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ABSTRACT 

This paper tends to the issue of distinguishing changes in the 

movement of a far off gas source from the reaction of a variety of 

Methane Gas sensors sent in an Open Sampling System (OSS). 

Changes can happen because of gas source movement, for example, 

an unexpected adjustment in fixation or because of introduction to an 

alternate compound. Applications, for example, gas-spill 

identification in mines or enormous scope contamination observing 

can profit by solid change location calculations, particularly where it 

is illogical to constantly store or move sensor readings, or where 

dependable alignment is hard to accomplish. Here, it is alluring to 

recognize a change point demonstrating a critical occasion, for 

example presence of gas or an abrupt change in focus. The 

fundamental difficulties are tempestuous scattering of gas and the 

moderate reaction and recuperation seasons of Methane gas sensors. 

Because of these difficulties, the gas sensor reaction shows 

vacillations that meddle with the progressions of intrigue. The 

commitments of this proposition are focused on creating change 

detection strategies utilizing Methane gas sensor reactions. To start 

with, we apply the Generalized Likelihood Ratio calculation (GLR), 

a usually utilized strategy that doesn't make any from the earlier 

presumption about change occasions. Next, we propose TRE-FEX, a 

novel change point recognition calculation, which models the 

reaction of Methane GAS sensors as a piecewise exponential sign 

and thinks about the intersections between successive exponentials as 

change focuses. We additionally propose the rTREFEX calculation 

as an augmentation of TREFEX. The center thought behind 

rTREFEX is an endeavor to improve the fitted exponentials of 

TREFEX by limiting the quantity of exponentials considerably 

further.  
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1. Research aim 

             The goal of this research is to detect changes in the emissions of a distant gas source by analyzing 

the responses of an array of methane gas sensors deployed in an Open Sampling System configuration. The 

changes considered here are the sudden exposure of the sensors to a gas, a sudden change in the 

concentration of a gas or a change in the intensity or mixture of gases to which the sensors are exposed. 

2. Introduction 

The measurements collected by artificial gas-sensing devices can be used to detect the presence of a 

target gas. Moreover, analyzing the measurements can discriminate the particular type of gases. Artificial 

gas-sensing devices can also find the emission source of a gas and represent the observed gas distribution in 

the form of a map from spatially distributed gas sensors or a mobile gas-sensing device. 

 In applications such as gas-leak detection in coal mines and pollution monitoring, gas sensors are 

directly exposed to the environment without having control over environmental parameters such as humidity 

and temperature. Such a setup is called Open Sampling System (OSS).  On the other hand, in Closed 

Sampling Systems (CSS), the gas sensors are usually enclosed in test chambers with a controlled airflow, 

volatile exposure times, temperature and humidity, etc... Deploying gas sensors in OSS configuration 

provides a quick and continuous response which is often crucial for continuous monitoring. Moreover, it is 

often desirable to expose sensors directly to the environment since the dynamic response of the gas sensors 

contains crucial information on the gas plume and in particular on the location of the gas source. 

One of the essential elements of gas-sensing is the choice of the particular gas sensor. Among the 

different types of gas sensors, Methane gas sensors are popular and widely used in a range of applications, 

such as large-scale pollution monitoring. Methane sensors measure the change of a sensor’s conductance. 

The changes in the sensor conductance are result from the interaction between a gas and the sensing surface. 

The gas interacts with the surface of the metal oxide film, which results in a change in the material’s charge 

carrier concentration. The methane gas sensors are popular because they are inexpensive and commercially 

available. They have a relatively long lifetime and respond to a wide range of compounds such as air 

pollutants, alcohols and volatile organic compounds (VOCs). Finally, Methane sensors are both small and 

lightweight sensors, which can be deployed in many applications that require carrying a gas sensor. 

Up to now, most of the  work  with  gas  sensors  in  an  OSS  has  been  carried out under simplified 

assumptions, such  as  a  steady  air  flow  and  a gas source emitting a single compound with a constant 

emission rate for the entire duration of the experiments.  However, these assumptions rarely hold in 

scenarios of interest for practical applications, such as the monitoring of industrial production plants, 

landfills and demining. In this thesis, change detection methods are presented in order to relax common 

assumptions made in previous work. 
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3. Problem statement 

The problem addressed in this thesis is that of detecting change points from the response of a 

Methane sensor or a sensor array in Open Sampling System (OSS) configuration. The main challenges are 

the nature of OSS and the response dynamics of Methane gas sensors. An example response of three 

Methane gas sensors collected in an experiment with OSS configuration is shown in Figure 1. The 

characteristics of Methane gas sensors, such as long response and recovery times, poor selectivity and a drift 

in sensor response also cause challenges. The first challenge is the fast detection of change, as Methane 

sensors have a slow response time and an even slower recovery time. 

 

Figure 1: Methane gas sensors response in OSS 

4. Methods 

The problem addressed in this dissertation is the detection of changes in the activity of a distant gas 

source from the response of an array of Methane gas sensors deployed in an Open Sampling System. The 

first method proposed is based on hypotheses-testing. Hypotheses-testing methods decide between the 

hypothesis of having a change point or not. A popular hypotheses-testing algorithm is the Generalized 

Likelihood Ratio (GLR) algorithm. The second method proposed, TREnd Filtering with Exponentials 

(TREFEX), is a trend-detection method. Generally, trend-detection methods estimate the underlying trend of 

a signal as a piecewise function and then consider the connections between consecutive pieces as change 

points. The final proposed algorithm, reweighted TREFEX (rTREFEX), is an extension of the TREFEX 

algorithm.  Similar to the TREFEX method, rTREFEX interprets the sensor response by fitting piecewise 

exponential functions with different time constants for the response and recovery phase. 

4.1 Smoothing of exponential 

Gas sensor response contains noise due to the electronics involved in the acquisition system. To 
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dampen this noise, the sensor response is filtered using an Exponential Moving Average (EMA) filter. The 

EMA filter is an infinite impulse response filter that applies weighting factors which decrease exponentially. 

For a time series y0... yN the EMA response can be calculated recursively using the following equations. 

                                                                                                       (1) 

Where y0, yt is the raw sensor signal, r0...N is the smoothed sequence and ψ is a smoothing factor. 

The factor ψ is always between 0 and 1. Values of ψ close to 0 result in an aggressive smoothing while 

values of ψ close to 1 almost preserve the original time series. A value of ψ = 0.9 was selected in our 

experiments. This value corresponds to a cut-off frequency for the filter of 0.44 Hz. Since this cut-off 

frequency is higher than the one applied by the Methane sensors themselves, the EMA filter mainly removes 

electronic noise without affecting the actual response of the sensors. 

4.2 Normalization 

Due to differences in the sensing surface, different models of MOX sensors exhibit a different 

dynamic range. This means that some of the sensors, when responding, change their resistance value only a 

few Ohms while others vary hundreds or even thousands of Ohms. Thus, before running change point 

detection algorithms, the dynamic ranges of the sensors are made comparable by normalizing the response 

y0...N of each sensor to the interval [0, 1] using the following linear transformation. 

                                                                                                                (2) 

4.3 GLR Algorithm 

  Since the aim of this paper is to develop an approach to detect changes from response of gas sensors 

in real-world applications, no prior information is assumed about the position of the change points. Further, 

no information is assumed about the length of the monitoring process. Therefore an online version of the 

well-known Generalized Likelihood Ratio (GLR) algorithm has been chosen to serve as baseline for the 

change detection performance that   can be achieved without taking the specific behavior of Methane sensors 

into account. The GLR algorithm is schematically shown in Figure 2 and described in the following sub-

sections: first for a single sensor and then for a sensor array. Before running the  GLR  algorithm  to  detect  

change  points, the raw sensor measurements are preprocessed using the low pass filter and normalization. 
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Figure 2: Explaining GLR algorithm 

4.4 TREFEX Algorithms 

The key idea behind TREFEX is that a change in the emission modality of a gas source appears as an 

exponential trend in the response of MOX sensors. MOX sensors can be modeled as a first order system 

whose step response is indeed an exponential. TREFEX interprets the sensor response by fitting piecewise 

exponential functions with different time constants for the response and recovery phase. The number of 

exponentials is determined automatically using an approximate method based on l1-norm regularization. 

This asymmetric exponential trend filtering problem is formulated as a convex optimization problem, which 

allows an efficient computation of change points. 

4.5 rTREFEX Algorithm 

rTREFEX is an improvement on the previously proposed TREFEX algorithm The TREFEX 

algorithm considers that a sudden change in the exposition of the sensors appears as a switch between 

exponential function in the response of MOX sensors. Therefore, the change point  detection  problem can 

be seen as the problem of fitting the minimum number of exponential functions to the sensor response and 

considering the kinks between exponentials as change points. However,  since this problem requires finding  

the minimum number of exponentials, it is a cardinality problem, which is known to be NP-hard. In order to 

tackle this problem, TREFEX approximates the l0-norm involved in cardinality problems with the l1-norm, 

which makes   the problem convex and therefore tractable from the computational viewpoint. 

5. Results and discussion 

This paper proposed three methods for detecting the changes in the response of Methane gas sensors: 

Online Generalized Likelihood Ratio (GLR), TREnd Filtering with Exponentials (TREFEX) and 

reweighting TREFEX (rTREFEX) for detecting the changes in the response of Methane gas sensors. The 

proposed methods are evaluated and compared on the basis of their numerical results. Results are presented 

for both a single gas sensor and input from multiple sensors (sensor array). 

5.1 Measuring the performance 

To evaluate and compare the change detection algorithms, two performance measures were used: F-

measure and Average Distance (AD). These performance measures have been selected since ground truth is 

available for the indoor, controlled experiments. Ground truth is the estimated time of actual change points 
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calculated on the basis of the time at which the source changes its emission modality. This estimation is 

possible because the airflow is controlled to be almost constant. Before providing a definition of the 

performance measures, the concepts of alarm, true alarm and false alarm are defined for each of the 

algorithms. Then, the statistical measures including true positive, false negative and false positive, followed 

by precision and recall are explained. The proposed change detection methods return a list of change points 

called alarms. An alarm that correctly identifies an actual change point is called a true alarm. An alarm 

which was incorrectly triggered is called a false alarm. Figure 3.1 shows a graphical representation of these 

concepts for GLR as well as TREFEX and rTREFEX algorithms. 

 

Figure 3.1 graphical representations of the alarms for three algorithms 

According to these definitions, true positive (TP) is given by the number of true alarms. False 

positive (FP) is given by the number of false alarms. False negative (FN) is the number of actual change 

points which are not detected by the algorithm. FN is given by the number of change points minus the 

number of true alarms. From these numbers, the well-known performance metrics precision and recall are 

computed. This performance measure will be used in the evaluation of single sensor and sensor array results 

                                                                 (3) 

5.2 Parameter selection 

The three proposed methods (GLR, TREFEX and rTREFEX) include parameters in their algorithms. 

The strategies for selecting the parameters of the GLR, TREFEX and rTREFEX algorithms are explained in 

this section. The GLR algorithm needs to estimate the threshold h. The TREFEX algorithm needs to 

estimate the regularization parameter λ. And the rTREFEX algorithm has two parameters, the regularization 

parameter λ and the number of iterations. It has been shown that after a few numbers of iteration the 

algorithm converges. 
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5.3 Change detection results 

In the experiment, methane was emitted according to the Descending Stairway Strategy. The six 

actual change points are marked in the figure with black dots. The true alarms and false alarms are indicated 

in the figure by green dots and red dots, respectively. Since the rise in sensor response is faster than the 

decay in sensor response, detecting a change in the emission rate of a gas source from a high value to a 

smaller value (for example 100% to 80%) is more difficult than detecting a change in the emission rate from 

a small value to a higher value (for example 80% to 100%). Detecting changes in the experiment with the 

Descending Stairway Strategy (0%, 100%, 80%, 60%, 40%, 20% and 0% of the gas source’s strength) 

therefore represents a very difficult instance of the change detection problem. This experiment is selected 

here to highlight the differences between the methods. The parameters of the methods are those 

corresponding to the best overall results with respect to the maximum F-measure. The selected parameters 

are h = 90 for GLR algorithm, λ = 8 for the TREFEX algorithm and λ = 16 for rTREFEX algorithm. 

Moreover, the selected number of iterations is equal to 5 for rTREFEX algorithm. 

 

Figure 3.2: Results of the execution of the GLR algorithm 

In Figure 3.2, some of the changes in Descending Stairway Strategy are not visible in the sensor 

response, especially between emission rates of 100% to 80%. Value of the threshold in  GLR  algorithm  

adjusts  sensitivity  of  the  GLR algorithm for identifying changes. In this example that h = 90, the GLR 

algorithm correctly identified three of the six change points. There is no other false alarm in this example. 

On the other hand, the change points at 238 s, 358    s and 478 s were not detected. For smaller values of the 

threshold, more true alarms will be detected and more false alarms will be triggered. 
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Figure 3.3: Results of the execution of the TREFEX algorithm 

In Figure 3.3 the TREFEX algorithm correctly identified five of the change points. Besides these five 

correctly identified change points, two errors are observed. On one hand, the change from 100% to 80% 

emission rate (at 238s) is missed by the algorithm. A smaller value of λ would allow this change point to be 

detected as well. On the other hand, a false alarm is raised at 691s (marked by the red dot). This error could 

be avoided by setting a larger λ.  This is an example of the trade-off when selecting an appropriate value of 

the regularization parameter λ. 

 

Figure 3.4: Results of the execution of the rTREFEX algorithm 

In Figure 3.4, the rTREFEX algorithm correctly identified five of the change points without 

triggering any false alarms. Please observe that the trend obtained using the reweighted l1-norm more 

accurately estimates the kink points among the exponential trends, since it tends to favor sharper changes, as 

opposed to multiple small changes. This is reflected in a much higher precision, with a comparable recall. 

For the example experiment, rTREFEX provided the best results among the proposed methods. 
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5.4 Single sensor results 

The evaluation presented in this section includes the results considering a single sensor at the time. A 

precision-recall analysis of the proposed algorithms (GLR, TREFEX and rTREFEX) has been conducted 

considering experiments with individual sensors using maximum F-measure and Average Distance as the 

performance measures. It should be noted that all three proposed algorithms use the normalized sensor 

response since the range of the gas sensor response might vary from a few Ohms to hundreds or even 

thousands of Ohms. 

 

Figure 3.5: Precision-recall curves for the results of all three algorithms 

In Figure 3.5 an example of average precision-recall curves comparing GLR, TREFEX and 

rTREFEX for the sensor obtained from experiments is shown. Qualitatively, similar graphs were obtained 

for the other sensors. The precision-recall curve shows how the F-measure varies for different values of 

parameter h or parameter λ. The maximum F-measure is attained at   a point of the precision-recall curve 

that is closest to the upper right corner.  It is clear from the figure that the maximum F-measure attained by 

the rTREFEX is the closest to the upper right corner and the maximum F-measure of the TREFEX algorithm 

is closer than the one obtained by GLR to the upper right corner. 

Provided comparison of three proposed approaches using the maximum F-measure for each of the 

considered sensors. The results confirm that rTREFEX outperforms TREFEX and GLR for each of the 

sensors 

5.5 Sensor array results and interaction 

The results presented in this section include the extension of the proposed algorithms to consider the 

response of the sensor array or a subset of sensors in the sensor array instead of considering the sensors 

individually. In general, the combination of multiple sensors aims at increasing the robustness and reliability 



North American Academic Research, 4(1) | 2021 | https://doi.org/10.5281/zenodo.4460328                  Monthly Journal by TWASP, USA | 188  

 

of the overall change point detection performance. In this section, the results of acquired subsets of sensors 

based on the Quadratic Programming Feature Selection (QPFS) method are presented. 

 

Figure 3.6: Precision-recall curves for various iterations 

Figure 3.6 shows the precision-recall curves (averaged over all the experiments) for the sensor 

attained by the proposed algorithm after each interaction. According to Figure 3.6, it is clear that most of the 

improvements are obtained during the first 3-4 iterations, while after that the performance of the algorithm 

stabilizes. This fast convergence is most probably due to the fact that the result of the first iteration (l1 norm 

regularized problem) is already a good starting point for searching the solution of the flog G(t) penalized 

problem. 

6. Conclusion 

The performances of the three proposed change detection algorithms are evaluated based on a 

substantial number of indoor controlled experiments considering a single sensor or a set of sensors. The 

three proposed change detection algorithms are GLR, TREFEX and rTREFEX  

The numerical results show that addressing the change detection problem for Methane gas sensors 

with the rTREFEX algorithm is advantageous when compared with the TREFEX and GLR methods. First, 

this is because the maximum F-measure is higher for rTREFEX algorithm among all considered single 

sensors and all considered sets of sensors. Second, because the estimate that rTREFEX provides  about  the  

position  of  the  change  points  in  time  (AD) is within the same range as the TREFEX algorithm and much 

more accurate than the GLR algorithm. GLR requires accumulating enough evidence before declaring a 

change, while rTREFEX and TREFEX, since they consider    the whole signal, are able to detect the position 

of the change points more accurately. 

It is also interesting to note that the best result of the proposed change detection algorithms for a 
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single sensor achieves a higher F-measure than the best result of the proposed change detection algorithms 

in terms of a set     of sensors. However, using a set of sensors is still recommended in case of accurately 

detecting change points and in the presence of multiple compounds or unknown compounds. 

The evaluation of the GLR, TREFEX and rTREFEX methods was done based on a substantial 

experiment. The availability of ground truth in the controlled experiments enables a comparison of the GLR, 

TREFEX and rTREFEX methods. The F-measure and Average Distance (AD) have been used as evaluation 

criteria for the rate and accuracy of the detected changes, respectively. According to the results of the 

evaluation, the rTREFEX algorithm was demonstrated to outperform TREFEX and GLR. The highest 

maximum F-measure was obtained with the rTREFEX method for both a single sensor and a sensor array.  

In addition, the accuracy of the estimates is evaluated using AD. RTREFEX also provides an accurate 

estimation of the position of the change points. However, the computation time of the rTREFEX algorithm 

is higher than the TREFEX algorithm. 

7. Future 

The change detection methods proposed in this thesis aim to detect changes in the response of MOX 

gas sensors in an OSS. However, there are several research directions which require further consideration. 

One of the directions is the investigation of the connections between change detection and olfactory tasks. 

Other possible directions for future work are the extensions of the proposed change detection methods and 

gas dispersion simulation. One important direction for future work is the evaluation of the change detection 

methods. First, the change detection methods need to be tested in larger data sets that reflect real world 

conditions. Such data sets provide the opportunity to test the robustness level of change detection with 

respect to    the environmental conditions, such as humidity, temperature, and sensor drift. Further, change 

detection should be evaluated for experimental setups including various sensor types and target gases.                                                        
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