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ABSTRACT

In response to the threat of hazardous gas releases to public safety and health, we propose an agile framework 
for detecting and quantifying gas emission sources. Emerging techniques like high-precision gas sensors, source 
term estimation algorithms and Unmanned Aerial Vehicles are incorporated. The framework takes advantage of 
both stationary sensor network method and mobile sensing approach for the detection and quantification of 
hazardous gases from fugitive, accidental or deliberate releases. Preliminary results on street-level detection of 
urban natural gas leakage is presented. Source term estimation is demonstrated through a synthetic test case, and 
is verified using Cramér–Rao bound analysis.  
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INTRODUCTION 

The threat of hazardous gas releases to public safety and health is enormous. The causes of hazardous gas 
releases include accidental or fugitive emissions related to industries (Gupta, 2002) and deliberate releases due 
to terrorist attacks (Yanagisawa et al, 2006).  

To facilitate the emergency response for hazardous gas releases, considerable effort has been devoted to 
designing leakage detection and localization techniques (Murvay and Silea, 2012; Liu et al., 2015; Zhang et al., 
2015, 2017). Source term estimation (STE) means to infer the location and release rate based on meteorological 
observations, sensor measurements and domain knowledge like atmospheric dispersion models (Wang et al., 
2015a; Hutchinson et al., 2017). Now there are mainly four categories of source term estimation methods: direct 
method (Bady et al., 2009), optimization method (Ma et al., 2013; Kumar et al., 2016), Bayesian inference 
method (Keats et al., 2010; Ristic et al., 2015a; Wang et al., 2017) and nonlinear regression method (Wang et 
al., 2015b). The direct method requires high resolution wind and concentration information over the whole 
computational domain, which is difficult to satisfy in real world applications. The nonlinear regression method 
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requires enormous training data, so its application is limited to those situations where a large number of 
atmospheric dispersion experiments or simulation are available. The remaining optimization method and 
Bayesian inference method are the most flexible ones because they only require very sparse wind and 
concentration measurements. Both optimization method and Bayesian inference method work in an iterative 
way, which normally requires enormous runs of a forward atmospheric dispersion model to find the best 
estimate of the source parameters. 

In recent years, emerging sensor technologies have been coupled with vehicles to measure the methane leakage 
under streets and generate maps of natural gas leaks in a faster and cheaper way (Phillips et al., 2013; Jackson et 
al., 2014), showing that urban natural gas distribution systems have a very large number of leaks. To better 
quantify the situation, many modelling efforts are devoted to the quantification of methane leakage from oil and 
gas industry based on either stationary measurement (Foster-Wittig et al., 2015) or mobile sensing approach 
(Albertson et al., 2016), which constitutes an important application field of source term estimation techniques.  

In this paper, we present an agile framework for detecting and quantifying hazardous gas releases based on 
emerging techniques like high-precision gas sensors, source term estimation algorithms and Unmanned Aerial 
Vehicles (UAVs). In normal conditions, our gas sensors can explore human settlement to detect and quantify 
fugitive gas releases like methane from urban natural gas network; in emergency conditions, our gas sensors can 
be deployed agilely to the concerned spot to enhance situation awareness by concentration measurement and 
source term estimation. Preliminary results on the street-level detection of urban natural gas leakage is 
presented. Source term estimation technique is demonstrated through a synthetic test case, and is verified using 
Cramér–Rao bound analysis. 

THE OVERALL FRAMEWORK 

The gas detection and estimation framework consists of three kinds of sensor nodes (stationary sensors, vehicles 
and UAVs) and an advanced data fusion algorithm based on Bayesian inference to estimate the location and 
strength of emission sources. An illustration of the workflow of the proposed framework is in Figure 1. Raw 
data collection and signal processing are done in sensor nodes equipped with microcontrollers, which will 
upload sensor observations to data center through WIFI or GPRS. In data processing stage, sensor observations 
are clustered according to their geographic positions given by GPS modules on the sensor nodes. Then anomaly 
detection of time series is conducted to catch elevated concentration observations, after which data fusion 
algorithms are utilized to estimate the leakage location and emission rate.  

 

Figure 1.  Workflow of the Proposed Framework 

 

We developed three kinds of sensor nodes (stationary sensors, vehicles and UAVs). Stationary sensors are 
normally deployed in those places of high risk like chemical plants or high vulnerability like schools and 
hospitals to enable the early detection of hazardous gas releases. The limitation of stationary sensor networks is 
that it is infeasible to effectively cover all areas of concern because the emission location due to accidents and 
terrorist attacks is unpredictable. To address this issue, vehicles and UAVs are equipped with high-precision gas 
sensors and GPS modules to enable fast and large-scale measurement and mapping of gas concentration. In 
addition, UAVs can approach very dangerous places where emergency responders cannot enter and is normally 
not restricted by the terrain. A prototype stationary sensor node is shown in Figure 2(a). A vehicle equipped 
with high-precision methane sensors is shown in Figure 2(b). The multi-rotor UAV product and the multi-
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component gas sensors mounted on it are shown in Figure 2(c) and Figure 2(d), respectively.

(a) (b)

(c) (d)

Figure 2.  Sensor Nodes Development

DATA FUSION ALGORITHMS

Bayesian Inference

Let  denote the source parameter vector containing source location [ ] and emission rate Q0. Let z =
[z1, z2, …, zn] denote the concentration observations of n gas sensors. According to the Bayes’ theorem, the 
posterior probability of the parameter vector  is given by:
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where I is relevant background information such as meteorological conditions and land use situation,  
 |p Iz  is the likelihood function, ( | )p I is the prior distribution,  |p Iz is the marginal distribution of 

the observations and is computed as the integral of  | ( | )p I p Iz   over  .

Likelihood Function

In Bayesian source term estimation, likelihood function is used to describe the information about the 
measurement noise and modelling uncertainties (Kaipio and Somersalo, 2006). Following previous studies 
(Keats et al, 2010; Albertson et al, 2016), we adopt the normal distribution as the likelihood function:
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where ( )iF  is the prediction of the forward dispersion model at sensor i,  is the scale parameter of normal 
distribution. The widely used Gaussian plume model is chosen to be the forward dispersion model, which 
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predicts the concentration at point (x, y, z) as
2 2 2
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where U is the wind speed, y and z are model parameters related to terrain, atmospheric stability and the 
downwind distance x- x0 between point (x, y, z) and emission source (x0, y0, z0) (Briggs, 1973). If we consider 
the dispersion process and concentration distribution more elaborately (e.g. Efthimiou et al., 2016), we may turn 
to more complex forward dispersion models and choose more suitable likelihood functions (Wang et al., 2017).

Prior Distribution

Prior distribution represents the initial guess of source parameters before the fusion of information by Bayesian 
source term estimation. According to Sivia and Skilling (2006), complete ignorance for location parameters 
[ ] is to use a uniform distribution, and that for scale parameters [ ] is to use Jeffreys’ prior:

0 0 0( | ) 1/ , 0p Q I Q Q 

( | ) 1/ , 0p I   

To assign the prior distribution for location parameters, we need do region partition in the area concerned to 
form computational domains. In each computational domain, we assume that there is only one emission source, 
to which all the measured concentrations are attributed.

Note that reasonable prior information can help regularize the source term estimation problem, leading to faster 
convergence and tighter posterior estimates, especially under unfavorable meteorological conditions where the 
quality of sensor measurement is not sufficient to provide satisfactory estimates.

Stochastic Sampling

Several stochastic sampling algorithms for calculating the posterior distribution of source parameters are 
investigated in previous work (Wang et al., 2015a; Ristic et al., 2017), including Markov chain Monte Carlo, 
sequential Monte Carlo (or particle filter) and ensemble Kalman filter. In this paper, a very efficient version of 
the sequential Monte Carlo method called regularized particle filter (RPF) (Musso et al., 2001) is adopted. The 
pseudocode of the regularized particle filter is given in Algorithm 1, where the variable is the optimal 
bandwidth for Gaussian kernel (Musso et al., 2001). A newly proposed minimum-sampling-variance resampling 
scheme (Li et al., 2015) is used to alleviate the sample degeneracy problem where large computational effort is 
wasted in particles which only have negligible contribution to the estimation of posterior distribution. The 
regularization step is used to jitter the resampled particles (improve the sample diversity) to avoid particle 
collapse where all the particles occupy the same place in the state space. 

Algorithm 1.  Regularized Particle Filter (RPF)

Input: prior distribution of the target vector ( | )p I , the likelihood function ,
concentration observations z, number of particles N, proposal distribution , maximum 
iteration number 

Output: weighted particles representing the posterior distribution: 
T

Set
while do
Set 

if
Draw N particles from the prior distribution ( | )p I

Set ,
end if
if

while do
Draw from the proposal distribution
Set 
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Set 
Set 

end while
end if
Normalize the weights 

if
Calculate the empirical covariance matrix of 
Compute such that 

Resample the particles

for i =1: N

Draw from Gaussian kernel N(0,1)

         Set //regularization step

end for

end if

end while

Cramér–Rao Bound

The Cramér–Rao bound (CRB) gives a theoretical lower bound for the covariance matrix (or precision) of any 
unbiased estimator, which can serve as a benchmark for evaluating the performance of different algorithms and 
setups for estimation purposes. With CRB, the best achievable accuracy of a STE system (including the 
selection of forward dispersion models, the placement of sensors, meteorological conditions, data fusion 
algorithms, etc.) can be evaluated theoretically even before actually running STE algorithms.

Details of the derivation of Cramér–Rao bound for a simplified Gaussian plume model is given in Ristic et al. 
(2015b), a ready-to-use source code based on symbolic computation is also available for calculating the 
Cramér–Rao bound for more complex dispersion models (Ristic et al., 2017).

PRELIMINARY RESULTS AND DISCUSSION

Field Measurement

We use the street-level detection of urban natural gas network leakage as an example. The concentration 
distribution along the driving path is shown in Figure 3. The maximum observed concentration is only 12.42 
ppm. In addition, the observed elevated concentration is very sparse and is shown in Figure 4.

Figure 3.  Concentration Distribution of Methane Along the Driving Path (ppm)
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Figure 4.  Sparse Elevated Values of Methane Concentration Along the Driving Path

This mobile sensing approach enables large-scale gas-concentration mapping, which can enhance our 
knowledge and understandings of urban natural gas leakage. However, estimating the leakage rate and location 
of urban buried natural gas networks based on this kind of street-level methane mapping proved to be a very 
challenging task (von Fischer et al., 2013a, 2013b; Burba et al., 2016). We are still working on the meaningful 
interpretation of these methane maps and sparse elevated concentration observations.

Leakage Quantification

To demonstrate the source term estimation functionality, we assume that a leakage is already detected by a 
sensor array shown in Figure 5. Now the task is to estimate the leakage location and emission rate. The true 
value of the target source parameter vector is . The average 
wind speed is 3.5 m/s. The atmospheric stability class is D, which corresponds to neutral conditions. For 
simplicity, Gaussian distribution is chosen to be the prior distribution, where the mean value is zero and the 
standard deviation for each variable is given in Table 1 as the prior uncertainty. As can be seen in Table 1, the 
point estimate given by the mean value of the posterior distribution agrees well with the true values of the 
source parameters. The estimation precision demonstrated by the posterior uncertainty is approaching the best 
achievable accuracy given by Cramér–Rao bound, showing that the data fusion algorithm is effective.

Figure 5. Schematics of the Experiment Setup and Contours of the Concentration on the Ground Level by 
Gaussian Plume Model (g/m3)
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Table 1.  Results of Source Term Estimation and Best Achievable Accuracy Given by Cramér–Rao 
Bound 

 Point estimate Prior 
uncertainty 

Posterior 
uncertainty 

Best achievable 
accuracy 

x0 -0.050 500 0.900 0.742 

y0 10.022 500 0.114 0.106 

z0 8.004 3 0.100 0.088 

Q0 20.000 3 0.431 0.458 

CONSLUSIONS AND FUTURE WORK 

In this paper, an agile framework for detecting and quantifying gas emission sources is proposed, which 
incorporates stationary sensor networks, vehicles and UAVs equipped with gas sensors, and data fusion 
algorithms based on Bayesian inference. The mobile sensing approach based on vehicles is applied to street 
level measurement of methane leakage from urban buried natural gas network. The source term estimation 
technique is applied to a simulated test case and is verified by theoretical analysis using Cramér–Rao bound. 
Preliminary results prove the effectiveness of the street-level mobile sensing approach and leakage 
quantification algorithms. 

The proposed framework can enhance the flexibility and agility of hazardous gas detection and quantification. 
Future work will be devoted to conducting field experiments to better test the performance of the proposed 
framework. Also, autonomous search strategies of UAVs for hazardous gas releases will be investigated to build 
a more intelligent system. 
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