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Abstract Determining the level of air pollution is a modern day necessity for government regulators and

industrialized sources. Air dispersion models are often used to determine the concentration of a pollutant. However
changing conditions and several assumptions made by the models limit their accuracy at various times. The
objectives of this research are the evaluation of four different air dispersion models (Gaussian Plume, Variable K
Theory, Box, and AFTOX) as well as developing a more efficient method of evaluating air dispersion models. In the
process of determining their performance, the change in accuracy was measured through RMSE calculations and the
change in precision was measured through calculating the Brier Score. It was found that in the prediction of NO2
Variable K Theory and Gaussian Plume both models produced average reduction of 21.2% of mean RMSE from the
other models. The Variable K model also proved to be most precise with a 8.9% lower Brier Score than the next best
model.
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1. Introduction
There is a great need to determine the concentration and
pathways of airborne pollutants due to the health and
environmental hazards they cause to arise. There are
several air dispersion models in use today and each of
them has their own strengths and weaknesses. The
weaknesses are the areas where the model is not able to
produce accurate results. Thus several models can be
given the same data and produce very different results.
This leads to a great deal of confusion as to which model
to choose under certain conditions. One of the principal
problems with the current air dispersion models is the
amount of error contained within their forecasts. The
errors are produced and may consist of a multitude of
sources, such as measurement error and numerous
estimated and calculated parameters used in each model’s
algorithm that may result in a different value than the
actual one. This leads to issues where the end user is
unsure which model to apply under specific conditions.
The cumulative effect of the model’s internal error will
typically affect the predicted concentration as well as it
will have an impact on many other features including the
calculated mean, standard deviation, and length of
predicted exposure. The objectives of this study are to
compare and contrast a set of air dispersion models as well
as to determine a better alternative method of evaluating
air dispersion models.
The concept of creating models for the estimation of the
concentration of specific air pollutants was started shortly

after World War I when army researchers from England
attempted to predict the path of poison gas chemicals
when emitted over the ground troops and how it would be
affected by temperature and changing weather. Sutton [1]
presented results of much of that work in his book. When
scientists gained further knowledge of the atmosphere in
the 1960’s the pace of pollutant detection gained momentum
and more promising air dispersion models began to appear
which could be used for regulatory purposes. The works
produced by Pasquill [2] and Stern [3] discuss the various
experiments performed over that time. Today the
staggering level of pollutant tracking and the increasing
size and scope of the models being developed almost
forces researchers to comb specialized journals and
conference proceedings on a daily basis to look for new
developments [4,5,6].
One of in drawbacks of using any air dispersion model
is the amount of error in the estimation of the pollutant
concentration that gets produced. This error mostly arises
from the inherent difficulty of using a relatively simple
modelling framework to determine the concentration
profile which is influenced by very complex and variable
stimuli [7]. In the process of calculating the concentration
of a pollutant there exist many factors that contribute to
overall derived error. Some of the more prominent sources
of error for a particular model include: the development of
the mathematical formula used by the model, the quality
of the initial parameters used in the calculation, the
number of pollutant sources, and the complexity of the
atmosphere [8].
Another prominent source of error is commonly found
during the collection and analysis of air samples. The
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concentration data obtained from the air samples gathered
used to approximate the concentration of one specific
at the same testing site but at different time periods could
air pollutant originating from a single point source.
vary widely [9,10]. The sampled data could differ by 10 or
The model assumes steady state conditions. Dispersion
even 100 times as much due to changes in the wind
is assumed to occur in three directions: downwind
direction, atmospheric stability, emission level, reactivity
(x direction), crosswind (y direction), and vertically
of the pollutant, or the current pollutant phase [11].
(z direction). Sutton [1] developed the following equation:
However, there are also many sources of error that end
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One example of this type of error is created through the
where C( x, y , z ) is the concentration (in
) at a point
relationship between the SO2 and NO2 concentrations and
m3
the sulphur and nitrogen content of the fuel source for the
which is located x meters downwind of the source,
smokestack. Since the fuel source is typically not fully
y meters away from the centerline of the plume and z
heterogeneously mixed, the SO2 and NO2 concentrations
meters above the ground; q is the flow rate of the pollutant,
will vary [7]. The SO2 and NO2 concentrations may also
g
m
); h is
(in ); u is the instantaneous wind velocity (in
be influenced through the various manufacturing
s
s
processes being run [14]. Human error and unpredicted
the height of the source above ground level (in m); and
events are also sources of unknown error.
σ y and σ z are the standard deviations of the
The main corrective solution that is used to minimize
the error is to create adjustments in the model calculations
[13]. By calibrating the model against known results it is
hoped that error may be minimized although some bias is
introduced within the process. One of the possible
workarounds is to use several models with the objective
that some of the error will cancel itself out.

concentration of the yz plane [15]. The horizontal
dispersion parameter σ y is calculated using the power
law [2].

σ y = axb

(2)

where a and b are obtained from the values discerned from
the Pasquill Stability Table as shown in Table 1.
The Pasquill Stability Table was developed as a way to
classify the atmospheric conditions by using a single letter.
These letters range from Extremely Unstable (A) to
Moderately Stable (F) and they are based on many
conditions including: time of day, wind speed, temperature,
and turbulence [2].
The vertical horizontal dispersion parameter, σ z , is
found in a very similar way with the exception of being
more dependent on the downwind distance away from the
source (in the x direction). It is also calculated using a
form of the power law [3].

2. Methodology
This study examines the following air dispersion
models in use today (Gaussian Plume, Variable K Theory,
AFTOX, and Box) and attempts to identify their strengths
and weaknesses. This set of models was chosen for a
multitude of reasons. These four models are most closely
related and share common input parameters. Many of the
meteorological parameters used in the more complex
models were not included with the data sets used, thereby
eliminating them from consideration. Another factor is in
the assumption of steady state conditions.

σ z = cx d

2.1. The Gaussian Plume Model

(3)

where c and d are coefficients based off of the Pasquill
Stability Table as displayed in Table 2.

The Gaussian Plume Model is a mathematical model

Table 1. Coefficients and Exponents for the Horizontal Dispersion Parameter
Stability Category
Stability Parameter
a
b

A
0.5
0.40
0.9

B
1.5
0.32
0.9

C
2.5
0.22
0.9

D
3.5
0.143
0.9

E
4.5
0.102
0.9

F
5.5
0.076
0.9

Table 2. Coefficients and Exponents for the Vertical Dispersion Parameter
Stability Category
Stability Parameter
x(m)<
c
d
x(m)>
c
d

A
0.5
745
0.041
1.315
745
0.002
2.123

B
1.5
745
0.103
1.002
745
0.05
1.10

C
2.5
2000
0.117
0.911
2000
0.44
0.73

D
3.5
1100
0.097
0.841
1100
0.609
0.5808

E
4.5
1400
0.105
0.769
1400
0.878
0.4771

F
5.5
1400
0.061
0.788
1400
0.999
0.4771
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with

2.2. The Variable K Theory Model
The Variable K Theory Model was essentially the
steady state dispersion of a pollutant and was derived from
the equation for the Advection Dispersion model [16]:

α = 6.25(u* / U )2 ,

∂C ∂ 
∂C  ∂ 
∂C  ∂ 
∂C 
=
 +  Kz
 Kx
 +  Ky
 +S (4)
∂x ∂x 
∂x  ∂y 
∂y  ∂z 
∂z 

γ = 1.69(u* / U )2

U

3

where C is the mean concentration (g/ m ), S is the source
term (g/ m3 ), K x , K y , and K z are the eddy diffusion
coefficients in the x, y, and z directions respectively, and
U is the mean wind velocity in the x axis (m/s). The
solution of Eq (4) depends on the values of U, K and S.
Sharan and Yadav [17] found that for optimum
performance the value for U could either be a constant or
determined through a power function of z, while the K
values could either be constant or a function of their
position, and S is based on the position of the source
relative to the coordinate system. For the purpose of this
study, the Variable K Theory model was created and
utilized under the conditions of the Advection Dispersion
equation with U being kept constant at a non-zero value.
The K values originated as linear functions of the
downwind distance based on Taylor’s theory for small
travel times such that [17]:

=
K x α=
U x , K y β=
U y , Kz γU z .

(5)

where α, β, and γ represent the turbulence parameters and
were found to vary with stability [16]. By implementing
these conditions, the fundamental equation is formulated
to [17]:

U

∂C ∂ 
∂C  ∂ 
∂C  ∂ 
∂C 
=  αUx
 +  γ Ux
 +  β Ux
 (6)
∂x ∂x 
∂x  ∂y 
∂y  ∂z 
∂z 

with

α = 6.25(u* / U )2 ,
2

β = 3.61(u* / U ) ,
γ = 1.69(u* / U )2 ,
where U is the mean wind velocity and u* is the friction
velocity (m/s) [17].
The Variable K Theory model was composed from two
special cases of the Advection Dispersion Model. The first
special case required isotropic diffusion and calm conditions
(U=0) [18]. Since the other air dispersion models used in
this work require a wind velocity, the no wind special case
was omitted from the analysis of this study. The second
special case required isotropic diffusion and a wind
m
[18]. The following equation was
velocity of under 2
s
used to calculate the concentration at a given point [16]:

C( x , y , z )
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β = 3.61(u* / U )2 ,
where Q is the pollutant emission rate (g/s), and H was the
effective stack height (m).

2.3. The AFTOX Model
Kunkel [19] created AFTOX stemming off of a project
where he had upgraded and enhanced an older model
called SPILLS. SPILLS was developed by the Shell Oil
Company [20]. The AFTOX model was based on the
Gaussian Puff equation, which was used to determine the
dispersion of a puff of air over time. The Gaussian puff
equation used the scientific law of conservation of matter
during its calculations so it did not apply the principle of
decay or settlement. This often led to the AFTOX model
making higher predictions than other models. To model
steady state pollutant flows, AFTOX assumed there were
four puffs released every minute [19]. Another assumption
made was that the distribution of concentration within the
puff was Gaussian. The Gaussian puff equation is as
follows [21]:
G ( x, y , z , t − t ' )

=

q ( t ')
2π

3/2

σ xσ y σ z
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where G is the concentration of the puff at a given point
(x,y,z) and time (t - t'), q is the rate at which the puff is
released (g/s). The parameters: σ x , σ y , σ z are the
standard deviation of the concentration in the x, y, and z
directions, respectively. The variable t is the total elapsed
time since the pollutant release, and t' is the time of
emission of the puff. Thus t - t' is the time the puff had
travelled since it was emitted [22]. The variable u is
the wind speed at 10 m, and H is the height of the
source (m). It is assumed that σ x = σ y to produce a
circular horizontal puff cross-section [19]. The values of
σ y and σ z are determined through a set of complex
calculations which were discussed in detail by both
Zettlemoyer [20] and Kunkel [21].

2.4. The Box Model
The box model operated on the principle that the
emitted plume from a point source would expand so that it
would fill the entire surface area of a theoretical cube
having a width y and a height z [23]. This required the
calculation of the average concentration of the plume for
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every location downwind. If an amount of pollutant exiting
the box is equal to that entering the box then the box volume
is directly proportional to the wind speed. The equation
for the calculation of the box concentration is [24]:
∂C
= Co yzu + Qa y ∆x − Cyzu
∂t

(9)

where the index k refers to the forecast–observation pairs
and n is the total number of such pairs within the dataset
[28]. The lowest possible value of the Brier score is zero,
and it can only be obtained by a perfect forecast. The Brier
score can be further broken down into three terms:
reliability, resolution, and uncertainty, as shown below [29]:
I

(

)

2

I

(

)

2

(

)

=
b ∑ p ( yi ) yi − oi − ∑ p ( yi ) oi − o + o 1 − o
where Co is the initial concentration entering the box
(13)
=
i 1 =i 1
(g/s), C was the pollutant concentration exiting the box
Reliability
Resolution
Uncertainty
(g/s), u is the instantaneous wind velocity (m/s), ∆x is the
downwind distance away from the source (m), Qa is the
where o = (1/n)Σnk=1 o(k) and is the unconditional mean
plume flow rate inside the box (m^3/s), and y and z are the
frequency of occurrence of the event ε, and i is the number
box width (m) and height (m) respectively. When the case
of discrete categories. The frequency with which forecasts
∂C
of yi were issued is p(yi) [26].
of steady state concentration is considered
becomes
∂t
The reliability term evaluates the statistical accuracy of
zero and Eq. (9) adjusts to [24]:
the forecast. A perfectly reliable forecast is one for
which the observed conditional frequency oi is equal to the
Qa ∆x
forecast probability (or the overall forecasts for y-percent
(10)
=
C Co +
zu
chance of ε, ε occurred in y percent of the times). The
resolution term refers to the distance between the forecast
Williamson [24] discovered there was essentially an
frequency and the unconditional climatological frequency.
inverse relationship between the concentration and both
Forecasts that were always close to the climatological
wind velocity as well as mixing height. That is due to the
frequency exhibited good reliability, because the forecast
ability of both to expand the theoretical box as they increased.
frequency matched the observed frequency [30]. However
Since the air dispersion models are run under steady
these forecasts suffer from poor resolution, because they
state conditions, there are common procedures to test their
are not able to distinguish between different regimes. The
performance, i.e., the Root Mean Square Error and the
uncertainty term is a measure of the variability of the
Brier skill score.
system and is not influenced by the forecast [29].
The purpose of performing the Brier Score calculation
2.5. Performance Evaluation
was to obtain an additional weight for each model to
compensate for the variation of model’s accuracy [30].
After the calculations were performed for all the
For each case study, the event was hereby defined as a
selected models, the final step was to evaluate their
concentration found to be above the threshold level, which
performance. The evaluation for each case study utilized
was set at a fixed level depending on the initial parameters
two popular methods in determining the accuracy of
and the levels mandated by the EPA National Ambient Air
superensemble and its member models: the Root Mean
Quality Standards (NAAQS) for each air pollutant.
Square Error (RMSE) and the Brier Score. The formula to
Each calculated concentration from the model output
calculate RMSE is given below:
was compared to the threshold value to determine whether
an event (concentration value exceeding the threshold
1 n
(11)
RMSE
=
( yi − oi )2
value) had occurred. The observed values were also
∑
n i =1
compared to the threshold to determine if an event
occurred [31]. After this process had been completed, the
where yi is the calculated concentration, oi is the measured
event or non-event result for each model was compared
concentration, and n is the number of points.
with that of the observed. In this study a threshold value
The Brier Score is an effective method of analysing a
of 14.7 ppm was used which was derived from the worst
model’s performance because it is really a probability
case scenario of the maximum one time emission that
forecast. This means that it is subject to being verified
could be allowed. The EPA guidelines allow for an annual
through analysing the joint statistical distribution of
maximum average of 0.53 ppm not to be exceeded [32].
forecasts and observations [25]. A probabilistic forecast is
If there were multiple air pollutant emissions the threshold
one that estimates the probability of occurrence of a
value would be lower.
chosen event ε. One of the most widely used methods for
Because the accuracy of each model had a tendency to
the verification of probability forecasts is the Brier skill
vary, it was then prudent to assign an additional weight
score. A Brier skill score is calculated by first selecting an
based on the probability forecast density. The probability
event ε that either happened at realization k or did not [26].
of an event ε was defined as [29]:
The value of the function was o(k) = 1 if ε occurred, and
N
o(k) = 0 if it did not. This forecast of occurrence with
(14)
P
=
probability was represented as f(k). The Brier score is
∑ wi δ ( Psi )
ε
i =1
defined as [27]:

1
=
b
N

N

∑  f ( k ) − o ( k )

k =1

2

(12)

where δ ( Psi ) =0 if the event did not occur and δ ( Psi ) =1

if the event occurred. Pagowski et al. [33] found that
these new weights also needed to be normalized so the
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total was 1. The weights were calculated during the
calibration period using the following equation [34]:
wi =

cik

N

∑

i =1

(15)

cik

where ci was the sum of the hit rate for predicting the
event occurring and the hit rate for predicting the event
not occurring. The value for k was a fixed constant that
Cane and Milelli [35] found to provide the optimum level
of precision at a value of 3.
The value for ci can be found using the following
equation [36] :
ci
=

α
δ
+
α +γ β +δ

(16)

where α represents the number of events that are both
predicted and observed, β represents the amount of
events that are predicted but not observed, γ is the
number of events observed but not predicted, and δ
represents the number of events that were neither
predicted nor observed.
One of the advantages of this method to define the
weights is that it is event dependent and thus can be better
represent the relative trustworthiness of the different
models with respect to the chosen event [37]. With
either method the weights are subject to variability in
space so the different models may have varying relative
contributions to the total probability depending on the
location of each data point [38].

2.6. Data Collection
The data sets utilized in these experiments originated
from the EPA website. They were located on the
Preferred/Recommended Models web page in the AERMOD
modelling section under the Model Evaluation Databases
[39]. During this study there were data sets available
for 17 locations. Each location was contained within a
downloadable file which encompassed several more files
that included information pertaining to the input data,
initial AERMOD and AERMET settings, buildings or
other obstructions, and observed pollutant concentration
measurements [40]. These initial conditions were used for
each member model calculation. The observed concentration
measurements became utilized in both the superensemble
formation as well as the RMSE calculations.
Generally, there were two main air pollutants which
had concentration data available: NO2 and SO2. Also the
data sets only considered two types of terrain: flat and
mountainous no matter whether downwash conditions
were present [41]. For this research data sets only using
the same pollutant, downwash condition, and type of
terrain were utilized in the same experiment.
In most of the data sets there were three measurement
runs taken at different times within a short interval.
To simulate steady state conditions these values were
combined to obtain a mean concentration value [42]. One
caveat to this process was that on several occasions the
concentration values from one measurement run were
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found to have a significant deviation from the
other measurement runs for that location [43]. When that
occurred, the concentration values from that run were
considered an outlier and rejected so that the mean
concentration calculated would be originated from the
two data sets that were close together [44]. The initial
parameters from the three data sets were also combined
to obtain a mean value. These mean values for both the
initial parameters and measured concentrations for the
data sets were used in the case study. This study
determined the effectiveness of the models in the
prediction of the NO2 emissions.

3. Results and Discussion
This case study looked at the performance of the
member models using two of the data sets available from
the EPA Model Evaluation database. The Westvaco data
set was used for calibrating the models and the Baldwin
data set was used for the evaluation phase.
The Westvaco dataset originates from the Westvaco
Corporation’s pulp and paper mill in Luke, Maryland.
The original goal was to acquire data in a complex terrain
setting. It was located in the Potomac River valley in
western Maryland [45]. Factors that impacted the data
include the location of the facility, topographic features,
and locations of the ambient monitors and on-site
meteorological data towers. A single 185 m stack was
modeled for this evaluation. There were 11 NO2 monitors
surrounding the facility, with eight monitors well above
stack top on the high terrain east and south of the mill at a
distance of 800 - 1500 meters [46]. Two monitors, were
placed at elevations approximately equal to stack top
and were 900 meters NNW and 3300 meters NE,
respectively. One monitor at Bloomington was located
1500 meters northwest at about stack base elevation.
Hourly meteorological data was collected between
December 1980 and November 1991 at three instrumented
towers: the 100-meter Beryl tower in the river valley
about 400 meters southwest of the facility; the 30-meter
Luke Hill tower on a ridge 900 meters north-northwest of
the facility; and the 100-meter Met tower 900 meters
east-southeast of the facility on a ridge across the river
[45].
The Baldwin data set originates from the evaluation of
the Baldwin Power Plant
Which resides in a flat terrain setting of southwestern
Illinois. The terrain was found to slope gradually upward
on the east side of the facility. Three 250 meter stacks
have an alignment that is approximately north-south with
a horizontal spacing of about 100 meters between them
[46]. Building widths and heights were included in their
evaluation. Although the stacks were found to be slightly
less than the Good Engineering Practice height, there was
sufficient momentum rise present to avoid building
downwash effects under most meteorological conditions
[46]. There were 10 NO2 monitors surrounding the facility
ranging in distance from two to ten kilometers. On-site
meteorological data from the Baldwin field study covered
the period from April 1, 1982 through
March 31, 1983 and consisted of hourly wind speed,
wind direction, and temperature measurements taken at10
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meters and hourly wind speed and wind direction at 100
meters [45]. Both the National Weather Service upper air
soundings and hourly surface observations were included
by EPA.
The initial parameters required for the operation of each
model were obtained from the initial conditions given in
each data set. These initial values are given in Table 3.
The NO2 concentration data that had been collected from
both the Westvaco and Baldwin sites was organized into
three separate files, which contained the concentration
measurements WVA01, WVA03, and WVA24 and BAL01,
BAL03, and BAL24 originating from slightly different
time periods. The concentration profiles of the three
Westvaco measurement runs are given in Figure 1 and the
three Baldwin measurement runs in Figure 2. The data
from all three Westvaco measurement runs as well as their
initial conditions were then averaged into a single data set
to simulate an air pollution concentration profile under
steady state conditions. However in the Baldwin

measurement runs, the data from the BAL01 run was
significantly different from the other two and was treated
as an outlier. This means that only two measurement runs
and their initial conditions were averaged to simulate a
single collection under steady state conditions.
The initial conditions of each separate time period are
given in Table 3. Some of the initial parameters such as
stack height and diameter had values that stayed constant
throughout. Other parameters such as wind velocity and
exit temperature had slight variations. One additional
point of reference is the changing of the concentration
from the given model unit (g/m3) to (ppm). The
conversion factor is 1:1 and the latter provides a more
asthenic appearance in the upcoming figures and tables.
The models were calibrated using the Westvaco dataset
to produce calculations that were as close to the measured
values as possible and are shown in Figure 3. The
calibrated models were then used to predict the NO2
concentration at the Baldwin location.

Figure 1. NO2 concentration the profile for Westvaco location

Figure 2. NO2 concentration profile for the Baldwin location

Table 3. Initial Parameters for Model Calculations
Parameter
3

WVA01

WVA03

WVA24

Mean WVA

BAL01

BAL03

BAL24

Mean BAL

Emission Rate of Pollutant

(g/m )

10365

10550

9300

10070

24650

26340

21590

24190

Wind Velocity

(m/s)

3.67

4.88

3.94

4.15

2.04

1.52

2.35

1.97

Stack Height

(m)

184.8

184.8

184.8

184.8

252.2

252.2

252.2

252.2

Stack Diameter

(m)

5.94

5.94

5.94

5.94

3.38

3.38

3.38

3.38

Stack Gas Exit Temperature

(◦K)

425

421

373

406

452

391

440

427

Ambient Temperature

(◦K)

271

272

275

273

284

281

279

282

Exit Velocity

(m/s)

28.9

31.7

37.6

32.7

51.2

57.8

42.7

46.0

Stability Category

F

F

F

F

F

F

F

F

Date

1/24/83

1/24/83

1/24/83

1/24/83

5/8/91

5/8/91

5/9/91

5/8/91

Time

10:15

13:45

16:35

13:30

17:35

19:05

08:20

19:00
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Figure 3. Calibrated NO2 concentration profile for the Westvaco location

Figure 4a. Measured NO2 concentration profile for the Baldwin location

Figure 4b. NO2 concentration profile for the Baldwin location calculated
by the Gaussian Plume Model

8
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The measured concentration of NO2 is shown in
Figure 4a. There are measurements taken in the crosswind
(y) direction for a maximum distance of 5m away from the
centerline. This would factor in for the calculated
concentration values for each model which are shown in
Figure 4b, Figure 4c, Figure 4d, and Figure 4e. From
Figure 4d it can be seen that the AFTOX model has both
higher sloping rates and a higher peak that the other
models. The Gaussian Plume model also started producing
a reduction of accuracy at the crosswind distance
increased due to the Pasquill Stability Parameters only
being applicable in the downwind direction.

Figure 4e. NO2 concentration profile for the Baldwin location calculated
by the Box Model

Figure 4c. NO2 concentration profile for the Baldwin location calculated
by the Variable K Model

Figure 4d. NO2 concentration profile for the Baldwin location calculated
by the AFTOX Model

Since Turner and Shulze [8] found the concentration is
typically the highest at the centerline, this study concentrated
its focus in that region. Figure 5a and Figure 5b display
the centerline profile of the calculated concentrations from
the models as well as the NO2 concentrations that had
been previously measured. The models are shown in two
sets of graphs to give a clear and easy to understand
picture of what is transpiring along the concentration run.
Figure 5 displays the output of all the models in the same
graph. It is apparent from these graphs that the Variable K
Theory and the Gaussian Plume models are prone to
under-prediction while the Box model had a tendency to
over-predict the measured values.

Figure 5a. Calculated NO2 concentration profile at the Baldwin location
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from poor performance in the first moments of pollutant
release up until the peak concentration was reached. The
Box model has a tendency to engage in the highest
amounts of over-prediction in the moments after the peak
concentration was reached which increased the mean
RMSE.

Figure 5b. Calculated NO2 concentration profile at the Baldwin location

Figure 6a. Calculated RMSE profile for the NO2 concentration at the
Baldwin location

Figure 5c. Calculated NO2 concentration profile at the Baldwin location

Once the calculated concentrations were obtained from
each model, they could be compared to the known
measured values. Figures 6a and 6b show the calculated
centerline RMSE for each model. The highest RMSE for
each model tends to be near the peak. This is to be
expected as the peak is the portion of the concentration
run with the greatest potential for variance. The average
RMSE for the downwind run was calculated and is shown
in Table 4. While there were specific data points where
each model had the lowest RMSE, the overall goal was to
find the model with the highest consistency. Both the
Gaussian Plume and Variable K Theory model produced
lowest errors at just over an average of 24 ppm. There
were several factors that play a part in the reduced
accuracy of the other models. The AFTOX model suffers

Figure 6b. Calculated RMSE profile for the NO2 concentration at the
Baldwin location
Table 4. Mean RMSE Values for Baldwin Location
Model

Mean RMSE (ppm)

Variable K

24.47

Gaussian Plume

24.62

AFTOX

33.54

Box

42.89
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In addition to the RMSE, the Brier Score is also
calculated for each model and is displayed in Table 5.
Table 5. Calculated Brier Scores for Baldwin location
Variable K

Gaussian Plume

AFTOX

Box

α

779

768

981

1035

β

0

0

147

876

γ

297

308

95

41

δ

1052

1052

905

176

c (Hit Rate)

1.78

1.77

1.77

1.35

Normalized weight

0.22

0.21

0.22

0.10

Probability

0.36

0.36

0.53

0.89

Brier Score

0.63

0.58

0.67

0.81

The first four lines of Table 5 provide a snapshot of the
performance of the member models. The hit rate,
normalized weight, and probability all factored into the
Brier Score calculation. α represents the number of
calculated and measured observations that are both above
the threshold value. β shows the number of observations
where the measured value is below the threshold value
while the calculated value obtained is above the threshold
value. This is generally known as a false positive. γ shows
the number of observations where the measured value is
above the threshold value while the calculated value
obtained is below the threshold value. This is generally
known as a false negative. δ shows the number of
calculated and measured observations that are both below
the threshold value. By comparing the total sums for each
model of α and β with those found in γ and δ, it was found
in this instance that the Variable K and the Gaussian
Plume have a tendency to slightly under predict while the
AFTOX and Box models have a significant bias towards
over predicting. This is expressed in the calculated
probability value for each model. The Box model ended
up generating a large amount of false positive readings
which led to the high Brier score. The most precise model
was found to be the Gaussian Plume one, which benefitted
from both a high hit rate and lowest probability to
generate a 8.9% reduction from the next most precise
model (Variable K).

4. Conclusion
There are two main findings of this research. The first
one being that the results showed that both the RMSE and
the Brier score are both capable tools for evaluation of
model performance. The second finding was that the mean
RMSE showed that the Gaussian Plume model was the
best performer by 6.1% and the Brier score calculated that
the Variable K model was optimal by 8.9%. However, a
difference between the two models of less than 10%
would be considered very small in most instances. The
Box model was calculated by both RMSE and the Brier
score to be the worst by a large margin. Overall in this
study both RMSE and Brier score proved to be adequate
indicators of model performance. In most instances it
would be recommended to apply either the Gaussian
Plume or Variable K model for concentration prediction.

4.1. Future Research
There are some drawbacks for both RMSE and the
Brier score that need further study. One of the issues with
using RMSE is the variability of the error calculations as
one travels away from the source. One model may have
the lowest error at one distance and then have one of the
highest values further downwind. This can be mitigated
somewhat by using the mean RMSE which can give a
close approximation of accuracy. However, there is a risk
of applying the model with the lowest mean RMSE and it
having one of the large amounts of error at the point of
measurement.
The Brier score is dependent on the threshold concentration
being exceeded to trigger an event. Thus, it is only able to
determine accuracy around the threshold concentration
level. It fails to factor in accuracy at those concentration
levels either above or below the threshold. The Brier score
operates on the assumption that the difference in the
number of events will lead to a better prediction of the
accuracy. This all leads to further study into the setting of
the threshold level and having multiple threshold levels.
Other air dispersion models as well as other methods of
error evaluation will be applied and evaluated in further
research studies. Another point of exploration will be in
the grouping of several air models into an ensemble which
could theoretically limit the amount of error through averaging.
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