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Executive Summary 

EPA has proposed continuous limits for Hazardous Air Pollutants (HAPs) emitted by coal-fired 
electric utility steam generating units (EGUs).  Ideally these emission limits would have been 
based on long-term continuous data from the entire fleet of EGUs.  However, HAP emission data 
to characterize emissions from the EGU fleet were mainly available as short-term stack tests, 
and EPA based its proposed HAP emission limits on these data.  Stack tests measure emissions 
on a single day, and so include no information about correlated emissions or emissions during 
infrequent events.  We have developed a method to correct long-term emission limits calculated 
from stack test data using the available Continuous Emission Monitoring System (CEMS) data.  
In this method an empirical correction factor, R, is determined as the ratio of the 99th percentile 
of historical 30-day emission averages to emission limits that would have been calculated from 
continual stack tests of individual top performing units. These ratios were in the range 1.07 to 
3.89 and indicate that, because of correlated emissions and startups in the case of PM, long 
term emission averages from these units were higher than would have been calculated from 
stack tests alone. 

In order to estimate 30-day rolling average emission limits from short-term stack test results, 
EPA calculated Upper Prediction Limits (UPLs) for each HAP.  The UPL equation was derived 
from t-statistics and is correct for data that are independent and normally distributed; however 
the CEMS data demonstrate that HAP emissions are not independent.  Further, EPA incorrectly 
implements the t-statistics UPL equation by 1) calculating mean emissions from the lowest 
stack tests, not all available stack tests, for the lowest emitting units, and 2) basing compliance 
on a single stack test instead of 30-day emission averages.  Thus the t-statistics UPL equation as 
implemented by EPA has no theoretical justification and should be viewed as a purely empirical 
equation.  Such an empirical approach may yield reasonable long term emission limits for top 
performing units; however, if it does not, empirical modifications are justified. 

We calculated UPL values from stack test data using t-statistics and statistical simulations.  We 
used the most complete stack test data sets available to us; these were Hg stack tests from the 
top 127 units compiled from ICR data by RMB Consulting, and ICR Part ii and Part iii stack test 
data for filterable PM compiled by RMB Consulting.  Note that only plant minimum ICR Part ii 
stack test data were available for filterable PM.  The t-statistics UPLs were calculated using 
correct implementations of the UPL equation presented by EPA.  The simulation UPLs were 
calculated as the 99th percentile of a large number (107) of averages of randomly selected stack 
test results. UPL values calculated using t-statistics and statistical simulations agreed to within 
a few percent. 

We then examined Hg and PM Continuous Emission Monitoring System (CEMS) data from top 
performing units to determine historical long-term emission averages, and to assess whether 
temporal correlations and infrequent operating conditions significantly affect emission limits 
attainable by these units.  One year of PM CEMS data were available for each of four units.  
These data comprise 30286 hours of filterable PM measurements; for comparison the EPA PM 
MACT floor calculation is based on 131 6-h measurements.  Between 3 and 41 months of Hg 
CEMS were available for five units.  These data comprise 57907 hours of Hg measurements; for 
comparison the EPA Hg MACT floor calculation is based on 40 6-h measurements.   

Long-term emission limits attained by the top performing units were calculated from CEMS data 
as the 99th percentile of historical 30-day emission averages.  In order to calculate t-statistics 
UPLs comparable with the CEMS data, we calculated “synthetic stack test” (SST) results for each 
unit.  SST were calculated as the average of 6 consecutive hours of CEMS emission data when 
the unit was at or above a full load threshold.  The SST data were then used to calculate t-
statistics UPL values for each unit.  Ratios of 99th percentile historical 30-day emission averages 
to SST-based t-statistics UPLs were 3.89 for the PM CEMS data which included startup and 
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averaged 1.80 for Hg CEMS data.  Ratios greater than 1.0 indicate that these units had higher 
long term emission rates than one would expect based on stack tests alone. This ratio, R, was 
then applied to UPLs calculated from stack test data in order to correct UPLs to account for 
correlated emissions and emissions during infrequent events (see Table 1). 

 

Table 1: HAP Upper Prediction Limits Calculated from Stack Test and CEMS Data 

HAP t-Statistics UPL 
(lb/MBtu) 

Correction Factor,  
R 

Corrected UPL,  
UPL * R 

(lb/MBtu) 

Hg (127 Units) 0.816 × 10−6 1.80 1.47 × 10−6 

Filterable PM 0.00441 3.89 0.0172 

 

In summary, we have developed a method to estimate long-term emission limits based on the 
available stack test and CEMS data.  Stack test data were used to calculate UPLs assuming 
independent and normally distributed emissions; UPLs were then scaled by a single empirical 
correction factor, R, in order to include the effects of correlated emissions and emissions 
during infrequent events observed in the CEMS data.  The present analyses were limited by the 
available data.  Specifically, no HCl CEMS data were available, Hg CEMS data were available for 
five units, and PM CEMS data including startup were available for one unit.  In addition 
filterable PM stack test data included only plant minimum data from ICR Part ii data; it is likely 
that the t-statistics UPL for filterable PM would be greater if based on the complete ICR Part ii 
PM stack test data after quality assurance.  Improved estimates of long term emission limits 
may be calculated using our method and more extensive data. 
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Introduction 

EGU MACT Limits 

The U.S. Environmental Protection Agency (EPA) recently has proposed emissions standards for 
hazardous air pollutants (HAPs) emitted by coal-fired electric generating units (EGUs) (76 FR 
24976).  The proposed rule includes emission limits based on maximum achievable control 
technology (MACT).   These limits are for long-term averaged emissions, e.g. 30-day emission 
averages; however the “MACT Floor” calculations on which the emission limits are based use 
short-term stack test results.  In order to extrapolate short term measurements to long term 
limits, EPA assumed that the emission data were independent and normally distributed then 
calculated Upper Prediction Limits (UPLs) using a t-statistics approach.  EPA has made available 
on the rule docket website the data and equations used for the MACT Floor calculation in 
Microsoft Excel™ spreadsheets and Microsoft Access™ databases.  In this report we enumerate 
the assumptions and critique EPA’s implementation of the MACT Floor calculations for mercury 
(Hg), particulate matter (PM), and hydrochloric acid (HCl).  We also examine large continuous 
emission systems (CEMS) data sets to independently evaluate whether the calculated MACT 
floors are achievable by top performing units. 

Prior Work on Hg Emission Control 

In collaboration with Southern Company we have compiled over 200 plant-months of 
operational and Hg emissions data from ten plants which control Hg using co-benefit or 
activated carbon injection (ACI) technologies (Allen, Looney, and Tyree, 2011).  These data 
demonstrate that both ACI and “co-benefit” control technologies remove 80–90% of Hg.  
However, Hg emissions were neither independent nor normally distributed. Hg emissions from 
co-benefit controlled units had seasonal variations in emissions, with generally higher 
emissions during the third quarter associated with high summer load.  This is consistent with 
the observation that Hg emissions were positively correlated with load likely due to a 
combination of reduced Hg oxidation in the SCR and greater Hg re-emissions from the FGD 
liquor (Tyree and Allen, 2010).  Hg emissions from ACI-controlled units were affected by ESP 
performance, with decreased Hg emissions associated with “de-tuning” of the ESPs.  Once the 
ESPs were de-tuned, the baghouses were more effective due to higher ash content of the flue 
gas.  Higher than average Hg emissions were observed at one ACI-controlled unit coincident 
with changes in the control settings of the new equipment. 

In this work we also used the t-statistics UPL equation to calculate 99th percentile emissions 
over 30-day averaging periods from short-term measurements. A large number of stack test 
results were estimated from continuous Hg emissions data for periods when operating 
conditions were like those used during stack tests, i.e. boilers at full load and air quality control 
systems operating effectively.  Thirty-day average emissions were calculated.  The actual 99th 
percentile 30-day average emission levels were compared with the t-statistics UPL results for 
the same unit.  Seven of ten units had actual 30-day emission averages that were up to 76% 
percent greater than the t-statistics UPL results.  These results suggest that emissions limits 
calculated based on the assumption of independent and normally distributed emissions 
significantly underestimate actual long-term Hg emissions from units with effective Hg 
controls. 

Approach 

We have analyzed Hg, and PM stack test and CEMS data collected for EPA’s rulemaking in order 
to: 
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• Quantitatively evaluate the assumptions of independent and normally distributed 
emissions inherent in EPA’s MACT floor calculations. 

• Critically evaluate application of the t-statistics UPL equation used to by EPA to establish 
MACT floor levels. 

• Calculate actual 99th percentile 30-day average emission levels of Hg and PM from top 
performing units using CEMS data. 

• Propose scaling factors for the t-statistics UPL equation which account for correlated 
emissions observed in CEMS measurements. 
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Emission Limits Based on Stack Test Results 

EPA has proposed 30-day rolling average emission limits for HAPs based short-term stack test 
results.  In order to estimate long-term emission limits from short-term stack test results, EPA 
applied textbook statistical methods.  Student’s t-statistics were used to set long-term emission 
limits which matched stack test results of the “top performing” units with a 99% confidence 
interval.  In this section we review this statistical approach, discuss the assumptions which 
underlie this approach, critique EPA’s implementation of the statistical method, and present 
statistical simulations of 30-day rolling average emissions based stack test data. Here “top 
performing” units are those whose stack test results were used in EPA’s MACT floor 
calculations. 

Statistical Basis 

Student’s t-statistic may be used to calculate the likelihood that measurements from two 
normally-distributed populations have the same mean. The t-statistic in this case is (Casella and 
Berger, 2002): 

 𝑡𝑚+𝑛−2 =
𝑦� − �̅�

�𝑠2 �1
𝑚+ 1

𝑛�
 

(1) 

Here 𝑡𝑚+𝑛−2 is the t-statistic with 𝑚 + 𝑛 − 2 degrees of freedom, 𝑦� and �̅� are the sample means 
from two populations; 𝑠 is the sample standard deviation; and 𝑚 and 𝑛 are the number of 
measurements from the populations.  The resulting t-statistic may then be compared with 
tabulated values for 𝑚 + 𝑛 − 2 degrees of freedom to determine the likelihood that the 
populations have the same mean.  The standard deviations for the two populations are 
assumed to be equal.  The sample standard deviation would be calculated as: 

 
𝑠2 =  

∑(𝑦 − 𝑦�)2 + ∑(𝑥 − �̅�)2 
𝑚 + 𝑛 − 2  (2) 

An example application of Student’s t-statistic would be to determine whether adult men from 
two cities have the same average height; �̅� would be the average of 𝑛 height measurements from 
one city and  𝑦� would be the average of 𝑚 height measurements from the second city. 

Equation 1 may be rearranged to: 

 
y� =  �̅� + 𝑡𝑚+𝑛−2 �𝑠2 �

1
𝑚 +

1
𝑛
� (3) 

An Upper Prediction Limit (UPL) for y� can be calculated for a specific confidence interval.  The 
UPL represents the highest value of 𝑦� which is consistent with two populations drawn from 
normal distributions with the same mean: 

 
UPL =  �̅� + 𝑡𝑚+𝑛−2,99�𝑠2 �

1
𝑚+

1
𝑛
� (4) 

Here 𝑡𝑚+𝑛−2,99 is the t-statistic for 𝑚 + 𝑛 − 2 degrees of freedom and 99% confidence interval for 
a one-sided t-test.  The sample standard deviation may be estimated from first population as: 

 
𝑠2 =  

(𝑛 − 1)∑(𝑥 − �̅�)2 
𝑚 + 𝑛 − 2  (5) 
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The ratio �(𝑛 − 1)/(𝑚 + 𝑛 − 2) scales the sample standard deviation from the 𝑥 population to 
the pooled variance of the 𝑥 and 𝑦 populations, which are assumed to have equal standard 
deviations. 

For the example comparing adult heights from two cities, the UPL would be the highest average 
height from the second city that is consistent with equal average heights at the selected 
confidence interval.  This could be calculated using only data from the first city.  

EPA has presented Equation 4 as the basis for its MACT floor calculations.  These calculations 
appear to have been designed so that the long-term emissions less than the limits would match 
stack test results of the top performing units with a 99% confidence interval.   However, EPA 
has made a number of errors in the application and implementation of the UPL equation. 

Normal Distribution Assumption 

Equation 4 is based on the assumption that the data, here HAP emissions, are independent and 
normally distributed. In the MACT rule EPA invokes the Central Limit Theorem as a justification 
for assuming that emissions data are normally distributed (76 FR 25041): 

When the sample size is 15 or larger, one can assume based on the Central Limit 
theorem, that the sampling distribution of the average or sampling mean of emission 
data is approximately normal, regardless of the parent distribution of the data. This 
assumption justifies selecting the normal-distribution based UPL equation for 
calculating the floor. 

This is a fundamental misstatement of the Central Limit Theorem.  The theorem states that 
means of independent and identical random variables approach a normal distribution (Casella 
and Berger, 2002).  It is incorrect to assume, based on sample size alone, that a data are 
normally distributed.  In fact, we have shown that Hg emissions controlled using either co-
benefit or activated carbon injection are correlated with load, and so are not independent and 
identical (Tyree and Allen, 2010; Allen, Looney, and Tyree, 2011).  Thus EPA has omitted an 
essential step from their statistical analysis by neither evaluating the accuracy of the assumed 
distribution, nor the effect of a mismatch between the data and assumed distribution on the 
resulting emission limits. 

The HAP stack test data used in EPA’s MACT floor analyses were examined to determine 
whether they are, in fact, normally distributed.  The stack test data were taken directly from 
EPA spreadsheets posted on the rule docket; floor_analysis_coal_hcl_031611.xlsx for HCl, 
floor_analysis_coal_hg_051811.xlsx for Hg, and floor_analysis_coal_pm_031611.xlsx for PM 
(see Table 2).  Additional stack test data for Hg were prepared by RMB Consulting using ICR 
Part ii and Part iii data from the EPA spreadsheet partii_iii_hg.xls. Additional stack test data for 
filterable PM were prepared by RMB Consulting using ICR Part ii. 

 

Table 2: HAP Stack Test Data Inventory 

Data 
Set 

Name 

HAP Spreadsheet Name Number 
of Units 

Number of Stack Tests 

HCl HCl floor_analysis_coal_hcl_031611.xlsx 131 172 

Hg40 Hg floor_analysis_coal_hg_051811.xlsx 40 80 

Hg127 Hg partii_iii_hg.xls 127 265 

PM-T Total PM floor_analysis_coal_pm_031611.xlsx 131 131 

PM-F Filterable PM Filterable PM data Jon.xlsm 131 221 
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The goodness of fit between data and a parametric distribution may be evaluated graphically. In 
EPA’s MACT floor calculations, emission means were determined from the minimum stack tests 
for each top performing unit while the emission variances were determined from all stack test 
results for the top performing units.  Plant minimum and all stack tests results from each data 
set were compared graphically with the fitted normal distributions (see Figures 1–7).   The 
normal distribution curves were scaled to have the same area as the bar graph, and not all of 
the normal distributions are shown on the plots.  Normal distributions were poor matches for 
every collection of stack test results. 

A number of approaches may be used to evaluate quantitatively whether data fit a normal 
distribution.  Jarque and Bera (1987) presented an efficient test of normality.  The Jarque and 
Bera statistic (JB) is calculated as 

 
JB =

𝑛
6
�𝑆𝑠 +

(𝐾 − 3)2

4
� (5) 

Here 𝑆 is skewness and 𝐾 is kurtosis.  Skewness is a measure of the asymmetry of the data 
around the sample mean. The skewness of the normal distribution is zero.   

 
𝑆 =  

1
𝑛∑(𝑥𝑖 − �̅�)3

��1
𝑛∑(𝑥𝑖 − �̅�)2�

3 (5) 

Kurtosis is a measure of the fraction of outliers in a distribution. The kurtosis of the normal 
distribution is 3.  

 
𝐾 =  

1
𝑛∑(𝑥𝑖 − �̅�)4

�1
𝑛∑(𝑥𝑖 − �̅�)2�

2 (5) 

Small values of JB are consistent with a normal distribution.  The probabilities that data were 
normally distributed were calculated using Monte-Carlo simulation.  JB and the associated 
probabilities were calculated using the jbstat function in the Matlab Statistics Toolbox version 
7.4 (www.mathworks.com). 

Using Jarque and Bera statistics the goodness of fit between data and a parametric distribution 
may be evaluated quantitatively (see Table 3).  The probabilities that data sets which included 
all the stack tests were normally distributed were all negligible, less than 0.1%.  The 
probabilities that data sets which included only plant minimum stack tests were normally 
distributed were all less than 12%.  However, these data sets appear to match uniform 
distributions more closely than normal distributions (see Figures 2, 4, 6, and 7).  With the 
exception of the Hg40 plant minimum data set, one can reject the hypothesis that the data are 
normally distributed at the 95% confidence level. 

  

Table 3: Quantitative Tests of Normality for Stack Test Data Sets 

Data Set Data Jarque Bera 
statistic 

Probability of 
Normal 

Distribution 

HCl All 11455.1   < 0.1 % 

HCl Plant minimum 9.3 1.8 % 

Hg40 All 1291.1 < 0.1 % 
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Hg40 Plant minimum 2.7 11.4 % 

Hg127 All 4503.9 < 0.1 % 

Hg127 Plant minimum 18.1  0.4 % 

PM-T Plant minimum 11.6 1.1 % 

PM-F All 1904 < 0.1 % 

PM-F Plant minimum 9.2 1.9 % 

 

 

Figure 1: Distribution of all HCl stack test results. 
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Figure 2: Distribution of plant minimum HCl stack test results. 

 

 

Figure 3: Distribution of all Hg stack test results for top 40 units.  
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Figure 4: Distribution of plant minimum Hg stack test results for top 40 units. 

 

Figure 5: Distribution of all Hg stack test results for top 127 units. 
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Figure 6: Distribution of plant minimum Hg stack test results for top 127 units. 

 

Figure 7: Distribution of plant minimum total PM stack test results. 
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UPL Equation Implementation 

EPA has made a number of errors in the implementation of the UPL equation; specifically, EPA 
used values for the equation variables which are not consistent with textbook statistics.  Each 
variable is discussed separately below. These comments are based on analyses of EPA 
spreadsheets posted on the rule docket: floor_analysis_coal_hcl_031611.xlsx for HCl, 
floor_analysis_coal_hg_051811.xlsx for Hg, and floor_analysis_coal_pm_031611.xlsx for PM. 

EPA inconsistently calculated the mean and sample standard deviation from the top performing 
unit stack tests in Equation 4.  The �̅� value was calculated as the mean of the plant minimum 
results for the top performing units while 𝑠2 was calculated as the sample variance for all the 
results.  The use of different sample populations to calculate the mean and variance is arbitrary 
and not justified by the statistical approach.  Further, the use of minimum emission tests for 
each unit is not an accurate characterization of that unit’s performance.  The MACT floor values 
are therefore based on minimum emission tests, not best performing units.  This error 
significantly reduced the calculated UPL values for HCl and Hg.  Note that only plant minimum 
stack tests were included in the PM MACT floor calculation spreadsheet. 

EPA’s calculations use 𝑛 − 1 as the number of degrees of freedom.  The correct value is 𝑚 + 𝑛 −
2 which also includes the 𝑚 compliance measurements used to calculated 𝑦�.  Applying this 
correction changes the results slightly; e.g., for 𝑛 =  40 and 𝑚 =  120, 𝑡 should be 2.35, not 2.43. 

EPA incorrectly calculated the sample variance used in Equation 4.  Sample variances were 
calculated as if the data population included only the stack tests used in the MACT floor 
calculations; however the populations includes both these stack tests and the compliance 
samples.  As explained above, the correct sample variance is that of the pooled stack tests and 
compliance samples (see Equation 5).  The pooled variance will be smaller than calculated by 

EPA.  The variability portion of the UPL equation, 𝑡𝑚+𝑛−2 �𝑠2 �1
𝑚

+ 1
𝑛
�, will be less than that 

calculated by EPA by a factor of �(𝑛 − 1)/(𝑚 + 𝑛 − 2).  For the case 𝑛 is approximately equal to 𝑚 

and both are much greater than one, this factor is approximately 
1
√2

= 0.707. 

EPA used 𝑚 =  1 in the UPL calculations.  This would be correct if the compliance test were a 
single stack test.  However, the proposed HAP emission limits are 30-day averages.  The value 
of 𝑚 should be approximately 120; this is the number of hours in 30 days (720) divided by the 
number of hours in a stack test (6).  The value of 𝑚 would be smaller than 120 if a unit did not 
operate for 720 hours in 30-day period.  This change reduces the UPL from what was calculated 
by EPA for Hg emissions by a up to a factor of 5.  The proposed regulatory limits for HCl and 
PM are a combination of 30-day rolling averages for CEMS data and individual stack tests.  In 
these cases, two separate UPLs should have been calculated, one with  𝑚 =  1  and one with  
𝑚 =  120. 

Corrected and Simulation UPL Calculations 

UPL values can be calculated using correct inputs to Equation 4 and stack test data from the 
spreadsheets.  The �̅� and 𝑠2 values were calculated using all the stack test data for the top 
performing units.  The degrees of freedom for the t-statistic were 𝑚 + 𝑛 − 2.  Pooled sample 
variances were calculated using Equation 5.  The value of 𝑚 was 120.  These results are referred 
to as “t-Statistics UPL” (see Table 4).  Note that these results correct implementation issues 
identified above, but continue to be based on the assumption that HAP emissions are 
independent and normally distributed. 

UPL values may be calculated from the stack test data without assuming normally distributed 
data using statistical simulations.  The simulation approach is an example of non-parametric 
statistics because it is not based on parameters determined for an assumed distribution, e.g. a 
normal distribution.  In this approach a large number (107) of 30-day emission averages were 
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calculated by averaging 120 randomly selected stack test results.  The 99th percentile emission 
average may be used to estimate the UPL (“Simulation UPL” in Table 4).  The simulation 
program was tested by comparing simulation results with theoretical results for model 
distributions.  The simulation UPL for input uniform and normally-distributed random variables 
were compared with normal and t-statistic distributions.  Simulation results matched the 
theoretical values to at least 3 significant digits.  Figures 8–11 show distributions of the 
emission averages as blue bars and the fitted normal distributions as green lines.  The 
simulation and t-statistics UPLs are shown as solid and dashed red lines, respectively. 

The t-statistic and simulation UPLs agree to within a few percent.  The main difference between 
these two approaches is that the t-statistic approach assumes that the data are normally 
distributed and the simulation approach does not.  These results suggest that for the present 
data and large 𝑚, the assumption of normally distributed data does not have a large effect on 
the calculated emission limits.  This is likely because sums of large numbers of independent 
data are normally distributed (Central Limit Theorem) and the t-statistic distribution is very 
similar to the normal distribution. 

As discussed above the value of 𝑚 is only known approximately; 𝑚 is the number of operating 
hours in 30 days of operation (720 or less) divided by the number of hours in a stack test (6).  
Thirty-day emission averages were calculated by simulation for a range of 𝑚 values using the 
Hg127 data set (see Figure 12).   The simulation UPLs decrease as 𝑚 increases (see Table 5). The 
simulation UPLs are always greater than the t-statistics UPLs, although the difference decreases 
as 𝑚 increases.  Because only days with some hours of operation are included in the 30-day 
average, a minimum value for 𝑚 is 30; this represents a unit operated for only 6 hours a day for 
30 days. 

  

Table 4: Upper Prediction Limits Calculated Using t-Statistics and Simulation 

Data Set Name HAP Number of Units Number of  
Stack Tests 

t-Statistic 
UPL 

(lb/MBtu) 

Simulation 
UPL 

(lb/MBtu) 

HCl HCl 131 172 3.83 × 10−4 3.97 × 10−4 

Hg40 Hg 40 80 0.323 × 10−6 0.332 × 10−6 

Hg127 Hg 127 265 0.816 × 10−6 0.834 × 10−6 

PM-T Total PM 131 131 0.0129 0.0130 

PM-F Filterable PM 131 221 0.00441 0.00449 

 

Table 5: Simulation and t-statistics UPL for a range of 𝑚 values. 

Number of Periods in Compliance Average (𝑚) t-Statistic 
UPL 

(lb/MBtu) 

Simulation 
UPL 

(lb/MBtu) 

30 1.01 × 10−6 1.08 × 10−6 

60 0.895 × 10−6 0.932 × 10−6 

90 0.845 × 10−6 0.870 × 10−6 

120 0.816 × 10−6 0.834 × 10−6 
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Both the t-statistics and simulation UPL calculations are based on the assumption that the data 
are independent, i.e. emissions are not correlated in time.  However, we have shown that Hg 
emissions using either co-benefit or ACI control are indeed correlated in time (Tyree and Allen 
2010; Allen, Looney, and Tyree 2011).  One might expect that HCl and PM emissions will be 
similarly correlated with process events, for example startup and extended periods of high 
load.  Stack tests, which measure a unit’s emission at optimal conditions on a single day, 
include no information about correlated emissions or emissions during infrequent events.  In 
the next sections we examine CEMS data to determine historical long-term emission averages, 
and to assess whether temporal correlations and infrequent operating conditions significantly 
affect emission limits attainable by top performing units. 

 

 

Figure 8: Distribution of simulated 30-day HCl emission averages using stack test data. 
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Figure 9: Distribution of simulated 30-day Hg emission averages using Hg40 stack test data. 

 

Figure 10: Distribution of simulated 30-day Hg emission averages using Hg127 stack test data. 
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Figure 11: Distribution of simulated 30-day total PM emission averages using stack test data. 

 

Figure 12: Simulation and t-statistics UPL as a function of 𝑚 for Hg127 stack test data. 
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Particulate Matter CEMS Data 

As discussed above stack tests are limited to short term measurements of HAP emissions at 
optimal conditions on a single day.  PM CEMS data were available for a few top performing units 
listed on EPA’s MACT floor calculation spreadsheets.  These data were used to determine 
historical long-term emission averages while making no assumptions regarding the distribution 
of emissions data.  Thus long-term data were used to evaluate long-term emission standards 
using measurements like those which would likely be used to determine compliance.  These 
historical long-term emission averages may in turn be compared to those predicted from stack 
tests in order to assess the accuracy of calculated UPLs. 

Data Source and Quality Assurance 

Continuous PM emission data were provided by RMB Consulting for 7 units (see Table 6).  These 
data cover 8 plant-years.  Top performing units are those included in EPA’s PM MACT floor 
spreadsheet.  Hourly averaged PM emission and supporting data were imported directly from 
the original Excel spreadsheets into Matlab for analysis.  The supporting data for each plant 
included the gross megawatt generation and PM CEMS quality assurance flags.  Heat input data 
were also available for Cross Unit 1. 

PM emission data were replaced with NaN (not-a-number) values and excluded from the analysis 
if the data were flagged as “invalid”, “calibration”, “maintenance”, or “out of control”.  Data 
flagged as “suspect” or “exceedence” were included if they were not otherwise flagged.  PM 
emissions from OCPP Unit 8 at 1100 on 17 April 2009 was also deemed to be invalid; the high 
PM concentration reported for this hour was comparable to those reported for other hours in 
the same day which had been flagged as invalid.  

 

Table 6: PM CEMS Data Inventory 

Plant Name Top 
Performing 

Unit 

Data Period Number of Avg. Periods 

  First Day Last Day Hours Days 30-Day 

Clover Unit 1 X 1 Oct 2009 30 Sep 2010 7455 365 288 

Clover Unit 2  1 Oct 2009 30 Sep 2010 8306 365 323 

Cross Unit 1 X 1 Nov 2009 31 Oct 2010 6894 365 260 

OCPP Unit 7  1 Jan 2009 30 Jun 2010 7735 546 288 

OCPP Unit 8  1 Jan 2009 30 Jun 2010 11177 546 432 

Spurlock Unit 1 X 31 Dec 2009 30 Dec 2010 7968 365 308 

Spurlock Unit 4 X 31 Dec 2009 30 Dec 2010 7969 365 307 

 

These data comprise a total of 30286 hours of valid PM measurements during the operation of 
top performing units.  For comparison the EPA PM MACT floor calculation is based on 131 6-h 
measurements (786 hours of data).  PM CEMS data were not included in EPA’s MACT floor 
calculations.  PM CEMS instruments generally optical measurements which are scaled to match 
filterable PM, thus the PM CEMS data are not directly comparable to the MACT floor total PM 
stack tests which represent filterable plus condensable PM.   
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PM Emission Averages 

Daily emission averages were calculated as the mean of hourly PM emissions including only  
operating hours.  Thirty-day average emissions were calculated as the mean of hourly PM 
emissions during operating hours during 30 days which included only days with at least one 
operating hour.  Operating hours were those for which heat input was positive, or if heat input 
data were not available, gross megawatt generation was positive. 

PM emission averages are shown for the four top performing units (see Figures 13–16).  Hourly 
emission averages are shown as small green dots.  Daily emission averages are shown as blue 
dots.  Thirty-day emission averages are shown as red dots plotted at the end of each period.  
The date labels mark the start of each period; e.g. ‘Jul10’ marks the start of 1 July 2010.  The 
y-axis scales have been selected to include the maximum daily emission average; hourly 
emissions greater than this value may not be displayed.  Effects of digitization can be seen in 
the Spurlock Unit 1 and 4 data; these the measurements were reported with a precision of 0.001 
lb/MBtu. 

The PM emission averages demonstrate that top performing units’ PM emissions were 
correlated in time and strongly affected by startup events.  Periods of correlated relatively high 
emissions were apparent for Clover Unit 1 in December 2010, Spurlock Unit 1 in September 
2010, and Spurlock Unit 4 in March-April 2010 and October-November 2010.  Startup events 
also significantly affected 30-day emission averages for Cross Unit 1 in April 2010, Spurlock 
Unit 1 in November 2010, and Spurlock Unit 4 in June 2010. 

 

 

Figure 13: Clover Unit 1 PM emission averages. 
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Figure 14: Cross Unit 1 PM Emission averages 

 

Figure 15: Spurlock Unit 1 PM emission averages. 
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Figure 16: Spurlock Unit 4 PM emission averages. 

 

Proposed long-term emission limits may be compared with historical 30-day emission averages 
(see Figures 17–20).  The top panel in these figures shows the historical 30-day emission 
averages with a red line marking the 99th percentile.  The distributions of 30-day PM emission 
averages for top performing units generally include right-hand tails attributable to PM 
emissions correlated in time and affected by startup events.  

In addition to historical 30-day emission averages we also calculated the 30-day averages using 
randomly selected days.  A large number (106) of averages were calculated for each unit (see 
Figures 17–20).  The middle panel in these figures shows the random 30-day emission averages 
with a red line marking the 99th percentile.  These random averages remove the effect of multi-
day correlations of emissions including multi-day startup events on the long-term averages.   
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Figure 17: Clover Unit 1 distribution of PM emissions. 

 

Figure 18: Cross Unit 1 distribution of PM emissions. 
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Figure 19: Spurlock Unit 1 distribution of PM emissions. 

 

Figure 20: Spurlock Unit 4 distribution of PM emissions. 
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Synthetic Stack Test Emissions  

In order to relate long-term emission averages to emission limits calculated from stack tests, we 
calculated “synthetic stack test” (SST) results from PM CEMS data.  SST were calculated as the 
average of 6 consecutive hours of PM emissions when the unit was at or above a full load 
threshold set to approximately 90% of capacity (see Table 7).  This procedure was designed to 
obtain data like that from a stack test using CEMS data, and is similar to procedures reported in 
Tyree and Allen (2010) and Allen, Looney, and Tyree (2011). 

The SST data for each unit were then used to calculate t-statistics UPL values using Equation 4.  
The distributions of SST values are shown as blue bars in the bottom panels of Figures 17–20; 
fitted normal distributions are shown as green curves and the t-statistics UPL values as red 
lines.  The SST t-statistics UPL values are emissions limits that would have been calculated had 
hundreds of consecutive stack tests been collected over 12 months at specific top performing 
units. 

 

Table 7: Synthetic Stack Tests Calculated from PM CEMS Data. 

Plant Name Top 
Perform-
ing Unit 

Full Load 
Threshold 

(MW) 

SST Statistics 
(lb/MBtu) 

   N Mean Std. Dev. Range 

Clover Unit 1 X 425 667 0.00222 0.00063 0.00044–0.00513 

Clover Unit 2  425 751 0.00152 0.00029 0.00085–0.00237 

Cross Unit 1 X 580 511 0.01060 0.00356 0.00115–0.04516 

OCPP Unit 7  275 397 0.00395 0.00126 0.00114–0.01451 

OCPP Unit 8  275 839 0.00849 0.00326 0.00293–0.02509 

Spurlock Unit 1 X 300 468 0.00200 0.00003 0.00200–0.00250 

Spurlock Unit 4 X 275 1039 0.00280 0.00088 0.00100–0.00683 

 

Corrections to PM t-Statistics UPL 

As mentioned above emission limits based on stack tests include no information about 
correlated emissions or emissions during infrequent events.  Here we compare actual emissions 
averages with t-statistics UPLs calculated using SST for top performing units in order to assess 
the importance of these omissions and to propose empirical corrections to emission limits 
based on stack test results. 

If PM emissions were independent and normally distributed, the SST-based UPL values should 
be close to the 99th percentile 30-day emission averages.  In fact the ratios of 99th percentile 
historical 30-day emission averages to SST-based t-statistics UPLs are in the range 1.29–3.89 for 
the four top performing units studied here (see Table 8).  We designate this ratio R.  The 
extreme case is Cross Unit 1 which had high 30-day average emissions after a startup in April 
2010.  For other the three top performing units, R is in the range 1.29–1.69.  Note that the SST 
values did not include startup periods because load was less than the full load threshold, and 
that startup emission are included in 30-day PM emission averages in the proposed rule.   

High emissions from Cross Unit 1 during 11-12 April 2010 occurred during a startup period.  
Hourly heat inputs were positive while generated megawatts (GMWatt) were zero during this 
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period; indicating that the coal was being burned in the unit, but no electricity generated.  A 
second set of UPLs were calculate for Cross Unit 1 including only those hours for which GMWatt 
was positive (see Table 8); for this data set R = 1.27.  Note that Cross Unit 1 is the only unit for 
which we have heat input and PM CEMS data.  Based on this limited data set, the likelihood that 
a top performing unit will have a high-PM startup event like the Cross Unit 1 April 2010 event is 
approximately once per year. 

Further evidence of the importance of correlated emissions can be seen by comparing averages 
of 30 random days with historical 30-day averages.  The random averages remove the effect of 
multi-day emission correlations on the long-term averages.  The ratios of the 99th percentile of 
the historical to random 30-day emission averages were in the range 0.98-1.24 for the four top 
performing units studied here. 

In order for emission limits to match the emissions achievable by a top performing unit, 
emission limits calculated as t-statistics UPLs should be multiplied by R.  This correction is to 
account for correlated emissions and emissions during infrequent events.  This approach is 
based on the assumption that CEMS PM measurements will scale to the PM emission metric.  
This correction is based on all of the top performing PM CEMS data available to us, which 
represents 4 of 131 the top performing units for PM emissions and 38 times more hours of 
emission data than were used in EPA’s MACT floor calculations. 

 

Table 8: Comparison of historical 30-day average PM emissions with t-statistic SST UPLs. 

Plant Name Top 
Perform-
ing Unit 

Historical  
30-day Emission 

Avg. 

Random 
30-day Emission 

Avg. 

t-Statistics 
UPL Based 

on SST 

R 

Clover Unit 1 X 0.00396 0.00369 0.00235 1.68 

Clover Unit 2  0.00215 0.00214 0.00158 1.36 

Cross Unit 1 X 0.0441 0.0384 0.0113 3.89 

Cross Unit 1 
(GMWatt > 0) 

X 0.0144 0.0126 0.0113 1.27 

OCPP Unit 7  0.00682 0.00494 0.00422 1.61 

OCPP Unit 8  0.0104 0.00748 0.00918 1.13 

Spurlock Unit 1 X 0.00259 0.00265 0.00201 1.29 

Spurlock Unit 4 X 0.00422 0.00341 0.00299 1.41 
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Hg CEMS Data 

As discussed above stack tests are limited to short term measurements of HAP emissions at 
optimal conditions on a single day.  Long term Hg CEMS data were available for a few top 
performing units listed on EPA’s MACT floor calculation spreadsheets.  Hg CEMS instruments 
determine the concentration of Hg in the flue gas and so are directly comparable to the MACT 
floor Hg stack tests.  Hg CEMS data were used to determine historical long-term emission 
averages while making no assumptions regarding the distribution of emissions data.  This 
approach used long-term data to evaluate long-term emission standards using measurements 
like those which would likely be used to determine compliance.  These historical long-term 
emission averages may in turn be compared to those predicted from stack tests in order to 
assess the accuracy of calculated UPLs. 

Data Source and Quality Assurance 

Hg CEMS data were extracted from EPA Access files which contained ICR Part ii and Part iii data 
(see Table 9).  The Access files were retrieved from the docket website; these files were 
eu_icr_parti_partii.mdb and eu_partiii.mdb for Part ii and iii data, respectively.  ICR Part ii and 
Part iii data included both hourly and daily averaged emissions.  We designate these data 
sources P2H, P2D, P3H and P3D for Part ii hourly, Part ii daily, Part iii hourly, and Part iii daily 
data, respectively.  Each data source included different fields, and so each data source was 
processed separately. 

 

Table 9: Inventory of ICR Hg CEMS Data 

Name Source Facilities Data Points Plant-Months 

Part ii hourly 
Hg CEMS (P2H) 

File: eu_icr_parti_partii.mdb 
Table: Hg_cem_hourly 

112 747870 1039 

Part ii daily Hg 
CEMS (P2D) 

File: eu_icr_parti_partii.mdb 
Table: Hg_cem_daily 

70 16265 542 

Part iii hourly 
Hg CEMS (P3H) 

File: eu_partiii.mdb 
Table: CEMS_Data_Hourly 
CEMS_Type = “Hg” 

12 8640 12 

Part iii daily Hg 
CEMS (P3D) 

File: eu_partiii.mdb 
Table: CEMS_Data_Daily 
CEMS_Type = “Hg” 

19 574 19 

 

We have focused our analyses on the P2H data for top performing units (see Table 10).  P2D 
data were not used because these consist mainly of a subset of the units and sampling periods 
in the P2H data set.  Further, 30-day emission averages were calculated as averages of hourly 
data over 30 days, not averages of 30 daily averages.  P3H and P3D data include only 
approximately 30 days of data for each unit, and so are not useful in assessing distribution of 
30-day averaged emissions.  Note that the Hammond Hg CEMS data relate to four top 
performing units listed on EPA’s MACT floor spreadsheet. 

The Hg CEMS and facility information were exported from the Hg_cem_hourly and 
facility_information tables in the Access file eu_icr_parti_partii.mdb.  These were exported to 
comma separated value (CSV) text files which were imported into Matlab.  The Hg_cem_hourly 
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table included total Hg emission factors (lb/MBtu) along with heat rate, load and “Operational 
Status”.  The operational status field included quality assurance information for some facilities. 

 

Table 10: Inventory of ICR Part ii Hourly Hg CEMS Data for Top Performing Units 

Facility - Stack Name Data Period Number of Avg. Periods 

 First Day Last Day Hours Days 30-Day 

Colbert - SK001 1 Nov 2009 6 Feb 2010 2002 94 65 

Cross - C1 9 Aug 2006 31 Dec 2009 29627 1241 1128 

Hammond – Scrubber Stack 1, 2, 3 & 4 1 Jan 2009 31 Dec 2009 8520 365 330 

San Juan – Unit 4 Stack 1 May 2008 30 Apr 2009 4507 202 173 

TS Power Plant - STK1 14 Apr 2009 31 Dec 2009 13251 627 444 

 

Quality assurance information for the Hg CEMS data were supplied by the facilities and so 
differ among facilities.  Invalid Hg emission data were determined separately for each facility.  
Invalid data were replaced with NaN (not-a-number) values and excluded from subsequent 
analyses.  Colbert and Hammond data were used as retrieved.  The Cross Hg emission data were 
excluded if the operational status field included “Emission Factor Invalid” or “Unit Offline”.  
Cross Hg emission data from 22:00 and 23:00 on 14 March 2008 were greater than 40 lb/TBtu; 
these were immediately before a shut down and were deemed invalid.  Hg emission data for San 
Juan Units 1-4 were available in the ICR Part ii data.  San Juan Hg data were included only when 
Hg monitors were known to have had liquid nitrogen available (Robeson, 2011); therefore the 
San Juan data was limited to Unit 4 from 1 May 2008 through 30 April 2009.  In addition, San 
Juan Hg emission data were excluded if the heat rate was less than 10 MBtu/h. The TS Power 
Plant Hg emission data were excluded if the operational status field included “CEMS Failed 
Calibration”, “CEMS Maintenance”, “CEMS Malfunction”, or “DAHS Malfunction”. 

The Hg CEMS data comprise 57907 hours of measurements from top performing units.  For 
comparison the EPA Hg MACT floor calculation is based on 40 6-h measurements (240 hours of 
data).  EPA did include Hg CEMS data for some units, but only as a single average value which 
was weighted equally with single stack test results. 

Hg Emission Averages 

Daily emission averages were calculated as the mean of hourly Hg emissions including only  
operating hours.  Thirty-day average emissions were calculated as the mean of hourly Hg 
emissions during operating hours during 30 days which included only days with at least one 
operating hour.  Operating hours were those for which heat rate was positive. 

Hg emission averages are shown for the five data series (see Figures 21–25).  Hourly emission 
averages are shown as small green dots.  Daily emission averages are shown as blue dots.  
Thirty-day emission averages are shown as red dots plotted at the end of each period.  The date 
labels mark the start of each period; e.g. ‘Jan09’ marks the start of 1 January 2009.  The y-axis 
scales have been selected to include the maximum daily emission average; hourly emissions 
greater than this value may not be displayed.   

The Hg emission averages demonstrate that top performing unit’s Hg emissions are correlated 
in time.  Periods of correlated relatively high emissions are apparent for Cross Unit 1 in May 
2009.  This period of relatively high emissions is consistent with reemissions of Hg from the 
liquor of a flue gas desulfurization unit (Tyree and Allen, 2010). 
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Figure 21: Colbert Stack 1 Hg emission averages. 

 

Figure 22: Cross Unit 1 Hg emission averages. 
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Figure 23: Hammond Scrubber Stack Hg emission averages. 

 

Figure 24: San Juan Unit 4 Hg emission averages. 



HAP UPLs Using Stack Test and CEMS Data  29 

 

Figure 25: TS Power Plant Hg emission averages. 

 

Proposed long-term emission limits may be compared with historical 30-day emission averages 
(see Figures 26–30).  The top panel in these figures shows the historical 30-day emission 
averages with a red line marking the 99th percentile.  The distributions of 30-day Hg emission 
averages for top performing units generally include right-hand tails attributable to correlated 
Hg emissions.  

One can calculate a Hg emission limit directly as the maximum 99th percentile historical 30-day 
emission average among top performing units.  Among the population of 127 top performing 
Hg units as compiled by RMB Consulting, valid CEMS data were available for five stacks (eight 
units).  From these data, the highest 99th percentile historical 30-day emission average was 1.90 
lb/TBtu.  Note this value is above the UPL values calculated using stack test data (see Table 4).  
These emission limits are based on the Hg CEMS data available to us, which represent only a 
few of the top performing units; it is likely that higher 30-day emission averages would have 
been observed if more top performing unit CEMS data had been available. 

In addition to historical 30-day emission averages we also calculated the 30-day averages using 
randomly selected days.  A large number (106) of averages were calculated for each unit (see 
Figures 26–30).  The middle panel in these figures shows the random 30-day emission averages 
with a red line marking the 99th percentile.  These random averages remove the effect of multi-
day correlations of emissions including multi-day startup events on the long-term averages.   
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Figure 26: Colbert Stack 1 distribution of Hg emissions. 

 

Figure 27: Cross Unit 1 distribution of Hg emissions. 
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Figure 28: Hammond Scrubber Stack distribution of Hg emissions. 

 

Figure 29: San Juan Unit 4 distribution of Hg emissions. 
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Figure 30: TS Power Plant distribution of Hg emissions. 

 

Synthetic Stack Test Emissions 

In order to relate long-term emission averages to emission limits calculated from stack tests, we 
calculated “synthetic stack test” (SST) results from Hg CEMS data.  SST were calculated as the 
average of 6 consecutive hours of Hg emissions when the unit was at or above a full load 
threshold set to approximately 90% of capacity (see Table 11).  This procedure is designed to 
obtain data like that from a stack test using CEMS data, and is similar to procedures reported in 
Tyree and Allen (2010) and Allen, Looney, and Tyree (2011). 

The SST data for each unit were then used to calculate t-statistics UPL values using Equation 4.  
The distribution of SST values are shown as blue bars in the bottom panels of Figures 26–30; 
fitted normal distributions are shown as green curves and the t-statistics UPL values as red 
lines.  The SST t-statistics UPL values are emissions limits that would have been calculated had 
many consecutive stack tests been collected over months at specific top performing units. 

 

Table 11: Synthetic Stack Tests Calculated from Hg CEMS Data. 

Plant Name Full Load 
Threshold 

SST Statistics 

 (MW) N Mean 
(lb/TBtu) 

Std. Dev.  
(lb/TBtu) 

Range 
(lb/TBtu) 

Colbert Stack 1 650 54 0.622 0.203 0.188 – 1.26 

Cross Unit 1 575 2464 0.236 0.345 0 – 4.50 
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Hammond Scrubber 
Stack, Units 1-4 

450 485 0.793 0.315 0.177 – 2.73 

San Juan Unit 4 500 550 0.253 0.247 0 – 1.13 

TS Power Plant Stack 1 215 667 1.30 1.01 -0.104 – 6.28 

 

Corrections to t-Statistics UPL 

As mentioned above emission limits based on stack tests include no information about 
correlated emissions or emissions during infrequent events.  Here we compare actual emissions 
averages with t-statistics UPLs calculated using SST for top performing units in order to assess 
the importance of these omissions and to propose corrections to emission limits based on 
stack test results. 

If Hg emissions were independent and normally distributed, the SST-based UPL values would be 
close to the 99th percentile 30-day emission averages.  In fact the ratios of 99th percentile 
historical 30-day emission averages to SST-based t-statistics UPLs are in the range 1.07-3.17 for 
the top performing units studied here (see Table 12).  We designate this ratio R.  Further 
evidence of the importance of correlated emissions can be seen by comparing averages of 30 
random days with historical 30-day averages.  The random averages remove the effect of multi-
day emission correlations on the long-term averages.  The ratios of the 99th percentile of the 
historical to random 30-day emission averages were in the range 1.08-2.38. 

In order for emission limits to match the emissions achievable on any day by a top performing 
unit, emission limits calculated as t-statistics UPLs should be multiplied by R.  This correction is 
to account for correlated emissions and emissions during infrequent events.  The correction is 
based on all of the top performing Hg CEMS data available to us, which represents 8 of 127 the 
top performing units for Hg emissions and many more hours of emission data than were used 
in EPA’s MACT floor calculations. 

 

Table 12: Comparison of Historical 30-Day Average Hg Emissions with t-Statistic SST UPLs. 

Plant Name Historical  
30-day Emission 

Avg. 

Random 
30-day Emission 

Avg. 

t-Statistics 
UPL Based 

on SST 

R 

Colbert Stack 1 1.28 1.18 0.666 1.92 

Cross Unit 1 0.980 0.411 0.309 3.17 

Hammond Scrubber 
Stack, Units 1-4 

0.921 0.844 0.860 1.07 

San Juan Unit 4 0.478 0.356 0.306 1.57 

TS Power Plant Stack 1 1.90 1.50 1.52 1.25 
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