with Section 12L.These studies, however, do not give guidance on how to evaluate the
potential modelling options. This becomes critical
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since the chosen model directly impacts the monetary value associated with Section 12L. The present
study, therefore, focussed on the development of a
systematic decision support system to objectively
evaluate potential modelling options.
2. Methodology
2.1 Decision support methods
Making a decision based on multiple objectives is referred to as multi-criteria decision making (MCDM),
which takes several conflicting, qualitative and/or
quantitative criteria into account and results in a
compromised solution that is acceptable to all stakeholders. Thus, in the MCDM process a solution between alternative options is obtained which best fits
these criteria (Kolios et al., 2016). When addressing
MCDM problems, a decision needs to be made between multiple alternatives that must adhere to various and often conflicting criteria. Thus, choosing a
Section 12L model that adheres to multiple legal
and technical requirements is a multi-criteria decision problem. A generic method of solving multi-criteria decision problems was therefore investigated
from various literature (Azar, 2000; Bruen, 2008;
Mateo, 2012; Tzeng et al., 2005; Volkart et al.,
2017). The identified steps are to:
• generate/identify alternative solutions;
• establish criteria;
• evaluate alternatives;
• apply a multi-criteria decision aid (MCDA)
method; and
• evaluate results and recommend a suitable
solution.
These generic steps were used to select the best
Section 12L model among multiple modelling options. The MCDA methods are existing numeric
techniques aiding the decision-making process.
They have been used extensively in various fields
that include: resource allocation planning
(Ogryczak, 2007); the medical field (Azar, 2000;
Hancerliogullari et al., 2017); and most prevalently,
the sustainable and renewable energy field (Kolios
et al., 2016; Mateo, 2012). When applied to the energy field, the most common MCDA methods include: the weighted sum and weighted product
method (WSM/WPM) (Carrico et al., 2014; Kolios et
al., 2016; Mateo, 2012); technique for the order of
preference by similarity to the ideal solution (TOPSIS) (Kolios et al., 2016; Mateo, 2012); analytical
hierarchy process (AHP) (Kolios et al., 2016; Mateo,
2012; Saaty, 2008); élimination et choix traduisant
la realité (ELECTRE) (Carrico et al., 2014; Kolios et
al., 2016; Mateo, 2012); and the preference ranking
organisation method for enrichment evaluation
(PROMETHEE) (Kolios et al., 2016; Mateo, 2012).
The WSM is the simplest and most widely used
method (Triantaphyllou, 2013). It is also straightforward to implement and transparent (Kolios et al.,

55

2016). The Section 12L M&V results should be presented to various stakeholders and therefore needs
to be transparent. The stakeholders might also not
have the expertise to understand complex methods.
The WSM was, therefore, the preferred method used
throughout this study. Comparative studies have
also shown similar results between the WSM and the
more complex methods (Kolios & Read, 2013;
Kolios et al., 2016). The present study used WSM to
evaluate multiple modelling options to quantify the
associated EE savings and, ultimately, select a final
modelling option. This was done by first establishing
relevant model evaluation criteria. Secondly,
weights were assigned to each criterion. In the third
and final step, each alternative modelling option was
assessed, and a multi-criteria score was determined
for each modelling option. The modelling option
with the highest multi-criteria score was considered
as the preferred modelling option to quantify the associated EE savings.
2.2 Selection of criteria
In the first step, the relevant evaluation criteria were
identified. Extensive research was done in various
relevant fields to identify the criteria that Section 12L models need to adhere to. These research
areas include, industrial energy efficiencies (Bergh,
2012; Hasanbeigi, et al., 2012; Morrow, et al., 2013;
Schutte, 2013; Worrel & Galitsky, 2005); Section 12L Regulations and Standard (Du Toit, 2011;
National Treasury, 2013; Republic of South Africa,
2013; Republic of South Africa, 2015); industrial
measurement and verification (Booysen, 2014;
Campbell et al., 2017; Hamer et al., 2017; Janse
Van Rensburg, 2015; SABS, 2017); and decision
support methods (Bruen, 2008; Kolios et al., 2016;
Mateo, 2012; Saaty, 2008). This produced the following list of evaluation criteria to assess Section 12L models:
• compliance of measurements (C1);
• conservativeness of quantified EE savings
(C2);
• model correlation (R2) (C3);
• root mean squared error of model (RMSE)
(C4);
• significance of quantified savings (C5);
• variance in savings (C6); and
• fraction of energy accounted for (C7);
The first two criteria consider key legal requirements of a Section 12L application. This includes
the C1 used in the model development as well as C2.
According to the standard, two data sources are
deemed Section 12L compliant – data from invoices
and measurements from calibrated equipment. The
compliance of measurements is a requirement to ensure accuracy. The calibration of equipment must be
done by SANAS-accredited calibration laboratories
or specialists approved by the original equipment
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manufacturer (SABS, 2017). The Section 12L Regulations require the quantification of the EE savings
to be done in accordance with the technical guidelines provided in the standard (National Treasury,
2013). These guidelines ensure that savings are
quantified conservatively, which means that the reported savings should be the actual achieved savings or less (SABS, 2017). This ensures that any uncertainty relating to the quantified savings is mitigated. During the reviewing process of the application, the EE may thus be adjusted towards lower values to compensate for uncertainty. It is, therefore,
critical to prove that the selected model is a conservative calculation of the achieved EE savings. Criteria 3 and 4 evaluate the model accuracy by considering the most common statistical parameters
used to evaluate regression models. This was done
since regression models are the most prevalent
method of quantifying energy savings (Booysen,
2014; Campbell et al., 2017; Hamer et al., 2017).
The most prevalent statistical parameters used include C3 and C4 (Booysen, 2014; Hamer, 2016) .
The C3 is the primary indicator of the fit of a regression line and the relationship between the variables.
The statistical relevance of R2 becomes stronger as it
approaches 1; however, it is typically acceptable to
have a value above 0.75 (Booysen, 2014;
Campbell, 2016). The RMSE represents the error
between the predicted values by the model and actual values. Typically, the RMSE should be below
15% (Booysen, 2014). The last three evaluation criteria include C5, C6 and C7. Criterion 5 (C5) refers to
the percentage of the EE savings relative to the baseline energy consumption. A higher significance of
the quantified savings (C5) is deemed an indication
that the correct measurement boundary was isolated
and that the results are not just because of process
noise. Extreme models are identified by considering
the variance in savings (C6) of a specific model to
the alternative modelling options. The last criterion
is C7, which indicates that the largest and most relevant energy parameters with respect to the chosen
boundary have been included in the model. These
last three criteria evaluate the technical soundness of
models.
The seven criteria identified in this section represent the criteria that Section 12L models should adhere to. Alternative modelling options will, therefore,

be evaluated according to each of these criteria in
this study. More detail on assessing each modelling
option is given in Section 2.4.
2.3 Weighting of criteria
In the second step, the relative importance of each
criterion was established by attaching numerical
weights to each criterion. In this study, pairwise
comparisons were used to determine the criteria
weights, a process that was first introduced in 1980
and has become a preferred method (Eastman,
1999; Saaty, 2008). In this process, a reciprocal
scale is used to rate each criterion for its importance
relative to every other criterion. The reciprocal scale
shown in Figure 2 is used to indicate how much a
criteria is more important than the criteria it is compared to.

An n x n (for n decision criteria) matrix of
ratings is obtained when completing the pairwise comparisons. The diagonal of the matrix
will be equal to 1 since the importance of a criterion relative to itself is equal. When comparing two criteria with each other, one automatically enters the reciprocal rating in the transpose comparison. The completion of the pairwise comparison matrix is followed by determining the criteria weights by raising the matrix
to large powers, adding each row and dividing
by the total sum of all the rows (Saaty, 2008).
Since the weights of seven criteria need to be
determined in this study, a 7 x 7 matrix is derived. A completed 7 x 7 pairwise comparison
matrix is presented in Table 1.
A survey was used to obtain the criteria weights
used in this study to test the applicability of the
methodology. Ten people with experience in the
field of M&V were asked to complete the pairwise
comparison matrices. Their experience ranged between two and ten years, with an average of four,
while their qualification ranged from Bachelor of Engineering to Doctor of Philosophy. Two have completed the Certified Measurement and Verification
Professional programme. The respective weights obtained from the completed surveys are summa rised
in Table 2. All the respective weights fall within three
standard deviations of the mean (derived weight)
value.

Intensity of importance

1/7

1/5

1/3

1

3

5

7

Figure 2: 9-point reciprocal scale used to indicate the importance of one criterion
compared to another.
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Table 1: Pairwise comparison matrix for criteria weight determination.

Criterion 1

Criterion
1
1

Criterion
2
1/3

Criterion
3
3

Criterion
4
3

Criterion
5
3

Criterion
6
5

Criterion
7
5

Criterion 2

3

1

3

3

1

1

3

Criterion 3

1/3

1/3

1

1

1/3

1/3

1/3

Criterion 4

1/3

1/3

1

1

1/5

1/3

1/3

Criterion 5

1/3

1

3

5

1

1

1

Criterion 6

1/5

1

3

3

1

1

1

Criterion 7

1/5

1/3

3

3

1

1

1

Table 2: Derived criteria weights indicating the relative importance of each criterion.

Criterion

Derived weight

Standard deviation

Compliance of measurements (C1)

0.21

0.06

Conservativeness of savings (C2)

0.17

0.07

R (C3)

0.18

0.12

RMSE (C4)

0.11

0.07

Significance of savings (C5)

0.13

0.10

Variance of savings (C6)

0.11

0.06

Fraction of energy accounted for (C7)

0.10

0.05

2

The survey results showed reasonable consensus
between the M&V professionals for most criteria.
This is considered acceptable to test the applicability
of the methodology. However, improvement of the
consensus could be obtained by increasing the sample size. More detail on how the established criteria
weights are incorporated into the EE model assessment of this study is given in Section 2.4.
2.4 Assessing model performance
In the third and final step, each available modelling
option was assessed according to each criterion.
This was done by first assessing the performance of
each model with respect to each criterion. The results were then summarised in a performance matrix, which consisted of different units depending on
the evaluation criteria. The scores in the performance matrix were, therefore, normalised to eliminate the various units present and obtain comparable scores. A scale rating of 0–1 was used to normalise the various units in this study. The scale was
based on a relative strength of preference. For each
criterion, a least and most preferred scenario was
identified and attached to the anchor points of the
scale (0 and 1). The least and most preferred scenarios with respect to the seven criteria identified in this
study are summarised in Table 3.
The least and most preferred scenario with respect to model compliance (C1) was either that no
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compliant measurements were used or that all the
measurements used to develop the model were Section 12L compliant. When considering the conservativeness of the quantified EE savings (C2), the 0anchor point (least preferred scenario) was the least
conservative EE savings between the various modelling options. This was equal to the highest EE savings value. The 1-anchor point (most preferred scenario) was then the most conservative EE saving,
i.e., the lowest savings value. The least preferred
scenario would be a R2 value of 0 when considering
the correlation of a model (C3). This would indicate
that no correlation existed between the variables
used to develop the model. The most preferred correlation was a R2 value of 1, which is indicative of a
good fit of the regression line and relationship between variables (Booysen, 2014; Campbell, 2016).
Literature recommended that the RMSE (C4) should
typically be below 15% (Booysen, 2014), therefore
RMSE values of 15% or higher were considered the
least preferred scenario. An RMSE of 0% was the
most preferred scenario since this would indicate
that there is no error between the predicted values
by the regression model and the actual values. The
least preferred scenario with respect to the significance of savings (C5) was that there was no significance (significance of zero). The most preferred
scenario was the significance of the quantified EE
savings of the model with the highest significance of
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Table 3: Criteria normalisation scoring scale.

Scoring scale

0

1

Least preferred

Most preferred

Compliance of measurement
(C1)

No compliant measurements
used

All measurements used are
compliant

Conservativeness of savings
(C2)

Least conservative (highest
EE savings)

Most conservative (lowest
EE savings)

No correlation between variables
(R2 of zero)

Perfect correlation between
variables (R2 of 1)

RMSE larger than 15%

RMSE of zero

No significance (zero)

Maximum significance

Maximum distance from average
savings

No variance in savings (zero)

No energy accounted for (zero)

100% of energy accounted
for

Correlation (C3)
RMSE (C4)
Significance of savings (C5)
Variance in savings (C6)
Fraction of energy accounted
for (C7)

RMSE = Root mean squared error, R2 = model correlation, EE = energy efficiency

savings between the various modelling options.
Models with large variances in savings (C6) with respect to the average savings between multiple modelling options indicate extreme models. The least
and most preferred scenarios with respect to this criterion were, therefore, the maximum variance from
the average savings and no variance from the average savings, respectively. When considering the
fraction of energy, a model accounts for (C7) the
least preferred scenario was that the model accounts
for zero percent of the energy, while the most preferred scenario was that the model accounts for
100% of the energy within the selected measurement boundary of the model. By using the anchor
points of each criterion, the performance scores
could be linearly scaled to obtain a score value between 0 and 1 for each model with respect to each
criterion. Thereafter, the weighted scores were calculated by multiplying each evaluation score with
the respective criteria weight from Table 2, using
Equation 1 (Triantaphyllou, 2013).
𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑎𝑎𝑖𝑖𝑖𝑖 𝑤𝑤𝑗𝑗

(1)

where ai denotes the evaluation score (between 0
and 1) of model i and wj the weight of criteria j. The
overall score may also be referred to as the multicriteria score since it takes all the evaluation criteria
into consideration. The WSM was used to calculate
the multi-criteria scores and rank the results obtained. According to the WSM, the overall score of
each alternative is equal to the sum of the respective
weighted scores in terms of each criterion for that
alternative, as in Equation 2 (Triantaphyllou, 2013).
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𝐴𝐴𝑖𝑖 = ∑𝑛𝑛𝑗𝑗=1 𝑎𝑎𝑖𝑖𝑖𝑖 𝑤𝑤𝑗𝑗

(2)

where j = 1, 2, …, n denotes the evaluation criteria.
Furthermore, aij denotes the evaluation score for alternative i in terms of criteria j, and wj the weight of
criteria j.
Scores were used to rank the alternative models
to identify the least and most preferred modelling
option the multi-criteria. The WSM identifies the optimum solution as the one satisfying Equation 3
(Triantaphyllou, 2013).

𝐴𝐴∗𝑊𝑊𝑆𝑆𝑆𝑆 = 𝑀𝑀𝑀𝑀𝑀𝑀 ∑𝑛𝑛𝑗𝑗=1 𝑎𝑎𝑖𝑖𝑖𝑖 𝑤𝑤𝑗𝑗

(3)

The multi-criteria scores were, thus, ranked from the
highest to the lowest score. The model in first place
(having the highest score) was recommended as the
preferred model according to the WSM.
2.5 Validation of model
The results obtained from the methodology were
validated by comparing the model recommended by
the methodology to the model chosen by an independent SANAS-accredited M&V inspection body.
The selected models by the M&V inspection body
were also submitted as formal Section 12L applications and Section 12L certificates were issued for the
applications.
3. Results
3.1 Results of case studies
The methodology was applied to three case studies:
A, B and C. Case study A consisted of steam stations.
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During the assessment period the water and coal
quality to the steam stations were improved, which
resulted in a measurable improvement in EE performance. Case study B was focused on a relined blast
furnace, which reduced heat loss and improved EE.
Case study C was focused on the compressed air
network of a gold mine. During the performance assessment, the compressor control philosophy was
optimised to increase the EE of the compressed air
network. For each of the case studies, well-established methodologies available in literature (as described in Section 1) were used to develop alternative modelling options to quantify the EE savings associated with the respective EEIs. The main variations between them were according to the selected
measurement boundary, data and calculation
method.
Case study A resulted in five different modelling
options, of which the quantified savings ranged from
251.4 GWh to 341.2 GWh. Three different modelling options were developed for both case study B
and case study C. The EE savings resulting from the
three modelling options varied between 234.2 GWh

and 348.4 GWh for case study B, and between
6.2 GWh and 6.8 GWh for case study C.
The overall score of each model after evaluating
the different models was determined and used to
rank the models for each case study. Figure 3 summarises the overall scores of the different options
used to model and quantify the EE. The results were
ranked and numbered from 1 to 5 for case study A,
and 1 to 3 for case studies B and C. Figure 3 also
presents the contribution of each criterion to the
overall score of each model.
Figure 3 shows that for case study A, Model 2
and Model 3 obtained higher scores than the other
three models presented because of being regression
analyses. The other three models were based on intensity calculations and, therefore, did not obtain a
score with respect to the correlation and RMSE evaluation criteria. A large portion of the score accredited to Model 3 was attributable to the conservative
nature of the model. Model 3 obtained the largest
overall score and is, therefore, recommended as the
final Section 12L modelling option according to the
methodology for case study A.

Figure 3: Summary of case study results, indicating the overall scores of each model
as well as the contribution of each evaluation criteria to the overall score.
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Model 1 obtained the lowest score for case study
B, thus, also the lowest ranking, as shown in Figure
3. This may be attributed to Model 1 having not obtained any score for RMSE and model correlation
since Model 1 was based on the unadjusted raw reduction of the compressors energy consumption.
Furthermore, Figure 3 shows that Model 1 did not
obtain a score for variance in savings because
Model 3 was the most conservative model and thus
varied the most from the average calculated savings.
However, since Model 3 was the most conservative
model, a large portion of this model’s overall score
may be attributed to its conservativeness. Model 3
resulted in the highest overall score and was recommended as the preferred option to model the EE
savings of the blast furnace for case study B.
Figure 3 shows that for case study C Model 3
ranked highest, while Model 2 and Model 1 respectively second and third. Although Model 1 was Section 12L-compliant and obtained the largest score
with respect to compliance, Model 1 was still outranked by the other two. Model 2 obtained a significant score with respect to model correlation compared with Model 3, but Model 3 obtained a higher
overall score. A significant portion of the overall
score of Model 3 may be attributed to it being the
most conservative model. Model 3 obtained the
highest overall score and is thus ranked first, and
recommended as the final Section 12L model for
case study C.
3.2 Validation of results
The models recommended by the methodology for
each case study were compared with independent
SANAS-accredited M&V results. The comparison
for each case study is shown in Table 4. The models
selected by the independent M&V inspection bodies
were successful as well as formal Section 12L applications. The model selection process by the independent M&V inspection bodies was, however, not
based on a formal process, but focused on the conservative nature of the selected model as well as
model statistics.
Table 4: Comparison of methodology results
with independent measurement and verification
(M&V) chosen model.

Case study

Methodology

Independent
M&V inspection body

Case study A

Model 3

Model 3

Case study B

Model 3

Model 3

Case study C

Model 3

Model 3

The results obtained from the methodology are val-
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idated since they agree with the models recommended by the independent M&V inspection body.
Moreover, the three models selected were comparable to real world applications. Further validation is
that Section 12L certificates were issued for all three
case studies which were based on the chosen models as shown in Table 4.
3.3 Discussion
The various modelling options available to quantify
the EE associated with three case studies were evaluated. A final modelling option could objectively be
selected by applying the methodology to each case
study. The final modelling option obtained the highest ranked score and was therefore considered the
most appropriate. The ranked score was obtained
by evaluating each modelling option according to
the criteria identified from literature (discussed in
Section 2.2). The final model, therefore, adhered to
all the requirements associated with Section 12L.
The WSM was used to aid in the evaluation and
decision-making process. This method was selected
for its simplicity and transparency. These were crucial factors to consider since the Section 12L M&V
results needed to be presented to multiple stakeholders that do not necessarily have expertise to understand the more complex methods. Furthermore, the
use of a transparent method was critical since there
is a significant monetary value associated with Section 12L, so that stakeholders need to be protected.
A more sophisticated and complex decision aid
method may, however, be implemented to evaluate
accuracy of results and to counter the weaknesses
associated with the WSM. A critical weakness of the
WSM was to rank alternatives in a way that is heavily conditioned by a criterion if considerably different
values were present, e.g., null values. This weakness
was highlighted when considering that intensity calculations could not be evaluated according to a coefficient of determination and root mean square error (C3 and C4). There are more complex decision
aid methods that can be considered to unbiasedly
evaluate different calculation methods, e.g., intensity and regression models. The results obtained
from this study are, however, still acceptable, since
regression analyses are the most prevalent and preferred modelling option in industry (Campbell et al.,
2017; Hamer et al., 2017; SABS, 2017).
Table 5 shows the most and least conservative
EE savings resulting from the developed modelling
options for each of the three case studies. It also
shows the respective Section 12L certificate value of
ZAR 0.95/kWh for each of the modelling options.
The difference in the Section 12L monetary value
from selecting either the most or least conservative
modelling option is presented in the last column of
Table 5.
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Table 5: Difference in Section 12L certificate value of most and least conservative
modelling options.

Case study

Quantified energy efficiency
savings (GWh)

Section 12L Certificate value (ZAR millions)

Most conservative

Least conservative

Most conservative

Least conservative

A

251.40

341.19

238.83

B

234.17

348.41

C

6.17

6.84

Table 5 shows that the Section 12L certificate
value could range between 10% and 33% if either
the most or least conservative modelling option were
selected for the three case studies. This is a significant difference and reinforces the need to prove that
the most appropriate model was selected objectively.
Previous studies that focused on Section 12L for
industries do not provide guidance on how to select
a final modelling option between alternative solutions (Campbell et al., 2017; Hamer et al., 2017).
The present study aids in the highlighted problem
statement by providing a methodology that enables
applicants to objectively evaluate alternative modelling options and ultimately select a final modelling
option that adheres to all of the Section 12L requirements.
The methodology is flexible since the evaluation
criteria and criteria weights may be adjusted as desired. It should be noted that the case studies were
completed in a retrospective manner, i.e., data for
both the baseline and performance assessment was
available. It is, however, common practice in industry to generate EE models in a forward-facing manner, based on baseline data only. In such a case,
evaluation criteria for the conservativeness of savings (C2), significance of savings (C5) and variance
of savings (C6) will not be applicable.
Different statistical parameters may also be used
as evaluation criteria based on the priorities of a specific M&V application; e.g., adjusted R2 may be considered instead of model correlation (C3). This
would be suitable when multiple independent variables are used relative to a few data points, i.e., low
degree of freedom (Nagappan & Ball, 2005). The R2
is considered appropriate in the present study since
the M&V case studies are based on single variable
models. Further research can be done to determine
optimal criteria for different M&V applications, while
also accounting for new developments in the field.
The flexibility of the methodology enables the essence of the methodology to be adapted to various
global scenarios that have a direct impact on energy
policies. These applications might include alternative M&V practices (Botes, 2017), renewable energy
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Difference
Value

%

324.13

85.30

26%

222.46

330.99

108.53

33%

5.86

6.50

0.64

10%

options (Trotta, 2018), evaluating energy transformation pathways (Volkart et al., 2017), accurate determination of carbon emissions (Talbot & Boiral,
2013) and energy efficiency options (Chedid &
Ghajar, 2004).
The energy sector has a direct impact on the economic and social development of a region, therefore, an objective and transparent decision-making
process (such as the one described in this study) reduces the uncertainty of energy investors and policy
makers, which ultimately enables them to build successful energy policies.
4. Conclusions
A transparent and objective methodology was devised with the aim to assist Section 12L application
processes and to prove that the most appropriate
Section 12L energy efficiency model was chosen between multiple options. A financial comparison of
the results showed that the monetary value of the
Section 12L tax incentive could be influenced between 10% and 33% if no method were available to
select a final model. The flexibility of the developed
method enabled it to be adapted to various global
decision-making problems in fields such as renewable energy, carbon tax and various other energy
fields that impact energy policies. This approach ultimately produced results that are compliant with the
relevant requirements and untainted by personal
bias.
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