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Introduction and Executive Summary 

The following report provides an updated analysis of the information collected from inspections 
conducted by the Clean Energy Regulator on a sample of SGUs that were installed between the start of 
December 2013 and the end of December 2017. This report focuses on comparing the estimates based 
on this most recent collection of sampled SGUs to those from the initial data analyses performed in 
September 2012 and updated in August 2013 and again in June 2015. As in the original analyses, final 
overall estimates are appropriately adjusted for potential bias associated with the fact that the sampling 
scheme was not a simple random sample, but instead focussed on those SGU installations which fell into 
an area where inspection was available. In addition, an adjustment is made to account for the potential 
of variability in the assessment propensities of the various inspectors. Finally, an assessment of the power 
of detection associated with various sample sizes is provided, allowing the determination of future 
sample sizes required to achieve various degrees of desired accuracy. 

 
Overall, a sample of 7,355 SGUs, installed between start of December 2013 to the end of December 
2017, was analysed, with the following primary outcomes: 
1. There were 244 SGU installations deemed to be “unsafe”, which leads to an overall raw rate of 3.3%. 

This value is lower than previous raw rates seen in each of the two previous reports. Indeed, for the 
12,539 sampled SGUs which were installed prior to December 1, 2012 the raw rate of “unsafe” 
installation was 3.9%. This represents a statistically significant (p = 0.0268) drop in the raw “unsafe” 
installation rate. 

2. There were 1,534 SGU installations deemed to be “sub-standard”, which leads to an overall raw rate 
of 20.9%, which constitutes an increase from the 15.2% value from the previous samples. Of course, 
as noted in the previous report, there was a change in the definition of “sub-standard” in October 
2012, which led to a notable increase in the number of installations deemed as “sub-standard”. 
Nevertheless, the current rate of “sub-standard” installations is still significantly higher than the rate 
after October 2012 but prior to December 2013 of 18.0% (p = 0.0006). 

3. Using post-stratification techniques to adjust for the bias in these raw rates, the overall estimate of 
the proportion of unsafe installations is 2.3% with a standard error of 0.3%; and, 

4. The bias adjusted estimate of the overall proportion of sub-standard installations is 20.8% with a 
standard error of 1.9%. 

5. These adjusted estimates correct for observed differences in geographic composition of the sampled 
SGUs from the population of all SGUs and also account for notable variation in the propensity to  
assess installations as either “unsafe” or “sub-standard” among the 74 inspectors. 

6. The temporal trends in the rates of both “unsafe” and “sub-standard” have eased since the preceding 
updates. The trend for “unsafe” installations indicates that the rate of such installations is settling to 
about 2%. By contrast, there is a suggestion that the rate of “sub-standard” installations is slightly 
increasing; however, given the level of accuracy available there is insufficient evidence to rule out 
that the rate has actually stabilised at around 20%. 

7. The variability in inspector propensity to assess installations as either “unsafe” or “sub-standard” is 
still apparent; however, for the most part this variability is rather small, with only a few notable 
exceptions. It might be useful to institute random re-assessments by a second inspector to begin to 
better identify and quantify this issue. 

8. The Clean Energy Regulator has sought feedback on allocating some of their inspection resources to 
targeted, rather than random, sample SGUs, while at the same time maintaining a random 
component of sufficient size to ensure appropriate levels of accuracy in continuing to measure the 
background rate of “unsafe” and “sub-standard” installations. In this vein, we note that to maintain 
a biennial estimate of the proportion of “unsafe” and “sub-standard” installations with standard 
errors of 0.4% and 2.0%, respectively, requires the random sample to contain approximately 230 
SGUs per month, or a total of 5,520 sampled SGUs over the two-year period. This level of accuracy is 
commensurate with the accuracy levels obtained in this and all previous analyses (and gives an 
annual sample size on a par with that of the current sampling scheme, 7,355/37 = 199 per month). 
Sample sizes to obtain various other degrees of accuracy are provided in the body of this report. 
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Population Characteristics 

The full population of SGUs installed numbered 3,983,203 (this value covers the time period from mid- 
April 2001 until mid-June 2017). Of course, installations were far from uniform over that period, with 
growth in installation numbers increasing exponentially from the start of 2006 until the middle of 2011, 
as indicated in Figure 1. Installations increased by approximately 11.8% per month, during this growth 
period. From the middle of 2011, following a sharp fall off of 67.7% in July 2011 (presumably linked  to 
changes in the Solar Credits Multiplier) installation numbers have been generally decreasing, and the 
rate of that decrease (about 1.3% per month, on average) has remained essentially constant over the 
period of the most recent samples. 

Figure 1: Monthly breakdown of SGU Installations 

 

Further, note that the samples taken per month is somewhat variable, and is notably low in the last 
few months, perhaps due to lags in the reporting of scheduled inspections. Nevertheless, as long as 
there is no systematic reason behind the timing and completion of scheduled inspections, this fact will 
not adversely affect the analysis of installation quality. 

 
Further, as Figure 2 indicates, installation numbers by geography appear consistent, not only through 
the recent sample time period, but with those throughout the full sampling period, particularly with 
regard to remoteness, which was determined by cross-correlating the postcodes of installation 
addresses with the ABS Remote Area Index. 
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Figure 2: Quarterly breakdown of SGU Installations by: 
(a) by State/Territory 

 

(b) by ABS Remoteness Index 
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For completeness, Table 1 shows the installation numbers in the population across the relevant 
sampling timeframe (i.e., July 1, 2010 to December 31, 2016) broken down by states and territories. 
Furthermore, by cross-correlating the postcodes of the installation addresses with the ABS Remote 
Area Index, Table 1 also breaks down the population by five levels of remoteness: Major Cities, Inner 
Regional, Outer Regional, Remote and Very Remote. 

Table 1: Breakdown of SGU Population by State and Remote Area Index 

Remoteness 
Index 

State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Major Cities 37,169 427,244 - 723,810 306,289 - 443,435 355,574 

Inner Regional 93 258,319 - 287,930 71,163 43,768 217,301 92,185 

Outer Regional - 85,501 10,455 148,732 66,271 27,698 52,176 36,442 

Remote - 6,667 5,136 12,160 16,055 1,259 911 7,565 

Very Remote - 592 922 4,496 2,962 535 - 1,490 

As in the original samples investigated, the most notable source of potential bias exists in the form of 
a difference in structure between the population and the sampling frame. This bias will again be 
corrected for through the process of post-stratification. The post-stratification process requires a 
geographic breakdown of the installed SGUs in the population, and while general installation numbers 
appear reasonably consistent from Figure 2, there was a notable shift in the geographic distribution of 
SGUs installed between the two original sample timeframes and the two most recent sample 
timeframes. Table 2a indicates the state-by-state installation pattern for the SGUs installed in the 
population during the separate sections of the sampling timeframe (corresponding to the original 
analysis, the two subsequent updates and the current analysis, respectively). 

There are a number of reasons contributing to the changes in distribution of inspectors by states, such 
as electricity prices, but these are out of the scope of the analysis. It is important to note that there 
have been no changes in the inspections programme and that different installation practices may 
impact the geographic distribution of inspections. 

Table 2a: Proportion of SGU Population by State for Original and New Timeframes 

Timeframe 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA 

Original (7/2010 – 8/2011) 1.8% 30.0% 0.1% 26.1% 12.9% 0.6% 15.6% 12.9% 

Update 1 (9/2011 – 4/2012) 0.5% 11.7% 0.1% 32.7% 19.6% 1.2% 19.4% 14.8% 

Update2 (5/2012 – 11/2013) 0.9% 16.5% 0.3% 36.9% 13.3% 2.9% 18.1% 11.0% 

Current (12/2013 – 12/2016) 0.7% 21.4% 0.8% 29.4% 9.2% 2.1% 21.7% 14.7% 

Overall 1.0% 20.8% 0.4% 31.3% 12.3% 1.9% 19.0% 13.2% 

Table 2b: Proportion of SGU Population by Remoteness for Original and New Timeframes 

Timeframe 
Remoteness 

Major Cities Inner Regional Outer Regional Remote Very Remote 

Original (7/2010 – 8/2011) 65.5% 24.8% 8.3% 1.2% 0.2% 

Update 1 (9/2011 – 4/2012) 63.8% 24.0% 10.5% 1.3% 0.3% 

Update 2 (5/2012 – 11/2013) 58.8% 26.6% 13.0% 1.2% 0.3% 

Current (12/2013 – 12/2016) 59.8% 26.3% 12.0% 1.5% 0.4% 

Overall 61.1% 25.9% 11.4% 1.3% 0.3% 

During the current sampling timeframe, there has been a shift back towards installations in New South 
Wales especially relative to those in Queensland and South Australia. However, Table 2b indicates that 
the installation pattern with regard to remoteness has changed very little between the current 
timeframe and the most recent previous update. 

 

Table 2b also shows that the number of SGUs installed in the Remote and Very Remote regions of the 
country account for only 1.9% of the population. Furthermore, in the sample data, of the 7,355 
inspected SGUs, only 121 (1.6%) were from either remote or very remote locations (very slightly up 
from the 0.7% value seen in the previous update analysis). For this reason, in the analysis of the 
sampled SGUs, the remote installations will once again be grouped together with those from the Outer 
Regional areas, to ensure sufficient statistical reliability. As noted in the previous reports, this re- 
categorisation entails an intrinsic potential for bias, if the installation characteristics of the remote 
SGUs differ from those in the Outer Regional areas. Fortunately, the maximum size of this potential 
bias is kept small by the fact that so few SGUs have been installed in these areas to date. 
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Similarly, Figure 3 on the following page clearly demonstrates that the shift during the sampling 
timeframe in the type of SGUs installed has continued since the last update analysis was performed, 
with low rated output units (in kW) constituting the vast majority of installations prior to 2010 and 
then a steady shift toward higher rated output units during the sampling period. However, previous 
investigation indicated there were no differential rates of “unsafe” and “sub-standard” installations 
by level of rated output. Further, the vast majority of installations in the current sampling timeframe 
are among the high rated output units. As such, no adjustment for output level is warranted in the 
current analysis. 

Figure 3: Quarterly breakdown of SGU Installations by Rated Output: 

 
Sample Structure 

An updated sample of 7,355 SGUs inspected after November 30, 2013 was provided, along with the 
12,539 samples inspected prior to December 1, 2013 [NOTE: The previous report lists 12,523 samples 
used for the analyses, but the difference of 16 is negligible and likely the result of the timing of 
construction of the databases and the input of inspection results]. Breakdowns of these SGUs by state 
and remoteness, as well as other characteristics, are provided in the following sections. Overall, across 
all samples, there have been 737 (3.7%) installations deemed as unsafe by inspectors and 3,442 (17.3%) 
installations deemed to be sub-standard. However, as noted in the previous analyses, these raw rates 
are likely to be biased and require appropriate adjustment to account for the details of the sampling 
procedure. Further, we will focus here on the most recent sample, where there were 244 (3.3%) 
installations rated as “unsafe” and 1,534 (20.9%) rated as “sub-standard”. So, while the rate of unsafe 
installations seems to be dropping, this is not the case for “sub-standard” installations. However, as was 
noted in the previous report, this may in part be a result of a change in definitions within the inspection 
protocols. 

The sampling procedure indicates that samples selected were restricted by various timeframe and 
postcode constraints. As noted previously, this gives rise to a sampling frame which differs from the true 
population (i.e., there are some SGUs which have no possibility of being sampled. This can be due to no 
inspector coverages for remote places such as Christmas Island and Norfolk Island). Without proper 
adjustment, such a difference between sampling frame and population may lead to biased estimates. 
However, with proper adjustment and minimal structural assumptions, appropriate adjustment can be 
made to arrive at unbiased estimates. 
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Within the constraints of postcode and timeframe, SGUs were sampled at random for inspection, and 
thus should be representative of the timeframe and geographic location from which they arose. 
Nevertheless, it must be noted that each sampled SGU for inspection was subject to the consent of the 
installation owner. As such, there is the potential for a “response bias” if those owners that either 
refused to or were unavailable to provide consent to inspection were substantively different than the 
owners of the SGUs which were actually sampled. In the current circumstances, it seems unlikely that 
owner consent or otherwise would be linked to the likelihood of unsafe or substandard installation, and 
thus it is deemed that there is minimal risk of a response bias. Finally, there was no information provided 
as to the extent of the number of sampled SGUs which could not be inspected. 

Geography 

Clearly, the sampling procedure leaves open the possibility of differences in geographic breakdown of 
the sampling frame and the actual population of SGUs. Table 3 provides the breakdown of the 7,355 
sampled SGUs by state and remoteness area. 

Table 3: Current (after June 30, 2013) Sampled SGUs by State and Remote Area Index 

Remoteness 
Index 

State or Territory 

ACT NSW NT QLD SA TAS VIC WA TOTAL 

Major Cities 42 
(0.6%) 

755 
(10.3%) 

- 
1,461 

(19.9%) 
410 

(5.6%) 
- 

925 
(12.6%) 

832 
(11.3%) 

4,425 
(60.2%) 

Inner Regional 1 
(0.0%) 

551 
(7.5%) 

- 
590 

(8.0%) 
107 

(1.5%) 
49 

(0.7%) 
483 

(6.6%) 
242 

(3.3%) 
2,023 

(27.5%) 

Outer Regional 
- 

214 
(2.9%) 

22 
(0.3%) 

225 
(3.1%) 

93 
(1.3%) 

49 
(0.7%) 

84 
(1.1%) 

99 
(1.3%) 

786 
(10.7%) 

Remote 
- 

14 
(0.2%) 

16 
(0.2%) 

32 
(0.4%) 

18 
(0.2%) 

6 
(0.1%) 

1 
(0.0%) 

12 
(0.2%) 

99 
(1.3%) 

Very Remote 
- 

2 
(0.0%) 

2 
(0.0%) 

11 
(0.1%) 

5 
(0.1%) 

2 
(0.0%) 

- - 
22 

(0.3%) 

TOTAL 43 
(0.6%) 

1,536 
(20.9%) 

40 
(0.5%) 

2,319 
(31.5%) 

633 
(8.6%) 

106 
(1.4%) 

1,493 
(20.3%) 

1,185 
(16.1%) 

7,355 
(100%) 

Table 4 provides the breakdown of the number and proportion of unsafe or substandard installations in 
the sample by state and remoteness. As with previous analyses, the small number of SGUs sampled 
from remote and very remote locations has led to their amalgamation with the Outer Regional category. 
This re-categorisation has the benefit of creating statistical stability; however, the validity of any 
estimates based on this re-categorisation presupposes that the rates of unsafe or substandard 
installations in remote areas are similar to those in the outer regional areas of the corresponding state. 

Table 4: Current Sampled SGUs by State and Remote Area Index which were deemed Unsafe or Substandard 
(a) Unsafe 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA TOTAL 

Major Cities 0 
(0.0%) 

33 
(4.4%) 

- 
62 

(4.2%) 
3 

(0.7%) 
- 

35 
(3.8%) 

18 
(2.2%) 

151 
(3.4%) 

Inner Regional 0 
(0.0%) 

19 
(3.4%) 

- 
28 

(4.7%) 
0 

(0.0%) 
2 

(4.1%) 
9 

(1.9%) 
9 

(3.7%) 
67 

(3.3%) 

Outer Regional & Remote 
- 

6 
(2.6%) 

1 
(2.5%) 

10 
(3.7%) 

0 
(0.0%) 

2 
(3.5%) 

1 
(1.2%) 

6 
(5.4%) 

26 
(2.9%) 

TOTAL - 58 1 100 3 4 45 33 244 

(b) Substandard 

Remoteness Index 
State or Territory 

ACT NSW NT QLD SA TAS VIC WA TOTAL 

Major Cities 8 
(19.0%) 

121 
(16.0%) 

- 
382 

(26.1%) 
76 

(18.5%) 
- 

133 
(14.4%) 

214 
(25.7%) 

934 
(21.1%) 

Inner Regional 0 
(0.0%) 

112 
(20.3%) 

- 
138 

(23.4%) 
20 

(18.7%) 
8 

(16.3%) 
69 

(14.3%) 
60 

(24.8%) 
407 

(20.1%) 

Outer Regional & Remote 
- 

45 
(19.6%) 

12 
(30.0%) 

62 
(23.1%) 

20 
(17.2%) 

5 
(8.8%) 

14 
(16.5%) 

35 
(31.5%) 

193 
(21.3%) 

TOTAL 8 
(18.6%) 

278 
(18.1%) 

12 
(30.0%) 

582 
(25.1%) 

116 
(18.3%) 

13 
(12.3%) 

216 
(14.5%) 

309 
(26.1%) 

1,534 
(100%) 

Small sample issues are clearly a problem. Nevertheless, there are clear differences in rates across states 
and levels of remoteness. In order to adequately deal with these issues, and ultimately to adjust for 
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differences in the geographic composition of the sample from the population, we fit a logistic regression 
model to capture the fundamental relationship between state and remoteness and proportion of unsafe 
and substandard installations. The results of this logistic regression model then may be used to construct 
post-stratification adjusted estimates of the rates of unsafe or substandard installations. In order to 
account as completely as possible for the observed pattern of unsafe or substandard installations, we 
choose a logistic regression model with main effect terms for both state and remoteness level, as well 
as a number of interactive effects, to account for the potentially different relationship between rates of 
unsafe or sub-standard installations and remoteness level within individual states. However, as the 
Australian Capital Territory, Northern Territory, South Australia and Tasmania sub-samples contain very 
small numbers, we ignore any potential interactive effects here as practically inestimable. While this 
makes the validity of our adjusted estimates require the supposition of similar structure in these states 
and territories, this is not a large practical issue as the overall population does not contain a high 
proportion of SGUs from these areas and thus any mis-estimation in these areas will have a minimal 
effect on the overall estimated rates. 

 
Using the above model to adjust for the geographic effects of sampling frame bias, yields estimates of 
unsafe and sub-standard installation proportions of 3.2% and 20.6%, respectively. Note that these 
adjusted estimates are nearly identical to the raw estimates, which is in large part a reflection of the 
fact that the geographic structure of the sample is now in quite reasonable alignment with that of the 
population over the relevant time period. 

 

Unit Size 

As noted previously, there was a clear temporal shift towards units with higher rated outputs, such 
that within the current analysis timeframe, a consistent large majority of installations were in the 
highest rated output category. As such, it is highly unlikely that there would be any potential bias in 
the estimated rates of “unsafe” and/or “sub-standard” installations due to variation across output 
levels. Nevertheless, for completeness, Figure 4 provides a breakdown of the unit size of sampled 
SGUs as well as the combined proportion of “unsafe” and “sub-standard” by unit size through the 
sample period. 

Figure 4: Quarterly breakdown of SGU Installations by Rated Output: 
 

(a) Overall Proportion of Sampled SGUs 



10 

 

 

(b) Proportion of Combined Unsafe and Sub-Standard Installations 

 

As can be seen, the size of the sampled units mirrors the population of installations, with the vast 
majority from the largest rated output category. Further, there is no notable pattern between the 
combined proportion of “unsafe” or “sub-standard” installations and unit size, with the possible 
exception of the lowest rated output units. However, as these unit make up a small, and decreasing in 
time, proportion of the population of SGUs, there is no significant potential for bias. 

 

Inspector Variation 

An additional source of variation in estimating the rates of “unsafe” and “sub-standard” installations 
arises from the use of 74 different inspectors to carry out the SGU assessment process in the 
timeframe of the current sample. Given assessments carry a component of subjective judgement, 
inspectors may have differing thresholds for what constitutes either “unsafe” or “sub-standard” 
installations. If this is the case, there is the potential for the geography-adjusted estimates given above 
to require further adjustment. 

To investigate this issue, a mixed effects logistic regression model was employed with an identical 
fixed effects structure to that used to implement the geography-based bias adjustment, but with an 
additional random effects term to account for individual inspector variation. 

We note that in order for the model used to give reliable bias adjustments, the inspectors need to 
have done their inspections across a suitable spread of geographic locations. To this end, we note that 
of the 74 inspectors used, 41 did all their inspections within a single state or territory. Fortunately, 30 of 
these inspectors did inspections in at least two of the three remoteness regions. Given this, there is 
reasonable scope for the model to provide sensible estimates of inspector variation after accounting 
for the differential effects of geography. 
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Figure 5: Increase in Odds of Sampled SGUs deemed as: 
 

(a) Unsafe 
 

(b) Sub-standard 
 

Increase in odds by Inspector 
 

Increase in odds by Inspector 
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Figure 5 shows relative increased odds of deeming a SGU either “unsafe” or “sub-standard” for each  
of the 74 inspectors. Clearly, there is variation in their propensities to deem SGUs either “unsafe” or 
“sub-standard”. Overall, this variation is not large, but there are clearly a few inspectors whose 
propensity to rate installations as “unsafe” or “sub-standard” is notably high. In particular, Inspector 
#36 (who rated 11.2% of his 556 inspected installations as “unsafe”) and Inspector #1 (who rated 11.6% 
of his 129 inspected installations as “unsafe”) had more than double the odds of giving an “unsafe” 
rating than the “average”. Similarly, Inspector #43 (who rated 6 out of his 7 inspected installations as 
“sub-standard”) and Inspector #62 (who rated 52.9% of his 51 inspected installations as “sub- 
standard”) had more than triple the odds of giving an “sub-standard” rating than the “average”. 

If we adjust for geography and for inspector variation as well, we arrive at national estimates of 
“unsafe” and “sub-standard” installations of 2.3% and 20.8%, with standard errors of 0.3% and 1.9%, 
respectively. 

Note the adjustment to the “unsafe” estimate from the raw estimate is now quite notable. Moreover, 
it appears that the degree of inspector variation is the same or slightly larger than was seen in the last 
update. As a result, it may be useful to further investigate the actual sources of the inspector variation 
in future studies. One simple way that this can be accomplished would be to choose a small sub- 
sample of the sampled SGUs and have them re-examined by a second inspector. 

 

Time Trends 

We next investigate any temporal trends in “unsafe” and “sub-standard” installation rates. As noted 
previously, estimates derived from the updated data appear to be lower than those seen in previous 
analyses, even after geographic adjustment, indicating a downward trend in the rates of “unsafe” and 
“sub-standard” installations. Figure 6 depicts the proportion of sampled installations rated as “unsafe” 
in each yearly quarter during the sampling timeframe (the quarters in which less than 100 SGUs were 
sampled are indicated on the plot using open circles, and their notable deviations from the general trend 
should be discounted due to lack of measurement accuracy). 

Figure 6: Rate of “Unsafe” Installations among Sampled SGUs over Sample Period 

So, there clear downward trend seen for “unsafe” installation rates, though it does appear to be levelling 
off at around 2%. Further, the trend as well as 95% confidence region for the projected “unsafe” 
proportion of installations for two years beyond the end of the sample timeframe is shown. 
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Figure 7 shows the same graph, but with the patterns of quarterly rates of “sub-standard” installations. 
As noted in the previous update, this rate decreases markedly until late 2012 and then takes a very 
marked shift upwards, and restarts its downward trend. This increase occurs in the same quarter as a 
change in protocol for inspections (which occurred in October 2012), which likely explains this shift. 

Since the last update, though, there appears to be a slight increase in the rate of “sub-standard” 
installations since the change in protocol. As can be seen, however, the quarterly values are reasonably 
variable and the 95% projection region indicates that a stable trend of about 20% is not ruled out. Given 
this, it is too early to conclude definitively whether the “sub-standard” installation rate is actually on 
the increase. 

Figure 7: Rates of “Sub-standard” Installations among Sampled SGUs 

Required Sample Size 

The appropriate size of any sample is determined by a combination of the desired accuracy of resultant 
estimates and the inherent variability of the underlying population being sampled. To assess the 
necessary sample size to achieve a desired level of accuracy in this case is complex, due to the fact that 
the variability within the population is not known exactly (and is also based on the inherent variability 
of the inspectors, and we do not know which inspectors will be used in the future). However, if we 
assume the variation seen in the current sample is a reasonable representation of the underlying 
variability then we can carry out an approximate calculation of the sample size needed to achieve a 
given level of accuracy (as assessed via the standard error of the rates of “unsafe” and “sub-standard” 
installations). Typically, we use standard calculation methods, which ignore the overall size of the 
population (essentially treating it as infinite), and doing so provides sample size recommendations in 
terms of actual numbers of sampled installations. Of course, adjustments to sample size estimates via a 
“finite population correction” must be made in situations where the sample size becomes a significant 
fraction of the overall population (e.g., 15-20%), and in such circumstances desired sample sizes are 
sometimes quoted in terms of percentages of the total population. 

In the current case, the required sample sizes to achieve levels of accuracy commensurate with those in 
past reports are on the order of 100’s per month, while overall installations nationwide number in the 
10,000’s per month (and potentially increasing), and thus represent on the order of 1% of the full 
population, so there is no need to incorporate the “finite population correction” factor in to our 
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calculations. As such, the results and suggestions from this section are given simply in terms of actual 
sample size, and suffice to produce the stated levels of accuracy regardless of the population size. 

So, based on the fully adjusted estimates and their calculated standard deviations, Table 5 shows the 
required sample size (on a per month as well as annual basis) in order to achieve rate estimates over a 
two-year period (i.e., based on 24 months of data) with a range of desired standard errors. 

Table 5: Required Sample Size to Achieve Desired Standard Error for Rates of “Unsafe” or “Sub-Standard” Installations 
For “Unsafe” Installations  For “Sub-Standard” Installations 

Desired 
Standard Error 

Monthly Sample 
Two-Year Total 

Sample 
Desired 

Standard Error 
Monthly Sample 

Two-Year Total 
Sample 

0.3% 349 8,376 1.5% 471 11,304 

0.35% 256 6,144 2.0% 265 6,360 

0.4% 196 4,704 2.5% 170 4,080 

The Clean Energy Regulator has sought feedback on allocating some of their inspection resources to 
targeted, rather than random, sample SGUs, while at the same time maintaining a random component 
of sufficient size to ensure appropriate levels of accuracy in continuing to measure the background rate 
of “unsafe” and “sub-standard” installations. In this vein, we note that to maintain a biennial estimate 
of the proportion of “unsafe” and “sub-standard” installations with standard errors of 0.4% and 2%, 
respectively, requires monthly samples of around 196 to 265. While other choices are possible, a 
compromise value of approximately 230 SGUs per month, or a total of 5,520 over a two-year period will 
yield a level of accuracy commensurate with those obtained in all previous analyses. 

Finally, however, note that if higher levels of accuracy are sought (i.e., smaller desired standard errors 
than those in Table 5), such that required sample sizes increase into the 1,000’s per month (and thus 
become a notable fraction of the population), then the finite population correction would need to 
incorporated. In order to undertake the required calculations to implement the finite population 
correction exactly would require reliable projections of the size of the population into the future. 

As a heuristic example, though, suppose the desired standard error for estimating the rate of “unsafe” 
installations is 0.1%. Using standard calculations (as in Table 5), this level of accuracy would require a 
sample of approximately 3,000 SGUs per month. Further supposing the actual monthly population of 
installations was 20,000 SGUs per month, the finite population correction would imply that the actual 
required sample size would be closer to 2,500 per month (in general, the percentage decrease in 
required sample size associated with the finite population correction is equivalent to the “sampling 
fraction”; that is, the proportion of the population the sample represents, which in our example is 15%, 
meaning a decrease in required sample size of approximately 3000 × 0.15 = 450 per month). 

 

Type of Fault 

We conclude with a brief investigation of the type of faults noted among the installations that were 
assessed as either “unsafe” or “sub-standard”. Given the range of potential faults, it is not possible to 
make detailed statistically significant conclusions regarding these breakdowns. Nevertheless, they 
may provide useful insight into trends in behaviour. As in the previous report, for simplicity the faults 
were categorised by general area into 14 different types denoted as follows: 

1. CEC – Categories coded as CEC1 to CEC15; 
2. CER – Categories coded as CER1 or CER2; 
3. COMP – One of 2 categories termed “Components”; 

4. DC-Weather – Categories dealing with water ingress (weatherproofing) of the DC aspects of the SGU; 
5. DC-Polarity/Wiring – Categories dealing with polarity and wiring issues of the DC aspects of the SGU; 
6. DC-Other – Categories dealing with other aspects of the DC aspects of the SGU; 
7. DOC – Categories dealing with provided documentation; 
8. GEN – One of 7 categories termed “General”; 
9. INST – Categories dealing with installation of the AC aspects of the SGU; 
10. MECH – Categories dealing with mechanical and structural issues; 
11. PROT – Categories dealing with protection issues; 
12. SIGN – Categories dealing with signage issues; 
13. SYST – Categories dealing with system ventilation issues; and 
14. WIR – Categories dealing with general wiring issues. 
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Table 6 shows the proportion of the 244 sampled SGUs installed in between December 2013 and 
December 2016 which were deemed “unsafe” and had individual assessments of “unsafe” in various 
categories broken down by remoteness index. 

Table 6: Breakdown of Unsafe Installations by Type and Remoteness 

 
Fault Category 

Remoteness Category  
Total 

Major Cities Inner Regional 
Outer Regional & 

Remote 

Unspecified* 13 (8.6%)^ 10 (14.9%) 1 (3.8%) 24 (9.8%) 

DC-Weather 116 (76.8%) 51 (76.1%) 23 (88.5%) 190 (77.9%) 

MECH 11 (7.3%) 3 (4.5%) 0 (0.0%) 14 (5.7%) 

WIR 16 (10.6%) 4 (6.0%) 4 (15.4%) 24 (9.8%) 
*24 of the 244 SGU installations assessed as “unsafe” had no specific fault category listed as “unsafe”. 
^Percentages within Remoteness Categories do not sum to 100%, as some SGUs had multiple “unsafe” categories. 

Clearly, the majority of “unsafe” faults were in the DC-Weather (weatherproofing and water ingress 
issues), which is in line with the results of the previous analysis. Further, bearing in mind the small 
sample issues, there is no discernible difference in the breakdown of types of “unsafe” faults across 
the different remoteness regions. 

Finally, we explore the range of reasons for “sub-standard” ratings. Note that the reasons for a “sub- 
standard” rating can be varied and multidimensional. However, for simplicity, we focus on the 
categories rated as “rectification work required”. Table 7 gives the breakdown of the proportion of 
the 1,534 SGU installations rated overall as “sub-standard” which were rated as “rectification work 
required” in various categories across remoteness levels and installation time periods, respectively. 

Table 7: Breakdown of Sub-Standard Installations by Type and Remoteness 

 
Fault Category 

Remoteness Category  
Total 

Major Cities Inner Regional 
Outer Regional & 

Remote 

Unspecified* 148 (15.8%)^ 84 (20.6%) 51 (26.4%) 283 (18.4%) 

DC-Polarity/Wiring 116 (12.4%) 37 (9.1%) 32 (16.6%) 185 (12.1%) 

DC-Weather 105 (11.2%) 57 (14.0%) 33 (17.1%) 195 (12.7%) 

GEN 30 (3.2%) 15 (3.7%) 14 (7.3%) 59 (3.8%) 

MECH 144 (15.4%) 71 (17.4%) 29 (15.0%) 244 (15.9%) 

PROT 147 (15.7%) 55 (13.5%) 21 (10.9%) 223 (14.5%) 

WIR 405 (43.4%) 143 (35.1%) 43 (22.3%) 591 (38.5%) 
*184 of the 1,907 SGU installations assessed as “sub-standard” had no specific fault category listed as “rectification work required”. 
^Percentages within Remoteness Categories do not sum to 100%, as some SGUs had multiple “rectification work required” categories. 

Unlike the “unsafe” installations, there appear to be some differences in the type of “sub-standard” 
installations across remoteness category. Specifically, in the remote region, installations are less likely 
assessed as “sub-standard” in the WIR category and more likely in the DC categories. This coincides 
with the patterns seen in the previous report. However, the actual percentages in these categories are 
notably different from the results of the last report. In particular, there are notably more installations 
rated as “sub-standard” for which no category was listed as requiring rectification work. In addition, 
there has been a notable increase in the WIR category. 


