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FOREWORD 
 

The Maryland Power Plant Research Program funded this work to construct a piecewise 
linear regression model to describe the effect that local mercury emissions would have on 
ambient mercury deposition rates and concentrations.  To accomplish this goal, two candidate 
sites were chosen from the Mercury Deposition Network that had operated for significant periods 
and that were located near single large coal-fired power plants, the major local sources of 
mercury emissions.  The mercury deposition rates and concentrations, heat input for the power 
plant (a surrogate for emissions), and meteorology were compared to understand the various 
influences. 

By understanding the causes for increases in mercury deposition rates, Maryland will be 
better able to understand the effects of local emissions sources on ambient mercury levels.  This 
improved understanding may result in more effective strategies to protect public health. 

This study also shows how a data mining technique can assess the relative roles of 
emissions and meteorology to describe ambient air quality over several years.  Such techniques 
can quickly provide policy makers with behavioral information and measures of accuracy based 
on historical data sets.  The techniques do not require the computer-intensive resources of 
classical modeling techniques and can be performed in seconds to establish the major parameters 
affecting air quality. 



 

  

ABSTRACT 
 

Tools for knowledge discovery through databases (KDD) can provide air quality planners 
with descriptions of long-term behavior at monitor sites.  In this project, the Maryland Power 
Plant Research Program used the Cubist® program to construct a piecewise linear regression 
model to describe mercury deposition rates and concentrations at two sites in terms of hourly 
power plant heat input (a surrogate for emissions) and meteorological variables. The ambient 
mercury measurements represented more than five years of data at the Marcell, Minnesota and 
Chassahowitzka, Florida sites of the Mercury Deposition Network.  The daily heat input data 
represented two power plants (Boswell Energy Center and Florida Power’s Crystal River Energy 
Complex) that are predominantly coal-fired. 

The advantages of local versus regional controls for mercury emissions have recently 
been debated. This work aimed to identify the meteorological conditions that lead to an effect of 
local emissions on local ambient mercury conditions. The long time series of ambient mercury 
deposition data at the Marcell and Chassahowitzka sites were compared with the simultaneous 
heat input quantities at the two nearby power plants.  

Meteorological conditions were included in the data sets, and the Cubist software 
generated piecewise linear regression fits that describe the deposition data based on heat input 
and meteorological parameters. The software created models of several linear expressions that 
apply under particular meteorological conditions and sometimes overlap. The investigation 
showed that the effect of power plants on nearby mercury deposition sites only manifested itself 
under particular meteorological conditions. The data analyses and findings are discussed in 
detail. 

The investigation pointed to a rise in mercury deposition at the Marcell site associated 
with rate increases in heat input at the Boswell Energy Center, likely occurring during boiler 
startup or shutdown.  The spikes above the average deposition represent only eight percent of the 
weekly data at Marcell but 42 percent of the total deposition.  During hot, stagnant conditions, 
Crystal River heat input rates sometimes affected mercury concentrations and deposition at the 
Chasshowitzka station.
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1.  INTRODUCTION 
 

After mercury has been deposited from the atmosphere, biological processes typically 
convert it to methylmercury.  Oral exposure to methylmercury is the primary pathway to 
mercury exposure for humans.  Mercury exposure has been associated with several health 
effects, including decreased performance on neurobehavioral tests in children and an increased 
risk of coronary disease in adults.  As a result of these findings, the U.S. Environmental 
Protection Agency (EPA) promulgated the Clean Air Mercury Rule (CAMR) in May 2005 to 
regulate the mercury emissions from coal- and oil-fired utilities.1 

As the EPA works to implement emissions standards for the toxic pollutant mercury and 
its compounds, investigations continue to determine the fate of mercury in the environment.  
Mercury is emitted from coal-fired power plants in elemental, oxidized, and particulate-bound 
states.2  Wet and dry deposition processes may remove the emitted mercury from the atmosphere 
near the power plant, or the mercury may travel significant distances before being deposited. 

Many studies described the transport, chemistry, and deposition of mercury in the 
atmosphere, on both local and global scales.3-13  Weiss-Penzias et al.13 examined the oxidation of 
gaseous elemental mercury in plumes in the marine boundary layer.  Dvonch et al.7 studied the 
effect of local anthropogenic sources on atmospheric deposition of mercury in south Florida.  
The modeling efforts of Cohen and others5-6 examined the deposition of current and future 
mercury emissions to the Great Lakes, implicating sources as far away as Florida.  Bullock’s 
modeling assessment3 concluded that Canada’s emission sources do not significantly affect wet 
deposition rates of mercury over the United States.  Tsiros’ modeling assessment12 found that his 
screening-level model compared well with field data and showed the effects of solar radiation, 
soil moisture, temperature, and wind conditions on the reduction of divalent mercury.  Seigneur 
et al.11 examined a model’s performance to simulate the global cycling of atmospheric mercury 
and the mercury deposition to potentially sensitive areas; they found many consistencies with 
available measurements but continued to be limited by the uncertainties in emissions estimates, 
chemistry, and deposition processes. 

The current study by the Maryland Power Plant Research Program (PPRP) aimed to 
identify whether or not a measurable quantity of the mercury is deposited near sources under any 
meteorological conditions.  To examine large data sets or databases with many fields, the term 
knowledge discovery through databases (KDD) has been coined to describe this area of high 
performance computing.  The application of KDD has been described as “the nontrivial process 
of identifying valid, novel, potentially useful, and ultimately understandable patterns in data,” 
and data mining is just one component of KDD that is defined as “extraction of patterns or 
models from observed data.”14 

The KDD techniques such as neural networks and decision trees are already familiar to 
investigators in the air quality field.15-24  For example, McKendry24 examined the performance of 
neural networks for forecasting particulate matter concentrations based on meteorological 
conditions.  Chelani et al.23 used neural networks to predict ambient concentrations of respirable 
particulate matter and toxic metals, and Dimopoulos et al.25 combined neural network models to 
predict the spatial distribution of lead around a point emission source.   

Neural networks have been useful for future predictions, but the rule induction approach 
offers descriptive models with more explanatory power.  Rule induction techniques report that a 
list of attributes within the data set will predict a value within a particular confidence level and 



 

 - 2 - 

significance.6  Through the use of rule induction techniques, it is sometimes possible to discern 
the conditions that lead to a relationship within computer-determined subsets of the data. 

Mercury emissions are highly variable from individual coal-fired boilers and are 
dependent on chlorine content of the fuel, flue gas temperatures, boiler design, control device 
operation, ash characteristics, and other operating characteristics.26-28  However, long-term 
measurements of mercury emissions (and their speciation) at power plants are not yet available.  
In this study, the identification of significant trends is performed by comparing ambient mercury 
measurements of wet deposition to the heat input rates at nearby power plants.  Instead of simple 
regression analysis techniques, the authors employed a piecewise regression technique.  The 
piecewise regression analysis (classifying the data into different subsets) will yield different rules 
(regression fits) for different meteorological conditions, unlike a simple regression analysis.  
 

2.  DATA PREPARATION 
 
2.1  Site Selection 
 

To understand how a single power plant might affect the mercury deposition readings at a 
monitor, it was important to choose ambient measurement sites that were not in close proximity 
to more than one major emissions source.  Compliance with this goal does not imply that 
emissions from other large sources will not affect the mercury deposition rates, but only that 
short-term variations in the rates will be driven by the local source.  Even remote areas in the 
eastern United States show significant mercury deposition. 

Only two eastern sites were identified in the National Acid Deposition Program’s 
Mercury Deposition Network (NADP/MDN) that had analyzed at least five years of data and 
were located far from more than a single large mercury emissions source.  The first is the 
Chassahowitzka National Wildlife Refuge Station located in Citrus County, Florida at an 
elevation of ten feet.  Since July 1997, the U.S. Fish and Wildlife Service-Chassahowitzka 
National Wildlife Refuge has operated this station, shown in Figure 1.29 
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Figure 2 shows the location of the Chassahowitzka station and the nearest mercury 

emissions sources, as reported in the EPA’s 2000 Toxics Release Inventory.  Florida Power’s 
Crystal River Energy Complex is located 16 miles northwest of the Chassahowitzka station and 
reported 205 pounds of mercury emitted in 2000.  The next nearest emissions source (Florida 
Crushed Stone Cement) was located to the southeast but only emitted 22 pounds of mercury in 
2000.  After that, the nearest mercury emissions sources were almost 50 miles away from 
Chassahowitzka. 
 

 Figure 1.  Mercury Deposition Network site at Chassahowitzka National Wildlife Refuge 
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The Crystal River Energy Complex operates four units with similar heat input capacities.  
The data from Units 1, 2, 4, and 5 covered the first quarter in 1997 through the fourth quarter in 
2003.  A description of the units appears in Table 1. 
 

Table 1.  Units at the Crystal River Energy Complex 

Unit ID Boiler Description Boiler Capacity (mmBtu/hr) Controls Description 
1 Tangentially fired 3,750 
2 Tangentially fired 4,795 
4 Dry-bottom wall-fired 6,665 
5 Dry-bottom wall-fired 6,665 

 

Low NOx burners and 
electrostatic precipitator 

 
The second site was the Marcell Experimental Forest Station located in Itasca County, 

Minnesota at an elevation of 1,400 feet.  Since February 1995 the U.S. Forest Service-North 
Central Research Station has operated this station, shown in Figure 3.29 

Figure 2.  Mercury emissions sources near Chassahowitzka mercury deposition monitor 
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Figure 4 shows the location of the Marcell station and the nearest mercury emissions 

sources, as reported in the 2000 Toxics Release Inventory.  The Boswell Energy Center is 
located 21 miles south of the Marcell station and reported 260 pounds of mercury emitted in 
2000.  The next nearest emissions source (Hibbing Public Utilities Commission) was located 26 
miles to the east but only emitted 6 pounds of mercury in 2000.  After that, the nearest mercury 
emissions sources were over 60 miles away from the Marcell station. 

Figure 3.  Mercury Deposition Network site at Marcell Experimental Forest Station 
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The Boswell Energy Center operates four units with different heat input capacities.  The 

data for these units covered 1995 through 2003.  A description of the units appears in Table 2. 
 

Table 2.  Units at the Boswell Energy Center. 

Unit ID Boiler Description 
Boiler Capacity 

(mmBtu/hr) Controls Description 
1 Dry-bottom wall-fired 750 Baghouse 
2 Dry-bottom wall-fired 750 Baghouse 
3 Tangentially fired 3,355 Wet scrubber 
4 Tangentially fired 5,109 Low NOx burner with closed coupled 

overfire air, wet scrubber, and 
electrostatic precipitator on the reheat 
bypass 

Figure 4.  Mercury emissions sources near Marcell mercury deposition monitor 
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2.2  Data Collection 

Mercury data were retrieved for the Chassohowitzka and Marcell sites for the time period 
between July 1997 to December 2002.29  The mercury data consisted of the site name, sample 
collection start time, sample collection end time, amount of precipitation in the rain gauge, 
mercury concentration, mercury deposition (calculated), a quality rating note, and the sample 
type.  Mercury concentration (Hg Concn) was directly measured at the sites, and each mercury 
weekly deposition value was calculated by multiplying the concentration by the amount of 
precipitation.  The quality rating can be an A (172 samples), B (349 samples), or C (11 samples).  
An “A” rating means that the data was fully qualified with no problems, and “B” ratings 
indicated valid data with minor problems that are generally only used for summary statistics.  A 
“C” rating indicates that the data was invalid and it is not used in any summary statistics; data 
with “C” ratings were excluded from these analyses.  The sample type indicated whether 
measurable precipitation, low precipitation, or trace precipitation was measured in the sample 
bottle catch.  Precipitation data from the NADP network29 was used to determine the hours with 
precipitation at the mercury sites.   

Hourly surface meteorology data were collected from the National Climatic Data Center 
for sites that were near the mercury site with similar topography.30  Temperature, relative 
humidity, wind speed, and wind direction were considered.  The two sites chosen were 
Brooksville, Florida and Park Rapids, Minnesota.  The local climatological data with unedited 
hourly observations were collected for the period from June 1996 to December 2002 for the 
Brooksville site and from November 1996 to December 2002 for Park Rapids. 

Hourly plant emission data (heat input, sulfur dioxide emissions, and carbon dioxide 
emissions) were retrieved for the Clay Boswell plant in Minnesota and for the Crystal River 
plant in Florida, the major mercury sources near the monitor sites.  EGRID data were retrieved 
from the EPA’s Clean Energy site.31  The heat input data for each hour were summed for all 
operating units.  The hourly meteorology and emissions data were tallied and averaged to match 
the weekly mercury data.   

An alternate approach would have been to estimate the mercury emissions from heat 
input measurements for the individual boilers.  To do this, the heat input would be multiplied by 
the mercury emissions factor for the unit and then summed to calculate the total mercury 
emissions.  However, the mercury testing represented only a week of collected data, and reports 
indicate that mercury emission rates are highly variable from a single unit, changing more than 
an order of magnitude with changes in coal blends.28,35  These uncertainties suggested that a 
direct comparison with heat input would be easier to substantiate than estimated mercury 
emissions. 
 
2.3  Data Mining 
 

For each mercury deposition site, a single data set was arranged by date for input into 
RuleQuest’s Cubist 1.11 software.  The Cubist program constructs an unconventional type of 
regression tree, with the leaves containing linear models instead of discrete values.  A 
classification tree would categorize the predictions into discrete subsets, but the regression tree 
predicts actual continuous values.  Cubist reads and initially groups the training cases.  Then a 
production rules approach is followed to simplify the decision trees and create comprehensible 
rules:  the more restrictive conditions are evaluated and removed through Fisher’s exact test.32-34  
After this process, the final rules are formed by evaluating the effects of all rules simultaneously, 
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and the training and test data are evaluated.  The final rules from Cubist often overlap so that 
multiple rules describe individual data instances.   

Unlike neural networks, the Cubist program generates a model with rules that describe 
the relationships between the independent and dependent parameters in the data set.  The models 
for these small data sets required less than one second to complete.  A typical rule to predict 
mercury deposition (in ng/m2) reads: 
 
 If  

Weekly Precipitation  ≤ 19.4 mm 
 Then 
  Chassahowitzka Mercury Deposition = -71.2 + 10.9 × (Precipitation in mm) 
     + 858 × (Frequency of Variable Winds as a percentage) 
     + 0.006 × (Crystal River Heat Input Rate as mmBtu/hr) 
     - 11 × (Average Wind Speed in knots) 
      
 [98 cases, mean 99.7 ng/m2, range 2.9 to 471 ng/m2, estimated error 48 ng/m2] 
 

The “if” portion represents the conditions of the rule, and the “then” portion shows the 
linear model.  The variables appearing in the “If” statement will be referred to as the Conditional 
Parameters (e.g., precipitation in the sample rule), and the variables appearing in the “Then” 
statement indicate the Equation Parameters. 

Since Cubist operates via piecewise regression (each rule being applicable under certain 
conditions), it can be more powerful than a multivariate linear model because it allows variables 
to be weighted differently as conditions change.  When rules overlap, the predicted values from 
both models are averaged.  When the number of parameters is small, Cubist can combine a rule-
based model with a nearest-neighbor model to improve the predictive accuracy.  When the 
Cubist program determined that a significant improvement could be made by including nearest-
neighbor methodology, the “Rules and Instances” option was used to predict the deposition more 
accurately.  The minimum rule cover represents the number of cases that must be included in 
each conditional subset in order to build a rule.  The minimum rule cover was set to two percent 
for these model sets.  The model rules were also allowed to extrapolate ten percent beyond the 
range for the target values set by a rule. 

Using the piecewise regression approach, several models with different detailed rules can 
yield the same degree of accuracy.  Therefore, the individual rules in one particular exemplar 
model should be viewed as merely indicative of representative dependencies between the 
variables. 

Since heating and cooling needs drive demand on the power plants, ambient temperatures 
are sometimes correlated with power plant heat input rates.27  This interrelationship can 
confound the determination of the correlations with a third parameter (e.g., ambient 
concentrations).  Therefore, ambient temperature was removed from the rule induction process as 
an equation parameter to allow the heat input dependence to be recognized.  However, ambient 
temperature (considered in 5-degree increments) remained an important conditional parameter.  
In a test run, temperature was included as an equation parameter in the rule induction process, 
but the errors were not substantially reduced.   
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3.  RESULTS AND DISCUSSION 
 
3.1  Presentation of Results 
 

Many models could be developed to describe the data, but many of these models show 
similar fits to the data.  Both mercury concentration and deposition were chosen as the target 
parameters for the Cubist models, and some models even targeted the utility heat input rates 
based on the mercury levels (not presented).  The Cubist model runs were varied to alter the 
target parameters, the meteorological data set to use, and whether or not to include outliers.  
Tables 3 and 4 present brief summaries of the significant runs and identify the important 
parameters.   

The runs with a full week of meteorology considered the meteorological averages (wind 
speed, wind direction, temperature, and relative humidity) over the course of the whole week, 
and not just during the precipitation period.  The mercury concentrations/depositions from the 
data sets had four extreme outliers (more than three standard deviations from the average), and 
these outliers affected the derived models in runs where they were included.  The average errors 
(average of the absolute values of the biases), relative errors, and correlation coefficients were 
also determined for the data sets.  The relative error is calculated as the absolute value of the 
ratio of the average model error to the error that would have been measured if the mean value 
had been predicted each time.  The correlation coefficients describe the best linear fit between 
the observations and the predictions. 

If the Cubist model determined that the model performance could be improved by using a 
nearest neighbor approach to modify the output, then the number of nearest neighbors is reported 
in the tables.  However, Cubist found that models for only three of the data sets improved by use 
of nearest neighbor techniques, likely because the data sets were small.  The numbers of 
conditional rules used to describe the model are also reported in Tables 3 and 4. 

When the Heat Input Rate from Crystal River or Boswell appeared in the model 
equations, the maximum and average changes from heat input were calculated.  The maximum 
change was calculated by multiplying the highest heat input rate (based on the complete data set 
for that power plant) by the model’s coefficient before the heat input parameter.  This number 
was then corrected for the frequency by multiplying it by the number of cases in that subset of 
data and dividing by the total number of cases.  For example, in the third run for Chassahowitzka 
(Table 3), one equation had a coefficient of 7e-5 ng-hr/l-mmBtu, the equation was valid in 46 of 
the 199 cases, and the Crystal River power plant data had a maximum heat input rate of 25,300 
mmBtu/hr.  Therefore, the maximum change was calculated as 
 

Maximum Change from Heat Input = 7e-5 × 
199
46  × 25,300 = 0.41 ng/l 

 
The Average Change from Heat Input was calculated in a similar fashion, but the heat 

input rate was taken as the average of the subset that met the conditions for the rule. 
 

The remaining rows in Tables 3 and 4 show which parameters appeared in the Cubist 
models.  The wind direction frequencies (e.g., frequency of wind from the northeast) appear in 
most of the models, but their interdependencies (i.e., they must add to one hundred percent) 
make their individual influences difficult to evaluate.  The wide divergence in the parameters 
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used in the models shows that the models are not unique in their fits to the data, so significant 
confidence should not be placed in any single model.  Instead, an evaluation of the models and 
the model parameters should lead investigators to identify the important information “nuggets.” 
 

Table 3.  Summary of significant runs for Chassahowitzka station 
(median concentration = 12.3 ng/l and median weekly deposition = 242 ng/m2). 
 
Target 
Parameter 

Hg Concn Hg Concn Hg Concn Hg 
Deposition 

Hg 
Deposition 

Hg 
Deposition 

 

Full week of 
meteorology? 

No Yes Yes No Yes Yes  

Limit to 3 
standard 
deviations? 

No Yes No No Yes No  

Number of Cases 198 196 199 198 196 199  
Average Error 4.8 5.4 5.3 81 73 95  
Relative Error 0.64 0.76 0.67 0.25 0.22 0.29  
Correlation 
Coefficient 

0.75 0.58 0.75 0.96 0.96 0.94  

Number of 
Nearest 
Neighbors 

9 Instances not 
used 

Instances not 
used 

9 9 Instances not 
used 

 

Number of Rules 8 3 6 13 15 6  
Maximum 
Change from 
Heat Input 

27 ng/m3 -- 0.41 ng/m3 -- 52 ng/m2 126 ng/m2  

Average Change 
from Heat Input 

25 ng/m3 -- 0.33 ng/m3 -- 44 ng/m2 94 ng/m2  

Conditional Parameters (not including directional wind frequencies) 
Precipitation X X X X X X  
Wind Speed   X X X X  
Temperature X X X  X X  
Month    X    
Relative 
Humidity 

   X    

Calm Wind 
Frequency 

X   X    

Crystal River 
Heat Input Rate 

X       

Equation Parameters (not including directional wind frequencies) 
Precipitation X X X X X X  
Wind Speed X X X X X X  
Year X X      
Relative 
Humidity 

X  X X    

Crystal River 
Heat Input Rate 

X  X  X X  
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Table 4.  Summary of significant runs for Marcell station 
(median concentration = 9.0 ng/l and median weekly deposition = 83 ng/m2). 
 
Target 
Parameter 

Hg Concn Hg Concn Hg Concn Hg Concn Hg 
Deposition 

Hg 
Deposition 

Hg 
Deposition 

Full week of 
meteorology? 

No No Yes Yes No Yes Yes 

Limit to 3 
standard 
deviations? 

No Yes Yes No No Yes No 

Number of 
Cases 

250 249 249 250 250 249 250 

Average 
Error 

7.6 5.5 5.7 9.3 75 61 62 

Relative 
Error 

0.75 0.67 0.71 0.93 0.41 0.33 0.34 

Correlation 
Coefficient 

0.34 0.69 0.71 0.16 0.89 0.93 0.92 

Number of 
Nearest 
Neighbors 

Instances 
not used 

Instances 
not used 

Instances 
not used 

Instances 
not used 

Instances 
not used 

Instances 
not used 

Instances 
not used 

Number of 
Rules 

3 6 5 1 5 8 9 

Maximum 
Change from 
Heat Input 

-- -- -- -- -- -60 ng/m2 -29 ng/m2 

Average 
Change from 
Heat Input 

-- -- -- -- -- -50 ng/m2 -23 ng/m2 

Conditional Parameters (not including directional wind frequencies) 
Precipitation X X X  X X X 
Wind Speed       X 
Temperature X X X  X X X 
Relative 
Humidity 

  X  X X X 

Boswell Heat 
Input Rate 

 X      

Equation Parameters (not including directional wind frequencies) 
Precipitation  X   X X X 
Wind Speed  X X   X X 
Relative 
Humidity 

X X X X X X X 

Calm Wind 
Frequency 

 X      

Boswell Heat 
Input Rate 

     X X 
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3.2  Analysis of Marcell Results 
 

Table 4 shows a surprising dependence in the last two runs.  A negative dependence 
appears in the comparison between the Boswell heat input and the local mercury deposition.  The 
conditional dependences for the equations with the negative dependence specify that the 
precipitation be less than or equal to 25.1 mm and that the temperature be over 10°C (69 cases), 
and a second condition (for the sixth run) that the precipitation be greater than 25.1 mm and the 
temperature be less than or equal to 15°C (24 cases).  For 20 of the 21 cases that meet the first 
condition and have heat input rates below 8500 mmBtu/hr, the mercury deposition was greater 
than 100 ng/m2.  However, the median for all 250 cases in the entire data set is just 83 ng/m2.  
Therefore, these low-precipitation, high-temperature cases indicate that increases in ambient 
mercury deposition may be occurring when the Boswell Energy Center is operating well below 
capacity. 

Figure 5 indicates that most spikes in mercury deposition over 100 ng/m2 occur after the 
Boswell Energy Center has operated at a reduced capacity.  Further investigation showed that 
most of the spikes over 900 ng/m2 were associated with the shutdown or startup of Boilers #1 or 
4; other spikes occurred during weeks of constant rain with winds from the south.  Therefore, the 
rises in mercury deposition may be associated with startup/shutdown conditions for at least two 
of the boilers.  Additional investigation would be necessary to confirm this behavior and may 
reveal why the influence was not seen in the runs that used mercury concentration as the target 
parameter. 
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The spikes in ambient mercury deposition during startup and shutdown may be related to 
the mercury speciation at the outlet.  The DOE Emissions Test Report for Boswell Energy 
Center35 listed the compositions shown in Table 5.  Because elemental mercury disperses in the 
atmosphere more readily than divalent mercury, mercury in the divalent form will deposit more 
readily and be detected by the nearby wet deposition monitor.  If mercury speciation from 
Boswell Energy Center has more divalent mercury than elemental mercury during startup phases, 
the mercury deposition may spike during these periods. 
 

Table 5.  Mercury speciation at Boswell Energy Center (unit outlet). 35 

Mercury Species Unit 2 Unit 3 Unit 4 
Percent elemental mercury 22 99 91 
Percent oxidized mercury (primarily divalent mercury) 76 <1 6 
Percent particle-bound mercury <2 <0.1 3 
 

Figure 5.  Time series comparison of Boswell Energy Center heat input rates and Marcell 
mercury deposition 
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The mercury speciation can also change in the control devices.26  If the temperature in an 
electrostatic precipitator is not too high (less than 140°C), mercuric chloride (HgCl2) is less 
volatile and can condense on fly-ash particles.  When hydrogen chloride (HCl) concentrations 
are high, more mercury is collected in the fly ash. 

It is also possible that the mercury emissions during the startup phase of a unit are not at a 
steady state.  Meij, Vredenbregt, and Winkel26 describe a non-steady state process when more 
mercury appears to leave a flue gas desulfurization system than enter it.  Meij et al. attributed the 
difference to the previous adsorption of mercury onto the scrubber walls, such that the 
equilibrium changes and mercury is released when the flue gases change flow rate, temperature, 
or mercury and chloride concentrations.   

The significance of the deposition during these spikes should not be underestimated.  The 
spikes above 500 ng/m2 represent only eight percent of the weekly data at Marcell but 42 percent 
of the total deposition.  The largest spike occurred during the week of June 29, 1999 (2800 
ng/m2), and the deposition during this one week is equivalent to the total deposition over the 
following 23 weeks (7.5 months).   

During the startup at the Boswell Energy Center, it should first be determined which units 
and control devices were starting up when the spikes were observed.  Further investigations 
should then be able to determine if the total mercury releases were increasing or if more mercury 
was oxidized in those specific units and control devices during the startup. 
 
3.3  Analysis of Chassahowitzka Results 
 

In the fifth and sixth runs for the Chassahowitzka station (Table 3), one common 
condition related the mercury deposition directly to the heat input rate at Crystal River Energy 
Complex.  In 15 cases (13 of which occurred in the summer), the following rule applied: 
 
 If  

Precipitation > 19.4 mm 
  Average wind speed ≤ 4.65 knots 
  Wind frequency from northeast ≤  11.9 percent 
 Then 
  Mercury deposition = −709 + 2490 × (wind frequency from northeast) 
     + 10.6 × (precipitation) 
     + 0.027 × (Crystal River heat input rate) 

 
The cases did not simultaneously obey another rule.  The average wind frequency from 

the northeast was just six percent in these cases, and 46 percent of the data showed either calm or 
variable winds (with 40 percent from the southeast and southwest).  This rule indicates that the 
Crystal River operation affects the mercury deposition under low wind speeds when the winds 
are generally calm.  Under mostly stagnant conditions, the local air mass is likely well-mixed 
and a particular surface wind direction plays only a minor role. 

Similarly the first run from the Chassahowitzka station indicates that the Crystal River 
operation affects the mercury concentration, but this strong effect was not observed in the second 
and third runs.  The difference between these runs is that the first run considers only 
meteorological conditions and heat inputs during the precipitation event, suggesting that the 
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weekly averages are not as useful for discerning the influences of the Crystal River operation.  
The errors were slightly smaller for the first run than the other two runs. 

The first run contains the Crystal River heat input rate as a conditional or equation 
parameter in seven of its eight rules, covering 174 of the 198 cases.  The Average Change from 
Heat Input is 25 ng/l and is influenced by five rules.  However, one rule is responsible for 86 
percent of the Average Change from Heat Input and only applies in five cases: 
 
 If Frequency of calm winds > 28 % 
  Crystal River heat input rate > 23,700 mmBtu/hr 
 Then 
  Mercury concentration = −875 + 0.038 × (Crystal River heat input rate) 
 

The mercury concentrations in these five cases ranged from 26 to 61 ng/l, and the 
meteorological conditions suggested average temperatures over 25°C, mean relative humidities 
between 83 and 90 percent, and calm winds during the precipitation event.  The average wind 
speeds were less than 3.6 knots, and the calm and variable winds accounted for 46 percent of the 
wind directions.  The meteorological and heat input data during precipitation events in those five 
weeks were compiled from 24 to 108 hourly measurements. 

Dvonch et al. found that local anthropogenic sources played a significant role in the local 
atmospheric deposition of mercury in south Florida during summer months.7  Dvonch et al. 
found that the wet deposition from local emissions sources was associated with convective 
precipitation events that result from storm cells much smaller in size and duration than frontal 
systems.  The isolated convective storms are common in south Florida during summer months.   

Similar meteorological conditions may lead to the influence of Crystal River on the 
Chassahowitzka site.  Further investigation might reveal the nature of the five storm events 
(occurring in July, August, and September) that Cubist identified.  If certain meteorological 
events are associated with local mercury deposition, additional mercury controls might be useful 
on local emissions sources during the time of year when these types of storm events are 
expected.   
 

4.  CONCLUSIONS 
 

The goal of this study was to determine if local emissions sources affect nearby ambient 
mercury deposition.  By comparing the meteorological conditions and power plant heat input 
rates with the weekly mercury deposition, the Cubist models helped identify conditions where 
local emissions sources influenced nearby monitors.  The four most significant findings were: 
 
• Mercury deposition measurements spiked at the Marcell station when the Clay Boswell heat 

input rates increased.  This finding is likely connected to increased mercury emissions during 
unit startups or shutdowns. 

• The spikes in mercury deposition represent a significant portion of the annual deposition at 
the Marcell monitor site.  Reductions in the spikes could significantly lower the annual 
mercury deposition. 

• The mercury deposition values during the summer at the Chassahowitzka site were 
influenced by emissions at Crystal River Energy Complex under low wind speeds.  This 
finding was reflected by weekly average data for the power plant and meteorology. 
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• Similarly, in five different weeks, the summer mercury concentrations at the Chassahowitzka 
site were influenced by emissions at Crystal River Energy Complex under low wind speeds 
and high temperatures.  This finding was reflected by data for the power plant and 
meteorology that were collected solely during the precipitation event hours. 

 
These findings suggest that conditions exist when these two large emissions sources 

influence the local mercury deposition.  Because the climatology of northern Minnesota and 
Florida are considerably different, it is not surprising that the data mining exercise identified 
different trends (one based on heat input changes and the second on wind speeds and 
temperature).    

This demonstration illustrates the utility of data mining tools, even with small data sets.  One 
of the advantages of the data mining tools is that the data subsets can be determined where 
important trends can be found.  In this study, the rule induction tools helped identify interesting 
cases that shared a characteristic (i.e., dependence on power plant emissions) and should be 
examined with greater scrutiny.   
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