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Introduction:  Accidental or deliberate release of 

toxic chemicals or biological agents in populated areas 
and the resulting dispersion via diffusion and transport 
has potentially disastrous  consequences. Real-time 
detection, tracking, and prediction of chemical and 
biological releases is important for fast response to 
chemical and biological accidents and attacks. Know-
ledge about the releases is obtained by fusing data 
from an array of deployed and possibly mobile sensors 
and an atmospheric dispersion model. The use of at-
mospheric dispersion model along with the meteoro-
logical model is essential because of the very limited 
coverage of the sensors in time and space. Gaussian 
puff based models [1] are often used to make fast re-
lease concentration prediction, in which a series of 
Gaussian shaped puffs are released at the sources and 
propagated in the atmosphere. Sensors used in disper-
sion applications usually have imprecise bar readings. 
The bar readings provide limited information about the 
true concentration and increase the  nonlinearity of the 
measurement process. 

 
Data assimilation is the science and art of fusing the 
observations with the model predictions, to get a better 
estimate. Real-time and operational data assimilation 
for atmospheric release dispersion, needs to deal with 
two main problems: high nonlinearity and high state 
dimensionality. Nonlinearities in the dispersion model 
and the observation model pose significant challenges 
for data assimilation techniques. Further, due to conti-
nuous release/emissions at the source and potential 
subsequent puff splitting, the number of puffs and 
therefore the length of the state vector is not constant, 
but changes with time. The state dimension may be-
come so high that estimating all states from the sensor 
data is impossible. 

 
Disperson Model:  The atmospheric dispersion model 
used is based on the RIMPUFF [1] (Riso Mesoscale 
PUFF) model which was designed to calculate the 
concentration and doses resulting from the dispersion 
of airborne particles. It is a Lagrangian mesoscale at-
mospheric dispersion puff model, which applies both 
to homogeneous and inhomogeneous terrain with 
moderate topography on a horizontal scale of up to 50 
km, and responds to changing (non-stationary) meteo-
rological conditions [1]. The model simulates the time 
changing release (emission) of airborne materials by 

sequentially releasing a series of Gaussian shaped 
puffs (Figure 1) at a fixed rate on a specified grid. The 
amount of airborne materials allocated to individual 
puffs equals the release rate times the time elapsed 
between puff releases. At each time step, the model 
advects, diffuses and deposits the individual puffs ac-
cording to local meteorological parameter values. This 
model is used as a basis for the present dispersion 
model, which can be used as a benchmark model for 
testing various data assimilation techniques. 

 
Figure 1: Model Illustration 

 
Sensor Model:  Two observation models are used for 
studying data assimilation performance. The first mod-
el is a continuous model, which measures concentra-
tion and gives a noisy output with a certain variance R 
at each sensor location. The second model is based on 
a model for a simple ion mobility sensor described in 
[2]. The outputs of the sensor are discrete numbers of 
bar readings ranging from 0 to 7. These bar readings 
indicate concentration magnitude [2]; the sensor dis-
plays i = 0, . . . , 7, when the “measured” continuous 
valued concentration magnitude cv is between thre-
sholds Ti and Ti+1. As in [2], the thresholds are as-
sumed to be exactly known. The measured concentra-
tion cv is assumed normally distributed about the true 
concentration c. 
 
Estimation Techniques:  Nonlinearities in the system 
dynamics model and the quantized (bar readings) non-
linear observation models lead to non-Gaussian state 
distributions. These factors pose significant challenges 



for data assimilation techniques. Further, due to conti-
nuous release/emissions initially and potential subse-
quent puff splitting, the length of the state vector is not 
constant, but varies with time. Also, with time, the 
state dimension may become very high leading to dif-
ficulties in the full state estimation. An Extended Kal-
man Filter and a Particle Filter are designed to test and 
evaluate the performance of the classical and Monte 
Carlo based filter. 
 
Results and Discussions : The performance of the 
estimation techniques is studied for the discussed 
models using simulated atmospheric dispersion and 
concentration measurements. The grid resolution over 
the dispersion region is 200m and sensors are located 
every 1km along both the axes. 
The total simulation runtime is 3600s and sampling 
interval is 20s. The source location and strength are 
uncertain. The release occurs for the initial 20% of the 
simulation time, with a 10% standard deviation. This is 
implemented as a fraction of the total number of time 
steps and is modeled as a random variable with mean 
0.2 and a standard deviation of 0.02. There is a puff 
release every three time steps. The nominal value of 
the wind speed is 5m/s, with a standard deviation of 
20%. The wind direction changes from 15 deg to 60 
deg after 1800s. The truth is simulated using a per-
turbed model, taking all these uncertainties into ac-
count. The observations are obtained from this truth, 
using the two sensor models described earlier. Figure 2 
illusrtates the concentration dosage from a numerical 
simulation. 

 
Figure 2: Concentration Dosage 

Figure 3 compares  the performance of the particle 
filter (pf), the Extended Kalman Filter (ekf) to a pure 
forecast of the concentration when the sensor is as-
sumed to provide continuous measurements of the 
concentration. It is clear that both the filters outper-
form the model forecast as illustrated by the RMS er-
ror summed at numerous grid points. 

 
Figure 3: Concentration RMS Error 

 
Conclusions: A test bed is designed to assess the per-
formance of various data assimilation techniques for 
puff based dispersion models. A two dimensional 
Gaussian puff based dispersion model is used as a rep-
resentative model for this purpose. The splitting of 
puffs which is a characteristic of more complex mod-
els is incorporated in the representative model. Two 
kinds of observation models are used to demonstrate 
the potential of sampling based filters. A continuous 
observation model is used to test the performance of 
Particle Filter against the widely used Extended Kal-
man filter. It was seen that while both the filters are 
comparable in terms of estimation performance, Par-
ticle Filter offers significant advantages in terms of 
ease of implementation and memory requirements. 
Further, Particle Filter can be effectively applied for a 
quantized observation model, as demonstrated using 
the probabilistic bar sensor model. The EKF, and other 
linearization based filters, fail with such sensor mod-
els. The application potential of Particle Filter, in the 
context of variable state dimensionality, high state 
dimension, non-linearities and quantized observations, 
is thus demonstrated. The possibilities of incorporating 
the advantages of other sampling based filters will be 
explored in the future. The deterministic sampling 
techniques of the Unscented Filters and the reduced 
rank representation used in the Ensemble Kalman Fil-
tering techniques hold good potential, towards improv-
ing the estimation performance while managing the 
computational requirements. 
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