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Abstract

Clean development mechanism (CDM) project developers are always interested in achieving required measurement accuracies
with the least metering cost. In this paper, a metering cost minimisation model is proposed for the sampling plan of a specific CDM
energy efficiency lighting project. The problem arises from the particular CDM sampling requirement of 90% confidence and 10%
precision for the small-scale CDM energy efficiency projects, which is known as the 90/10 criterion. The 90/10 criterion can be met
through solving the metering cost minimisation problem. All the lights in the project are classified into different groups according to
uncertainties of the lighting energy consumption, which are characterised by their statistical coefficient of variance (CV). Samples
from each group are randomly selected to install power meters. These meters include less expensive ones with less functionality
and more expensive ones with greater functionality. The metering cost minimisation model will minimise the total metering cost
through the determination of the optimal sample size at eachgroup. The 90/10 criterion is formulated as constraints to the metering
cost objective. The optimal solution to the minimisation problem will therefore minimise the metering cost whilst meeting the
90/10 criterion, and this is verified by a case study. Relationships between the optimal metering cost and the population sizes of the
groups, CV values and the meter equipment cost are further explored in three simulations. The metering cost minimisation model
proposed for lighting systems is applicable to other CDM projects as well.
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Nomenclature

Ē the weighted average daily energy consumption
per lamp in the project

x̄i the sample mean in thei-th group
λ0 the search starting point to solve the optimisa-

tion model
µi the true mean value in thei-th group
σi the true standard deviation in thei-th group,

σi = x̄iCVi

ai the individual meter device cost in thei-th group
bi the installation cost per meter in thei-th group
ci the monthly maintenance cost per meter in the

i-th group
CVi the estimated coefficient of variance in thei-th

group
EB the daily energy consumption baseline (in kWh)
Ei the daily energy consumption per lamp in the

i-th group
i the counter of the subgroups of a project
k the number of months during the monitoring pe-

riod
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Mi the cost of individual metering system over the
crediting period,Mi = ai + bi + kci

N the lighting population
Ni the number of devices in thei-th group
Oi the average daily utilisation hours of devices in

the i-th group
p the required relative precision for the project
Pi the power of devices in thei-th group
pi the precision level in thei-th group
z the abscissas of the normal distribution curve

that cut off an area at the tails to give desired
confidence level

zi thezvalue in thei-th group
A ampere
AC alternating current
AMS approved methodology for small-scale
ASHRAE American society of heating, refrigerating and

air-conditioning engineers
CDM clean development mechanism
CER certified emission reduction
CFL compact florescent lamp
CV coefficient of variance
GHG greenhouse gas
HDL halogen downlighter
ICL incandescent lamp
IPMVP international performance measurement and

verification protocol
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kB kilobyte
kWh kilowatt-hour
mA milliampere
MB megabyte
R the South African currency Rand
s second
SSC small-scale
SSD sample size determination
TWh terawatt-hour
UNFCCC united nations framework convention on cli-

mate change
USD the United States dollar
V voltage
W watt

1. Introduction

CDM projects are designed to assist the reduction of GHG
emissions in developing countries by allowing them to earn
CER credits which can be traded and used by developed coun-
tries [1]. In order to mitigate the climate change and avoid
global warming, different types of CDM energy efficiency
projects are registered under the UNFCCC, such as the energy
efficiency lighting, heat pump and chiller projects [2]. Note that
lighting consumes more than 2 000 TWh of electricity globally,
which corresponds to about 1 800 million metric tons of GHG
emission per year [3]. Therefore, lighting harbors a great po-
tential for energy savings and GHG emission reductions. Ac-
cording to [4], the energy efficiency lighting projects can be
implemented by either reducing input wattages or reducing the
utilisation hours of the lights, and these measures are widely
taken in residential, commercial and industrial sectors around
the world ([5], [6] and [7]).

It is important to quantify CER credits with the expected ac-
curacy in a cost-effective way so that the profits of CDM project
developers can be maximised. As presented in both [8] and [9],
the deemed savings methodology is adopted in order to alle-
viate the metering cost and monitoring needs. However, also
as indicated in [8], the deemed savings methodology generates
less CERs due to very conservative assumptions on the key pa-
rameters to determine the baseline and project energy consump-
tion. Apparently, the CERs generated by the deemed savings
methodology are only conservative but not accurate. Accord-
ing to the CDM general guidelines [10] and the AMS CDM
projects, AMS-II.C. [11], the CER credits are calculated by
the corresponding energy consumption reduction multiplied the
emission factors. The baseline and project energy consumption
need to be quantified by the monitored and sampled key param-
eters based on the sampling methodologies [12] and [13]. The
sampling methodologies [12] and [13] are further required to
satisfy 90% confidence and 10% precision—the so-called 90/10
criterion1 for the SSC energy efficiency CDM projects. For the
CDM accuracy requirement, precision is an assessment of the

1Following the notation of the 90/10 criterion,x/y denotesx% confidence
andy% precision in this study.

error margin of the final estimate and confidence is the likeli-
hood that the sampling resulted in an estimate within a certain
range of the true values.

The purpose of this paper is to maximise the profits of project
developers by minimising metering cost while at the same time
meet the 90/10 criterion. An obvious observation is that the
metering cost is lower whenever less number of samples is me-
tered. For this reason, many different kinds of SSD method-
ologies have been proposed in literature. These SSD method-
ologies can be classified into two broad groups, the frequentist
methods and the Bayesian methods [14]. The frequentist meth-
ods have been applied to determine sample size for the evalua-
tion of the reliability performance of the United States fleet [15]
and the control of both size and power in clinic trials [16]. For
the Bayesian methods, [17] summaries the theory and practice
of Bayesian statistics while [18] describes a Bayesian approach
in choosing the sample size by optimising utility functions.

All the aforementioned SSD methodologies are mainly de-
cided by the required confidence and precision level. Accord-
ing to [19], the SSD for the CDM projects is also influenced by
different choices of the sampling approaches such as the simple
random sampling, stratified random sampling, systematic sam-
pling, cluster sampling and multi-stage sampling, etc. Based
on the available information on the UNFCCC’s website2, more
than 20 energy efficiency lighting projects have been registered
under SSC CDM projects. All these registered CDM lighting
projects refer to the sampling guidelines [12] and [13] to design
the monitoring and sampling plans. However, these projects
usually apply the simple random sampling approach to deter-
mine the sample sizes since the entire lighting population is
assumed to be homogeneous and each lights has the same prob-
ability of being selected ([20] and [21]).

In this paper, the metering cost minimisation under the situ-
ation where the lighting population under study are not homo-
geneous has been considered. The total population, i.e., all the
lights in the project, is divided into different groups according
to their energy consumption uncertainties. Therefore, thestrat-
ified random sampling approach is applied given that the char-
acteristics of the population elements are more similar within
groups than across groups [19]. With the selected stratifiedran-
dom sampling approach, the idea to reduce the overall meter-
ing cost whist maintaining the 90/10 criterion is explained as
follows. The sampling guidelines [12] and [13] require that
the sampling target for the project population must satisfythe
90/10 criterion. However, it does not mean that the accuracy
criterion for each lighting group must achieve 90/10. It is pos-
sible to let the group with lower uncertainty to have a very
good confidence/precision such as 95/5, and let the group with
higher uncertainty to have a relative poor confidence/precision
such as 85/15, so that the overall project population satisfies
the 90/10 requirement. The proposed metering cost minimi-
sation model follows the above idea to determine the optimal
confidence/precision levels such that the metering cost can be
minimised while the overall 90/10 criterion is still maintained.

2http://cdm.unfccc.int/methodologies/index.html
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This model can be easily applied to various lighting projects
with more than two uncertainty groups.

The paper is organised as follows. In Section 2, background
information of the CDM lighting project is provided with a total
project cost analysis. The lighting baseline methodology,light-
ing classification, the monitoring and sampling plan for this
project are then discussed. Subsequently, a brief uncertainty
analysis is given and some essential assumptions are made in
order to build the metering cost minimisation model. In Sec-
tion 3, the solutions to the optimisation problem are provided
and analysed. Section 4 provides some further investigations of
the metering cost optimisation model. The conclusion comesat
the last section.

2. Formulation of the metering cost minimisation model

2.1. Backgrounds of the CDM lighting project

A lighting retrofit project that aims to reduce the lighting load
in 44 government hospitals in South Africa is in the process of
being registered as a CDM energy efficiency lighting project.
In order to accelerate the registration process, the project de-
velopers decide to register the project as a SSC CDM project.
Approximately 404 296 CFLs will be installed to replace less
energy efficient HDLs and ICLs that are currently in use. The
14 W and 20 W CFLs will be installed in exchange of equal
number of normal luminous flux 60 W ICLs and 100 W HDLs,
respectively. Motion sensors are currently in use for the 100
W HDL lighting systems. The CFLs will be directly installed
to replace the HDLs without any modification on the existing
lighting control systems. The exchanged HDLs and ICLs will
be stored and destroyed, corresponding counting and crushing
certificate of the disposed lamps will be issued by a disposal
company. The CFLs with a rated lifetime of 10 000 hours, man-
ufactured by Philips, have the equivalent or higher lumen tothe
replaced HDLs and the ICLs. An energy audit is conducted to
gather all relevant information of this project to help withthe
project design. Detailed information of this project is listed in
Table 1.

Table 1: Details of the lighting project
Technology Wattage Operating Schedule Quantity
ICL→ CFL 60 W→ 14 W 8:00-16:00 263 519
HDL→ CFL 100 W→ 20 W Motion sensor control 140 777

The project participants conduct a cost analysis for the dis-
cussion of investment barrier. The average price of CFLs used
in this project is R 27 per CFL3, other financial details associ-
ated with this project can be found in Table 2.

2.2. Lighting baseline methodology

The AMS-II.C. [11] is adopted to develop the energy base-
line for this project. The AMS-II.C. offers indicative simplified
baseline and monitoring methodologies for the demand-side

3The annual average USD to Rand exchange rate in 2012 is 1 USD= R
8.209.

Table 2: Summary of the cost analysis
Total number of CFLs to be installed 404 296 Units
Costs
Average price of CFL 27 Rand per unit
CFL distribution 5 Rand per unit
Subtotal 12.94 Million Rand
HDL, ICL, CFL collection,
transportation, and disposal 1.03 Million Rand
CDM process cost
(PDD writing, validation,
monitoring and verification, etc) 1.72 Million Rand
Total project cost 15.69 Million Rand

energy efficiency activities for specific technologies such as
installing new energy efficiency lamps, ballasts, refrigerators,
motors, fans, etc. There are several other approved CDM light-
ing methodologies that are available on the UNFCCC’s web-
site, such as: AM0046 [22], AMS-II.J. [23], AMS-II.N. [24],
etc. The AM0046 is the first end-use energy efficiency method-
ology for distribution of CFLs to households. However, this
guideline focuses on large scale CDM projects and the moni-
toring requirement of the project are very cumbersome [8]. The
AMS-II.J. is actually a deemed savings methodology that has
relaxed the heavy monitoring requirements of AM0046. How-
ever, the AMS-II.J. generates significantly less CERs than the
other methodologies due to a very conservative assumption on
average daily utilisation of CFLs. The AMS-II.N. is newly ap-
proved in March 2012 and it offers guidance to the demand-side
energy efficiency projects for the installation of energy efficient
lights and/or controls in building. Up to December 2012, this
guideline has not been used in any registered CDM energy effi-
cient lighting projects.

According to the AMS-II.C., if the lighting population is
classified intoK groups, then the baseline energy for the light-
ing system is calculated by eq. (1)

EB =

K
∑

i=1

(Ni · Pi ·Oi). (1)

As discussed in the AMS-II.C.,Pi andOi may be determined
separately or in combination, i.e., as energy consumption.In
this study,Pi andOi are considered in combination in order to
simplify the uncertainty analysis of the measurement. There-
fore, eq. (1) could be simplified into

EB =

K
∑

i=1

(Ni · Ei) = NĒ, (2)

where

Ē =

∑K
i=1(Ni · Ei)
∑K

i=1 Ni

.

When the energy consumption baselineEB multiplied by the
number of days during the monitoring period and the relevant
emission factor, the baseline emission of the involved light-
ing systems can be obtained. Energy consumption at the post-
implementation stage can also be determined by eq. (2) when
apply the monitored daily energy consumption of the CFLs.
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2.3. Lighting classification and stratified random sampling
The stratified random sampling approach is adopted for the

sampling target since this sampling methodology is most ap-
plicable when there are obvious grouping of population ele-
ments whose characteristics are more similar within subgroups
than across subgroups [19]. For the government hospital light-
ing project, the daily energy consumption patterns of the light-
ing population are not homogeneous. Therefore, the involved
HDL and ICL lamps are naturally classified into two subgroups.
Group I is the 263 519 ICLs which have low uncertainties of
daily energy consumption, and Group II is the 140 777 HDLs
which have high uncertainties of the daily energy consump-
tion. The uncertainties in the two groups are characterisedby
CV, which is defined as the standard deviation of the metering
records divided by the mean. CV values are between 0 and 1.
If CV value is close to 0, then it indicates that the uncertainty
of measurement is small. Otherwise, if CV is close to 1, then it
means the monitored parameter of a sample group has large un-
certainty. According to the sampling technology [25], a higher
CV indicates more sample sizes are required to achieve reliable
sampling results.

The estimated CV values for the aforementioned lighting
project can be obtained as follows. During the on site energy
audit, the daily utilisation hours for a small sample of the lamps
with no control devices are recorded. The sampled lamps are
burning 8 hours on average with a standard deviation of 1.5.
The rated power of an ICL lamp is 60 W in Group I. Therefore,
the estimated mean value of baseline daily energy consumption
per lamp in Group I is 0.48 kWh with the standard deviation
of 0.09. By the definition of CV, the CV value of Group I is
around 0.18. To be conservative, CV of Group I is taken as
0.20. In Group II, the rated power of an HDL lamp is 100 W.
Although the lighting operating schedule is unknown, it could
be assumed that on average the lamps in Group II are burning 6
hours per day with a low confidence by the energy audit. In this
case, a CV value as high as 0.5 is historically recommended by
[26] for the lamps in Group II. Thus, the estimated daily energy
consumption of Group II is 0.6 kWh with a standard deviation
of 0.3.

Since the energy consumption in Group II changes more fre-
quently than that in Group I , the metering devices to be in-
stalled in Group II must have a very high sampling frequency
based on Shannon’ sampling theorem [27]. In addition, the me-
ters to be installed in Group II need to have advanced control
chips with high clock frequency and large memory capacity for
the data storage. The metering device specifications of the two
recommended meters (M1 andM2) are provided in Table 3. The
specifications indicate that theM2 meters are capable of captur-
ing the uncertainties in Group I. However, theM1 meters are
not applicable for the measurement of Group II.

Group I will be installed with less expensive meters to check
its energy consumption variations, and Group II will be in-
stalled with expensive meters to monitor its real time energy
consumption. According to [28], the key components of the
metering cost include meter purchasing cost, installationcost
and maintenance cost. The costs ofM1 and M2 are listed in
Table 4 as given by the meter company.

Table 3: Metering device specifications
Categories M1 M2

Voltage range (AC) 150-270 V 100-380 V
Current range 50 mA-50 A 10 mA-100 A
Accuracy ± 0.01% ± 0.002 %
Time resolution 300 s 0.5 s
Memory capacity 32 kB 8 MB

Table 4: Metering equipment cost (per unit)
Categories Cost of M1 Cost of M2

Meter purchase
(once-off) R 876 R 3 146
Meter installation
(once-off) R 195 R 320
Meter maintenance
(monthly) R 45 R 98

The overall 90/10 criterion for this project can be maintained
by letting Group I have a very high confidence/precision while
letting Group II have a relatively low confidence/precision.
This results in a greater number of less expensive meters being
installed in Group I, and a smaller number of expensive meters
being installed in group II in order to minimise the metering
cost.

2.4. Monitoring and sampling plan

As mentioned in the introduction, more than 20 energy effi-
ciency lighting projects have been registered under SSC CDM
projects. For these projects, simple random sampling approach
is adopted and sample sizes are generally decided by pro-
fessional judgements or the experience from previous CDM
projects. For instance, 200 meters are randomly installed to
monitor the lighting population for the Visakhapatnam (India)
OSRAM CFL distribution CDM project [20]. These registered
CDM lighting projects do not seem to have considered the opti-
misation of the monitoring and sampling plan by taking advan-
tage of lighting classification. In this study, an optimal moni-
toring and sampling plan is designed as follows.

1) The crediting period of this project is designed to be 10
years. The first monitoring report will be compiled 1 year
after the implementation of this project, while other moni-
toring reports will be compiled in a fixed interval of every
3 years.

2) Meters will be randomly distributed and installed during
baseline period to measure the daily energy consumption
of each sampled lamp in both Group I and Group II for 3
calendar months. The sample sizes are decided by the pro-
posed metering cost minimisation model. Each sampled
lamp is monitored by one meter.

3) Once decided in the baseline period, the same sample sizes
are applied at the post-implementation stage. The daily
energy consumption of the sampled CFLs will be continu-
ously measured during the crediting period.

4) Meters with different functionalities and prices will be ap-
plied in different lighting groups. The metering equipment
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will be installed by a meter company. Calibration and
maintenance of the metering systems will be performed
regularly.

2.5. Uncertainty analysis and modelling assumptions

According to the ASHRAE guideline 14 [29] and IPMVP
2012 [30], the uncertainties can be classified into 3 categories:
the measurement uncertainty, modeling uncertainty and sam-
pling uncertainty. Measurement uncertainties usually come
from the inappropriate calibration of the measurement equip-
ment, inexact measurement, or improper meter selection, instal-
lation and operation. The modelling uncertainties arises from
the improper mathematical function form, inclusion of the irrel-
evant variables or exclusion of relevant variables. Sampling un-
certainties are resulted from inappropriate sampling approaches
or insufficient sample sizes.

In this study, only two parametersN and Ē are involved in
the lighting baseline model eq. (2).N can be easily verified by
the counting and crushing certificate.Ē will be obtained by the
metering and sampling effort. As discussed in Subsection 2.3,
the accuracy specifications of both the metersM1 and M2 are
as high as 0.01% which are negligible when comparing to the
required 90/10 criterion. Therefore, the sampling uncertainties
will be the major concern in the metering cost minimisation
modelling under the following assumptions.

1) Assume that no failure will happen to the metering system
during the monitoring period since the meters are in good
maintenance. In addition, the inflation of the maintenance
cost will not be considered.

2) Let Xi , i = 1, 2 be the random variables that denote the base-
line daily energy consumption data sets in Group I and
Group II, respectively. From the well-known central limit
theorem [31], it is assumed thatX1 andX2 follow normal
distributions, that is,Xi ∼ N(µi , σ

2
i ). Then for anyn1 sam-

ples in Group I, the sampling distribution of the mean sat-
isfies a normal distribution̄X1 ∼ N(µ1, σ

2
1/n1) [32]. Simi-

larly, the sampling distribution of the mean for anyn2 sam-
ples from Group II satisfies̄X2 ∼ N(µ2, σ

2
2/n2).

3) Assume thatX1 andX2 are independent. Then the sample
mean for the overall project, which is defined asĒ previ-
ous will follow another normal distribution [32]

N1X̄1 + N2X̄2

N
∼ N














N1µ1 + N2µ2

N
,
σ2

1

n1
·

N2
1

N2
+
σ2

2

n2
·

N2
2

N2















. (3)

2.6. Metering cost minimisation model

As provided in [25], the initial sample sizen0 at the sampling
plan stage can be calculated by

n0 =
z2CV2

p2
. (4)

Fig. 1 plots the sample sizes against different CV values with
some popular confidence/precision levels. Fig. 1 shows that
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Figure 1: Sample sizes versus CV values

more sample sizes are required to achieve a higher confidence
level and a better precision level for a given CV value.

The initial sample sizen0 that calculated by eq. (4) needs to
be adjusted by the finite population correction factor [25]

n =
n0N

n0 + N
=

CV2z2N
CV2z2 + Np2

. (5)

For the 90/10 criterion,z = 1.6450 for 90% confidence and
p = 10% as the allowed margin of error in eq. (5). The objec-
tive is to find the optimal solution ofλ = (z1, z2, p1, p2) which
minimises

f (λ) =
2
∑

i=1

(ai + bi + kci) × ceil(ni), (6)

where the ceil functionceil(·) rounds a real number to the near-
est integer which is greater than or equal to this real number.
ceil(ni) denotes the required sample sizes in thei-th group and
ni can be calculated by eq. (5). For this project,k = 123 includ-
ing the baseline monitoring period (3 months) and the crediting
period (10 years, 120 months).

Note that Group I is expected to have better confi-
dence/precision than Group II, thus the two linear constraints
z1 ≥ z2 and p1 ≤ p2 are obtained. The values ofz at various
confidence levels are tabulated in many statistics books [33]. z
can be calculated by theZ-transformation formula

z=
x̄− µ
σ/
√

n
, (7)

and the constraints based on the 90/10 criterion are expressed
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as follows:

z =
N1 x̄1+N2 x̄2

N − N1µ1+N2µ2
N

√

σ2
1

n1
·( N1

N )2+
σ2

2
n2
·( N2

N )2)

=
N1(x̄1−µ1)+N2(x̄2−µ2)
√

σ2
1N2

1
n1
+
σ2

2N2
2

n2

=
N1

z1σ1√
n1
+N2

z2σ2√
n2

√

σ2
1N2

1
n1
+
σ2

2N2
2

n2

≥ 1.6450,

(8)

and

p =
N1 x̄1+N2 x̄2−(N1µ1+N2µ2)

N1 x̄1+N2 x̄2

=
N1

z1σ1√
n1
+N2

z2σ2√
n2

N1 x̄1+N2 x̄2

≤ 10%.

(9)

In summary, the problem is to findλ = (z1, z2, p1, p2) that
minimises the objective function

f (λ) =
2
∑

i=1

(ai + bi + kci) × ceil













CV2
i z2

i Ni

CV2
i z2

i + Ni p2
i













, (10)

subject to the constraints































z≥ 1.6450,
p ≤ 10%,
z1 ≥ z2,

p1 ≤ p2.

3. Solution of the metering cost minimisation problem

Before solving the optimisation problem, the metering costto
achieve the 90/10 criterion without optimisation is calculated as
a benchmark for comparison purposes. According to the energy
audit and metering equipment cost in Table 4, the initial values
to solve model eq. (10) are summarised in Table 5.

Table 5: Initial values
Parameters Group I Group II
Meter unit price a1=R 876 a2=R 3 146
Installation per meter b1=R 195 b2=R 320
Monthly maintenance c1=R 45 c2=R 98
Monitored months k=123 k=123
CV values CV1 = 0.20 CV2 = 0.50
Estimated ¯xi x̄1 = 0.48 kWh x̄2 = 0.60 kWh
Population sizes N1=263 519 N2=140 777

For the government hospital lighting project, if the simple
random sampling approach is applied to the entire lighting pop-
ulation, a worst possible CV value of 0.5 can be used for the
sample size calculation by eq. (5), the obtained sample size
is 68 with a metering cost of R 1 055 360 given that the ex-
pensive meters should be used when CV is high. For this so-
lution, the 90/10 criterion is achieved without spending unnec-
essary money on metering. In this scenario, the metering cost
shares 6.76% of the total project cost. However, without con-
sidering optimisation, another possible solution might bethat

the 90/10 criterion is applied to Group I and II, whereλ =
(1.6450, 1.6450,0.1, 0.1). The corresponding sample sizes and
metering cost are calculated as shown in Table 6. It shows that
the overall confidence and precision are 97.76% and 9.94%, re-
spectively, at the total metering cost of R 1 128 206, which
occupies 7.19% of the total project cost. In this scenario, the
expected sampling accuracy is higher than the required 90/10
criterion which is not necessary.

Table 6: Sample size and metering cost without optimisation
Parameters Group I Group II Overall
Confidence 90% 90% 97.76%
Precision 10% 10% 9.94%
Meter numbers 11 68 79
Number of samples 11 68 79
Total cost R 72 666 R 1 055 360 R 1 128 026

Now consider the metering cost minimisation model given
in eq. (10) which is a nonlinear programming problem. For
simplicity, the MATLAB function “fmincon” is applied to find
the optimal solution of eq. (10). The optimisation settingsof
the “fmincon” function are shown as follows: the interior-point
algorithm is chosen as the optimisation algorithm; the termi-
nation tolerance on the function value,‘TolFun’, the termina-
tion tolerance on the constraint violation, ‘TolCon’, as well as
the termination tolerance on the design variables,‘TolX’ are all
set to 10−15; in addition, “fmincon” also calculates the Hessian
by a limited-memory, large-scale quasi-Newton approximation,
where 20 past iterations are remembered. From a theoretical
perspective, the sample size should be integer for the solution.
Since this study focuses on practical issues of minimising the
metering cost, real-valued sample sizes are used during theopti-
misation. After the optimal solutionλ = (z1, z2, p1, p2) is found,
the ceil function is applied to calculate the integer samplesize.

Besides these settings, a search starting pointλ0 as well
as the boundaries of the design variable are also required for
“fmincon” to work. Table 7 gives the optimal solution with
λ0 = (0.21, 0.86, 0.85,0.26), lower boundlb = (0, 0, 0, 0) and
upper boundub= (+∞,+∞, 1, 1).

Table 7: Optimal results 1
Parameters Group I Group II Overall
Confidence 93.09% 57.84% 90.25%
Precision 9.77% 10.35% 9.85%
Meter numbers 14 16 30
Number of samples 14 16 30
Total cost R 92 484 R 248 320 R 340 804

It is found that with the constraints of the 90/10 crite-
rion for the overall project, the obtained confidence/precision
93.09/9.77 for Group I and 57.84/10.35 for Group II contribute
to the overall 90.25/9.85 accuracy. With these optimal (z1, z2,
p1, p2), the optimal metering cost is R 340 804, occupies 2.17%
of the total project cost, which is largely reduced than the over-
all metering cost without the optimisation as given in Table6.
Comparing with the results in Table 6, the metering cost for
Group I increases, however, the metering cost of Group II re-
duces sharply. The overall metering cost is reduced whilst the
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90/10 criterion is satisfied.

Table 8: Optimal results 2
Parameters Group I Group II Overall
Confidence 84.87% 70.30% 90.15%
Precision 7.71% 13.43% 9.82%
Meter numbers 14 16 30
Number of samples 14 16 30
Total cost R 92 484 R 248 320 R 340 804

Due to the nonlinear nature of the minimisation problem, the
optimal solutions may not be unique although the minimal ob-
jective function value is unique. Table 8 gives another optimal
solution with the initial search pointλ0 = (2.1, 2.4, 0.62, 0.22).
It is clear that although the confidence and precision of the two
groups are different from the values in Table 7, the 90/10 crite-
rion is still achieved and the optimal sample sizes and the me-
tering cost remain unchanged.

According to the discussions and analysis in this section, the
metering costs with or without the optimisation are summarised
in Tabel 9. Note that the figures in the “Metering cost (%)” col-
umn are calculation against the total project cost of 15.69 mil-
lion Rand. Comparing to the metering plan without the optimi-
ation, the metering cost savings of 0.71 million Rand, whichis
4.52% of the total project cost, are achieved without sacrificing
the overall sampling accuracy.

4. Model analysis and discussion

The metering cost minimisation model in Section 3 is built
for a particular CDM lighting retrofit project. When analysing
model eq. (10), it is found that three key components,Mi , CVi

andNi will affect the overall metering cost for a given accuracy
requirement. Actually, for different CDM energy efficiency
lighting projects, the population sizesNi , the initial CV val-
uesCVi and the individual metering system costMi may vary.
In order to further analyse the metering cost reduction for other
similar lighting energy efficiency projects, it is worth investi-
gating how these variations will influence the optimal metering
cost.

In the following, three simulations are run to characterisethe
impacts of the parametersNi , CVi and Mi to the optimal me-
tering cost for similar lighting energy efficiency projects. For
each simulation, only one parameter will change. More pre-
cisely, N2 is changed in the first simulation to investigate the
relationship between the population size and the optimal meter-
ing cost;CV1 is changed in the second simulation to identify
the relationship between initial CV values and the optimal me-
tering cost;M1 is changed in the third simulation to analyse
the relationship between the individual metering system cost
and the optimal metering cost. The optimal settings remain the
same as the settings provided in Section 3. The search start-
ing point isλ0 = (0.21, 0.86, 0.85, 0.26) for the three simula-
tions. As mentioned in Section 3, due to the nonlinear nature
of the minimisation problem, the optimal confidence/precision
levels are not unique since there exist different combinations
of optimal confidence/precision levels that satisfy the 90/10

criterion constraints. Different valid combinations of optimal
confidence/precision levels are obtained by applying a differ-
ent search starting pointλ0. Some artificial initial values are
applied for the three simulations.

Results of the simulations are shown in Fig. 2 to Fig. 13.
For the legends in Fig. 2, 3, 6, 7, 10, and 11, the confi-
dence/precision levels of Group I and Group II are denoted by
the dotted line (in red) and the dashed line (in blue), respec-
tively. The confidence/precision levels for the overall project
that are calculated by the real-valued sample sizes, are denoted
by the solid line (in green) while the overall project confi-
dence/precision levels calculated by the integer-valued sample
sizes are denoted by the dash-dotted line (in black).

4.1. Optimal metering cost versus population sizes

In this simulation, let N2 increase from 10 000 to
N1 =1 000 000 by a step of 10 000. Initial values for this simu-
lation are listed in Table 10. The corresponding optimal results
are presented in Fig. 2∼ Fig. 5.

Table 10: Initial values for the Simulation 1
Parameters Group I Group II
Mi M1=R 5 000 M2=R 50 000
CVi CV1 = 0.2 CV2 = 0.5
x̄i x̄1 = 0.56 kWh x̄2 = 0.36 kWh

In Fig. 2, the confidence levels of Group I are always higher
than those of Group II. The green solid line shows that the de-
sired 90% confidence of the overall project is satisfied. How-
ever, since the sample size calculated by eq. (5) may not be
integers, the ceil function is applied to round the real values of
n1 andn2 to integers. The roundedn1 andn2 are used to calcu-
late the overall project confidence and metering cost. It canbe
observed that the confidence levels calculated by the rounded
n1 and n2 are greater than or equal to the project confidence
calculated by the real-valuedn1 andn2.

In Fig. 3, asN2 increases, the precision levels of both Group I
and Group II increase. The precision levels of Group II increase
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Figure 2: Confidence levels whenN2 changes
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Table 9: Metering cost analysis
Solutions Accuracy Samples Metering cost (R) Metering cost (%)
No optimisation 1 90/10 68 R 1 055 360 6.76%
No optimisation 2 97.76/9.94 79 R 1 128 026 7.19%
Optimal solution 1 90.25/9.85 30 R 340 804 2.17%
Optimal solution 2 90.15/9.82 30 R 340 804 2.17%
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Figure 3: Precision levels whenN2 changes

more quickly than those of Group I in order to balance the over-
all project precision within 10%. In addition, the project preci-
sion levels that calculated by the real-valued sample sizesand
the integer-valued sample sizes are within the desired 10% pre-
cision.

In Fig. 4 and Fig. 5, it is clear that both the sample sizes and
the metering cost increase asN2 increases.

According to the results shown in Fig. 2 to Fig. 5, the influ-
ence of Group II to the overall accuracy is small whenN2 is
small. WhenN2 <10 000, only one meter is needed. The confi-
dence for Group II is less than 50% and the precision is poorer
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Figure 4: Number of meters whenN2 changes

than 40% while the overall 90/10 criterion can still be main-
tained. However, asN2 increases, the uncertainties of Group II
increase rapidly becauseCV2 is high. Therefore, the required
sample size of Group II goes up quickly.

4.2. Optimal metering cost versus CV values

In this simulation, letCV1 increase from 0.005 toCV2=0.5
by a step of 0.005. Initial values for this simulation are listed in
Table 11. The optimal solutions are presented in Fig. 6∼ Fig. 9.

Table 11: Initial values for the Simulation 2
Parameters Group I Group II
Mi M1=R 5 000 M2=R 50 000
x̄i x̄1 = 0.56 kWh x̄2 = 0.36 kWh
Ni N1 =1 000 000 N2=300 000

Fig. 6 shows that the confidence levels of both Group I and
Group II decrease whenCV1 increases. The confidence levels
of Group I are higher than Group II. The overall confidence as
shown in the solid line (in green) satisfies the 90% confidence.
However, it is noted that the rounded overall confidence level is
a little lower than the 90% confidence whenCV1 is between 0
and 0.1. The reason is that real-valued sample sizes are allowed
during the optimisation in this study. The optimal solutions for
real-valued sample sizes may sometimes become suboptimal
when ceil function is applied to these optimal solutions. Inthe
worst case, the real-valued sample sizes satisfy the 90% confi-
dence while the integer-valued sample sizes obtained by theceil
function do not satisfy the 90% confidence as shown in Fig. 6.
In this case, it is suggested to increase necessary sample size
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Figure 5: Metering cost whenN2 changes
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Figure 6: Confidence levels whenCV1 changes

to achieve the desired accuracy. To illustrate, consider the low-
est confidence level 86.87% of the rounded overall confidence
as shown by the first point in the dash-dotted line (in black) in
Fig. 6. Detailed information for this point is listed in Table 12.
From Table 12 it is clear that the confidence level in Group I is

Table 12: Solution analysis
Parameters Group I Group II Overall
Confidence 99.19% 81.29% 86.88%
Precision 2.44% 49.20% 8.65%
Meter numbers 1 2 3
Total cost R 5 000 R 100 000 R 105 000

very close to 100%. Calculation shows that even the confidence
level in Group I increases to 99.99%, the overall confidence can
only achieve 89.36%. Therefore, the only solution is to increase
meters in Group II. When 3 meters are installed in Group II, the
rounded overall confidence becomes 90.99% which meets the
90% confidence requirement. Since the installation of only 2
meters in Group II will never meet the 90/10 criterion, while
the installation of 3 meters in Group II will meet the 90/10 cri-
terion, this solution must be optimal.

In Fig. 7, it is noted that asCV1 increases, the precision of
Group I becomes worse but remains within 10%. The precision
of Group II improves but the precision is always worse than
that of Group I. The overall precision maintains within the 10%
margin of error.

In Fig. 8, the sample size of Group I keeps increasing as
CV1 goes up. It means that when CV increases, more samples
are needed to maintain the 90/10 criterion. The sample size of
Group II also increases, but not as quick as Group I.

Fig. 9 shows the overall metering cost keeps going up since
the sample sizes of both Group I and Group II increase.

The results provided in Fig. 6 to Fig. 9 show that, when
CV1 < 0.1, less than 10 samples can maintain the confidence
of Group I over 90% and the precision within 10%. However,
asCV1 becomes greater, the uncertainties of this group increase
rapidly since the population size of Group I is dominant. There-
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Figure 7: Precision levels whenCV1 changes
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fore the sample size of Group I increases more quickly.

4.3. Optimal metering cost versus individual meter cost

In this simulation, assume that the individual meter costM1

increases from 500 toM2=50 000 by a step of 500. The initial
values for this simulation are listed in Table 13. The optimal
solutions are presented in Fig. 10∼Fig. 13.

Table 13: Initial values for the Simulation 3
Parameters Group I Group II
CVi CV1 = 0.2 CV2 = 0.5
x̄i x̄1 = 0.56 kWh x̄2 = 0.36 kWh
Ni N1 =1 000 000 N2=300 000

In Fig. 10, asM1 increases, the confidence levels of both
Group I and Group II go down slowly. The confidence levels of
Group I are higher than those of Group II. Both the project con-
fidence levels that calculated by the real-valued sample sizes
and the integer-valued sample sizes satisfy the desired 90%
confidence.

In Fig. 11, it is clear that the precision levels of Group II
increase continually asM1 goes up. However, the precision of
Group I becomes worse since less meters are installed in Group
I whenM1 increases.

In Fig. 12, the sample size of Group I decreases but the sam-
ple size of Group II increases asM1 goes up.

Fig. 13 clearly shows that the general trend of the metering
cost is going up whenM1 increases. Sometimes, the metering
cost decreases a little because the sample size of Group I de-
creases while the sample size of Group II does not change.

Based on the results shown in Fig. 10 to Fig. 13, whenM1

is small, more samples are drawn from Group I to achieve both
high confidence and precision. However, asM1 increases, the
sample size of Group I tends to decrease in order to achieve the
minimal metering cost of the project.
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Figure 10: Confidence levels whenM1 changes
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Figure 11: Precision levels whenM1 changes

4.4. Remarks on the simulations

The three simulations indicate that the proposed metering
cost minimisation model is also applicable to reduce the me-
tering cost for other similar energy efficiency lighting projects.

The simulation results also reveal the possibilities of further
reducing the metering cost. For instance, instead of using the
worst case of 0.5 as the CV value, the project participants may
be willing to install a few less expensive meters to monitor the
lighting daily energy consumption for a short period. In that
scenario, it is more likely to obtain an estimated lighting daily
energy consumption with a smaller CV value. A small CV
means that less sample sizes are needed to achieve the accuracy
requirements.

In addition, the simulation results can also be taken as an ex-
ample of simplifying the metering cost minimisation method-
ology. In order to further simplify this methodology, it is sug-
gested to pre-calculate and tabulate optimal metering costand
samples for similar energy efficiency lighting projects with dif-
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Figure 13: Metering cost whenM1 changes

ferent population sizes, CV values or metering device costs.

5. Conclusion

In this study, a metering cost minimisation model is proposed
to assist the sampling plan of the CDM energy efficiency light-
ing project. The minimal metering cost is achieved by optimis-
ing the confidence and precision of each lighting group under
the constraint of the 90/10 criterion for the overall project. In
order to further analyse the metering cost reductions for other
similar lighting energy efficiency projects, three simulations are
conducted to investigate the relationships between the optimal
metering cost and the population sizes of the groups, CV val-
ues and the individual meter equipment cost. The simulation
results indicate that the proposed metering cost minimisation
model can be applied to different CDM projects with different
characteristics. In addition, the proposed model is also appli-
cable to minimise the metering cost for project with more than
two lighting groups. Moreover, this model can also be applied
to projects with accuracy requirements other than the 90/10 cri-
terion.
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