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Abstract - In this paper we introduce a novel gas distribution mapping algorithm, Bayesian
Spatial Event Distribution (BASED), that, instead of modeling the spatial distribution of a quasicontinuous gas concentration, models the spatial distribution of gas events, for example detection
and non-detection of a target gas. The proposed algorithm is based on the Bayesian Inference
framework and models the likelihood of events at a certain location with a Bernoulli distribution.
In order to avoid overfitting, a Bayesian approach is used with a beta distribution prior for
the parameter µ that governs the Bernoulli distribution. In this way, the posterior distribution
maintains the same form of the prior, i.e. will be a beta distribution as well, enabling a simple
approach for sequential learning. To learn a map composed of beta distributions, we discretize the
inspection area into a grid and extrapolate from local measurements using Gaussian kernels. We
demonstrate the proposed algorithm for MOX sensors and a photo ionization detector mounted
on a mobile robot and show how qualitatively similar maps are obtained from very different gas
sensors.
Keywords - gas distribution mapping, statistical modeling, Bernoulli distribution, beta distribution
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1 Introduction
Gas distribution mapping is often treated as the problem of creating a truthful representation of gas concentration over an area. For many practical scenarios it is unrealistic to assume accurate concentration
measurements. Especially in open sampling systems many gas sensing technologies are very difficult to calibrate due to, e.g., their response characteristics and individual fabrication. In addition, information about
the presence of a certain gas may come from user reports or other sources, which do not contain precise
information about the concentration. A promising approach to overcome these limitations is to consider as
sensor output only events , for example detection or non-detection of a gas. An event could also be a significant concentration change or that the concentration of a pollutant exceeds its legal limit. The definition
and computation of those events is sensor dependent and can greatly vary in complexity. To illustrate the
concept, we will use in this paper a simple derivation-threshold based event detector for metal oxide (MOX)
sensors and a photo ionization detector (PID). The sensors are mounted on a mobile robot, which is used to
explore the environment.
The presented mapping algorithm BASED takes its inspiration from Bayesian inference techniques and
spatial statistics to learn the distribution of gases in the environment.
A short discussion of previous gas mapping methods is provided in the next section. After this, we will
introduce our event concept and sketch methods to extract events from sensor data in Section 3. After
extracting such a set of events, Section 4 will present the algorithm to build BASED maps using those
events. Case studies and a discussion of the proposed method are provided in Section 5.

2 Related works
Gas distribution modelling (GDM) methods can be categorized as model-based and model-free [1]. Modelbased methods assume an analytical shape for the gas distribution and infer the parameters of the equations
from sensor measurements. The most common model-based approaches are Gaussian plume models [2, 3, 4],
Gaussian puff models [5], Lagrangian particle models [6] and Computational Fluid Dynamics (CFD). Modelbased approaches are often inadequate for real world scenarios since they are either too simplistic to model
the real shape of the gas distribution (assuming for example a Gaussian plume model), or require precise
knowledge about the boundary conditions (CFD), which in most cases is not available. Model-free approaches
on the other hand, do no make strong assumptions about the underlying functional form of the gas distribution. Instead, they treat sensor measurements as random variables and derive a statistical representation
of the observed gas dispersion from the measurements. Model-free GDM is often interpreted as a spatial
regression problem with its solutions using Gaussian Processes [7], Kalman Filters [8] or Kernel Regression
methods [9]. As a representative of the Kernel Regression approaches, the Kernel DM+V algorithm and its
extensions [9] are best known among the model-free maps. Yet, all the methods rely on correct concentration
measurements from a single calibrated sensor.
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The idea of using events to map gases was explored in a rudimentary form before, e.g. in [10], where the
authors, however, only record the frequency of events that occur in a specific cell. Instead, we are interested
in the probability and distribution of detection events.
Bayesian inference methods to model occurence probabilities using the Bernoulli and beta distributions
are well-known techniques in machine learning [11, 12], but have not been applied to spatial estimation
problems like gas distribution mapping before.

3 Events
The most important feature of the BASED maps is that they take discrete events rather than the quasicontinuous sensor readings. An event Ei is defined as the following tuple

Ei = < EventT ype, EventLocation >

(1)

EventT ype is the semantic class of the event. For simple gas mapping of a single substance this type is
binary and just describes whether the gas was detected in a place or not. For scenarios with more than one
gas of interest it describes whether gas 1, ..., gas n or no gas was detected.
EventLocation is the 2 or 3-dimensional position of the event in a reference coordinate system. For the
considered robotic application, this reference coordinate system and the position in it is provided by the
robot’s localization system [13], for sensor networks the position of the nodes is considered to be known. We
assume accurate localization and do not consider position uncertainty in this paper.
Resorting to events has the advantage of treating every sensor in the same way and thereby it allows the
algorithm to easily integrate very different sensor modalities like for example MOX gas sensors, PID sensors
and human reports into a single map framework. While the sensor characteristics are largely decoupled from
the mapping process itself, it is required to tie the event definition and detection to each sensor seperately.
However, it is necessary to ensure that events from different sensors are encoded unambiguously, e.g. only
similar conditions will trigger events.
As an example, a very sophisticated approach for event detection using MOX sensors (or any sensor
response that can be modeled by exponential functions) is the TREFEX algorithm [14], which detects
changes in the sensor response that are caused by gas concentration changes. The resulting change points
can be used to distinguish between detection/non-detection events.
A much more simple event detector based on binarization of the sensor signal is used in this work. The
(baseline corrected derivative of the) signal is compared to a threshold value and for all times the signal
exceeds the limit a detection event is declared, otherwise it is considered a non-detection (e.g. exceeding a
certain ppm value for the PID or getting below a certain resistance value for MOX sensors is defined as an
event).
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4 BASED Map Algorithm
Given a set of localized events, the algorithm for BASED maps integrates these events into a grid map. The
likelihood of oberserving an event is modeled as a Bernoulli distribution

p(x|µ) = µx (1 − µ)1−x ,

(2)

where x is the variable indicating e.g. detection (x=1) or non-detection (x=0) and µ describes the likelihood
of observing an event. The maximum likelihood estimation of the sample mean µ can be obtained in closed
form, but this approach is prone to severe overfitting [12]. Hence, we use a Bayesian approach where the
parameter is learned from the data through the Bernoulli’s conjugate prior distribution, the beta distribution
(see Fig. 1). The beta distribution depends on two parameters a and b

p(µ|a, b) =

Γ(a + b) a−1
µ
(1 − µ)b−1 .
Γ(a)Γ(b)

(3)

The parameters a and b can be interpreted as counting variables, representing the number of observed
events. Whenever an event is detected, a is increased by one and for each non-event b is increased by one.
This distribution for µ is used for predicting the likelihood of a gas detection with the Bernoulli distribution
- which is higher for the red curve, because there are more gas detection events in this prior information in
the examples of Figure 1.
There are different strategies for initializing a and b [12]. For example, if there is no informationabout the
likelihood of detecting gas, both values can be set to 1 or 0. In an offline map building process, where the
number of detection d and non-detection nd events is known before attempting to create the map, the ratio
n : nd is a reasonable choice. Then the mean of the beta distribution is equal to the overall likelihood of a
detection event

a=

d
nd
, b=
.
d + nd
d + nd

(4)

Different places will have different likelihoods of gas events and to model this, more then one beta distribution is required. In fact, we define a BASED grid map as n × m individual cells with a fixed size. Each
cell stores the two parameters a and b and hence is represented by its own beta distribution.
The naive way of updating the map is to identify the grid cell in which an event was detected and
increment the corresponding parameter a by one in case of an event, else increment b. This approach assumes
independence of the grid cells. Instead, neighboring cells are expected to have similar probabilities for gas
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detection events. Hence, each cell count of events is updated by fractions of the events in its neighborhood.
This fraction is defined by a kernel function. In case of a detection event, all1 cells’ a are updated according
to

ai ← ai + K(d, σ)

(5)

where d is the Euclidean distance between the center of cell i and the actual event location2 Ej , while σ
d

defines the size of the neighborhood. In this work, we are using the Gaussian kernel K(d, σ) = e− 2σ2 . A
non-detection will trigger the analogous update for b

bi ← bi + K(d, σ).

(6)

This treatment establishes the ability of BASED maps to extrapolate event measurements to neighbouring
cells, where no events are recorded.
All measurements are processed sequentially and integrated into the final map individually without the
need of storing all the data. The free parameter σ can be selected maximizing the conditional log-likelihood
of the data D through e.g. grid search

log p(D|σ) =

d+nd
X

[xi log

i=1

aj
aj + bj

+ (1 − xi ) log(1 −

(7)
aj
)].
aj + bj

Eq. 7 sums over every data point available and takes into account the type of event xi and the predicted
likelihood at grid cell j in the map. The conditioning variable σ does not appear directly in the right part
of the equation, but instead is representated in aj and bj (see Eq. 5 and 6).

5 Case Study
We validated BASED grid maps on a data set collected with a mobile robot equipped with a MOX sensor
(Figaro TGS2620) and a photo ionization detector (PID). The robot was following a predefined trajectory
in a room, where an ethanol source was present. At predetermined spots the robot stopped for about 30
seconds. The sensor responses where sampled with 4 Hz, which resulted in 6680 measurements for both
sensors. Fixed thresholds were used as event detectors. The thresholds were chosen to obtain a comparable

1 In

practice, it is a good idea to define a cutoff value of e.g. 4σ around the event’s location to reduce the computation time.
that if the event location is not in the center of the cell that cells’ count will be increased by less then 1.

2 Note,
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overall ratio of detection to non-detection events for the two sensors. In Fig. 2, the mean of the beta
distribution in each cell is shown as resulting map. The size of the cells is 5cm × 5cm and the applied kernel
size was σ = 0.35m (obtained by maximizing Eq. 7).
Despite the different sensing principles and the use of naive event detectors, the resulting maps are not
only very similar, but consistent with results of other kernel algorithms on the same data [9]. This shows
that despite using two fundamentally different sensors, the event mapping approach handles both the same
way and the resulting maps are easily comparable.

6 Conclusion
We presented a powerful gas distribution mapping approach that uses a well known statistical concept from
the field of machine learning and spatial extrapolation to act as a data aggregation tool that is independent
from the actual sensor used. The Bayesian Spatial Event Distribution (BASED) grid maps allow to handle
very different chemical sensing modalities in a common framework. Even inputs, which do not contain any
concentration information like e.g. human reports can be mapped in BASED. Integration of human reports
is an emerging research question from projects that are concerned with information acquisition and decisionmaking for environmental management. An example is the DIADEM project [1]. Further advantages of the
proposed approach include that the computational effort required to build the maps is low and the general
concept based on events is easy to grasp.
The algorithm can be extended in several ways. Future work will be dedicated to integrating multiple,
different sensors into one map. The extension to more than one gas compound can be achieved by using
the multinomial and Dirichlet distribution instead of the Bernoulli and beta distribution. Furthermore, the
spatial knowledge dissemination with a Gaussian kernels opens possiblities like including wind measurements
in Eq. 5 and 6 as it was already demonstrated with other Kernel algorithms [15]. The same equations can
be modified to create a temporal low pass filter in an online mapping process and hence provide dynamic
maps of the gas distribution and the changes over time.
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Figure 1: Examples for the beta distribution. The blue curve shows the shape of the distribution in case of
very few gas detections (a = 2) and a couple of non-detections (b = 7). If some additional detection
events and no non-detections are recognized (a = 11), the distribtion is the red one.
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Figure 2: Resulting maps for MOX sensor (upper row) and PID sensor (lower row) for different thresholds
of the event detector. If the resistance fell below the given value (MOX sensor) or measured higher
ppm values than the treshold (PID), an detection event was declared. The thresholds were chosen
to provide a given ratio of detection to non-detection events. This results in 30% of detection events
in the first column, 15% in the second column and 5% in the third column, which is reflected by
the color (prior) of areas with no measurements (at the edges of the map). The blue line represents
the robot’s path during the experiments and squares mark stopping positions. The ethanol source
is indicated with a triangle and forms a gas plume towards the upper left corner of the area due
to the convective airflow.
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