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Abstract. Air pollutants emission from various source categories can be quantified through mass balance (receptor model) techniques, multivariate data analysis
and dispersion model. The composition of particulate matter from various emission
points (emission inventory) and the massive analysis of the composition in the collected samples from various locations (receptor) are used to estimate quantitative
source contribution through receptor models. In dispersion model, on the other hand
the emission rates (µg/m3 ) from various sources together with particle size, stack
height, topography, meteorological conditions (temperature, humidity, wind speed
and directions, etc.) will affect the pollutant concentration at a point or in a region.
The parameters used in dispersion model are not considering in receptor models but
have been affecting indirectly as difference concentration at various receptor locations. These differences are attributed and possible erroneous results can be viewed
through coupled receptor-dispersion model analysis. The current research work proposed a coupled receptor-dispersion model to reduce the difference between predicted
concentrations through optimized wind velocity used in dispersion model. The converged wind velocities for various error percentages (10%, 40%, 60% and 80%) in
receptor concentration have been obtained with corresponding increase in the error.
The proposed combined approaches help to reconcile the differences arise when the
two models used in an individual mode.
Keywords. Receptor model; dispersion model; wind velocity; optimization;
coupled model.
1. Introduction
The classical approaches of dispersion model (Qian & Venkatram 2001; Holmes & Morawska
2006) and receptor model (Harrison et al 1997; Guo et al 2009) have been widely used in the
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area of atmospheric science to predict the extent of pollution. These two approaches have been
used independently in the past. Dispersion models are used to predict concentrations at point in
the downwind direction by using various meteorological parameters. The various forms of dispersion model have been used to determine concentrations from point sources (Barrett & Britter
2008), line sources (Held et al 2003; Barrett & Britter 2009), and area sources (Barrett & Britter
2009) prevailing in a region. A combined approach of these two models can be seen to refine the
results obtained from the individual model prediction (Haupt 2005; Selvaraju & Pushpavanam
2010). The dispersion of pollutants can be influenced by the meteorological parameters of which
wind speed and direction plays major role in convection (Hossain & Easa 2012).
Different agencies analyzed and compared the effect of the three-dimensional (3D) building
geometries in urban wind flow and dispersion models using Lagrangian dispersion models such
as Quick Urban and Industrial Complex (QUIC), 3-Dimensional Wind Field (3DWF), and
the urban Lagrangian model and Microswift/Spray (MSS). The wind fields and tracer contour
patterns were agreed in good with wind speed near the surface mean model biases were less
than about 20% and RMS errors are about 1–2 m/s (Hanna et al 2011). To overcome the implicit
restrictions in the Gaussian plume model approximate values can use in puff emission series
through varying wind speed (Holmes & Morawska 2006) The use of observed cross-wind integrated concentrations produces more accurate in identification of source emission that the use of
observed point concentrations, but the uncertainty can be high about a factor of two (Hanna et al
1990). The dispersion model’s ability has to be checked using ensemble inputs to predict probability distributions measures. The dispersion model has been used with the atmospheric dynamic
model by including the variability in the individual wind fields, to generate dosage probabilities
(Warner et al 2002). In dispersion the convection diffusion equation taking into account due to
turbulence in terms of a dispersion coefficient (Selvaraju & Pushpavanam 2010). Dust emission
was simulated using Lagrangian Dust Model (LDM) and compared the source–receptor to establish the relationships with the simulated dust concentration. The model accuracy and uncertainty
were evaluated by Eulerian model and statistical approach (Kim & Lee 2012).
A comparison between advection-diffusion and Gaussian plume model to predict dispersion
in low wind speed can reduce the over estimation of concentration at surface release. The
correlation coefficient between predicted and observed concentration has been observed high
for numerical model than Gaussian plume model by AERMOD due to the variation in the
wind speed and other model parameters (Qian & Venkatram 2001). A better ground level concentration was observed when the vertical cross wind integrated concentration modelled with
lognormal distribution as part of comparison between simplified convective dispersion model
and AERMOD to study the pollutant transport in the atmosphere from stack emission (Stull &
Ainslie 2006).
Pollution levels at a point to due to different sources can attribute through receptor modeling
techniques such as chemical mass balance (CMB) (Harrison et al 1997; Fraser et al 2003; Begum
et al 2004; Chowdhury et al 2007; Guo et al 2009), which can demonstrate the contribution of
each source at the receptor location (Pant & Harrison 2012; Belis et al 2013). The steps in receptor model include analyze the composition of particulate matter and use the source profiles of
each source through emission inventory to estimate quantitative source contributions (Larsen &
Baker 2003; Lai et al 2005; Song et al 2006). The chemical mass balance approach needs knowledge of possible sources in a region which can contribute to pollution levels and their source
profiles (Tsai & Chen 2006; Selvaraju et al 2013). Obtaining accurate source profiles along with
receptor concentrations is a limitation of this approach (Vinod et al 2001; Holmes & Morawska
2006; Stone et al 2010). Atmospheric conditions can influence the concentration of the species
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at the receptor location, which is not playing directly in a receptor model. In dispersion modeling pollutant concentrations are estimated together with meteorological conditions and can be
used the source contributions results at a point (Receptor). Wind velocity is a parameter in the
dispersion equation and which depends on the various atmospheric stability criteria (Seinfeld &
Pandis 2006).
In this study, coupled receptor-dispersion model approach uses the information of emission
inventory estimates as well as receptor concentrations to arrive at a more accurate value of wind
velocity at a point or in a region. Also there will be a probability of significant differences
between the model prediction and experimentally measured velocities. In addition the meteorological conditions measured at a point may not be representative of that prevailing in a region
and this can result in erroneous predictions of the contributions of various sources. In the context of using coupled receptor dispersion model, Haupt (2005) proposed an approach based on
genetic algorithms to overcome the limitations of the individual approaches and combine their
benefits.

2. Materials and methods
The dispersion model states that the contribution of k th source (Sk ) to a receptor is the product
of an emissions rate, Ek , and a dispersion factor, Dk , so that,
Sk = Dk· × Ek ,

(1)

where Ek and Dk have non-linear expressions which include the meteorological parameters to
calculate the concentration. Based on the geometric form of the emission source, dispersion formulae have been classified as point, line, and area sources models. Dispersion factor for a given
source geometry along with known meteorological parameters such as wind speed, direction and
atmospheric stability is the goal of air quality meteorology (Henry et al 1984).
The concentration of the pollutants from different sources can be obtained from dispersion
model, which represents the source contributions at that point. The contributions can also be
estimated via a receptor model from a speciation analysis of samples of particulate matter (PM)
collected (Hossain & Easa 2012). In the current study, chemical mass balance receptor model
was used to estimate the source contribution, which requires source profile (source composition)
data of plausible sources. The parameter ‘wind velocity’, in dispersion model has been optimized
to get the concentration of the pollutant at the receptor equal to the receptor concentration data,
which is the input of receptor model. The predictions using the two different methods can then
be reconciled to accurately determine the wind velocity. The wind velocities predicted by the
dispersion model are often found to be significantly different from those measured during the
meteorological data collection. The proposed combined approach will reduce the concentration
difference considering the information from the receptor and dispersion model approach. The
algorithm demonstrated for distinct source profile contains five point sources and a receptor
shown in figure 1.
Possible objective functions have been proposed to minimize error in the receptor concentrations predicted by the dispersion model, which is influenced by wind velocity and the
experimentally measured concentrations (at receptor) for receptor model. The wind velocity at
different source locations ‘U ’ has been calculated, which minimize the difference between the
experimental values of the receptor concentrations ‘R’ and that predicted from dispersion model.
The first choice of objective function (J1 ) was to calculate the wind velocity ‘U ’, such that
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Figure 1. Location of five distinct point sources (S1, S2, S3, S4 and S5) relative to receptor location and
wind direction.

the source contributions from dispersion model have to be in good agreement with that of the
chemical mass balance receptor model, expressed in the following equation.


(2)
Minimize U, J1 = S(U )(Dis) − SCMB  .

When the objective function contains the details of only the deviations in the predicted or
experimental receptor concentrations or source contributions the optimization scheme may converge to different solutions depending on the initial guess. This can occur for instance, since
the dependency on the wind velocity is linear. To attain a physically realistic solution the deviation of the velocity from the inventory estimates (location) is included in the objective function.
This can lead to a unique confident solution to the optimization problem. The above objective
function has been modified and expressed in the following equation.


Minimize U, J2 = U − Uest  + S(U)(Dis) − SCMB  .
(3)

Here S(U )Dis and SCMB represent the source contribution from dispersion model (obtained
through converged wind velocity as a parameter) and receptor model. The flow chart of the
algorithm using the objective function ‘J2 ’ has been given in figure 2.
2.1 Validation of the algorithm for distinct source profile
The major assumption in the model was in the sense that all the five sources have unique or
distinct source profiles (source composition). The current work illustrates the situation where all
the emissions come from point sources were considered. The locations of these point sources
were assumed to be known, as the wind conditions and other meteorological parameters. The
concentration of pollutant at a point (x, y, z) from a simple Gaussian plume model (Eq. 4) can
be determined (Ghenai & Lin 2009).
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where ‘Q’ is the emission rate (kg/s) from the point source, and ‘U ’ is the mean wind
velocity (m/s) at the point source. Here the downwind (x) and cross wind (y) distances are
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Figure 2. Validation of the proposed approach for source contribution using the objective function, J2 .

measured using Eq. 5a and Eq. 5b. ‘hR ’ and ‘hS ’ are the height (m) of the receptor and stack
respectively.
x = (x (r) − x (s))Sin (wd)
(5a)
y = (y (r) − y (s)) Cos (wd) ,

(5b)

where ‘wd’ is the wind direction, (r, s) is the coordinates of the location of respective point
source.
The standard deviation in the horizontal direction has been calculated by the empirical
correlation (Ghenai & Lin 2009) as follows,
σy = 465.11628 (x) tan(T H )

(6a)

T H = 0.017453293 [c − d ln (x)] .

(6b)
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The standard deviation in the vertical direction has been obtained through the following
empirical correlation,
σz = ax b .
(7)
The parameters chosen for the evaluation of σy , σz are a = 61.141, b = 0.9146, c = 12.5 and
d = 1.0857.
Equation 4 illustrates the contributions of various sources and validation the methodology was
illustrated for an ideal case. It was assumed that the source profile and wind velocities at the various source locations are known. The source contribution obtained (SCMB ) from chemical mass
balance (CMB) has been used to solve the objective function ‘J2 ’. Alternatively the experimental data were used to recover the source contributions compared. To illustrate the algorithm a
straight forward approach was used and assumed that there is no uncertainty in the source profiles or in the experimental data set. The foundation of all receptor-based models for particle
source assignment is a simple mass conservation argument. If a number of sources, ‘K’, exists,
and if there is no reaction between the emitted pollutants that causes mass removal or formation, the total airborne particulate mass measured at the receptor, C, will be a linear sum of the
contributions of the individual sources Sk .
K

(8)

Sk .

C=
k=1

Similarly, the mass concentration of i th species, Ci , will be
K

aik Sk ,

Ci =

(9)

k=1

where aik is the mass fraction of i th species from j th source commonly known as the source
profile or source signature. In general, Eq. 9 can be expressed as follows,
SCMB = P T P

−1

P T R,

(10)

where P = Source profile (source composition, µg/µg)
R = Experimental concentration (µg/m3 )
SCMB = Source contribution from chemical mass balance (CMB)
The algorithm demonstrated for distinct source profile contains five point sources and a receptor shown in figure 1. The location of these five point sources [S1, S2, S3, S4 and S5] has been
considered in the coordinates (1, −2), (0, 0), (1, 0), (0, 1) and (1, 2) respectively. Calculated
wind velocities can be obtained through primary wind velocities (Uest ), which serve as the initial guess in the algorithm. The base value or initial guess of 0.1, 0.3, 0.5, 0.7 and 0.9 has been
respectively used to start the algorithm. The direction of the wind has been considered as 45◦ NE
quarter of the receptor location (−2, −2). The performance of objective function J2 was analyzed for the above mentioned conditions. An initial guess of the wind velocities was assumed to
start the algorithm. The optimization subroutine ‘fminsearch’ in MATLAB (R2008a) has been
used to carry out the multivariable optimization scheme. To avoid the possibility of multiple
solutions, U − Uest term included in the objective function ‘J2 ’ as explained earlier.
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Table 1. Error in Receptor concentration (R) in distinct Source profile for objective function, J2 .
Variation in R (%)
±0
±10
±40
±60
±80

U converged

Error U

0.2000,0.4000,0.6000,0.8000,1.0000
0.2045, 0.4002,0.6000,0.8101,1.0335
0.1842,0.3286,0.6456,0.7553,0.9185
0.2251,0.3546,0.5701,0.8047,0.8861
0.1355,0.3088,0.2849,0.6254,1.0051

0.0000
0.1285
0.1994
0.1564
0.2724

U base value = [0.1, 0.3, 0.5, 0.7, 0.9].
U estimate= [0.2, 0.4, 0.6, 0.8, 1.0].

3. Results and discussions
The converged values of the wind velocity at five different locations with corresponding error
variations in the receptor concentration have been given in table 1. It was observed that the error
in receptor concentration variation increases, the error in the converged wind velocity at the five
different locations also increased. The distinct source profile-receptor concentration error due to
20% and 80% variations in the wind velocities at five different locations for ten day analysis are
shown in figure 3 and figure 4 respectively. It was observed that the deviation between the actual
and average wind speed at different locations was very less except at the location 2 for 20%
error in the wind speed. In figure 4 it was observed that the source profile-receptor concentration
error increased as variation in wind velocity increased to 80%. It was observed that the algorithm
converge with the wind velocity used for generating the synthetic data set for different selection
of initial guess ‘U ’.
The emission rate (Q) from a point source can be estimated and controlled in precise manner using the coupled-receptor dispersion model approach (Selvaraju & Pushpavanam 2010),
since both models predict the source contribution values at the receptor location (R). The difference in the sense that dispersion model required the pollutant (Species) emission rate (Q, kg/s),

Figure 3. Distinct Source profile-receptor concentration-Error various U± 20%.
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Figure 4. Distinct Source profile-receptor concentration-Error various U±80%.

source height (hS ), receptor height (hR ), downwind distance (x), crosswind distance (y), vertical height (z), wind velocity (u) and wind direction (wd). Receptor model required the source
profile (source signature), the receptor concentration data and their corresponding uncertainties
(error in the measurement) to estimate the source contribution at the receptor location (R) (Belis
et al 2013).

4. Conclusions
In the current research work the information of wind velocity as well as receptor concentrations
to achieve more accurate value of wind velocities through coupled receptor dispersion model has
been discussed. Wind speed and direction contribute to pollution dispersion and which reflect
the stability levels in the atmosphere. The possible objective functions were developed based on
source contribution from receptor and dispersion models have been evaluated for only distinct
source profiles case. Variation in the receptor concentrations leads the converged values of wind
velocities with slight variations at the five locations and the corresponding error was increased.
For example 10% and 80% error in R leads to the converged wind speed with error 0.1285
and 0.2724 respectively. The algorithm proposed helps to reconcile the differences between the
predictions of the dispersion model and receptor model approaches. To resolve the mis-match in
the results of receptor and dispersion model approach under steady state conditions and stability
problems, the wind velocities are revised. It can be extended to cases where errors present in
other variables such as other meteorological conditions. The methodology proposed here has
been demonstrated on a synthetic data set. The first half of this work is based on assuming that the
models and the data are perfect and uses a model-to-model comparison to illustrate the concept.
It was then extended to the case when artificial errors were introduced to mimic measured data.
The proposed approach can be effectively used for data obtained from a field study to find exact
wind velocity for the stability of atmosphere.
Various meteorological parameters can be predicted accurately once the previous data available as input parameters to dispersion model, which will generate the receptor concentration
and estimate the source contribution from theory behind the receptor model (CMB). Hence
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various possible errors in the newly generated parameter cause corresponding change the receptor concentration, which effectively influence in the SCMB . So the newly proposed coupled
receptor dispersion model provided accurate estimation of the wind velocity (dispersion model
parameter) at the point source.
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