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Abstract: The accurate prediction of air contaminant dispersion is essential to air quality monitoring
and the emergency management of contaminant gas leakage incidents in chemical industry parks.
Conventional atmospheric dispersion models can seldom give accurate predictions due to inaccurate
input parameters. In order to improve the prediction accuracy of dispersion models, two data
assimilation methods (i.e., the typical particle filter & the combination of a particle filter and
expectation-maximization algorithm) are proposed to assimilate the virtual Unmanned Aerial Vehicle
(UAV) observations with measurement error into the atmospheric dispersion model. Two emission
cases with different dimensions of state parameters are considered. To test the performances of
the proposed methods, two numerical experiments corresponding to the two emission cases are
designed and implemented. The results show that the particle filter can effectively estimate the model
parameters and improve the accuracy of model predictions when the dimension of state parameters
is relatively low. In contrast, when the dimension of state parameters becomes higher, the method
of particle filter combining the expectation-maximization algorithm performs better in terms of
the parameter estimation accuracy. Therefore, the proposed data assimilation methods are able to
effectively support air quality monitoring and emergency management in chemical industry parks.

Keywords: air contaminant dispersion; data assimilation; particle filter; expectation-maximization
algorithm

1. Introduction

Air contaminant emissions and contaminant gas leakage incidents in chemical industry parks
are significant events, which can pose a potential threat to public health. Therefore, understanding
the dispersion of air contaminants is essential to air quality monitoring and emergency responses
to gas leakage incidents. Most conventional methods of predicting atmospheric dispersion rely on
the atmospheric dispersion models (e.g., the Gaussian models and Lagrangian models) with some
given input model parameters. However, due to the dynamic and stochastic nature of atmospheric
dispersion, it is impractical to measure these model parameters precisely, especially the meteorological
data (e.g., the wind field). Further, the source term (i.e., source location and release rate) is often
unknown. These inaccurate or unknown parameters result in the inaccurate model prediction of air
contaminant dispersion.

Data assimilation (DA) provides an approach of dynamically estimating model parameters and
effectively improving the accuracy of model predictions. This approach assimilates the observations
into the model to produce a time sequence of estimates of system states [1]. In order to deal with the
imperfect model parameters, the data assimilation tries to find the solutions of parameter estimations
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by minimizing the errors between the real system and the models [2]. With the model parameters
adjusted, the accuracy of the model prediction is consequently improved. Therefore, data assimilation
has been widely used in various fields, especially in numerical weather forecasting, meteorological
pre-processing, and wild fire spreading [2,3], which all demand the high accuracy of prediction.
Common methods of data assimilation include the variational approach [4], Kalman filter [5] and
its variants (e.g., extended Kalman filter [6] and Ensemble Kalman filter [7]), and particle filter [8,9].
Among these methods, particle filter is one of the most suitable approaches for highly nonlinear and
non-Gaussian models. Using a series of weighted random sampling particles to approximate the
posterior probability density function of the system state, particle filter is able to estimate arbitrary
probability densities with few assumption constraints. Therefore, particle filter is applied as the
data assimilation method in the air contaminant dispersion in this paper. As for the air contaminant
emission, we focus on two cases in the chemical plants. One is the daily emission occurring every day,
in which the source term is known in advance because the emission is under the control of the chemical
plant. The other one is the contaminant gas leakage incident, in which the release rate is hard to
measure for the sake of safety. Additionally, the variation in the release rate also increases the difficulty
of measuring the source term. In the contaminant gas leakage incident, with the release rate to be
estimated, the accuracy of particle filter might decrease due to the higher dimension of the state vector.
To deal with this problem, the particle filter is combined with the expectation-maximization (EM)
algorithm [10]. The EM algorithm is a parameter estimation method for the incomplete-data problem,
which divides the estimation of complex parameters into iterations with two steps (i.e., the Expectation
Step (E-step) and the Maximization Step (M-step)). Further, the EM algorithm is applied to improve
the performance of parameter estimations [11] in some fields, such as in target tracking [12].

Data assimilation needs the observed data of air contaminants. In chemical industry parks, the
conventional way of obtaining these observations mainly depends on the static ground monitoring
station. Although the station has a high detecting accuracy, its fixed location limits the area of data
collection, especially when the station is located in the upwind of the emission source. Fortunately,
the emergence of Unmanned Aerial Vehicles (UAV) has initialed a revolution in this research. Providing
flexible mobility in space, the UAV becomes an efficient tool of data collection in atmospheric
environment monitoring. Yang and Huang [13] utilized a sensory system based on an unmanned
helicopter to monitor the SO2, NO, and CO in a chemical industry park. The UAV has also been used
in the source term estimation and boundary tracking of atmospheric dispersion [14,15].

In this paper, the Gaussian plume model is applied to describe the air contaminant dispersion.
In order to improve the accuracy of model predictions, data assimilation based on particle filter is
utilized to assimilate the observations into the atmospheric dispersion model in the two emission
cases. The observation is collected by the virtual UAV in numerical experiments instead of the field
experiment. In the first case, four coefficients of dispersion in the Gaussian plume model are selected
as the state parameters to be estimated. In the second case, the release rate is added into the state
parameters. Further, to deal with the high dimension of state parameters in the second case, the particle
filter is combined with the EM algorithm. The performances of particle filter and the method of particle
filter combining the EM algorithm are tested by two numerical experiments. This paper is the starting
point of the work of data assimilation in air contaminant dispersion because the Gaussian plume model
and virtual observations used in this paper are different from the real situation. The rest of this paper
is organized as follows. Section 2 introduces the atmospheric dispersion model and data assimilation
methods using typical particle filter and particle filter combining the EM algorithm. Section 3 describes
the numerical experiments. An analysis of the results is given in Section 4. Discussions and conclusions
are made in Sections 5 and 6, respectively.
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2. Model and Methods

2.1. Atmospheric Dispersion Model

The modeling of air contaminant dispersion is the basis of the dispersion prediction. The Gaussian
models are widely used in atmospheric dispersion. Requiring only a few input parameters, Gaussian
models are simpler compared to some complex models like the Lagrangian model. Further, the results
of Gaussian models are trustworthy for near-field dispersion cases. Consequently, the Gaussian models
are suitable for the modeling of air contaminant dispersion in data assimilation, which requires fast
computing of the dispersion model. In this paper, the Gaussian plume model is applied to model the
continuous release of the point source in the chemical industry park. In this model, the air contaminant
concentration of a given point (x, y, z) is expressed as follows:

C(x, y, z) =
q

2πuσyσz
e
− y2

2σy2
(e
− (z−He)2

2σz2 + e
− (z+He)2

2σz2 ) (1)

where x, y, and z are the coordinates of downwind, crosswind, and vertical directions, respectively.
Parameter of u is the wind velocity. He and q represent the effective height and release rate of the
source, respectively. The effective height of the source (He) is calculated by: He = H + ∆h, where H
and ∆h represent the physical height of the source and the height of plume rise. The plume rise height
(∆h) is calculated by the formula in CALPUFF [16]. The plume rise due to buoyancy and momentum
during neutral or unstable conditions is:

∆h = (
3Fmd
β2

j u2
s
+

3Fd2

2β2
1u3

s
)

1/3

(2)

where Fm is the momentum flux (m4/s2), F is the buoyancy flux (m4/s3), us is the source height wind
speed (m/s), d is the downwind distance (m), βl is the neutral entrainment parameter, βj is the jet
entrainment coefficient (βj = 1/3 + us/w), and w is the source gas exit speed (m/s). In addition,
considering the deposition velocity Vd, Equation (1) is rewritten as:

C(x, y, z) =
q

2πuσyσz
e
− y2

2σy2
(e
− (z−He+Vdx/u)2

2σz2 + e
− (z+He−Vdx/u)2

2σz2 ) (3)

In the Gaussian plume model, the air contaminant concentration in axis y and z is considered
to follow the Gaussian distribution. Therefore, the key parameters of the model are σy and σz,
which represent the standard deviations that describe the crosswind and vertical mixing of air
contaminants. The standard deviations can be described by empirical formulas:

σy = axb (m) (4)

σz = cxd (m) (5)

where x represents the downwind distance. The parameters of a, b, c, and d are dispersion coefficients
closely related to the environmental conditions, such as atmospheric stability and terrain. Several
derivations of these dispersion coefficients exist where a popular approach is based on the Pasquill’s
atmospheric stability class [17]. The empirical formulas of σy and σz illustrate that the standard
deviations increase with the downwind distance. The Gaussian plume model can be applied to model
the continuous release of the point source in the chemical industry park. However, relying solely on
this model may fail to make an accurate prediction, since these model parameters usually vary with
the environmental conditions and are hard to measure precisely. For example, we can only obtain
their empirical values of the four dispersion coefficients, but no accurate value is available. There is
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currently no perfect formula to calculate these coefficients from the atmospheric stability. As for the
wind field parameters (i.e., wind direction and velocity), they are also difficult to precisely measure.
Further, the release rate q is usually unknown during the contaminant gas leakage incident. Without
accurate parameters in the conventional modeling of atmospheric dispersion, it is a common practice
to bring imperfect estimations of these parameters into the model for calculation, which inevitably
introduces errors into the model prediction. Thus, there is an urgent need to dynamically estimate
these parameters to improve the accuracy of the model prediction.

2.2. Data Assimilation Using Particle Filter

For the modeling of air contaminant dispersion, in order to diminish the errors of input parameters
and produce an accurate prediction, a data assimilation model based on particle filter is developed.
Particle filter, also called the Sequential Monte Carlo (SMC) method, is a sample-based method that
uses Bayesian inference and stochastic sampling techniques to recursively estimate the state of the
dynamic system from some given observations. The core idea of particle filter is using a series of
weighted random sampling particles to approximate the posterior probability density function of
the system state. A typical particle filter algorithm includes four steps (i.e., initialization, importance
sampling, weight update, and resample) and goes through multiple iterations. In order to apply
particle filter to the Gaussian plume model, the state space model of atmospheric dispersion needs
to be developed. Usually, a dynamic system can be described and formulated as a discrete state
space model:

st+1 = f(st, t) + γ(t) (6)

mt = g(st, t) +ω(t) (7)

where (6) and (7) represent the system state transition model and measurement model, respectively.
st and mt are system state variables and measurement variables at time step t, respectively. The function
f describes the transition of the system states with time. The function g defines the relationship between
state variables and measurement variables. The parameters of γ andω are two independent random
variables representing the state noise and the measurement noise, respectively.

The state transition model is based on the state parameters. Therefore, the selection of the state
parameters is key to the construction of the state transition model. For the Gaussian plume model,
there are several choices of state parameters. One of the common practices is dividing the area of
dispersion into numerous grids and choosing the concentrations by grid as the state parameters.
This choice directly describes the atmospheric dispersion. However, the vast region of the chemical
industry park means a high dimension of the state parameters, which results in a high computation
cost. In this paper, the dispersion coefficients a, b, c, and d in (4) and (5), as well as the release
rate q, are selected as the state parameters in the second case, while the state parameters in the first
case only include four dispersion coefficients. Selected as the state parameters, the four dispersion
coefficients play important roles in the Gaussian plume model. The standard deviations σy and σz,
which are derived from the four dispersion coefficients, describe the crosswind and vertical mixing of
air contaminants. Further, correlated closely with various environmental conditions, these coefficients
are hard to measure precisely. As for the release rate, it is difficult to identify for the sake of safety
during the contaminant gas leakage incident. Therefore, the coefficients and release rate need dynamic
updates by data assimilation. Additionally, the wind field, which is hard to measure precisely,
is assumed to be known for simplicity. In the following construction of the data assimilation model,
only the second case is discussed because the data assimilation model in the first case is similar to that
in the second case. The system state vector and state transition model can be described as follows:

st = {at, bt, ct, dt, qt} (8)

st+1 = st + γt (9)
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Due to the short duration of each time step in our experiments (only 1 min), the meteorological
condition of the chemical industry park changes slightly. Therefore, the dispersion coefficients derived
from the meteorological condition remain almost stable during each time step. In terms of the
release rate, it is also stable within a time step. Therefore, the state transition function is defined as
an identically equal function. The variation of the state vector is provided by γt, which is considered
to be a Gaussian white noise vector of which all elements follow the Gaussian distribution (0, σ1

2).
The measurement model describes the relationship between the state variables and observations.
In this paper, the observations are air contaminant concentrations collected by the UAV at the trajectory
points p (p = {X, Y, Z}), where X, Y, Z are coordinate vectors. Therefore, the measurement function
g(st, t) is defined as the Gaussian plume function (Equation (1)). In addition, the measurement noise
ω(t) in Equation (7) is assumed to be Gaussian white noise following the distribution (0, σ2

2) that
describes measurement errors. The measurement error originates from the observation device (i.e.,
UAV in this paper).

Figure 1 shows the structure of particle filter and the procedure of data assimilation. In this
figure, the rectangle boxes represent the major components in one step of the algorithm. The rounded
rectangles represent the data or variables. The data assimilation runs in a stepwise fashion. At time
step t, the system states in time step t− 1 (denoted as S(t− 1) in Figure 1) are fed into the system
state transition model. Then, this model performs the transition function in Equation (9) to produce
a sample for each particle in S(t− 1). The resulting system state set of the transition model is denoted
as S(t)′. To compute the importance weights of the particles, the concentration vector (denoted as
C(t)′) corresponding to each particle is computed according to the measurement model (Equation (7)).
The locations corresponding to the concentration vectors (C(t)′) depend on the sensor deployment
schema. In this paper, the sensor deployment schema is the trajectory of the virtual UAV, which will
be introduced in Section 3.1. Then, the importance weights of particles are calculated according to
the likelihood between C(t)′ and the observed concentrations M(t). After normalizing the weights of
all particles, a resampling algorithm is applied to generate S(t), which is the input for the next step.
To observe the performance of model prediction, the prediction concentration C(t) can be calculated
from S(t) by the measurement model.
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The workflow of the particle filter is given in ALGORITHM. In this algorithm, the set of dispersion
states is represented by a set of particles. The algorithm starts by initializing N particles representing
the initial dispersion states. Each particle’s weight is initialized to 1/N. Then, the algorithm goes
through stages of sampling, weight updating, and resampling iteratively. At the sampling stage,
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all the particles run according to the state transition model (Equation (9)), so each particle is replaced
with a sampled dispersion state (St

′). During the weight updating stage, the weights of the sampled
dispersion states are updated as follows: ω

(i)
t = ω

(i)
t−1 × p(mt|S′(i)t )

p(mt|S′(i)t ) ∝ e−(C(x,y,z,S′(i)t )−mt)
2 (10)

where ω(i)
t−1 and ω

(i)
t represent the weights of the ith particle at time t − 1 and t, respectively.

The p(mt|S′(i)t ) represents the likelihood function of S′(i)t , which is calculated by the error between
the predicted concentrations based on the S′(i)t and observations. These weights are then normalized.
Finally, the resampling stage selects the particles based on their normalized weights to form a new
set of particles. In the resampling algorithm, the cumulative sums of the normalized weight of

N particles (q(1)
t , q(2)

t , . . . , q(i)
t , . . . , q(N)

t ) are calculated first, where q(i)
t = ∑i

j=1ω_norm(j)
t . Then,

N ordered random numbers {uk}N
k=1 are generated, where uk ∈ (0, 1]. Next, ni copies of the ith

particle are generated, where ni is the number of uk ∈ (q(i−1)
t , q(i)

t ]. Finally, these particles are assigned
a new weight of 1/N and used in the next iteration of the Algorithm 1.

Algorithm 1: Particle filter of data assimilation for a time step.

Input: The dispersion states and the corresponding importance weights at time step t − 1

({S(i)t−1}
N

i=1, {ω(i)
t−1}

N

i=1), and the measurement at time step t (mt).

Output: The dispersion states and the corresponding importance weights at time step t ({S(i)t }
N
i=1, {ω(i)

t }
N
i=1).

1. Sampling (System state transition)

For each dispersion state in {S(i)t−1}
N

i=1, draw a sample S′(i)t−1 using the system state transition model
(Equation (9)).

2. Weight updating

a. For each dispersion state in {S′(i)t−1}
N

i=1, update the weight using Equation (10);

b. Calculate the normalized weights: ω_norm(i)
t = ω′

(i)
t

∑N
i=1ω

′ (i)
t

.

3. Resampling

a. Draw N particles from {S′(i)t }
N
i=1 and {ω_norm(i)

t }
N
i=1 according to the resampling algorithm;

b. Set the weights: ω(i)
t = 1/N, i = 1, 2, . . . , N.

2.3. Particle Filter Combining EM Algorithm in the Second Case

In the last section, the particle filter is applied to estimate the release rate and four dispersion
coefficients in the second case. However, due to the higher dimension of the state vector and the
complexity of the atmospheric dispersion, the particle distribution might not converge to a satisfactory
result during the process of particle filter. In order to enhance the accuracy of the estimation, the particle
filter is combined with the EM algorithm to iteratively estimate these parameters (i.e., the release rate
and four dispersion coefficients). The EM algorithm is a generic method for computing the Maximum
Likelihood Estimation (MLE) of parameter θ in an incomplete-data problem. In the incomplete-data
problem, the estimation of the unknown parameter θ depends on the hidden variable z, so θ is hard
to estimate directly. To deal with the problem, the EM algorithm divides the estimation process of θ
and z into two steps (i.e., the Expectation Step (E-step) and the Maximization Step (M-step)) and runs
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iteratively. Specifically, in the E-step, the posterior probability of the hidden variable, which can also
be considered as their expectation, is calculated from initial values of the parameters or the model
parameters in the last iteration. Further, the expectation is regarded as the estimation of the hidden
variable. Based on the estimation of the hidden variable, the MLE of θ is calculated by maximizing the
likelihood function in the M-step. Therefore, by reducing the complexity of the parameter estimation,
the EM algorithm exhibits an excellent performance in the incomplete-data problem.

However, there seems to be no apparent hidden variable or incomplete-data in the parameter
estimation of the Gaussian plume model because the release rate and four dispersion coefficients are
all included in the parameters θ. In order to apply the EM algorithm to this parameter estimation
problem, the problem is adjusted to an incomplete-data one. The four dispersion coefficients and
the release rate at time step t are regarded as the hidden variables zt and parameter θt, respectively.
Therefore, four dispersion coefficients and the release rate are estimated in the E-step and M-step,
respectively. In the E-step, the hidden variables are estimated by calculating the posterior probability
density function p(zt|xt; θt), which can be approximated by particle filter with observations xt. In the
M-step, the MLE of the release rate is calculated by maximizing the likelihood function through
Particle Swarm Optimization (PSO). The method of particle filter combining the EM algorithm can be
expressed as follows. At time step t, the MLE of the release rate θt (θt = qt) depends on the hidden
variables zt, zt = {at, bt, ct, dt}. The likelihood of θt and zt is:

L(θt, zt) = p(xt; (θt, zt)) (11)

Then, zt and θt are estimated in the two steps, respectively. In the E-step, the posterior probability
(expectation) of zt is calculated using particle filter with the assumption that the θt is known:

q(zt) = p(zt|xt; θt) ≈
N

∑
i=1
ω

(i)
t δ(st − s(i)t ) (12)

where N is the number of particles which represent the system states st. Theω(i)
t is the weight of the

ith particle, and δ is the Dirac delta function. The observations are assimilated into the dispersion
model by the particle filter in the E-step. Then, in the M-step, based on the estimation of zt in the
E-step, the MLE of θ is computed by maximizing the likelihood using PSO:

θt = argmaxL(θt, zt) (13)

The E- and M-steps are alternated repeatedly until convergence, which is determined by a
stopping rule:

|θ(k+1) − θ(k)| < ε, ε > 0 (14)

Using the method of particle filter combining the EM algorithm, both of the hidden variables z
and parameter θ are iteratively estimated in each time step.

3. Numerical Experiments

Displayed in Table 1, two numerical experiments are designed and implemented to test the
performances of the proposed data assimilation methods in the two emission cases. In Experiment 1,
which is used to test the effect of typical particle filter in the first case, the conventional atmospheric
dispersion model which is only based on the Gaussian plume model without data assimilation is
used as the control group. In contrast, the particle filter is applied as the data assimilation method to
improve the model prediction in the treatment group. In Experiment 2, the particle filter (Section 2.2)
and the EM algorithm with particle filter (Section 2.3) are both implemented for data assimilation to
make a comparison. The particle numbers in Experiment 1B and 2A are 150 and 250, respectively.
As for Experiment 2B, the parameters to be estimated by the particle filter in the E-step are the
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same as Experiment 1B, so the particle number is also set to 150. Before the experiments, the “true”
concentration distribution and observations are generated by “real” dispersion. The “real” dispersion
is not an actual air contaminant dispersion in the chemical industry park. Instead, it is a simulated
dispersion based on the Gaussian plume model considering plume rise and deposition (Equation (3)).
The “real” dispersion uses default meteorological parameters (e.g., dispersion coefficients) and the
release rate to generate the “true” concentration, which provides a reference for the “true” situation.
Further, the observations, which are to be assimilated into the model, are produced from the “true”
concentration by the measurement model in Equation (7) and the simulated trajectories of UAVs. In our
experiments, atmospheric dispersion during a period of 100 min on a square area of 1000 × 1000 m2

is simulated and the concentration distribution at 30 m AGL (above ground level) is calculated.
For a smaller computational cost, the region is divided into grids with a size of 10 × 10 m2. As for the
emission source, it is assumed to be located at (0, 0) with a physical height of 70 m AGL, which releases
air contaminants during the duration of the whole experiment. The wind direction and velocity are
220◦ and 4 m/s, respectively. The trajectories of UAVs and parameter configuration are introduced in
Sections 3.1 and 3.2, respectively.

Table 1. The design of experiments.

Case Experiment Name Group Method Note

The release rate
is known

Experiment 1
Experiment 1A Gaussian plume model Control group: compared to

Experiment 1B

Experiment 1B Gaussian plume model &
particle filter

Treatment group: test the
particle filter

The release rate
is unknown

Experiment 2
Experiment 2A Gaussian plume model &

particle filter
Treatment group: test the
particle filter

Experiment 2B Gaussian plume model &
EM with particle filter

Treatment group: test the EM
algorithm with particle filter

3.1. Trajectories of UAVs

Ideally, the observations of air contaminant dispersion should be collected in the real situation by
UAVs. However, due to the lack of field experiment conditions, the observations in our experiments
are assumed to be collected by the 10 virtual UAVs with their trajectories at the height of 30 m AGL.
To effectively acquire observations, the trajectories of UAVs are designed according to the wind
direction. According to the setting of sensors in the Indianapolis experiment [16], the trajectories
of UAVs are designed as arcs through the plume. For example, when the wind direction is 220◦,
trajectories are shown in Figure 2. There are 10 simulated arc trajectories through the plume, each
of which corresponds to a UAV (but only one UAV is shown in the figure). Each UAV is assumed to
move back and forth along its own trajectory and collect the concentration data at the trajectory point
(not the average concentration) sequentially until the end of the experiment. The duration of data
collection is therefore the same as the duration of the experiment (100 min). The flight speed of all
virtual UAVs is assumed to be 2 m/s, and therefore, the flight time for a lap (forth and back) of the
longest trajectory (about 1900 m) is about 16 min. In addition, all UAVs are assumed to collect data
simultaneously. The time interval of UAV data collection is set according to the characteristics of gas
sensors in the UAV system. In our experiments, it is set as 1 min.
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3.2. Parameter Configuration

This section illustrates the parameter configuration of the two experiments and “real” dispersions.
These parameters include the release rate and four dispersion coefficients. The release rate,
which significantly influences the size and shape of the plume, is difficult to measure accurately.
In Experiment 1, the known release rate is not the parameter to be estimated. Therefore, the release
rates in the “real” dispersion and two groups of Experiment 1 are all set to be constant at 30 g/s.
In the contaminant gas leakage incidents, the release rate is one of the state parameters to be estimated.
Thus, in the “real” dispersion, it is considered to be variable to test the data assimilation method.
An exponential decay curve is applied to describe the variation of the release rate because in some
cases the release rate decreases with the reduction of the amount of residual contaminant [18].

As for the four dispersion coefficients, the “real” dispersions use variant dispersion coefficients
to simulate the “true” situation. The four dispersion coefficients are closely correlated with the
environmental conditions, such as the atmospheric stability and terrain. The Pasquill-Gifford-Turner
(henceforth P-G-T) [17,19,20] approach is widely used in the classification of atmospheric stability.
Based on the approach, the P-G-T curves are developed to identify the four dispersion coefficients
according to the atmospheric stability class. Unfortunately, this approach takes few terrain conditions
into consideration. Furthermore, there are many other researchers having provided empirical values
of the four coefficients under different atmospheric stability classes and terrain conditions, such as
Briggs [21] and Vogt [22]. Carrascal [23] compared these empirical values under identical atmospheric
conditions. In the “real” dispersions of two experiments, the parameter scheme of Vogt is adopted
to describe the variation of four dispersion coefficients in chemical industry parks. The values of
four coefficients according to Vogt are shown in Table 2. This table gives empirical values of a, b,
c, and d under different atmospheric stability classes for open country. In this table, Class A to F
represents different atmospheric stability classes. Class A represents the most active class, and Class F
is the most stable one. As for the terrain condition, with few obstacles like huge buildings, the open
country is similar to the terrain of chemical industry parks. Therefore, the parameter scheme of Vogt
is suitable for the identification of the four dispersion coefficients in chemical industry parks. In the
“real” dispersion of Experiment 1, the atmospheric stability is considered to vary following the order
of A, B, C, and D during 120 min (only the duration of 0 to 100 min is simulated). Thus, the values
of state parameters (a, b, c, and d) under class A, B, C, and D are selected as their values at 0, 40, 80,
120 min in the “real” dispersion, respectively. In addition, the four dispersion coefficients between two
classes of atmospheric stability are assumed to change gradually and linearly. In the “real” dispersion
of Experiment 2, the four dispersion coefficients follow a similar variation rule (change gradually
and linearly), except that the variation is slowed down to lower the difficulty of the data assimilation.
Some key values of coefficients in the “real” dispersions of the two experiments are shown in Table 3.
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In contrast, the four dispersion coefficients in Experiment 1A are initialed to the values under Class A
and considered to stay constant before the updates to the “true” values of the “real” dispersion every
40 min (blue dash lines in Figure 3). The update is designed to enhance the prediction accuracy of the
conventional dispersion model. Therefore, the experimental atmospheric stability in Experiment 1A
(using the Gaussian dispersion model without data assimilation) shows step changes because we
assume that these parameters are observed and updated each 40 min. Additionally, in the data
assimilation models of Experiment 1B and Experiment 2, the particles representing four dispersion
coefficients are initialized with ranges covering the variation range mentioned above.

Table 2. Values of state parameters under different atmospheric conditions according to Vogt.

Atmospheric Stability Class
Coefficients of Dispersion

a b c d

A 0.23 1.00 0.10 1.16
B 0.23 0.97 0.16 1.02
C 0.22 0.94 0.25 0.89
D 0.22 0.91 0.40 0.76
E 1.69 0.62 0.16 0.81
F 5.38 0.58 0.40 0.62

Table 3. Some key values of state parameters in the “real” dispersions.

Time (min)
“Real” Dispersion of Experiment 1 “Real” Dispersion of Experiment 2

a b c d a b c d

0 0.23 1.00 0.10 1.16 0.23 1.00 0.10 1.16
40 0.23 0.97 0.16 1.02 0.23 0.985 0.13 1.09
80 0.22 0.94 0.25 0.89 0.23 0.97 0.16 1.02

120 0.22 0.91 0.40 0.76 0.225 0.955 0.205 0.955
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These numerical experiments are implemented as follows. Before the two experiments, the “real”
dispersions with the variant parameters are firstly executed to generate the “true” concentrations.
After that, the observations are produced from the “true” concentrations by the simulated trajectories of
UAVs and the measurement model. Then, in the two experiments, the observations are assimilated into
the Gaussian plume model by the proposed data assimilation methods to generate the concentration
distribution. Additionally, in Experiment 1, Experiment 1A is implemented as the control group to
generate the concentration prediction without data assimilation.

4. Results

4.1. Experiment 1

Figure 3 shows the state parameters (a, b, c, and d) in Experiment 1. As can be seen from the figure,
the dispersion coefficients in the “real” dispersion follow the piecewise-linear variation according to
Table 3. As for the dispersion coefficients in Experiment 1B, they are close to the “true” values of the
“real” dispersion. With the particle filter, these coefficients follow the trend of the “true” values closely.
In comparison, without data assimilation, the coefficients in Experiment 1A stay invariant before the
updates to the “true” values. However, it is worth mentioning that the particle filter’s performance
in estimating coefficient a is less effective than the performances for others. Indeed, coefficient a in
Experiment 1A is even closer to the “true” value than that of Experiment 1B. This might be because of
the flat variation of coefficient a.

To observe the performance of particle filter on the concentration prediction in Experiment 1,
the percentage error of the whole region is calculated by dividing the average error by the concentration,
as shown in Figure 4a. It can be seen from this figure that the percentage error of Experiment 1B is
significantly lower than that of Experiment 1A in most of the experiment duration. The ascendant
percentage error curve of Experiment 1A in Figure 4a comes from the errors of four dispersion
coefficients. As shown in Figure 3, without data assimilation, four dispersion coefficients stay constant
before the updates in Experiment 1A. Therefore, the errors of the four coefficients grow over time,
consequently causing the ascendant percentage error curve in Figure 4a. In comparison, with the state
parameters calibrated by particle filter, the percentage error of Experiment 1B is reduced to a relatively
low level. In most of the experiment duration, the percentage error with particle filter is lower than 4%.
Figure 4b,c compare the “true” concentrations and the model prediction concentrations in Experiment 1
and show the root mean square error (RMSE) and correlation coefficient (R). In comparison, most of the
concentrations in the Figure 4c are more concentrated around the line “y = x” than those of Figure 4b,
illustrating that the model predictions with particle filter are closer to the “true” concentrations.
Further, the higher correlation coefficient (0.99662) and lower RMSE (0.0058315) of Experiment 1B also
illustrate the good performance of particle filter.
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Figure 4. The assimilation results of the whole region in Experiment 1: (a) percentage error of the whole
region in Experiment 1A and 1B; (b) the “true” concentrations and model prediction concentrations in
Experiment 1A; (c) the “true” concentrations and model prediction concentrations in Experiment 1B.

A similar conclusion can be drawn from the spatial distribution of the predicted concentration
and error in Experiment 1. Figures 5 and 6 show the spatial distributions of predicted concentration
and error at 35 min and 70 min, respectively. As can be seen from the figures, with data assimilation,
the result of Experiment 1B has a more accurate prediction distribution of concentration and lower
error in most of the region.
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EM algorithm. Figure 7 shows the state parameters (a, b, c, d and release rate) in Experiment 2.  

(a) (b)

Figure 6. The spatial distributions of the predicted concentration and error at 70 min in Experiment 1:
(a) spatial distribution of the predicted concentration of Experiment 1A; (b) spatial distribution of
the predicted concentration of Experiment 1B; (c) spatial distribution of the error of Experiment 1A;
(d) spatial distribution of the error of Experiment 1B.

4.2. Experiment 2

Experiment 2 compares the performances of particle filter and the particle filter combining the
EM algorithm. Figure 7 shows the state parameters (a, b, c, d and release rate) in Experiment 2.
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As can be seen from the figure, the performance of particle filter is unsatisfactory, and the 
estimations of coefficients are far from the “true” values, especially for coefficient c, which may 
result from the high dimension of state parameters. With the high dimension of state parameters, it 
is difficult for particle filter to estimate a , b , c , d  and q  simultaneously. In contrast, the 
estimation accuracy of the EM algorithm with particle filter is slightly better than particle filter 
because the EM algorithm decreases the complexity of parameter estimation by dividing the 
parameter estimation process into two steps. As for the percentage error of the whole region, it is 
calculated and shown in Figure 8a. In addition, the RMSE and R values of all predicted 
concentrations in Experiment 2 are shown in Figure 8b,c. The similar conclusion can be drawn from 
Figure 8, which shows that the performance of the EM algorithm with particle filter is slightly better 
than typical particle filter since the result of Experiment 2B shows a smaller RMSE value and higher 
R value. 

Figure 7. Four dispersion coefficients and the release rate in Experiment 2: (a) coefficient a;
(b) coefficient b; (c) coefficient c; (d) coefficient d; (e) release rate.

As can be seen from the figure, the performance of particle filter is unsatisfactory, and the
estimations of coefficients are far from the “true” values, especially for coefficient c, which may result
from the high dimension of state parameters. With the high dimension of state parameters, it is difficult
for particle filter to estimate a, b, c, d and q simultaneously. In contrast, the estimation accuracy of
the EM algorithm with particle filter is slightly better than particle filter because the EM algorithm
decreases the complexity of parameter estimation by dividing the parameter estimation process into
two steps. As for the percentage error of the whole region, it is calculated and shown in Figure 8a.
In addition, the RMSE and R values of all predicted concentrations in Experiment 2 are shown in
Figure 8b,c. The similar conclusion can be drawn from Figure 8, which shows that the performance
of the EM algorithm with particle filter is slightly better than typical particle filter since the result of
Experiment 2B shows a smaller RMSE value and higher R value.
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distributions of predicted concentration and error. Figures 9 and 10 show the spatial distributions of 
predicted concentration and error at 35 min and 70 min in Experiment 2, respectively. It can be seen 
from the two figures that the distribution of the predicted concentration of Experiment 2B is more 
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The better performance of the EM algorithm with particle filter can also be seen from the spatial
distributions of predicted concentration and error. Figures 9 and 10 show the spatial distributions of
predicted concentration and error at 35 min and 70 min in Experiment 2, respectively. It can be seen
from the two figures that the distribution of the predicted concentration of Experiment 2B is more
accurate, illustrating the better performance of the EM algorithm with particle filter.
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Figure 10. The spatial distributions of the predicted concentration and error at 70 min in Experiment 
2: (a) spatial distribution of the predicted concentration of Experiment 2A; (b) spatial distribution of 
the predicted concentration of Experiment 2B; (c) spatial distribution of the error of Experiment 2A; 
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From the results, we can conclude that adding the EM step indeed improves the performance of 
the data assimilation. However, meanwhile, it introduces larger computational complexity. Table 4 
displays the prediction accuracy and total running time of the two proposed data assimilation 
methods in Experiment 2. It can be seen from this table that compared to the particle filter, although 
adding the EM step reduces the RMSE by about 50%, it also brings more than 10 times the total 
running time. In general, the prediction accuracy of the two methods is acceptable in most cases. 
Therefore, the particle filter is a better alternative when there is a strict requirement of real time 
while the EM algorithm with particle filter is superior if the prediction accuracy is preferred. 

Figure 9. The spatial distributions of the predicted concentration and error at 35 min in Experiment 2:
(a) spatial distribution of the predicted concentration of Experiment 2A; (b) spatial distribution of
the predicted concentration of Experiment 2B; (c) spatial distribution of the error of Experiment 2A;
(d) spatial distribution of the error of Experiment 2B.
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From the results, we can conclude that adding the EM step indeed improves the performance of
the data assimilation. However, meanwhile, it introduces larger computational complexity. Table 4
displays the prediction accuracy and total running time of the two proposed data assimilation methods
in Experiment 2. It can be seen from this table that compared to the particle filter, although adding
the EM step reduces the RMSE by about 50%, it also brings more than 10 times the total running
time. In general, the prediction accuracy of the two methods is acceptable in most cases. Therefore,
the particle filter is a better alternative when there is a strict requirement of real time while the EM
algorithm with particle filter is superior if the prediction accuracy is preferred.
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Table 4. The accuracy and total running time of the proposed data assimilation methods.

Method RMSE of All
Predictions (mg/m3) Percentage Error (%) Total Running Time (s)

Particle filter 0.011471 4.56 7.68
EM algorithm with particle filter 0.0059958 2.71 87.34

4.3. Noise Analysis

The results of two experiments show the good performances of the data assimilation methods
proposed. However, the results of our experiments are ideal because the observed data are generated
from the Gaussian model instead of the real environment. Therefore, there are differences between the
very ideal world analyzed in this paper and the real world. The measurement noise is an important
factor influencing the differences. We have therefore analyzed the performances of the proposed data
assimilation methods with different amplitudes of measurement error. The measurement noiseω(t) is
assumed to be Gaussian white noise following the Gaussian distribution (0, σ2

2). The percentage error
with different relative variance is calculated and shown in Figure 11. The relative variance is expressed
as the variance of measurement error σ2

2 divided by the measurement mean (“true” concentration).
It can be seen from the figure that with the relative variance increasing, the percentage errors of all
predicted concentrations grow drastically. The results illustrate that the performance of the data
assimilation method depends on the measurement noise. Moreover, for a more detailed observation
of the performances of data assimilation methods, the percentage errors with different amplitudes of
relative variance at 35 min and 70 min are displayed in Figure 12. Similar trends can be seen from
the figure that the percentage errors grow rapidly with the relative variance increasing. In addition,
we can also conclude from these figures that the EM algorithm with particle filter performs better in
terms of prediction accuracy than typical particle filter in Experiment 2.
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5. Discussion

In the two numerical experiments, the performances of particle filter and the method of particle
filter combining the EM algorithm are tested. The results illustrate that the dimension of state
parameters significantly affects the quality of data assimilation. In Experiment 1, where the state
parameters are only four dispersion coefficients, the data assimilation based on the particle filter is
effective for estimating the state parameters and improving the model prediction. However, when
the dimension of state parameters becomes higher in Experiment 2, the estimation accuracy of typical
particle filter decreases because the particles with a high dimension are hard to converge to a satisfactory
result. In contrast, the method of particle filter combining the EM algorithm performs slightly better in
terms of the estimation accuracy in Experiment 2. By iteratively computing the five state parameters in
the E-step and M-step, respectively, the EM algorithm with particle filter reduces the complexity of the
estimation and improves the estimation results. Another factor influencing the results is the number
of particles. On the one hand, each particle represents the system state in our work. Thus, the larger
number of particles means more diverse dispersion states, which is beneficial to the estimation of
system state. On the other hand, the large number of particles will increase the computational
cost because the transition and measurement model are calculated for each particle. In our work,
150, 250, and 150 particles are used in the particle filter of Experiment 1B, 2A, and 2B, respectively.
The high accuracy of results and acceptable efficiency prove that these particle numbers are feasible in
our experiments.

In terms of the drawbacks of these experiments, one is the wind field, which significantly
influences the dispersion, is considered to be stable and uniform in our work. However, the actual wind
field is relatively dynamic and complex. Therefore, the dynamic modeling of the wind field should be
a research focus in future works. Another drawback is from the EM algorithm. The method of particle
filter combining the EM algorithm performs better in the second case, but the EM algorithm is likely
to converge to a local optimum, which may lead to the missing of the global optimum. In addition,
as for the observations, in this paper they are assumed to be collected by the virtual UAV along the
trajectory. However, when the UAV is used to collect data in the field experiment, there are a number
of problems, such as the atmospheric flow change caused by the propellers of helicopter-style UAV and
the selection of the sensors’ location [24]. Therefore, these problems caused by UAV will be discussed
in the implementation of the field experiment in future works. In addition, the Non-helicopter-style
UAVs could be a better alternative data collection platform for future uses. Moreover, the Gaussian
plume model is a steady model and not strictly applicable to the variant atmospheric stability and
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emission rate in this paper. There is a time lag between the change in the emission rate or atmospheric
stability and the change in concentration distribution. For simplicity, this time lag is not considered in
this paper because the model considering the time lag like the Gaussian multi-puff model will generate
a large computational cost and fail to meet the requirement of real-time. If the time lag is considered,
the problem of the large computational cost will be focused on in future works.

Due to the ideal model and conditions, this paper is a starting point for data assimilation research
in air contaminant dispersion. The ideal model and virtual observations in this paper are acceptable at
the current stage because the focus of this paper is to preliminarily test the proposed data assimilation
methods. The results illustrate the satisfactory performance of the proposed data assimilation methods
for state parameter estimations and the prediction accuracy, although the model and conditions are
different from the real environment. Further, later work will utilize a more accurate dispersion model
and gradually place the test case in more realistic conditions. In addition, the data collected by
a number of real UAV sensory systems in the chemical industry cluster will be used as observations in
the final application, as expected in this paper.

6. Conclusions

In this paper, two data assimilation methods using particle filter and the method of particle filter
combining the EM algorithm are developed to improve the accuracy of air contaminant dispersion
predictions based on the Gaussian plume model. The architecture of the data assimilation model
is presented. Then, numerical experiments corresponding to two emission cases are designed and
implemented to test the performances of the proposed data assimilation methods. It should be noted
that the measurement error is considered in the numerical experiments to generate more realistic
observations. The results show that the particle filter can effectively improve the accuracy of model
predictions when the dimension of state parameters is relatively low. In contrast, when the dimension
of state parameters becomes higher (the second case), the method of particle filter combining the
EM algorithm performs better than the typical particle filter in the estimation accuracy. Therefore,
these proposed data assimilation methods provide strong support for the prediction of air contaminant
dispersion and emergency management in chemical industry parks. Future works should include
implementing the field experiment in chemical industry parks to verify the data assimilation methods
in real situations and dynamic modeling of the wind field for a more accurate prediction of the
atmospheric dispersion model.
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