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Abstract 

Pollution research and mitigation efforts rely on the accuracy of data collected by monitoring 

programs. I present work on improving monitoring protocols for two important pollutants. As a 

step towards improving the spatiotemporal resolution and lowering the cost of ground-level 

methane sensing, I design and thoroughly characterize an inexpensive sensor node for near-

atmospheric methane monitoring. In an effort to improve stormwater monitoring methods, I 

develop a new model for runoff pollution and use it to simulate stormwater sampling, resulting in 

two suggested protocol modifications with the potential to substantially improve accuracy 

without increased cost. Throughout, I focus in particular on developing devices and methods 

that will improve monitoring accuracy or increase monitoring resolution at the same or lower 

cost as current approaches.  
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Introduction 

Motivation 

I believe that the major environmental catastrophes of our time - climate change, ecological 

collapse, pollution - largely demand sociopolitical solutions and cultural change rather than 

scientific or technological measures. However, I find myself better suited to technical work than 

to activism or political activity; this dissertation, then, is in part an attempt to find a niche in 

engineering and science that both suits my skills (a generalist familiarity with electronics, 

instrumentation design and construction, data analysis, and experimental design and 

implementation) and offers some utility in addressing the disastrous environmental situation in 

which we find ourselves. 

As currently practiced, policy and mitigation efforts around pollution and greenhouse gasses rely 

on accurate emissions data, which are in turn dependent on effective monitoring efforts. 

Although such data are fundamental to understanding our environmental situation and 

mitigating or regulating the problems, the specific details of pollution monitoring are often 

overlooked or taken for granted - instrumentation design, sensor implementation, and optimizing 

sampling protocols are often beyond the expertise of people in the discipline. One might 

assume that inexpensive, accurate methods exist to monitor the common and important 

pollutants, but in many cases they do not. 

Inexpensive pollution monitoring is important for a variety of reasons. Lower-cost sensors allow 

greater spatiotemporal resolution, which enables both increased understanding of emission and 

transport dynamics and an increased ability to characterize sources and fluxes for mitigation 

efforts; equally importantly, lower-cost approaches allow a wider variety of people and 

organizations to observe pollution around them, helping to level the social power dynamics 

between those generating pollution and those living with it. 

Accuracy is also of obvious importance, and I believe (and will show in this dissertation) that 

existing monitoring methods for even common, well-known pollutants are not necessarily 

optimal. I will also demonstrate that improvements to existing methods do not always involve 

added cost or labor requirements - even with the same hardware and other resources, small 

changes to implementation can potentially lead to substantial changes in accuracy. 
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Structure 

This dissertation makes contributions towards more effective monitoring of two types of 

pollution. First, I design and thoroughly characterize an inexpensive sensor node for monitoring 

methane in air; second, I present a new model for simulating stormwater runoff sampling, which 

I then use to produce several recommendations for improving runoff sampling accuracy at little 

or no added cost. 

My first two chapters detail the trajectory of designing and characterizing an inexpensive sensor 

node for detecting low levels of methane in air. I investigate whether off-the-shelf metal oxide 

semiconductor (MOx) sensors can be repurposed from their intended use in high-concentration 

safety applications to target low, near-background levels, and come away with a qualified ñyesò - 

I design a field-deployable sensor node using these sensor elements, which shows moderate 

performance (R2=0.6) in a low concentration range in a thorough calibration, but which requires 

frequent recalibration to compensate for changing environmental conditions. The results 

suggest that my sensor node is suitable for emissions monitoring in slightly higher concentration 

settings, such as in landfills or animal agriculture. Given the low cost of my design (under $200 

in parts in 2023) as compared to commercial methane analyzers (approximately $30,000 in 

2023), I believe that this approach is worth further research for these applications. 

My final chapter examines stormwater runoff sampling in a new computer simulation framework. 

My new runoff model attempts to balance realism with simplicity and interpretability; when 

possible, I try to use uncontroversial model components and intuitive parameters for the 

simulation. I simulate runoff sampling with a range of sampling protocols, and provide two new 

recommendations: first, if a rain forecast substantially underpredicts the actual storm volume, a 

simple and cost-free adjustment to sample compositing can improve performance; and, second, 

if a stormwater sampler is unable to be reprogrammed between rain events, as is common for 

larger monitoring efforts, a ñfront-loadedò sample pacing algorithm will substantially improve 

monitoring accuracy at little or no extra cost. If future field studies confirm the results, as I 

believe they will, these improvements can easily be implemented into sampling protocols and 

commercial water samplers. 

The first chapter is adapted from a paper previously published in the journal Atmospheric 

Measurement Techniques. The second chapter is currently under review in the same journal, 

and the final chapter is in preparation for submission. 
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Air and water pollution 

Combining work on air and water pollution monitoring methods in a single dissertation is 

unusual, but I believe the distinction is overstated. Although air and water pollutants can have 

different sources, transport mechanisms, and fates, some contaminants are present in both 

domains, and air pollution can be generated from hydrologic processes and vice versa. More to 

the point for my work, instrumentation, sensor calibration, and data analysis in both settings 

have substantial overlap, and restricting my focus to only air or only water would limit my range 

of relevant problems with little benefit. I think that in the future these two fields are likely to move 

closer together, in keeping with an overall need for a less compartmentalized and more holistic 

understanding of environmental damage and remediation.  
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Chapter 1: Characterization of inexpensive metal oxide sensor 

performance for trace methane detection 

This chapter is adapted from 

Furuta, D., Sayahi, T., Li, J., Wilson, B., Presto, A. A., and Li, J.: Characterization of inexpensive 

metal oxide sensor performance for trace methane detection, Atmos. Meas. Tech., 15, 5117ï

5128, https://doi.org/10.5194/amt-15-5117-2022, 2022. 

Abstract 

Methane, a major contributor to climate change, is emitted by a variety of natural and 

anthropogenic sources. Commercially available lab-grade instruments for sensing trace 

methane are expensive, and previous efforts to develop inexpensive field-deployable trace 

methane sensors have had mixed results. Industrial and commercial metal oxide (MOx) 

methane sensors, which are intended for leak detection and safety monitoring, can potentially 

be repurposed and adapted for low-concentration sensing. As an initial step towards developing 

a low-cost sensing system, we characterize the performance of five off-the-shelf MOx sensors 

for 2-10 ppm methane detection in a laboratory setting (Figaro Engineering TGS2600, 

TGS2602, TGS2611-C00, TGS2611-E00, and Henan Hanwei Electronics MQ4). We identify 

TGS2611-C00, TGS2611-E00, and MQ4 as promising for trace methane sensing, but show that 

variations in ambient humidity and temperature pose a challenge for the sensors in this 

application. 

1.1 Introduction 

Methane is a major greenhouse gas of increasing importance, with a wide variety of natural and 

anthropogenic sources (Saunois et al., 2016). Commercially available instruments for 

measuring methane are expensive, limiting the spatiotemporal resolution of monitoring and leak 

detection (Siebenaler et al., 2016; Riddick et al., 2020a). High-resolution monitoring networks 

can aid in pollution mapping and source identification, for example in reducing leaks and fugitive 

emissions from fossil fuel production and distribution, one of the main anthropogenic sources of 

methane emissions (US EPA, 2017). Accordingly, researchers are investigating several options 

for lower-cost trace methane sensing with the goal of developing inexpensive sensor networks 

(Cho et al., 2022; Riddick et al., 2020a), low-cost drone-based solutions (Liu et al., 2021), and 

similar monitoring methods. 
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One approach is to repurpose off-the-shelf methane sensors designed for industrial or 

residential safety use. These sensors are intended for leak detection and similar applications, 

and are generally specified to measure methane concentrations above trace levels (>50 ppm). 

Atmospheric methane concentrations are currently close to 2 ppm (NOAA Global Monitoring 

Laboratory 2022), and are outside of such sensorsô design parameters. However, the low cost 

and easy availability of off-the-shelf sensors supports further investigation into their use for a 

broader range of applications. 

Off-the-shelf methane sensors are built around several different technologies; Aldhafeeri et al. 

(2020) summarized the working principle of several common types of methane sensors. Infrared 

sensors measure the narrow-band absorption of infrared light by methane, with inexpensive 

sensors using simplified versions of the techniques discussed by Kamieniak et al. (2015) and 

Shemshad et al. (2012). Pellistor sensors measure the energy released by the combustion of 

gas on a catalytic surface, with challenges posed by selectivity, high energy consumption, and 

effects from environmental conditions such as wind speed (Kamieniak et al., 2015). Metal oxide 

(MOx) sensors measure the change in electrical resistance of a semiconductor layer due to 

interactions with gas molecules and can be made inexpensively; difficulties with cross-

sensitivities and lifespan can be addressed in part with different semiconductor formulations 

(Meixner and Lampe, 1996). Commercially available MOx sensors have shown promise for 

monitoring atmospheric levels of other air pollutants besides methane, including O3, CO, and 

NO2 (Piedrahita et al., 2014; Peterson et al., 2017). 

Pellistor and optical sensors are available off-the-shelf from companies such as Amphenol SGX 

Sensortech, at prices ranging from $80 to $300 from distributors (Mouser Electronics, Inc.). A 

typical example, the INIR-ME-5% optical sensor, priced at $270, is specified with a lower limit of 

detection of 100 ppm and is designed for methane concentrations in the percent range (SGX 

Sensortech, 2018). MOx sensors are often less expensive still; the components we examine 

range in price from $5 to $20, ideal for developing very inexpensive sensor nodes. Due to their 

low cost and wide availability, we focus on MOx sensors in this study. 

1.1.1 Previous studies 

Other researchers have investigated MOx sensors for trace methane detection, with results 

summarized in Table 1.1. Eugster and Kling (2012) used a TGS2600 sensor (Figaro 

Engineering Inc.) to follow diurnal trends in methane concentrations in the 1.8-2 ppm range, 
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although with an R2 of only 0.19. However, Riddick et al. (2020a) found the same method did 

not work with a wider concentration range and developed a different model with accuracy of 

0.01 ppm. Collier-Oxandale et al. (2018) also found good results with TGS2600 sensors at two 

different sites, with RMSE better than 0.4 ppm; however, they found it necessary to use different 

calibration and regression models for the two sites, and found that their models were somewhat 

overfitted to other gases and environmental parameters. Although TGS2600 had useful 

accuracy in these studies, different calibration models were required for different sites, possibly 

due to different sources or environmental conditions. In particular, temperature and humidity are 

known to affect MOx sensor response, as do cross-sensitivities to other gases (Wang et al., 

2010; Huerta et al., 2016; Nabil Abdullah et al., 2020; Kim et al., 2021). It is possible that these 

studies had overfitting to site-specific phenomena such as interfering gases. 

Van den Bossche et al. (2017) performed a laboratory calibration of a TGS2611-E00 sensor 

(Figaro Engineering Inc.), finding error around 1 ppm when corrected for humidity and 

temperature. Bastviken et al. (2020) reported similar errors with TGS2611-E00 in a laboratory 

calibration and field deployment. Taguem et al. (2021) studied the response of a sensor array 

including TGS2611, TGS2602 (Figaro Engineering Inc.) and other sensors for biogas detection, 

which includes methane as a component; however, their analysis did not characterize sensor 

response to methane alone. 

Riddick et al. (2020b) found an MQ4 sensor to match their reference instrument between 100 

ppm and 9 % concentrations with an R2 of 0.99. Honeycutt et al. (2019) determined a lower limit 

of detection for MQ4 of 82 ppm. Both studies found good performance in the higher 

concentration range, but neither study quantified sensor performance in the background to 10 

ppm range. 

The cited low-concentration studies used several algorithms to fit sensor response to methane 

levels. Eugster and Kling (2012) used a linear regression to fit a scaled sensor resistance, which 

was first corrected for relative humidity and temperature, to methane levels. Van den Bossche et 

al. (2017) followed the same method. As mentioned previously, Riddick et al. (2020a) did not 

find this algorithm to produce optimal results, and instead developed a more complicated non-

linear regression to fit their data. Finally, Collier-Oxandale et al. (2018) evaluated 11 different 

regressions of varying complexity with different variables, including time, time of day, 

temperature, and humidity, finding that different models worked better at their different sites. 
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Models for these studies were selected for performance rather than clarity or ease of 

interpretation. Although it may give worse performance, we believe a simpler model may better 

illustrate the effects of different conditions on sensor response in our comparative study. 

The cited studies use different performance metrics, with some reporting differing results for the 

same sensors.  Eugster and Kling (2012) found an unimpressive R2 of 0.19 for TGS2600, for 

example, while Riddick et al. (2020a) found an impressive accuracy of 0.01 ppm for the same 

sensor. As these varying results are difficult to interpret and compare, an evaluation of these 

inexpensive sensors with a consistent methodology will be helpful for future work in the field. 

Table 1.1. Summary of results of selected studies. 

Study Sensor Methane 
concentration 

Performance 

Eugster and Kling (2012) TGS2600 1.85 to 2 ppm R2=0.19 
Riddick et al. (2020a) TGS2600 1.85 to 5.85 ppm ±0.01 ppm 
Collier-Oxandale et al. (2018) TGS2600 approx. 2 to 7 ppm RMSE=0.38 ppm 
Van den Bossche et al. (2017) TGS2611-E00 2 to 9 ppm generally 1 ppm accuracy 
Bastviken et al. (2020) TGS2611-E00 2 to 500 ppm ±1.1 ppm at near-atmospheric 

levels 
Riddick et al. (2020b) MQ4 100 ppm to 9 % R2=0.99 
Honeycutt et al. (2019) MQ4 1.85 to 995 ppm Limit of detection=82 ppm 

 

Background methane levels at our location are approximately 2 ppm, consistent with the low-

concentration studies in Table 1.1. Eugster and Kling (2012) have a small concentration range 

of 1.85-2 ppm, while the other low-concentration studies have upper concentrations of 5.85 ppm 

(Riddick et al., 2020a), 7 ppm (Collier-Oxandale et al., 2018), and 9 ppm (Van den Bossche et 

al., 2017). To allow comparisons with these previous studies, for our study we chose a similar 

concentration range of background to 10 ppm. We chose a slightly higher upper concentration 

with the additional goal of evaluating suitability for detecting minor leaks and similar 

enhancements, while focusing on the apparently difficult-to-sense low-concentration range. 

1.1.2 Study goals 

Previous studies suggest that some MOx sensors may be useful at ambient methane 

concentrations; however, as the studies use different experimental methods, algorithms, and 

concentration ranges, making direct comparisons between the sensors is difficult. In this study, 

we compare the performance of five MOx sensors for trace methane detection with the hope of 

clarifying the suitability of these low-cost devices for atmospheric and near-source applications. 
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We characterize the effect of temperature and humidity on sensor response over a methane 

concentration range of background (2 ppm) to 10 ppm. By systematically examining the effect of 

environmental conditions on sensor performance and by providing a consistent methodology, 

we provide a direct comparison between the different sensors and an indication of their 

suitability for trace methane sensing use. 

1.2 Methods 

1.2.1 Sensor selection and configuration 

We selected five inexpensive, off-the-shelf MOx sensors to test, detailed in Table 1.2. Three of 

the sensors (TGS2611-C00, TGS2611-E00, and MQ4) are marketed specifically for methane 

response (Figaro, 2013; Henan Hanwei Electronics Co., n.d.); one sensor, TGS2600, is 

marketed for general air pollutant response (Figaro, 2021a); and one sensor, TGS2602, is 

marketed primarily for volatile organic compound (VOC) detection (Figaro, 2021b). We chose to 

include TGS2602, which is not marketed as sensing methane, to confirm whether it could be 

used in sensor arrays to help account for cross sensitivities, as might be the case if it showed 

no response to methane. 

The TGS2611 models are built on the same base sensor, with the TGS2611-E00 including an 

additional filter to block possible interfering gases such as alcohols. The TGS2611-C00 does not 

include this filter and is marketed for fast response. We believe that the manufacturer has not 

publicly disclosed the specific material used in the filter. TGS2600 and TGS2611-E00 have been 

characterized for trace methane sensing by the studies listed in Table 1.1. 

Table 1.2. Sensors used in this chapter. Prices for the Figaro sensors and MQ4 are from 

the distributors Maritex Co. and Pololu Corp., respectively, and were collected in 

November 2021. 

Manufacturer Model Approximate Price Target gas 

Figaro Engineering Inc. TGS2600 $15 general air pollutants 
Figaro Engineering Inc. TGS2602 $17 VOCs, odorous gas 
Figaro Engineering Inc. TGS2611-C00 $20 CH4 - fast response 
Figaro Engineering Inc. TGS2611-E00 $20 CH4 - filtered 
Henan Hanwei Electronics MQ4 $5 CH4 

 

MOx sensors respond to gas concentrations with varying electrical resistances. To convert this 

to a voltage signal which our equipment could record, we placed each sensor in a voltage 

divider configuration with a 10 kɋ resistor. Since the sensor response to our range of conditions 
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was unknown, we selected the resistance as a reasonable value based on manufacturer 

datasheets. The sensors have internal heaters, which are intended to provide the stable 

elevated operating temperatures required for the metal oxide elements. 

Our experiment tested three replicates of each sensor for a total of 15 sensors. The Figaro 

sensors of each type were from the same production batch; the MQ4 sensors were ordered 

from the distributor at the same time but did not have printed batch information. We designed a 

printed circuit board (PCB) for the sensors and associated electronics, shown in Fig. 1.1. The 

PCB holds the sensors, voltage divider resistors, and connectors for sensor signals and power. 

The PCB also contains power supply bypass capacitors to reduce any power supply noise, 

which were not in the direct path of the measurement circuit. We randomized the order in which 

the sensors were placed on the PCB to minimize possible thermal differences between the edge 

and center positions. The sensor board and sensors were burned in for several days before 

use. 
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Figure 1.1. Diagram of the experimental setup. One of each type of sensor is labelled on 

the circuit board: A = MQ4; B = TGS2602; C = TGS2611-E00; D = TGS2611-C00; E = 

TGS2600. In the actual experiment the data acquisition unit was placed inside the inner 

enclosure; for visual clarity it is shown outside in the diagram. 

1.2.2 Instrumentation and experimental setup 

The sensor signals leaving the PCB were analog voltages that required digitization with a data 

acquisition unit (LabJack Corp. T7) connected to our host computer. The data acquisition unit 

has a 16-bit analog digital converter, which was further averaged internally to an effective bit 

depth of 19.1 bits, corresponding to a 37 ɛV resolution (LabJack Corp. n.d.). We used a 

standalone device (VWR International LLC Traceable Logger-Trac) placed next to the sensor 

PCB to measure and record relative humidity and temperature. The humidity and temperature 

logger recorded an entry every 30 seconds, which we later averaged to one minute. 

We powered the sensor board with a regulated bench power supply (Keysight Technologies 

E3631A), with the data acquisition unit powered via USB from the host computer. The sensors 
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were warmed up for two hours prior to beginning data collection. The data acquisition unit 

digitized the analog sensor voltage divider signals and sent voltage readings to the host 

computer, as directed by a program running in Python 3.7 (Python Software Foundation). The 

host computer paused for five seconds between consecutive samples; including the time 

required to acquire data and small variations in system timing, this resulted in an entry of 

readings from all 15 sensors every five to six seconds, which we averaged later to one minute 

resolution. 

We used an LI-7810 optical trace gas analyzer (LI-COR Inc.) as a reference instrument. The LI-

7810 measures methane with better than 1 ppb precision and water vapor with better than 50 

ppm precision, with a methane response time specified as less than two seconds (LI-COR, 

2021). The reference instrument produced readings every second, which we later averaged to 

the minute. The analyzer was still in its initial factory calibration period. 

We built our test chamber inside a commercially available chest freezer, shown in the diagram 

in Fig. 1.1. We placed a heater (Vivosun 10òĬ20.75ò seedling heat mat) at the bottom of the 

freezer, with both the freezer and heater controlled by a temperature controller (Inkbird ITC-

308). As our test chamber, we placed a plastic tub inside the freezer with the sensor PCB, data 

acquisition unit, and temperature and humidity logger enclosed. The host computer, reference 

instrument, and power supply were outside of the chamber, with connections made through the 

lids of the freezer and tub. The reference instrument continuously drew air from the test 

chamber by its internal sampling pump at a flow rate of 0.25 lpm, sampling from the top of the 

test chamber as seen in Fig. 1.1, and venting its exhaust to the laboratory. This sampling airflow 

was the only driver of air movement into or out of the chamber. Makeup air was provided from 

ambient laboratory air via an inlet tube, which also connected to the top of the test chamber. 

The sensor PCB was placed at the bottom of the test chamber, and a small fan inside the test 

chamber ensured mixing. 

The reference instrument was connected to the test chamber by approximately four feet of 

tubing. We found that the instrument responded to methane pulses injected into the test 

chamber within seconds; as we later averaged all data to a minute time scale, we considered 

this lag to be negligible and did not synchronize the systems further beyond ensuring consistent 

system clocks. 
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To generate methane pulses, we drew a small portion of gas from a 99.99% methane cylinder 

(GASCO Affiliates, Ltd.) into a syringe and then injected the gas into the inlet tube, flushing the 

tube several times with ambient air. This caused a sharp spike in methane concentrations inside 

the test chamber, which then slowly decayed to background levels as the air was replaced with 

ambient air. With our chamber and reference instrument air flow, a 10 ppm concentration 

decayed to the background 2 ppm in around a day. 

We examined sensor performance at five temperatures: 10ÁC, 15ÁC, 20ÁC, 25ÁC, and 30ÁC. We 

injected two methane pulses at each temperature for a total of ten methane decay curves over 

ten days. We recorded methane and water vapor concentrations with the LI-7810 reference 

instrument, and temperature and relative humidity with the VWR logger. Due to high ambient 

humidity in the laboratory, we were unable to control humidity in our test chamber. 

1.2.3 Data processing and analysis 

We averaged all collected data to a one-minute timescale, and then associated the data from 

the sensor PCB, reference instrument, and temperature/humidity logger by their timestamps. 

Since our interest is in sensor performance at background and near-source methane 

concentrations, we discarded data points with a reference instrument methane reading above 

10 ppm. 

MOx sensors convert gas concentrations into electrical resistances. Our sensor PCB converted 

these resistances to voltage signals with a voltage divider arrangement with a 10 kɋ fixed 

resistor and a 5 V voltage supply. To convert a recorded sensor voltage VOUT to its originating 

sensor resistance RS, we used the standard voltage divider equation Eq. 1. We used these 

resistances RS for our analyses. 

Ὑ ρππππɱ     (1) 

Due to the decaying pulse approach used, the dataset is heavily biased towards lower methane 

concentrations. To better evaluate sensor performance across the entire concentration range of 

interest, we performed our analysis by stratifying the dataset. We divided the data into three 

equally-spaced bins by methane concentration, spaced between the minimum recorded 

concentration and 10 ppm. We then randomly chose an equal number of samples from each 

bin, with the number chosen from each bin being equal to the size of the smallest bin, and used 

this sampled dataset for further analysis. 
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MOx sensors are sensitive to environmental conditions, particularly humidity and temperature 

(Abdullah et al., 2020). In our experiment, ambient temperature and water vapor concentrations 

were highly correlated (Pearsonôs r=0.95). Humidity directly affects MOx sensor response 

(Wang et al., 2010); the sensors we used all have internal heaters to provide elevated 

temperatures for their elements, and further work would be required to quantify the effect of 

ambient temperature on these operating conditions. As our experimental setup was poorly 

suited to differentiate between the effects of temperature and humidity, we accordingly chose to 

only include water vapor concentration as an environmental factor in our analysis, which had 

slightly stronger correlation with most of the sensors than did temperature. Water vapor 

concentrations were measured by the LI-7810 in ppm, which we converted to percent. 

Determining the different effects of temperature and humidity will be an important element of 

future work with these sensors. 

To compare the sensorsô suitability for trace methane monitoring, we performed multi-variable 

linear regressions individually for each sensor. As our goal is to compare the performance of the 

different sensors in a systematic way rather than to develop a field-deployable system, we 

chose to use a simple, easily interpreted model rather than a higher-performing but more 

complex algorithm. Each regression used methane concentration measured by the reference 

instrument as the target. Sensor response, water vapor concentration, and the interaction 

between sensor response and water vapor were predictor variables. Equation 2 shows the 

regression equation, in which the Ŭ and ɓ terms are least-square regression parameters and Ů is 

the residual error. 

ὅὌ ‌ ‍ ίὩὲίέὶ ὶὩίὭίὸὥὲὧὩ ‍ Ὄὕ ‍ Ὄὕ ίὩὲίέὶ ὶὩίὭίὸὥὲὧὩ‐   (2) 

1.3 Results 

Figure 1.2 shows the time series of the full dataset. This dataset contains 14,065 entries, 

representing one-minute averaged data for ten days. Gaps in the data represent periods with 

methane concentrations above 10 ppm due to overshooting the target concentration on pulse 

injections, which we removed from the dataset. 
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Figure 1.2. Time series of the full dataset. The left plots show the entire experiment; the 

right plots show an expanded view of the two hours inside the dotted lines. For visual 

clarity, only one replicate of each sensor type is shown. 

Due to high humidity variation in the ambient laboratory environment, the experimental setup 

was unable to maintain stable relative humidity levels. Although this behavior was not desired, 

our experimental design still provided a range of humidity levels for our analysis. 

As can be seen in Fig. 1.2, relative humidity, water vapor levels, and temperature all show a 

regular cycle, with levels fluctuating several times per hour. This cycle was synchronized with 

the on/off period of our temperature control system. From observation of the system, we believe 

that the cycle in water vapor levels was caused by condensation and evaporation on the walls of 

the test chamber due to the cooling and heating temperature cycle. The temperature 

fluctuations also affected relative humidity via the associated changes in vapor pressure. 

Figure 1.3 shows the sensorsô response to methane concentration and environmental 

parameters, including absolute humidity, temperature, and relative humidity. This figure also 

demonstrates the correlations among the different sensors. Most of the MOx sensors show a 

strong correlation with temperature and water vapor concentration (|r|>0.8 for both parameters 

for all sensors except for TGS2602); temperature and water vapor concentrations were 

themselves highly correlated in our experiment. Sensor correlation with temperature and water 

vapor is stronger than their correlations with methane concentrations for all of the sensors, 

suggesting that accounting for environmental factors is critical to using these sensors. The MQ4 
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and TGS2611-E00 sensors are moderately correlated with methane (r=-0.46 and -0.52, 

respectively). TGS2600, TGS2602, and TGS2611-C00 show low correlation with methane 

concentrations (r=-0.20, -0.10, and -0.32 respectively). 

 

Figure 1.3. The lower triangle shows pair plots between variables; the upper triangle 

shows correlation values (Pearsonôs r); the green plots on the diagonal show 

distributions of each variable. 2600, 2602, 2611-C00, 2611-E00, and MQ4 are the MOx 

sensors; CH4 and H2O are methane and water vapor concentrations; T and RH are 

temperature and humidity. For clarity, only one of each type of sensor is shown. 

Consistency of measured resistance between replicates of the same type of sensor is 

summarized in Fig. 1.4. Pair and relative frequency plots are shown for each sensor type. The 

TGS2611-series sensors show good correlations between replicates (r=1.00). The other 
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sensors also show good correlation (rÓ0.97) but have greater variation in slopes between units, 

suggesting that individual, per-sensor calibration might be necessary. 

 

Figure 1.4. The experiment contained three replicates of each sensor type; each subplot 

shows the relationship between the three replicates of a given sensor. The lower 

triangles show pair plots; the upper triangles show correlation values (Pearsonôs r) and 

the slope ɓ of the best fit line for each pair; the green plots on the diagonal show 

distributions. The x-axes for all plots and the y-axes for the lower triangles are electrical 

resistance values in kɋ. 

A comparison of the full and stratified sampled data set is shown in Fig. 1.5. The stratified 

dataset provides a better balance among the number of observations at different 

concentrations. Nonetheless, low methane concentrations still had more observations. This bias 

could be reduced by using more bins in the sampling, at further cost to the overall dataset size. 
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Figure 1.5. Distributions of the full and sampled dataset. The full dataset has n = 14065 

points. The sampled dataset has n = 930 points. 

Regression parameters and goodness-of-fit statistics for the regression model of Eq. 2 are given 

in Table 1.3. Plots of predicted versus observed methane concentrations are shown in Fig. 1.6. 

The coefficients of determination for TGS2600 and TGS2602 are poor, and there are essentially 

no trends between predicted and observed values for these sensors. Regression statistics for 

the TGS2611 sensors suggest that the regression relationships are capturing key trends in the 

observed methane concentrations. In general, their regression analyses tend to overpredict the 

low concentrations and underpredict higher concentrations. More advanced regression analysis 

may be successful in improving the performance of these sensors. The best regression 

relationships were obtained with the MQ4 and TGS2611-E00 sensors. Coefficients of 

determination were generally the largest, and the regression coefficients were significantly 

different from zero. However, the MQ4 sensors showed greater variability between units in 

goodness of fit than the TGS2611 sensors, with one of the three units performing worse than the 

TGS2611-E00 sensors. As previously mentioned, the MQ4 sensors did not have manufacturing 

batch information, and may have been packaged together from different batches by the 

component distributor. We additionally fit the regression equation with log-transformed data, but 

did not find improvement in the results. 
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Table 1.3. Regression performance and coefficients for Eq. 2 

╒╗ ♪ ♫ ▼▄▪▼▫► ►▄▼░▼◄╪▪╬▄ ♫ ╗╞ ♫ ╗╞ ▼▄▪▼▫► ►▄▼░▼◄╪▪╬▄Ⱡ 

with CH4 in ppm, H2O as percent, and sensor resistance in kɋ. Every cell shows values 

for each of the three replicates of the given sensor. Statistical significance for each term 

is indicated with the following codes: * p < 0.1; ** p < 0.05; *** p < 0.001. The fit is 

evaluated for the 2 to 10 ppm methane range. 

Sensor R2 RMSE 
(ppm) 

Ŭ ɓ1 ɓ2 ɓ3 

TGS2600 0.16 
0.16 
0.16 

2.31 
2.31 
2.31 

16.31*** 
16.39*** 
15.83*** 

-0.60*** 
-0.66*** 
-0.55*** 

-4.97*** 
-4.71*** 
-4.66*** 

0.28*** 
0.29*** 
0.26*** 

TGS2602 0.06 
0.06 
0.06 

2.44 
2.44 
2.44 

3.34** 
2.66* 
5.29*** 

-0.0065 
0.033 
-0.12 

0.51 
0.92 
-0.51 

0.053 
0.039 
0.13** 

TGS2611-C00 0.67 
0.68 
0.68 

1.45 
1.43 
1.42 

30.86*** 
30.34*** 
30.76*** 

-0.42*** 
-0.40*** 
-0.42*** 

-0.29 
-0.30 
-0.64 

-0.33*** 
-0.32*** 
-0.31*** 

TGS2611-E00 0.78 
0.78 
0.76 

1.19 
1.18 
1.22 

25.19*** 
24.34*** 
24.81*** 

-0.20*** 
-0.18*** 
-0.18*** 

-4.20*** 
-3.75*** 
-4.10*** 

-0.0006 
-0.0076* 
-0.0027 

MQ4 0.82 
0.70 
0.79 

1.07 
1.39 
1.16 

22.07*** 
17.64*** 
20.65*** 

-0.18*** 
-0.08*** 
-0.13*** 

0.60* 
3.10*** 
2.09*** 

-0.11*** 
-0.13*** 
-0.13*** 

 

 

Figure 1.6. Regression performance using the coefficients given in Table 1.3, shown 

against the identity line. For visual clarity, only one replicate is shown for each sensor 

type. 
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1.4 Discussion 

1.4.1 Sensor performance 

We tested five low-cost off-the-shelf MOx sensors to determine their suitability for monitoring 

methane at concentrations close to atmospheric levels. We identified TGS2611-C00 and 

TGS2611-E00 (Figaro Engineering Inc.), and MQ4 (Henan Hanwei Electronics Co. Ltd.) as 

promising candidates, with the best R2 (>0.65) and RMSE (<1.5 ppm). 

TGS2600 and TGS2602 sensors (Figaro Engineering Inc.) did not correlate well with methane 

levels in the analysis we performed. As TGS2602 is not marketed specifically for methane, this 

is unsurprising. TGS2600 is marketed as a general purpose sensor, but has been used 

previously for methane work. Although it is possible that more complex algorithms could provide 

useful results, as in Eugster and Kling (2012), the inconsistent results of these algorithms in 

previous studies (Riddick et al., 2020a) and the availability of apparently better sensors for the 

same cost leaves little reason to use TGS2600 or TGS2602 for future trace methane work. 

However, their lack of response to methane suggests they may have potential if deployed 

alongside other sensors to differentiate between methane and other gases. 

Our RMSE values for TGS2611-E00 of 1.2 ppm were close to the errors of approximately 1 ppm 

reported by van den Bossche et al. (2017) and Bastviken et al. (2020). Our R2=0.16 for 

TGS2600 was close to the R2=0.19 reported by Eugster and Kling (2012). However, our RMSE 

for TGS2600 of 2.3 ppm was worse than the impressive 0.38 ppm and 0.01 ppm errors reported 

by Collier-Oxendale et al. (2018) and Riddick et al. (2020a) respectively; unlike these previous 

studies, we did not find that TGS2600 was sensitive to methane at low levels. Possibly these 

studies had site-specific effects that led to better sensor performance which were not present in 

our experiment, or our errors could be reduced with more sophisticated models. 

We found that the TGS2611 sensors had similar performance between units of the same type, 

but that the MQ4 units showed greater variability. The three MQ4 sensors we tested gave R2 

values in our model from 0.70 to 0.82; by comparison, the three TGS2611-C00 had R2 values 

from 0.67 to 0.68, and the TGS2611-E00 sensors from 0.76 to 0.78. The slope of the response 

also varied more between units for the MQ4 units than for the TGS2611 sensors. As a result, 

individual calibration or sensor selection is likely necessary for MQ4, adding to the cost and 

labor required in assembling a sensor network. In contrast, other types of inexpensive 
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electrochemical sensors have been shown to perform well for other air pollutants without 

individual calibration (Malings et al., 2019). 

The 10 kɋ resistor value we used for our voltage dividers was not chosen optimally, as can be 

seen from the range of sensor resistances shown in Figs. 1.2 and 1.4. As the voltage divider 

would have the highest sensitivity when the fixed resistor is close to the sensor resistance, 

larger voltage divider resistors would perform better. Accordingly, for the range of conditions we 

studied, resistors closer to 20, 40, and 75 kɋ would be preferable for TGS2600, TGS2611-C00, 

and TGS2611-E00 and MQ4 respectively.  

1.4.2 Suitability for atmospheric sensing and potential applications 

As background methane levels are around 2 ppm, RMSE values of greater than 1 ppm suggest 

that these sensors are not suitable for detecting variations in methane levels around 

atmospheric concentrations without more sophisticated algorithms or sensing system designs. 

In particular, more precisely accounting for temperature and humidity response may improve 

performance. This could be achieved by regulating the temperature and humidity levels of the 

sampled air or by characterizing sensor response to temperature and humidity separately and 

developing a more complex algorithm to remove these interferences. 

The level of accuracy we found from TGS2611 and MQ4 may be usable without further 

improvement in sensor networks for major leak detection in urban areas, which show methane 

enhancements above 1 ppm in surveys, with levels sometimes exceeding 10 ppm (Phillips et 

al., 2013; Defratyka et al., 2021). Leaks around natural gas infrastructure (Cho et al., 2022) 

should also be easily detectable, with even regional-scale enhancements exceeding 1.5 ppm 

around production sites (Caulton et al., 2014). Due to the low cost of these sensors, such leak 

detection sensor networks could provide an accessible method for identifying and correcting 

major fugitive emission sources. 

1.4.3 Sensitivity to environmental conditions 

Water vapor and temperature have a large effect on sensor response, as shown by previous 

studies (Wang et al., 2010; Huerta et al., 2016; Abdullah et al., 2020; Kim et al., 2021). Our 

results show a strong correlation between absolute humidity and sensor response (|r|>0.85 for 

the TGS2611 sensors and MQ4), but little correlation with relative humidity (|r|<0.1 for the same 

sensors). 
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Figure 1.7 emphasizes the importance of temperature and humidity by showing the responses 

of three sensors for subsets of the data, selected to show two disjunct ranges each for 

temperature and water vapor. At higher temperatures the sensors have lower resistance values 

than at lower temperatures; the same is true for water vapor levels. In the methane 

concentration range we examined, the change in sensor response due to these environmental 

conditions can exceed the change in sensor response due to methane levels. Accordingly, field 

deployments of these sensors will require system designs that control temperature and 

humidity, co-located measurements and algorithms to account for these factors, or both. 

  



22 
 
 

 

Figure 1.7. Sensor response (y axis) to environmental conditions can be greater than to 

methane (x axis) at low concentrations. 

1.4.4 Study limitations 

Our study had several limitations that will need to be addressed for future development. Most 

importantly, our experimental setup was unable to accurately control humidity levels 

independently of temperature, leaving us unable to distinguish sensor sensitivities between the 

two factors. We also did not test for cross-sensitivities to other gases, such as VOCs or CO, 

which may be important factors in real-world deployments (Collier-Oxandale et al., 2018). The 

lack of response from TGS2600 and TGS2602 to methane suggests they might be useful in 
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detecting these interfering gases in a sensor array. Further development of this idea will require 

characterizing the sensorsô responses to common interfering gases and then developing 

algorithms to account for cross-sensitivities using multiple sensors. 

Our calibration equation was simpler than those used by previous studies, and was chosen for 

clarity and ease of interpretation rather than for optimal performance. Accordingly, our 

expectations for sensor performance may be more pessimistic than possible with more 

sophisticated algorithms. However, the agreement of our conclusions with some previous work 

supports our general findings, and we think it is unlikely that the relative performance of these 

sensors will be significantly different with higher-performing models. 

1.5 Conclusion 

Environmental conditions have a large effect on MOx sensors, dominating the sensor response 

at low methane levels. Applications of these sensors for monitoring trace methane will require 

careful sensor calibration and algorithms to address humidity, or system designs that reduce 

environmental variation. We believe that addressing environmental sensitivity is the main 

challenge to real-world applications with the studied sensors, but that their potential to enable 

inexpensive sensor networks merits further development. 

Monitoring background methane concentrations with the studied sensors will be difficult. It is 

likely that more advanced algorithms would allow improved performance over our relatively 

simple model, but it remains to be seen if implementation improvements will enable these 

sensors to perform adequately. However, we believe that the better-performing sensors 

(TGS2611, MQ4) have potential immediate application in leak detection networks and similar 

settings, and that the performance we found should be sufficient for use around fossil fuel 

production infrastructure, in urban leak detection, and in other similar applications. 

1.6 Code and data availability 

Code and circuit board design files are available by request. Data is available at 

https://conservancy.umn.edu/handle/11299/226714 
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Chapter 2: Design and evaluation of a low-cost sensor node for 

near-background methane measurement 

This chapter is adapted from  

Furuta, D., Wilson, B., Presto, A. A., and Li, J.: Design and evaluation of a low-cost sensor node 

for near-background methane measurement, in review at Atmos. Meas. Tech. 

Abstract 

We developed a low-cost methane sensing node incorporating two metal oxide (MOx) sensors, 

humidity and temperature sensing, data storage, and telemetry. We deployed the prototype 

sensor alongside a reference methane analyzer in two sites - one outdoors, one indoors - for 

several months each of data collection across a range of environmental conditions and methane 

levels. We explored calibration models to investigate the performance of our system and its 

suitability for background monitoring and enhancement detection. We achieved moderate 

performance in the 2 to 10 ppm range, but found that the sensor response varied over time, 

possibly as the result of changes in non-targeted gas concentrations. We suggest that this cross 

sensitivity may be responsible for mixed results in previous similar studies. We discuss the 

implications of our results for the use of these and similar inexpensive MOx sensors for near-

background methane monitoring. 

2.1 Introduction 

With the well-known importance of methane emissions to climate change and the scarcity of 

high-resolution ground-level data, scientists and engineers are working to develop low-cost 

sensor networks and monitoring methods. Researchers and commercial entities have explored 

a variety of sensor mechanisms, including optical, pyroelectric, and chemiresistive devices, 

among others (Aldhafeeri et al., 2020). Due to their low cost, metal oxide semiconductor (MOx) 

sensor elements are appealing candidates for inexpensive sensor network development (Cho et 

al., 2022). 

MOx sensor implementation poses a variety of technical challenges, and laboratory calibrations 

may not translate to real-world applications (Barsan et al., 2007). In particular, environmental 

factors such as humidity and interfering gasses are difficult to incorporate in a lab setting (Wang 

et al., 2010). Poor selectivity for target gasses is a challenge of particular relevance to our 
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current study, and is a well-known problem with a variety of possible solutions including sensor 

array or ñe-noseò configurations (Ponzoni et al., 2017; Cheng et al., 2021). 

A variety of previous studies have explored the TGS MOx sensor product line from Figaro 

Engineering for methane detection. In particular, the TGS2600 and TGS2611-E00 sensors have 

promising reports in the literature (Collier-Oxandale et al., 2018; van den Bossche et al., 2017). 

The TGS2611-E00 is marketed for methane detection in alarms, leak monitoring, and similar 

applications (Figaro USA, Inc., 2013); the TGS2600 is marketed as a general-purpose air 

contaminant sensor for use in air quality monitors and similar devices (Figaro USA, Inc., 2022). 

Both are low-cost sensing elements available for around $20 each from electronic component 

distributors (Maritex Co., September 2023 prices). 

Previous work has found TGS2611-E00 to perform reasonably well when calibrated in a 

laboratory setting, with error within Ñ1.7 ppm across a 2 to 9 ppm methane concentration (van 

den Bossche et al., 2017). Several field experiments have found useful performance for 

detecting methane concentrations in a higher range; among them, Cho et al. (2022) find 

TGS2611-E00 effective above 100 ppm concentrations, and Jßrgensen et al. (2020) report 

success in the 2 to 100 ppm range. Riddick et al. (2022) successfully detected large changes in 

methane concentrations, corresponding to natural gas leaks, but found that quantitative 

emission estimates had poor accuracy. Shah et al. (2023) provide an in-depth examination of 

TGS2611-E00 calibration, including the important observation that laboratory calibrations may 

not generalize to different ambient conditions in the field. All of the previous studies note that 

environmental conditions, particularly humidity levels, affect sensor response; Shah et al. (2023) 

also provide some evidence that ambient gas makeup plays a significant role in sensor 

behavior. 

TGS2600 has also found positive results in some studies. Eugster and Kling (2012) report a 

general sensor correspondence with methane trends in a field study, although with a low R2 of 

0.19. Other papers find better performance (Collier-Oxandale et al., 2018; Riddick et al., 2020; 

Eugster et al., 2020; Casey et al., 2019), but generally with complicated algorithms required, 

and in some cases with notable differences in performance between laboratory and field 

settings (Riddick et al., 2020) or from site to site (Collier-Oxandale et al., 2018). 

The previously mentioned studies explore a range of methane concentrations. We focus in this 

paper on a low concentration range, which we define as ranging from the atmospheric 
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background of approximately 2 ppm to 10 ppm. Our previous laboratory work suggests that 

TGS2611-E00 has some methane response in this range and that TGS2600 does not (Furuta et 

al., 2022). It is unclear from previously published work whether these sensors are viable for 

monitoring the 2 to 10 ppm range in real-world settings, and whether these sensors are 

therefore usable in low-cost sensing networks for monitoring small fugitive emissions and similar 

low-concentration applications. 

To better understand the viability of low-cost, MOx sensors for monitoring methane in this low 

concentration range, we designed an inexpensive sensor node complete with telemetry and 

datalogging, deployed the node in an outdoor setting and an indoor setting with a range of 

methane concentrations for several months each, and then characterized the sensor response 

to both environmental conditions and methane levels. We present the full design for our sensor 

node and mention its strengths and shortcomings. We highlight several difficulties in monitoring 

this low methane concentration range with MOx sensors, and discuss the suitability of the 

sensing approach for the concentration range of interest. 

2.2 Methods 

2.2.1 Sensing system design 

We designed and built a system consisting of two MOx sensors, a relative humidity and 

temperature sensor, data storage and telemetry, and power supplies and interfacing circuitry. 

We implemented the system on two printed circuit boards (PCBs), with one PCB holding the 

sensors and associated circuitry and the other PCB holding the data storage and telemetry 

components, as described in full in Appendix A. 

We chose TGS2611-E00 (Figaro USA, Inc., 2013) and TGS2600 (Figaro USA, Inc., 2021) MOx 

sensors from Figaro Engineering Inc. as our primary sensing elements. Based on our previous 

work, we expected TGS2611-E00 to respond reasonably well to methane and TGS2600 to show 

a weak or no response to methane in the concentration range of interest (Furuta et al., 2022). 

By including both sensors we hoped to allow our calibration algorithm to compensate for non-

methane interfering gasses that might be detected by both TGS2600 and TGS2611-E00. 

MOx sensors require stable power supplies for accurate readings, with previous studies noting 

that power supply fluctuations compromise performance (van den Bossche et al., 2017; Shah et 

al., 2023). Our overall system ran from a 5V DC power supply; to ensure high stability for the 
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sensing elements we operated them at 4.8V derived from an onboard precision voltage 

regulator. We burned in the sensors and regulator for a week prior to data collection. 

MOx sensors vary in resistance in response to target gasses. To convert this variation to a 

voltage signal that could be easily digitized, we placed the sensors in voltage divider 

configurations against selected reference resistors. For maximum sensitivity, the reference 

resistance value should be close to the expected sensor resistance; we used results from our 

previous work to choose reference resistor values of 15 kɋ for TGS2600 and 75 kɋ for 

TGS2611-E00 (Furuta et al., 2022). We digitized the voltage output for each divider using an 

ADS1115 16-bit analog to digital converter (Texas Instruments, Inc.).  

To confirm power supply stability, we also digitized the sensor power supply voltage. Our system 

performed well in both sections of the experiment, with 95% of all data showing a sensor supply 

voltage within Ñ0.25 mV of the mean and 99.99% of all data showing a supply voltage within 

Ñ0.80 mV of the mean across the full dataset. 

We recorded relative humidity and temperature using an SHT31-DIS sensor (Sensirion AG), 

which produces digitized readings with 2% relative humidity accuracy and 0.2ÁC temperature 

accuracy. 

An M0 Adalogger microcontroller module (Adafruit Industries) controlled the overall system and 

recorded readings every five to six seconds to an SD card. We used a Boron microcontroller 

module (Particle Industries, Inc.) as a cellular modem for telemetry; the Boron module also 

provided accurate timestamps for the datalogger. We found one brief period of corrupted 

readings, likely due to SD card malfunctioning, which we removed from the dataset. We did not 

note any other obvious problems with the system functioning. 

We mounted the electronics inside a small enclosure with holes cut to allow air entry, seen in 

Fig. 2.1A. We screened the opening to prevent debris, insects or other objects from entering the 

case. Our system operated passively, without an air pump. 

We provide full schematics and a detailed electronic description of the sensing system in 

Appendix A. 

2.2.2 Experimental design 

We characterized the sensing system at two different sites, with a co-located LI-7810 methane 

analyzer (LI-COR, Inc.) as a reference device. The LI-7810 monitors methane, water vapor, and 
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CO2 using optical spectroscopy with precision better than 1 ppb for methane and 50 ppm for 

water vapor, with a frequency of one reading per second (LI-COR Inc., 2023). We did not use 

the CO2 measurements for this paper. Figure 2.1 depicts the experimental sites and setup. 

 

Figure 2.1: A shows the sensor node construction, which is described fully in Appendix 

A. B is the indoor study site with the sensor node and reference analyzer placed close to 

a demonstration anaerobic digester. C is the outdoor study site, with D showing the 

positioning of the sensor node and reference analyzer intake. 

2.2.2.1 Outdoor site: ambient levels with short controlled releases 

Our first site was an urban yard in Minneapolis, USA without any known notable methane 

sources nearby; our intention for this site was to characterize our sensorôs performance close to 
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background methane levels. We located our sensing system and the reference analyzerôs 

sample intake near the house exterior, as seen in Fig. 2.1C and D. The reference analyzer drew 

samples through approximately three meters of tubing: as we later averaged the data to a ten-

minute timescale, we considered the resulting sampling lag of less than 30 seconds to be 

negligible for the purpose of our analysis. 

The background methane concentration at our research site was approximately 2 ppm, with a 

minimum observation of 1.98 ppm. We had no expectation of elevated levels. To provide some 

range of methane concentrations, we performed a small number of controlled releases in the 

vicinity of our sensor setup from a 2.5% methane gas cylinder. In August 2022 we released 

methane eight times through a 2 L/min regulator for 30 seconds each and once for 15 seconds. 

In October and November 2022 we released methane 40 times through a 0.1 L/min regulator for 

10 minutes each. These releases produced a maximum 10-minute averaged methane value of 

5.8 ppm, with most of the releases producing methane concentrations between 3 and 4.5 ppm. 

2.2.2.2 Indoor site: methane leaks and elevated levels 

Our second site was indoors in the Biosystems Engineering building at the University of 

Minnesota, Twin Cities campus. We placed our sensing system and reference analyzer close to 

a benchtop classroom-scale demonstration anaerobic digester, as shown in Fig. 2.1B. The 

digester was located in a large workshop area, and we expected a variety of methane levels 

resulting from small leaks or larger pulses when biomass was added to the system or when 

methane was removed. We also expected possible emissions of methane and other gasses 

from surrounding labs, some of which were working on fermentation and bioprocessing projects. 

Since this site was indoors, we expected a narrower range of temperatures and humidities than 

at our outdoor site. 

We collected data from the outside site from July to November 2022 and from the indoors site 

from January to May 2023. 

2.2.3 Data processing 

The reference analyzer showed clock drift over the sampling periods, which we noted and 

corrected. We converted the raw MOx sensor readings to resistance values using the recorded 

supply voltages and known voltage divider resistor values. We associated the reference and 

sensor data by their timestamps. 
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The indoor portion of data collection saw several large, short methane spikes which exceeded 

the specified range of the reference analyzer; as we were unable to guarantee data quality in 

these periods, we dropped all data within a one-hour window of a methane value exceeding the 

reference analyzer upper limit of 100 ppm. We chose the relatively long window to ensure that 

both the reference analyzer and sensor node had returned to baseline conditions after each 

spike. The outside experiment lost records from the reference analyzer for two weeks, leading 

to a gap in the data. Our sensor experienced power failures on several occasions through the 

experiment, as well as sporadic downtime to allow for data retrieval. As the MOx sensors have 

internal heaters which require some time to stabilize, we removed two hours of data after each 

reboot. 

To reduce the effect of any lag between our passive sensor node and the active-sampling 

reference analyzer, we chose to perform our analysis on the dataset averaged to a 10-minute 

timescale. 

Our research interest is the low methane concentration range, which we define as background 

to 10 ppm, with a background concentration of approximately 2 ppm in our location. We 

removed averaged data with concentrations above 10 ppm as well as the data immediately 

following; this resulted in removing 31 of 15688 records for the inside set, and 3 of 14333 

records for the outside set. 

2.2.4 Sensor calibration 

MOx sensors have well-known sensitivities to humidity and other environmental conditions. 

Previous studies, as well as manufacturer datasheets, have often related methane to the sensor 

response using a baseline value, which represents the expected sensor response to 

environmental conditions other than methane (Figaro USA, Inc., 2013; Eugster and Kling, 2012; 

Riddick et al., 2022; Shah et al., 2023). Methane is then fit by an equation using the sensor 

deviation from the expected baseline value. We proceeded with this two-step approach as 

follows. 

First, we estimated the baseline TGS2611-E00 sensor response without methane 

enhancements by fitting the response as a function of environmental conditions for time periods 

where the measured methane concentration was below 2.3 ppm. We examined the effect of 

several environmental parameters: temperature, water vapor concentration, and elapsed sensor 

running time. We chose to include sensor run time to incorporate any effects of sensor aging; 
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the time parameter also potentially included any effects from other environmental parameters 

we were not equipped to measure, such as interfering, non-target gasses. 

Our experiment collected both water vapor concentrations and relative humidity data from the 

reference analyzer and a PCB-mounted sensor respectively. Relative humidity is dependent on 

water vapor concentrations and temperature, and our previous work found water vapor 

concentrations to predict sensor response better than relative humidity (Furuta et al., 2022); 

accordingly, we decided a priori to include water vapor concentrations and not relative humidity 

as a possible term in our analysis. 

After evaluating the possible regressions, we selected Equation 1 as the best performing fit for 

the TGS2611-E00 baseline across the inside, outside, and combined datasets, again fitting only 

data with methane concentrations below 2.3 ppm. We provide a detailed description of the 

equation selection process in Appendix B. 

ÌÏÇὦὥίὩὰὭὲὩɼ ɼÌÏÇ(/ ɼ4 ɼÌÏÇὸὭάὩ     (1) 

Our sensing system included a secondary sensor, the TGS2600, which we found previously not 

to respond to methane in the concentration range of interest (Furuta et al., 2022). We examined 

whether including this sensor in the baseline prediction could improve accuracy, most likely by 

accounting for non-target interfering gasses. Adding this sensor to Equation 1 produced 

Equation 2 as a possibly improved candidate for the baseline regression. 

ÌÏÇὦὥίὩὰὭὲὩɼ ɼÌÏÇ(/ ɼ4 ɼÌÏÇὸὭάὩɼÌÏÇὝὋὛςφππ   (2) 

The TGS2611-E00 sensor response is expected to deviate from the predicted baseline 

response as a result of methane levels as shown in Equation 3a. We rearrange this equation to 

predict methane levels in Equation 3b. 

‌ ‍ὅὌ          (3a) 

ὅὌ           (3b) 

We used the combination of Equation 3 with either Equation 1 or Equation 2 to calibrate the 

TGS2611-E00 response to methane. We evaluated the performance of each component as well 

as examined challenges for the calibration method. 
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2.3 Results 

2.3.1 Collected data 

Figure 2.2 plots the time series of cleaned, 10-minute averaged data for the two experiments. 

As mentioned previously, data loss from the reference analyzer led to a two-week gap in late 

August and early September. Both experiments had occasional smaller gaps not visible on the 

plots due to power failures, system downtime for data collection, methane spikes exceeding the 

reference analyzer specifications, and similar causes. 

The outside experiment captured a range of temperatures and humidities over its 113-day span. 

The experiment began in summer, with associated high temperatures and water vapor 

concentrations; the end of the experiment was in autumn, with colder temperatures and lower 

water vapor levels. The temperature sensor was inside the systemôs enclosure, which 

experienced consistently higher temperatures than the outside air. 

Some fluctuations in methane concentrations are visible in the outside dataset. We observed a 

diurnal cycle in methane levels for some periods of the experiment, possibly due to soil 

processes near the sensor; we give an example of this cycle in Appendix C. Several unplanned 

sharp spikes occurred beyond our controlled releases, which may have been due to residential 

gas leaks or similar events. 

The inside experiment ran for 111 days, beginning in winter and ending in spring. During winter, 

the location was heated to a relatively consistent temperature without added humidity. 

Accordingly, the temperatures were more stable than in the outside experiment, with overall 

lower water vapor levels and relative humidities. As with the outside sensor, the recorded 

temperatures were inside the sensor node enclosure, which was warmer than the ambient air. 



37 
 
 

 

Figure 2.2: Time series of both experiments, with internal sensor node temperatures (A), 

water vapor concentration and relative humidity (B), methane data collected by the 

reference analyzer (C), and MOx sensor responses (D). 

Figure 2.3 shows data distributions and correlations between the different measured variables 

for the two portions of the experiment. In the outside experiment, the TGS2611-E00 and 

TGS2600 sensors were highly correlated (Pearsonôs r=0.97), and both were strongly correlated 

with water vapor levels (|r|>0.8) and temperature (|r|>0.7). The sensors were not obviously 

correlated with methane levels (|r|Ò0.14).  

Sensor performance can be influenced by cumulative sensor runtime in a variety of ways, which 

we will examine in more detail. We chose to capture this parameter as elapsed run time, 

representing the cumulative time the sensor had been powered on since the beginning of the 

outside experiment.  
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As seen in Fig. 2.3, sensor response was strongly correlated with elapsed time (r>0.7) in both 

the inside and outside experiments. Due to seasonal changes, elapsed time was itself 

correlated with both water vapor concentrations and temperatures (which were themselves also 

correlated), as outdoor temperature and water vapor levels are higher in summer than in winter. 

Accordingly, it is possible some portion of the sensor-time correlation was due to the well-known 

sensitivity to water vapor, or due to an effect from temperature. 

The MOx sensors were again strongly correlated with each other in the inside experiment 

(r=0.88). Sensor correlation with humidity (|r|>0.5) was stronger than with temperature (|r|>0.3), 

and the sensors were correlated moderately with elapsed time (|r|>0.5). Neither sensor showed 

a strong correlation with methane levels (|r|Ò0.12). 
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Figure 2.3: Correlations and data distributions for the outside (A) and inside (B) datasets. 

The upper triangle shows correlations (Pearsonôs r); the lower triangle shows pair plots 

between variables; the diagonal line shows histograms for each variable. 
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2.3.2 Baseline sensor response 

As described previously, we examined the baseline TGS2611-E00 response to environmental 

conditions. Our experiment recorded four parameters with potential effect on sensor response 

besides methane: temperature, water vapor concentration, relative humidity, and time. We used 

water vapor concentration and ignored relative humidity a priori based on our previous work 

(Furuta et al., 2022). Our first candidate baseline equation used these environmental factors to 

predict TGS2611-E00. 

Our second candidate equation included a secondary sensor, TGS2600, which we have 

previously found not to respond to methane at low concentrations; by including TGS2600 in the 

baseline response, we can possibly remove influence from non-target gasses and other 

unexpected factors. We selected all data with a measured methane concentration below 2.3 

ppm, a value slightly above the background levels of approximately 2 ppm at our research 

locations, as the targets for our baseline regressions and compared the performance of the two 

baseline equations. 

As previously described, we selected Equation 1 as the best performing regression without 

TGS2600. This regression closely fit the baseline TGS2611-E00 response, again defined as the 

sensor response for all datapoints with methane levels below 2.3 ppm. We obtained R2 values 

of 0.97, 0.91, and 0.89 for the outside, inside, and combined datasets respectively, and root 

mean square error (RMSE) values of 1.46, 1.56, and 2.81 kɋ respectively.  

The regressions capture the overall trend in the baseline response, as seen in Fig. 2.4A and C, 

but with considerable variance. As shown by the color-coding, time appears to have an 

important effect on sensor response, supporting the inclusion of time in Equation 1; for example, 

in the inside dataset in Fig. 2.4A, which had relatively little variation in humidity and 

temperature, the sensor shows a markedly different baseline response at different time periods 

of the experiment. 

We then added the TGS2600 sensor response to the baseline equation as a potentially stronger 

regression. We have previously found that TGS2600 does not strongly respond to methane in 

the 10 ppm concentration range (Furuta et al., 2022). Accordingly, we hoped that the TGS2600 

response would allow the baseline fit to accommodate unknown environmental effects, such as 

changes in ambient non-targeted gas concentrations, without affecting the relationship between 
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the baseline fit and methane levels. Adding a term for TGS2600 produced Equation 2, which we 

again fit for the low-methane data subsets. 

Adding the TGS2600 term improved R2 to 0.99, 0.98, and 0.98, and RMSE to 0.71, 0.73, and 

1.21 kɋ for the inside, outside and both datasets respectively. As seen in Fig. 2.4E and G, the 

regressions still show some error but the fit is closer than with Equation 1, suggesting that 

Equation 2 outperforms Equation 1 for predicting the TGS2611-E00 baseline response. 
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Figure 2.4: Results of TGS2611-E00 baseline regressions for the inside (A, B, E, F) and 

outside (C, D, G, H) datasets, filtered to only include data with 2.3 ppm or less of 

methane. The system run time from the beginning of the outside experiment in days is 
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coded as color. A-D shows the fit for Equation 1, and E-H for Equation 2, both with 

regressions over the full filtered datasets (A, C, E, G) and piecewise by time (B, D, F, H). 

Even with the additional sensor term, the accuracy of the regressions varies with time period, as 

can be seen in the coloring of Fig. 2.4. For example, the baseline at the beginning of the inside 

experiment in Fig. 2.4E has a worse fit than the baseline closer to the end of the experiment. To 

attempt to capture this change, we next examined a piecewise fit with respect to time for the 

baseline response. We divided the inside and outside subsets into 10 sections each, equally by 

number of datapoints, with each section corresponding to approximately ten days (as the 

outside data set has missing data, the sections are not all the same length of time). We then fit 

Equations 1 and 2 to each section, and then collected the overall fits and evaluated RMSE and 

R2. 

The piecewise Equation 1 approach resulted in R2 of 0.98 and 0.99, and RMSE of 0.78 and 

0.89 kɋ for the inside and outside subsets respectively. The piecewise fit is better than the full-

dataset approach, but some obvious issues are still visible, such as variation in the fit in Fig. 

2.4B with later elapsed times. 

The piecewise fit for Equation 2 resulted in R2 better than 0.99 for both sets, and RMSE of 0.30 

and 0.54 kɋ for the inside and outside data respectively. The fit is the best quality of the options 

considered, with relatively minor error and a stronger fit than Equation 1. Accordingly, we 

believe that including sensors to monitor non-target gasses and regularly recalibrating the 

baseline sensor response to capture changing environmental conditions will be helpful in 

deploying TGS2611-E00 and similar sensors. 

As the piecewise Equation 2 provided the best fit of the baseline regression candidates 

examined, we used it to produce the estimated baseline TGS2611-E00 response for our 

methane calibration. 

2.3.3 Methane response 

We examined the relationship between the sensor to baseline ratio and methane levels. As the 

inside dataset had a wider range of methane concentrations than did the outside set, we first fit 

only the inside data. 

The TGS2611-E00 sensor response relative to the predicted baseline given by the piecewise 

Equation 2 should be proportional to methane levels. Accordingly, we use Equation 3 to 
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estimate methane levels from the sensor response. We fit Equation 3a on the inside dataset, 

and then rearrange the terms to produce Equation 3b, which we evaluate for R2 and RMSE. The 

fit on the inside dataset shows moderate performance, with R2=0.46 and RMSE=0.65 ppm. As 

seen in Fig. 2.5A, the fit is noisy but captures methane trends. The largest errors occur in the 

low concentration range, with the model both over and underpredicting some datapoints. The 

low concentration range is also overrepresented in the dataset. Despite this, the model does not 

have notable bias in either the lower or higher concentrations. 

The 1% of points with the worst fit, which we designate as outliers as highlighted in Fig. 2.5B, 

dominate the model error; neglecting these points, we find the reasonable performance of 

R2=0.63 and RMSE=0.53 ppm. Some of the outlier data appears to have related trends, such as 

the group of overpredicted points in the upper left part of Fig. 2.5B. To better understand the 

cause of these errors and to understand possible difficulties for our model, we examined these 

outlier points. We found three main explanatory features of the outlier data. 

First, as seen in Fig. 2.5C, we calculated the absolute change in methane concentration with the 

data immediately before and after each point, and took the larger change of the two. Some of 

the outliers show a large rate of change; as our system is passive and relies on natural air 

movement and gas diffusion, it is possible that our sensor node did not respond to changes 

quickly enough to track the relatively rapidly shifting methane concentrations for these points. 

40% of the outliers show a rate of change greater than 1 ppm per 10 minutes; 31% exceed 2 

ppm per 10 minutes; and 6% exceeded 5 ppm per 10 minutes. 

Second, as noted previously, the methane concentrations exceeded the limits of our reference 

analyzer on several occasions. After each such spike we removed one hour of data to allow the 

systems to stabilize and resume normal functioning. We had additional gaps from occasional 

power failures or system downtime for data collection. 7% of the outliers fell immediately after 

such data gaps, as compared to the 0.34% of all points which occurred after a gap. Our 

calibration model tended to overpredict these points, as seen in Fig. 2.5D, suggesting that 

possibly our sensor node was still encountering a higher concentration in the sensing chamber 

than in the ambient air. 

Finally, we found three runs of consecutive outlier points, highlighted in Fig. 2.5E - these periods 

each had a stretch of outlier points without breaks for one to several hours each. These three 
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events showed patterns that appeared to be related, and so next we examine them in more 

depth. Together, these three events account for 45% of the outliers. 

The three explanatory categories had some overlap - some data from one of the anomalous 

events might have had a high rate of change, for example. In total, 87% of the outliers either 

belonged to one of the three consecutive events, fell after a data gap, had a rate of change 

greater than 1 ppm per 10 minutes, or some combination. 

 

Figure 2.5: Methane fit results (A), 1% outliers (B), points colored by rate of methane 

change (C), occurrence after a data gap (D), and the three events in March discussed in 

the text (E). 

Figure 2.6 plots the three consecutive outlier events. The first two events - on the 17th and 19th 

of March - show similar behaviors: in both cases the TGS2600 sensor exhibits a sharp and 

strong response to something other than methane or humidity, without the TGS2611-E00 sensor 

responding. As the TGS2611-E00 has a filter to remove certain interfering gasses and the 

TGS2600 does not, we speculate that this response is likely the result of an unknown, non-
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target gas pulse. This strong signal causes an error in the baseline regression, leading to an 

erroneous methane prediction. 

The third event, on the 22nd of March, shows different behavior. Typically, the MOx sensors 

respond inversely to both humidity levels and methane; in the depicted event, both sensors 

show an unexpected response through the day that is both stronger in magnitude and mostly in 

the opposite direction from the expected humidity response. The sensor response is also much 

larger than we expected from the depicted methane fluctuations. We speculate, again, that the 

sensors were responding to some unknown gas, with a gradual release through the day and 

slow dissipation overnight. 

 

Figure 2.6. Time series plots of the three anomalous events. The light purple highlights 

represent consecutive periods of outlier points, as described in the main text. 

Finally, we attempted the same approach on the outside dataset, fitting the baseline with the 

piecewise Equation 2 and then predicting methane with Equation 3b. As noted above, the 

baseline regression produced a strong fit, but the fit for methane did not capture any trend, and 

failed to perform better than simply predicting the dataset mean. 97% of the outside data had a 

methane concentration between 1.98 and 2.5 ppm, as compared with the 45% of the inside data 

in the same range; as the RMSE for our inside methane model was greater than 0.5 ppm, the 

outside data appears to cover too small of a range to accurately fit. 
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2.3.4 Methane regression sensitivity to baseline fit 

We fit the TGS2611-E00 baseline response with Equations 1 and 2, both over the full dataset 

and piecewise over time intervals - as a reminder, Equation 2 included the TGS2600 sensor 

response as a term, while Equation 1 did not. We derived the sensor methane response using 

the piecewise Equation 2 baseline fit. 

To examine whether this baseline fit is critical for sensor performance, we performed the 

methane calibration routine we described for the four possible baseline fits on the inside 

dataset, with results shown in Fig. 2.7. All of the regressions capture some trend in the methane 

response, but only the Equation 2 piecewise fit (the approach we examined in detail previously) 

has R2 better than simply predicting the dataset mean for each point; the other baseline 

equations lead to poor methane predictions in the low range, causing a poor overall fit. 

Accordingly, it appears that tracking the changes in sensor baseline response to environmental 

conditions will be critical to successful field deployment. 
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Figure 2.7: Sensor calibration results using the different baseline regression approaches. 

2.4 Discussion 

2.4.1 Sensor baseline determination and methane fit 

We found that we could closely fit the baseline TGS2611-E00 response to environmental 

conditions at background methane levels. Water vapor, temperature, and sensor runtime appear 

to largely determine the sensor baseline (R2 > 0.9). The baseline fit performs better if 

approached piecewise with respect to time. The piecewise approach caused discontinuities 

between baseline predictions at the edge of adjacent calibration periods; a more sophisticated 
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approach might interpolate regression parameters between calibration points, but we accepted 

the simple method as sufficient for this paper. 

The sensor deviation from baseline showed a clear trend with methane levels, without notable 

bias, but with substantial uncertainty. The model appears adequate to capture substantial shifts 

in methane concentration, but appears too noisy to monitor small changes. Our model can likely 

distinguish 2 from 10 ppm, but appears unable to distinguish, for example, 2 from 3 ppm. We 

speculate that some of the modelôs error is caused by changes in non-targeted ambient gas 

concentrations; previous studies have also noted this effect (Shah et al., 2023). We also believe 

that the passive nature of our sensor node may have caused a slower methane response than 

the active sampling reference analyzer; adding a pump to our sensor node would likely improve 

temporal resolution and reduce this lag or mismatch. Our sensor design showed excellent 

power supply stability and had good electrical resolution; accordingly, we think it is unlikely that 

the electronics contributed substantially to model error. 

Our fit for methane as a function of sensor response showed moderate performance in the 2 to 

10 ppm range we examined. Our calibration equation captured methane trends (neglecting 

outliers, R2=0.63), but the previously mentioned difficulties and resulting outlier points led to 

compromised performance (with outliers, R2=0.46). As the baseline fit was piecewise with 

respect to time, attaining this level of performance may require frequent recalibration of the 

sensor response to environmental factors. 

We were similarly able to closely predict the baseline sensor response for our outside dataset, 

which predominantly had data close to background levels (2 ppm methane), but were not able 

to capture methane trends. We believe that this is likely a limitation of the sensors themselves, 

and that concentrations in the background to 2.5 ppm range, as encountered in our urban site, 

will be a poor application for this technology. 

Various authors have claimed that TGS-series sensors require moderate relative humidity to 

operate consistently, with a threshold given of approximately 40% (Eugster and Kling, 2012; van 

den Bossche et al., 2017; Riddick et al., 2022). Our inside dataset, with which we found 

moderate success in fitting sensor response to methane levels, had a maximum relative 

humidity of 18% with a mean of 10%; the low humidity levels were due to the large, heated but 

not humidified study location in winter. As discussed previously, although humidity influences 

sensorsô performance, it appears that unmonitored parameters other than humidity were also 
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responsible for sensing difficulties; accordingly, it is not apparent that low humidity poses a 

fundamental problem for the application of TGS2611-E00 or similar sensors. 

2.4.2 The importance of time 

Some previous studies have found that different algorithms or parameters were required at 

different time periods, or that models developed in the lab demonstrated compromised 

performance in field experiments (Collier-Oxandale et al., 2018; Riddick et al., 2020; Shah et al., 

2023). Some time-related factor, then, may be important for sensor response. Time was a 

significant parameter in our fit for sensor baseline response in two ways: first, including a 

parameter for elapsed sensor lifetime improved the model quality; and second, fitting the 

baseline piecewise over shorter timespans led to better performance. 

To examine the nature of the piecewise fit, we fit Equation 2 over the full dataset (both outside 

and inside) split into 20 sections. The time chunks for the piecewise fit are not necessarily of 

equal temporal length due to gaps in the data, but instead each contain the same number of 

data points. As seen in Fig. 2.8, the best-fit regression coefficients change in a non-monotonic 

manner, although with some apparent visible patterns. 

We speculate that the change in best fit parameters for the sensor baseline over time is due to 

changing environmental parameters that our setup was unable to measure, such as interfering 

gasses or ambient air makeup; sensor aging may play a role as well, but as the coefficients 

change in a non-monotonic manner aging may not be a primary cause. 

We suggest that previous difficulties implementing these sensors may have resulted from similar 

issues. Determining whether other ambient gasses, sensor aging, or other factors are 

responsible will require further investigation. We believe this underlying issue is the next 

problem to address for the practical use of these sensors for methane monitoring, and that 

possibly deployment in more extensive sensor arrays targeting different gasses will improve 

methane monitoring results. 
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Figure 2.8. Best-fit regression coefficients for Equation 2, fit across the combined 

dataset. As described in the text, the Time axis is not to scale. A is the intercept; B-D are 

environmental parameters and time, and E is the non-methane responding MOx sensor. 

2.4.3 TGS2600 performance for methane sensing 

Some previous studies have used TGS2600 to monitor methane levels. We repeated our 

analysis, exchanging TGS2600 and TGS2611-E00 in Equations 1 and 2 for the background fit, 

and then again attempting to fit methane response as a function of the TGS2600 to background 

fit ratio. 

We found that we could closely fit the sensor baseline response, with R2 of 0.98 and RMSE of 

0.73 kɋ for the modified piecewise Equation 2, closely comparable to the values of 0.99 and 

0.71 kɋ for TGS2611-E00. For the modified piecewise Equation 1, we found R2 of 0.91 and 

RMSE of 1.53 kɋ. However, neither possible fit (with the Equation 1 or Equation 2 baselines) for 

methane had R2 better than simply predicting the mean, nor RMSE better than 4.5 ppm. This 

result is consistent with our previous work showing little to no response from TGS2600 in the 0-

10 ppm concentration range (Furuta et al., 2022). Accordingly, we believe that TGS2600 does 

not have promise for methane sensing in the near-background concentration range, and that 

previous studies using this sensor may have encountered algorithmic overfitting, interfering co-

emitted gasses, or other unknown environmental effects. 

The inability of TGS2600 to sense low concentrations of methane may be beneficial if it is 

included in a sensor array with TGS2611-E00 or a similar sensor; possibly such a sensor array 
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could reduce any effect of non-target gas species, and give greater insight into gas 

compositions than possible with a single sensor. 

2.5 Conclusions 

Our sensor node demonstrates the feasibility of a low-cost, high-performance implementation of 

the TGS2611-E00 or similar MOx sensors. Our system design provided stable operating 

conditions for the MOx sensors for over half a year of field tests, and could be powered by an 

inexpensive battery and solar panel in a stand-alone deployment. Our unit had a parts cost of 

under $200; future revisions could easily reduce costs further by implementing the datalogger 

and telemetry from components rather than using off-the-shelf microcontroller modules. 

We found TGS2611-E00 to respond to methane, consistent with our previous work. Contrary to 

some previous studies but consistent with our previous work we did not find TGS2600 to 

respond to methane in the studied 2 to 10 ppm range. We suggest that work finding TGS2600 to 

respond to methane in a low concentration range should consider possible co-emitted gasses, 

algorithmic overfitting, or other experimental factors. 

Our results suggest that similar sensor networks are worth investigating for applications with 

methane concentrations of interest above 10 ppm, such as around landfills, animal agriculture 

and manure processing, wastewater treatment, fossil fuel infrastructure, or other near-source 

settings. Our sensor response correlates with methane levels with moderate accuracy in the 

lower 2 to 10 ppm range, but caution is necessary to account for environmental factors. Our 

system was unable to capture methane trends in the 2 to 3 ppm range in our outdoor test. 

In addition to MOx sensorsô well-known sensitivity to humidity levels, we found that sensor 

performance varied over time, possibly in response to changing ambient gas compositions, 

sensor aging, or other unmeasured environmental changes. We believe that this sensitivity will 

limit the ability of these or similar sensors to accurately monitor low methane concentrations in 

many real-world settings without further work to detect and correct for other gasses or 

environmental factors. We believe that this behavior may ultimately determine the lower limit for 

practical deployment of these sensors as standalone units. 

Our results could possibly be improved by filtering or monitoring and accounting for interfering 

gasses, and possibly by controlling water vapor levels and temperature in the sensing chamber. 

Converting our system to active sampling with the addition of a pump could also help reduce the 
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systemôs lag time, and might allow the unit to capture sharper methane peaks. Even with these 

improvements, it is likely that these MOx sensors will be better suited to methane 

concentrations above the near-background range. 

2.6 Code and data availability 

Code and data are available at https://hdl.handle.net/11299/258238. 
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Chapter 3: Simulating stormwater sample timing with 

recommended improvements 

This chapter is adapted from a paper in preparation by Daniel Furuta and Bruce Wilson. 

Abstract 

Stormwater pollutant sampling accuracy is difficult to quantify due to the cost and labor 

requirements of field studies, and the large variation in runoff behavior between sites, rain 

events, and pollutants. Stormwater samplers require forecasts of runoff volume to accurately 

target runoff events, and forecasting errors can affect results. We develop a simple, easily 

interpretable idealized model for runoff pollution. We then apply the model to examine sample 

pacing and compositing methods for 11736 simulated pollutants and runoff hydrographs, 

representing a variety of sampling sites, rain events, and pollutant behaviors. 

We examine the effect of errors in forecasts and of sampler sensitivities to watershed, rain, and 

pollutant behaviors in greater detail than previous studies. We expand on a previously 

unexplored method for pacing samples that shows substantial improvement over conventional 

strategies for overforecast events, without intrinsically requiring additional resources or 

hardware. We recommend a small, cost-free change to sample compositing to moderately 

improve accuracy for underforecast events, particularly for pollutants with first flush effects. 

3.1 Introduction 

3.1.1 Stormwater sampling and the importance of sample timing 

Effective stormwater management depends on monitoring programs to quantify pollution loads, 

inform policy decisions, and plan treatment or mitigation approaches. Runoff from urban or rural 

surfaces carries a variety of pollutants, including sediment (Hopkins et al., 2017), soluble 

compounds such as road salt (Novotny et al., 2009), nutrients (Janke et al., 2014), metals 

(Huber et al., 2016), and various other pollutants such as PAHs (Zgheib et al., 2011), PFOA 

(Xiao et al., 2012), and microplastics (Werbowski et al., 2021). The wash-off behavior of these 

pollutants varies from each other and from site to site, making accurate runoff sampling of 

critical importance to understanding the contaminants in stormwater (Lee et al., 2007). 

Most important pollutants in stormwater do not currently have viable, affordable options for in 

situ direct sensing. Accordingly, stormwater monitoring, particularly in an urban setting, still 

typically uses sampling - either performed manually or with automated samplers - to determine 
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pollutant concentrations and loads. Additional insight is sometimes obtained with the inclusion of 

proxy sensor measurements such as turbidity or electrical conductivity (Melcher and Horsburgh, 

2017). Manual water sampling has prohibitive labor costs for programs attempting to accurately 

characterize individual runoff events, and so we focus on the more widely used automatic water 

samplers (Harmel et al., 2003). 

Automated samplers draw water at pre-programmed intervals, spaced either by elapsed time or 

by the cumulative volume of water measured by a flow sensor. When a sample is drawn, a 

pump pulls water into either a composite bottle or one of a number of sample bottles, typically 

arranged in a carousel. Often, each bottle holds one sample; it is possible but expensive to 

analyze each bottle, creating a time series of pollutant washoff, but it is more typical to combine 

all the samples into a single composite, which is then analyzed. 

This composited autosampler approach is overwhelmingly dominant in modern urban 

stormwater sampling. For example, a recent project focused on stormwater monitoring in 

Minnesota over the last decade found more than 90% of the 14,000 events at 91 sites studied to 

use autosamplers (Finlay et al., 2024). 

A pollutantôs concentration is often expressed as an event mean concentration (EMC), 

representing the flow-weighted mean pollutant level over a single storm or runoff event. The 

EMC for a pollutant is defined as in Equation 1; the EMC is the runoff pollutant mass M divided 

by the total runoff volume V, which is equivalent to the integral of the instantaneous pollutant 

concentration Ct multiplied by the instantaneous flow Qt, divided by the integrated flow, over the 

entire duration of the runoff event. Several other metrics are worth considering for quantifying 

pollutant levels, such as peak values, but we will focus here on the EMC as the typical 

stormwater pollutant measure. 

Ὁὓὅ
᷿

᷿
         (1) 

Researchers in different water-related fields have used other methods for representing pollutant 

loads. Of particular note, pollutant loads in streamflow are often represented by concentration-

discharge relationships, or C-Q curves; the analysis of these relationships is explored in the 

literature for both long-term trends and single events (e.g. Knapp et al., 2020). It is not 

immediately clear how to relate this body of work to the type of composited, autosampler-based 
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monitoring we examine, and so we will leave the subject at a mention of this prior body of 

research. 

A perfect sampler would capture samples with pollutant concentrations which, when put 

together in a composite, would exactly match the pollutant EMC. However, in real-world 

applications the measured EMC is dependent on when the samples are drawn during the event. 

For example, a pollutant might experience a strong first-flush effect with higher concentrations 

at the beginning of runoff (Bertrand-Krajewski et al., 1998); if a sampler captures more samples 

early in the event, the EMC will be overestimated, and if the sampler captures more samples 

late in the event the EMC will be underestimated. Accordingly, the timing of samples within an 

event has an effect on EMC estimations. 

Optimizing sample timing, then, is helpful for increasing sampling accuracy without requiring 

hardware or adding expenses. Selection of the optimal sampling strategy is dependent on the 

runoff characteristics resulting from the type of runoff event, pollutant washoff response, and site 

conditions, including seasonal and geographic considerations such as snowmelt or high 

intensity storms. Field studies of sampling methods are limited by costs necessary to evaluate 

the numerous types of runoff events that are of interest. Simulations are an alternative to field 

studies, allowing a large range of runoff and sampler characteristics to be assessed.  

3.1.2 Literature on sampling approaches 

A relatively small number of previous studies have examined runoff sampling with automated 

samplers. Several studies have used real-world data with simulated sampling. Leecaster et al. 

(2002) collected sediment and flow data from all storm events in a river for a year and then 

simulated sampling with different strategies. They found that flow-paced sampling outperformed 

time-paced, and that volume-weighted composites performed best for EMC estimation. Ma et al. 

(2009) used real-world runoff data coupled with an empirical model for pollutant concentration to 

find that flow-paced sampling performed best, and that a large number of samples were 

necessary to achieve good performance. Sandoval et al. (2018) compared a variety of samples 

in a simulation using collected data, finding that a time-paced volume-weighted strategy was 

best. 

Some researchers have also performed field comparisons of sampling strategies (Izuno et al., 

1998; Stone et al., 2000; Harmel et al., 2010). It is often unclear how to extrapolate their results 
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to other events, as the intrinsic limitations of field campaigns lead to a small set of rainfall 

patterns and watershed types per study and a limited number of samples. 

Other past studies have used heavily simplified models. King and Harmel (2003) paired real-

world hydrographs with pollutographs generated either in full positive or negative correlation, 

and then examined the performance of sampling in this idealized setting. Shih et al. (1994) used 

a similar strategy for their theoretical examination of sampling, and then used real-world data for 

further investigation. While these studies yielded interesting results, the simplification of 

pollutant behavior is a limitation. 

Few studies have used more sophisticated models to simulate runoff sampling. Most notably, 

Ackerman et al. (2011) used a watershed model for a specific watershed along with long-term 

real-world storm data from that area to simulate a variety of sampling approaches, finding that 

volume-paced microsampling represented the best balance of accuracy and cost.  

The previous studies had either heavily simplified mathematical relationships, real-world data 

from specific sites, or full-featured watershed models to study runoff sampling. We believe that a 

middle approach will offer some advantages: by building a moderately plausible hydrologic and 

pollutant model, we hope to simulate runoff sampling with greater realism than the simple 

mathematical relationships, but with greater interpretability and generalizability (at the cost of 

lower realism) than more complex watershed models or real-world data. 

Previous studies, such as Ackerman et al. (2011), have found microsampling to provide greatest 

accuracy. A microsampled approach draws small quantities of water at frequent flow intervals, 

providing an accurate composite representation of the runoff event. Despite microsamplingôs 

theoretical advantages, microsampling at high frequency appears to be rarely used in real-world 

monitoring. Microsampling requires greater care in equipment setup, is less familiar to many 

practitioners, and lacks the convenience of discrete samples for other monitoring purposes. 

Although microsampling is likely a theoretical superior sampling technique, we did not include it 

in the current study. 

3.1.3 Study goals 

Our study goals are to develop and use a new model for evaluating stormwater sampling 

methods and similar questions. The model has easy-to-interpret parameters, captures key 

features of runoff processes, and has a simple structure. We use this model to simulate runoff 
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characteristics and to examine the effect of sample timing and weighting on the accuracy of 

monitoring methods of pollutant concentrations. 

With our model, we investigate whether modifications to standard sample pacing and 

compositing methods can improve performance. In particular, we focus on error in forecasts and 

accordingly in sampler programming, and whether pacing and weighting strategies can mitigate 

the effects of inaccurate forecasting. 

We focus on three simulations, one in keeping with previous studies and two focused on the 

interaction of pacing and weighting protocols with forecasting error. First, we ask whether 

volume-based sampling outperforms time-based sampling, as the previously discussed studies 

generally suggest. Second, we suggest that volume-weighted compositing can improve 

performance for volume-paced samplers in some situations over the conventional equal sample 

weighting without adding cost. Finally, we present an algorithm for uneven pacing in volume-

based samplers and examine its potential for improved accuracy. In addition to our pacing and 

weighting suggestions, we focus on forecasting error and its effects to a much greater degree 

than previous studies. 

3.2 Methods 

Our examination of water sampling uses a factorial set of parameters for rainstorms, 

watersheds, and pollutant behaviors, with a model we have developed for the purpose. Our 

model is intended to have a level of complexity sufficient to produce plausible hydrographs and 

pollutographs from relatively simple and easily-interpretable parameters. For the purposes of 

our study, it is unnecessary to accurately capture the full behavior of the runoff response of any 

particular watershed.  

We first describe the model and illustrate its components, and then describe the simulation 

structure, parameter selection, and target scenarios for this study. 

3.2.1 Model 

3.2.1.1 Model structure 

Figure 3.1 shows the overall structure of our model, which we implemented in the Python 3 

programming language (Van Rossum and Drake, 2009). First, we produce a rainfall pattern; we 

then apply the SCS curve number method (Cronshey et al., 1986) to generate an excess rainfall 

hydrograph; we then process the excess rainfall hydrograph with our watershed response 
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model, taken from Nash (1959) by way of Bhunya et al. (2003), to produce the runoff 

hydrograph. Next, we use the runoff hydrograph in our pollutant response model to generate a 

pollutant washoff curve for the given storm, watershed, and pollutant. Finally, we apply our 

virtual water samplers to the runoff hydrograph and pollutant response. We discuss each step of 

the model in detail. 

 

Figure 3.1. Model structure 

3.2.1.2 Excess rainfall pattern 

First, we take a rainfall pattern as a tabular input, scale and interpolate the pattern, and account 

for rainfall abstraction. The rainfall pattern could be an observed, real-world storm or a synthetic 

curve. The process is illustrated in Fig. 3.2 using a rainfall pattern from Huff (1990). 

The rain pattern is provided as an arbitrary-length time series of unitless rainfall depths, such as 

in Fig. 3.2A. This general pattern is scaled for a specific event so that the total rain depth occurs 

within the actual storm duration. Depths between tabulated time are determined by linear 

interpolation to the resolution of the simulation time step. Figure 3.2B provides three examples 

of the pattern in Fig. 3.2A scaled and interpolated to different durations and magnitudes. 
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Finally, we convert the scaled pattern to excess precipitation using the commonly used, single-

parameter SCS curve number method, which considers soil, land use and antecedent moisture 

content to model infiltration and other abstractions (Cronshey et al., 1986). For simplicity, we 

apply the recommended initial abstraction multiplier of 0.2 (ibid.). Figure 3.2C shows the effect 

of several example curve number values on the 24-hour storm in Fig. 3.2B; higher curve 

numbers (representing increasingly impermeable watersheds) result in greater excess runoff 

depth, with less reduction of the initial storm peaks. The result is our excess rainfall pattern. 

 

Figure 3.2. Illustrative examples of an input rainfall pattern (A) processed into scaled 

rainfall of different durations (B), with the 24 hour storm then converted to excess rainfall 

(C) with different curve numbers. 

3.2.1.3 Watershed response 

Next, we apply our watershed model to the excess rainfall pattern. We represent a watershed 

using the Nash model (Nash, 1959; Nash, 1960), as discussed by Bunya et al. (2003). This 

model produces an instantaneous unit watershed response described by two parameters, as 

seen in Equation 2: the time to peak tp and the number of linear reservoirs n determine the 

curve, which is explored in detail by Bunya et al. (2003). Equation 2 is equivalent to the 

probability density function for a gamma distribution with shape n and scale K.  

We convolve our excess rainfall hydrograph with our unit watershed response to produce our 

final runoff hydrograph. We provide examples of the process in Fig. 3.3. 

ή Ὡ Ⱦ where ὑ        (2) 
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Figure 3.3. Application of example watershed instantaneous unit hydrographs (B) applied 

to an excess rainfall hydrograph (A) to produce runoff hydrographs (C). 

As depicted in Fig. 3.3B, the two watershed parameters lead to a range of instantaneous unit 

hydrographs. Larger values of tp produce runoff for longer durations with smaller peaks. Larger 

values of n produce sharper peaks. 

To produce our final runoff hydrograph we convolve our excess rainfall and unit watershed 

response and multiply the result from a specified watershed area, with examples given in Fig. 

3.3C. For clarity, Fig. 3.3B uses the same area for the example watersheds, but our simulation 

allows for watersheds of different sizes, leading to different magnitudes of runoff volume from 

the same rain event. 

3.2.1.4 Pollutant wash-off 

Given our runoff hydrograph, we model the pollutograph for a given pollutant with Equation 3, 

expanded from the form given in Wilson et al. (2018). Equation 3 gives the instantaneous 

pollutant concentration at any given time with the cumulative volume up to that time V and the 

instantaneous flow at that time Q. Our model includes two terms to describe two primary 

pollutant behaviors. 

╒ ◌╒╥ ◌╒╠ ◌ ╒ ╒█▄
ⱥ╥Ⱦ╥◄▫◄ ╒█ ◌♫╠♫   (3) 

We represent pollutant washoff dependent on the cumulative volume of runoff, represented as 

CV, as an exponential decay from a starting concentration C0 to a final limit concentration Cf. 

The decay is controlled by a rate parameter ‖, the cumulative volume of runoff V, and the total 

event runoff Vtot. This term is intended to capture the behavior of pollutants that dissolve readily 

in water, such as chloride from road salt or soluble nitrogen. We represent the runoff volume as 

a fraction of the total event runoff so that soluble pollutants wash off in a similar proportion of an 

event for watersheds of different size. 
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The second term, CQ, is intended to represent pollutants dependent on surface runoff forces to  

detach them from the surface, such as sediment or pollutants bound to sediment. These 

pollutants wash off proportionally to flow intensity, with more detaching at higher flows. We 

represent this behavior with coefficients ‍1 and ‍2, which interact with the instantaneous flow Q; 

this power function representation of pollutant washoff has been previously used for sediment 

(e.g. Barfield et al., 1983), and provides an intuitive way of adjusting for different intensities of 

response to flow rate. ‍2 of 1 will provide pollutant washoff exactly proportional to flow, while 

larger or smaller values will provide pollutants with greater or lesser sensitivities to flow. 

Pollutant levels in an event are typically represented with the event mean concentration (EMC). 

We first define separate EMCs for the exponential washoff and flow detachment components of 

Eq. 3 as in Eq. 4 and Eq. 5.  

Ὁὓὅ
᷿╒╥ ᷿ ╒ ╒█▄

ⱥ╥◄Ⱦ╥◄▫◄╒█
       (4) 

Ὁὓὅ
᷿╒╠ ᷿ ╠◄

♫

        (5) 

Next, the parameters of Eq. 3 are defined for an EMC that will be used as a scaling parameter.  

As discussed later, ‖, ‍2, the ratio Cf/C0, and the weighting parameter w are parameters that 

vary with the different simulation scenarios. For an event hydrograph and a given EMC, CV is 

obtained from Eq. 4 assuming only exponential washoff (EMCV=EMC), and Cq is obtained from 

Eq. 5 assuming only flow detachment (EMCQ=EMC). For a specified ‖, Cf/C0, Co and Cf can 

then be determined, and ‍1 can be determined from a specified ‍2. The weighting parameter w 

then determines the relative contribution to the EMC from each part, fully defining all parameters 

for Eq. 3. 

An inspection of Equations 3, 4, and 5 shows that the shape of the pollutant response for a 

given set of parameters ‖, ‍2, Cf/C0 will be the same for any chosen EMC; that is, EMC is only a 

scaling parameter. Our later analysis of sampler error only considers percent error relative to 

EMC, and not absolute error. As the pollutant response shape is the same for any EMC and our 

virtual samplers are agnostic to pollutant magnitudes as far as error, percent error is 

independent of EMC and any value can be selected. To define parameters, we accordingly 

selected EMC=1. 



65 
 
 

We demonstrate some example pollutant responses in Figure 3.4. We can achieve a range of 

responses by varying the parameters, such as those in Fig. 3.4B and C. Pollutants can show 

strong or weak first-flush effects, determined by the CV parameters and w; the magnitude of 

response to flow peaks, determined by CQ,can vary widely as well. By varying the parameters, 

then, we can simulate a range of pollutant behaviors across our hydrographs. 

 

Figure 3.4. (A) shows an example runoff hydrograph; (B) and (C) show a variety of 

possible pollutant responses to the runoff, with varying degrees of first-flush effect and 

sensitivities to flow rates. 

3.2.1.5 Samplers 

Finally, we implement simulated water sampling. We define a sampler by four parameters, 

which we will explain in more depth later: sample pacing, which is by time, volume, or unequal 

volume; sample weighting in the composite, which is volume-proportional or equally; the 

maximum number of samples, equivalent to the number of bottles in an automated water 

sampler; and the target total volume or time. 

Samplers are conventionally paced in equal time or volume intervals after the start of a runoff 

event. We additionally implement a novel unequal volume-based pacing approach, which we 

refer to as the ñUMN samplerò, which is intended to compensate for forecasting error by front-

loading samples. Similarly, composite sampling is typically equally weighted: each collected 

sample is added to the composite in equal amounts. Our UMN sampler is instead unequally 

weighted, with a sampleôs contribution to the composite being proportional to the volume of 

runoff represented by that sample. Details of this approach will be given in Section 3.2.3.3, with 

a full mathematical derivation given in the appendix. We also examine the possible advantage 

of volume-proportional sample weighting in the composite in an equally-paced volume sampler 

in some situations. 
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Table 3.1 summarizes the samplers we will simulate, characterized by pacing and weighting. 

Each sampler can be implemented with any number of bottles; we will use 12 and 24 bottles for 

the conventional samplers and 24 bottles for the UMN sampler and the volume-proportional 

weighted sampler. We examine the effect of forecasting error, represented as a mistargeted 

volume or time, for all sampler types. 

Table 3.1. Samplers examined in our study. 

Sampler strategy Pacing Composite weighting 

Conventional volume-based Equal volume intervals Equally 
Conventional time-based Equal time intervals Equally 
Last-bottle proportional weighted Equal volume intervals Proportionally by 

volume 
UMN method Unequal volume intervals Proportionally by 

volume 

 

In real-world applications with automated water samplers, volume pacing depends on flow 

sensors, which have associated costs and installation requirements. These sensors also have 

errors of their own. For the purpose of this paper, we assume ideal flow sensors; further 

research is needed to evaluate the effect of flow sensor error. 

3.2.1.6 Forecasting error 

Protocols for the use of samplers require forecasted storm durations (time-based sampling) or 

depths (volume-based sampling) if the samplers are reprogrammed in advance of each 

predicted runoff event, or predictions of maximum storm durations or depths if samplers are not 

reprogrammed. These predictions are used to set the sampling frequency with time or volume. 

As quantitative precipitation forecasts are of moderate accuracy at best, these predictions will 

likely have errors (e.g. Hanes et al., 2017). If the forecast storm duration or depth is less than 

the actual runoff event size (underforecast), the sampler will run out of bottles early and miss 

the end of the event. If the prediction is greater than the actual event (overforecast), the sampler 

will have empty bottles left at the end of the event, leading to a lower resolution than with an 

optimal forecast. 

To examine the effect of inaccurate forecasts, we add a forecast ratio in our simulations, with a 

forecast of 1 corresponding to no errors in the predicted storm duration and runoff volume.  A 

forecast of 0.5 causes the sampler to pace its bottle collection for a storm half the size of the 

actual event, leading to the sampler collecting its final sample halfway through the storm; this 
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parameter affects time or volume depending on whether the sampler is paced by time or by 

volume. A forecast of 2 causes the sampler to pace its bottle collection for a storm twice the size 

of the actual event, causing the sampler to only fill half of its bottles. As time-based and volume-

based samplers are agnostic to volume and time respectively, we apply this forecasting error to 

both runoff duration and runoff volume. 

Although modifying the sampling frequency for each individual event is the preferred sampling 

approach, reprogramming a network of automated samplers for every storm may exceed the 

available labor or the expertise required for remote monitors, especially given the uncertainty in 

weather forecasts. An alternative approach is to select a single, fixed magnitude event, usually a 

large anticipated runoff event. This case corresponds to an overforecast for other runoff events. 

A conventional sampler will then only fill some of its bottles for most events, leading to reduced 

temporal resolution. 

3.2.2 Simulation setup 

With our model framework in place, we implemented our sampling simulation. We attempted to 

select parameters to provide a range of hydrographs and pollutographs covering a variety of 

real-world events. Observed data for some of our simulated parameters is limited.  We have 

chosen plausible parameters based on a variety of sources (Huff, 1990; Perica et. al, 2018; 

Wilson et al., 2018; Barfield et al., 1983). Additional work is needed to establish which set of 

parameters is suited to particular watershed conditions. 

3.2.2.1 Rain 

We selected our possible rain patterns using the median storm patterns from Huff (1990), which 

represent four generalized types of rainfall patterns common in the Midwestern United States. 

These patterns are classified by the storm quartile containing the peak, as shown in Fig. 5A. We 

chose four storm durations of 1, 6, 12, and 24 hours, and assigned each the common quartiles 

for each duration, as recommended by Huff (1990): first or second quartile for 1 and 6 hour 

storms; third quartile for 12 hour storms; and fourth quartile for 24 hour storms. In total, this 

produced six storm duration and shape combinations. 

We next generated three rainfall depths - small, medium and large - for each of the six storm 

durations and shapes. The large event depths corresponded to the 10 year return period storms 

for each duration for Minnesota from NOAA Atlas 14 (Perica et. al, 2018); the medium depths 

correspond to the 2 year return period storms; and the small depths correspond to half of the 
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medium depths. The three depths for each of the six storm patterns produced 18 rainfall 

patterns, depicted in Fig. 5B and listed in Table 3.2. 

Table 3.2. Rainfall parameters. 

Storm duration (hours) Peak quartile Total depth (inches) 

1 1 or 2 0.69 or 1.38 or 2.12 
6 1 or 2 1.1 or 2.2 or 3.44 
12 3 1.255 or 2.51 or 3.92 
24 4 1.42 or 2.84 or 4.26 

 

 

Figure 3.5. Four base rainfall patterns (A) are scaled to produce 18 rainfall patterns (B), 

which will be combined with our four watersheds (C). 

3.2.2.2 Watersheds and runoff hydrographs 

We selected four watersheds, meant to represent large and small urban and rural settings. The 

watersheds have parameters detailed in Table 3.3. The urban watersheds are relatively smaller 

than the rural watersheds, with larger curve numbers to reflect the higher proportion of 

impervious surfaces; the urban watersheds have curve numbers of 85 and 90, in contrast with 

the rural watershedsô values of 75 and 80. The watershed model we use requires a parameter n, 

representing the modelôs number of linear reservoirs as described by Nash (1959); we assign 

the urban watersheds n of 3 and the rural watersheds n of 5. 

We assigned average slopes to the watersheds, with the general mindset that large watersheds 

will have lower average slopes than small ones, and then calculated tp, time to peak, using 

standard methods given by NRCS (2010). Our simulation has a timestep of 0.36 seconds, which 

we considered negligible; accordingly, we approximated tp,as equal to the lag time TL 

determined by the NRCS methods. Given these values for tp, we produced the instantaneous 
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unit hydrographs for the four watersheds using Equation 2. The instantaneous unit hydrographs 

generated by these parameter combinations are shown in Fig. 3.5C. 

Table 3.3. Watershed parameters 

Watershed 
name 

Size 
(acres) 

Curve number n Slope Calculated tp 
(hours) 

Small urban 10 90 3 6% 0.08 
Large urban 1000 85 3 4% 1.06 
Small rural 100 80 5 4% 0.41 
Large rural 10000 75 5 2% 6.20 

 

Figure 3.6 compares instantaneous unit hydrographs for watershed n values of 3 and 5 with the 

commonly-used SCS instantaneous unit hydrograph (NRCS, 2007) ï again, the n is the number 

of linear reservoirs in the watershed model (Nash, 1959). Our hydrograph with n=5 is similar to 

the SCS hydrograph; the response with n=3 has a less pronounced peak and a longer tail. 
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Figure 3.6. Comparison of watershed IUHs with n=3 and n=5 with the commonly used 

SCS watershed IUH, with n representing the watershed modelôs number of linear 

reservoirs as explained in the main text. 

Given our watershed responses, we then pick a watershed and a rainfall hyetograph and 

convolve the two to produce a runoff hydrograph. We have 18 hyetographs and four 

watersheds, and thus have 72 different runoff hydrographs. 

3.2.2.3 Pollutants and pollutographs 

We turn to the idealized pollutants. In our simulation we do not attempt to directly model specific 

real-world pollutants; rather, we simulate pollutants with a range of properties to encompass the 

behaviors of real-world contaminants. We have four parameters to choose, as discussed above: 

‖ controlling the rate of concentration decay of volume-dependent washoff; ‍ controlling flow-

dependent washoff; the ratio of Cf to C0, which determines the height of the volume-dependent 

washoff decay curve; and the weighting of the contributions from volume-dependent and flow-

dependent washoff w. 
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As our formulation of the CV term of our model is relatively new in the literature, there is a 

shortage of previous work to provide parameter values. A previous field experiment examined 

runoff at several sites in downtown Minneapolis and fit CV parameters for the collected data 

(Wilson et al., 2018); in the absence of other data with obvious applicability to our model, we 

use these results to estimate the plausible ranges for our pollutant parameters. Table 3.4 

provides the resulting parameter values. 

The Cf/C0 ratio varies widely; accordingly, we selected values across the observed range of 0.01 

to 1. ‖ was fit for the specific watershed using absolute runoff volumes rather than proportions 

of the storm total, as in our current formulation. We assigned ‖ values from 1 to 10 to allow for 

pollutants that washoff rapidly, with a large first flush effect, as well as pollutants with less first 

flush strength. The ‍ term controlling flow-dependent washoff takes values between 1 and 2 

(Barfield et al., 1983). Finally, in order to examine pollutants ranging from fully volume-

dependent to fully flow-dependent, we chose weighting values from 0 to 1. 

Not all combinations of values were used for each event. If the weighting parameter w is 0, the 

pollutant is fully determined by ‍, and ‖ and the C0/Cf ratio are irrelevant. Similarly, if the 

weighting parameter is 1, ‍ is irrelevant. We find 163 unique pollutants from our combination of 

parameters. When each unique pollutant is applied to each of the 72 runoff hydrographs, we 

produce 11736 pollutographs, which we will use for the majority of our subsequent analysis. 
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Table 3.4. Parameter choices for pollutants. 

Parameter Description Values 

Cf/C0 Ratio of the limit final value and the starting value 
for exponentially decaying concentration from 
volume-driven washoff, which is dominant for 
soluble contaminants 
 

0.01 
0.1 
0.5 
1 

‖ Rate parameter for exponential decay of 
concentration from volume-driven washoff: 
contaminants which dissolve more quickly will have 
larger values 

1 
2 
5 
10 
 

‍ Power term for concentration from flow-dependent 
washoff, which is dominant for contaminants like 
sediment 

1 
1.5 
2 
 

w Weight between volume-driven and flow-driven 
washoff: 1 is fully volume-driven and 0 is fully flow-
driven 

0 
0.25 
0.5 
0.75 
1 

 

Figure 3.7 illustrates the 163 pollutants responding to a single, example runoff hydrograph. All of 

the pollutographs shown in Fig. 3.7B and C produce equivalent EMCs for the given runoff event 

in Fig. 3.7A. 

 

Figure 3.7. An example runoff hydrograph (A) produces a variety of pollutographs (B and 

C) from our 163 simulated pollutants. 
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3.2.3 Scenarios and sampler selection 

3.2.3.1 Scenario 1: Conventional time and volume-based sampling 

In this scenario we examine the response of conventional, equally-paced, equally-weighted 

composite samplers. We consider time-paced and volume-paced samplers; samplers with 12 or 

24 sample bottles; and seven magnitudes of forecasting errors. The combination of these 

parameters produces 28 different strategies for sampling, leading to 328608 sampler and 

pollutograph combinations. 

3.2.3.1.1 Time vs. volume 

Stormwater samplers with flow sensors allow sample pacing and weighting based on runoff 

volume. As EMCs are volume-weighted measurements, volume-based samplers are expected 

to outperform time-based samplers, a result shown in previous studies (Ma et al., 2009; 

Ackerman et al., 2011). However, flow sensors can add considerable cost to each sampling site, 

and may be unavailable if sampling is done by hand rather than with an automated machine. In 

the case that no flow sensor is available, sample pacing is done by time instead of volume. 

3.2.3.1.2 Number of bottles 

Automated water samplers are designed with varying numbers of bottles. These samplers often 

have 24 bottles. Intuitively, a larger number of bottles would lead to increased sampling 

accuracy, which is supported by previous studies(Ma et al., 2009; Ackerman et al., 2011). We 

simulated 12 and 24 bottles for each sampler. 

3.2.3.2 Scenario 2: Volume-based sampling with proportional last-sample weighting 

3.2.3.2.1 Proportional weighting 

If a volume-paced autosampler is programmed for too small of a runoff event, it will run out of 

sample bottles before the end of the event. In this case, the final part of the storm will be 

underrepresented if all bottles are represented equally in the composite sample. It is likely that 

the concentration of the final bottle is closer to the unsampled concentration than that obtained 

from the other bottles. By increasing the contribution of the final bottle proportionally to the 

runoff volume not sampled, we gain a better estimate of the EMC for the event without added 

cost. 

Figure 8 illustrates the impact of increasing the weight on the final bottle concentration. For this 

scenario, the final bottle is sampled well before the end of the runoff volume, due to the 

substantially underforecast runoff volume. Although the sampler captured the peak 
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concentration, it missed the lower concentration latter part of the event. Both equal weighting 

and proportional weighting overestimate the true EMC. However, the error using proportional 

weighting is smaller. 

 

Figure 3.8. Illustration of improvement in EMC estimation from proportional composite 

weighting in an underforecast event 

3.2.3.3 Scenario 3: UMN method for unequal pacing and weighting 

To address issues related to overforecasting, we propose an unequally-paced and weighted 

volume-based sampler method. This method is a systematic approach for increased sampling in 

the early part of an event, while still having some bottles dedicated for the end of a large event. 

We expect this approach to yield more accurate EMC estimates. The method is similar to 

sampling strategies intended to examine first flush behavior, such as the first flush enhanced 

sampling from Ma et al. (2009), but with a focus on better coverage of overforecasted events. 

Components of our method were initially presented by Oveson et al. (2000), and we develop it 

more fully here. Details of the method are given in the appendix. A summary of the approach is 

as follows: 

1. Select a maximum expected runoff design volume Vd, which is the largest event targeted 

by the sampling protocols. 

2. Designate the maximum number of samples as N, equivalent to the number of bottles in 

the autosampler, commonly 24. 

3. Designate the amount of runoff at which the sampler should begin taking samples as a 

ratio of Vd. For the purpose of this paper we will use 0.001Vd, but real-world applications 

might use larger values to avoid spurious triggering. 

4. Choose a value for pacing parameter p > 0. If p = 0 the sampler performs identically to a 

conventional volume-paced sampler. As p increases in value, more samples are taken 

earlier in the runoff event. 

5. Calculate a slope term ά
Ȣ
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6. Finally, calculate the cumulative volume Vi at which we pull the ith bottle for ρ Ὥ ὔ as 

ὠ πȢππρ Ὥ Ὥ ὠ. 

Determine the composite concentration by using the proportion of the runoff volume 

corresponding to each sample.  Details of this approach are given in the appendix. 

Key features of the UMN method are shown in Figure 3.9, with the pacing parameter p varying 

between 1 and 5, illustrated for samplers with accurate forecasts. For all three values, the last 

bottle is used to collect a sample at the end of the event at 6 hours. For p=1, the sampling is 

front-loaded, but four bottles are used to collect concentrations after 2 h.  For p=5, there are 

more early samples and two bottles are used after 2 h. A larger p increases the likelihood of 

capturing the peak concentration of an initial flush. Smaller values of p cause a sampling pacing 

closer to a conventional, equally-paced sampler. 

We examine the sampling methodôs performance compared with conventional volume sampling 

for different levels of forecast error and with different values of p. 
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Figure 3.9. Illustration of differing p values for the UMN algorithm with different EMC 

estimations. All examples have 10 samples. 

3.3 Results 

We will present our simulation results throughout using violin plots, such as in Fig. 3.10. Each 

shape shows the mean and quartiles for that data category represented as dotted lines. The 

width of the shape at each y-axis value corresponds to the relative size of a kernel density 

estimation for that value. 

Our plots require two caveats. First, we attempted to choose plausible parameters for our 

simulation space, but we lack the data to account for the probability that some of the sets are 

more likely than others to represent real-world watersheds. Accordingly, for each set of 

parameters is given the same weight. To explore the impact of parameter selection, we 
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performed sensitivity analyses to determine which parameters have the greatest impact on our 

results. 

Second, our Scenario 1 compares time-based and volume-based sampling and the effects of 

incorrect forecasts on each. Time-based samplers disregard flow, and volume-based samplers 

disregard time. To provide some basis for comparison, we apply forecast error to both time and 

volume: a forecast of 10% corresponds to 10% of the runoff volume for a volume-based sampler 

and 10% of the storm duration for a time-based sampler. 

3.3.1 Scenario 1: Conventional samplers 

We first examine conventional sampling with equally paced and weighted samplers. Figure 3.10 

shows the distribution of sampling error across the simulated events. In general, volume-paced 

samplers have greater accuracy than time samplers. Samplers with 24 bottles show a modest 

improvement over samplers with 12 bottles for some forecast levels, but the difference is minor 

compared with the range of error from forecasting inaccuracy. 

The volume-based sampler shows clear performance differences with different levels of 

forecasting error, as expected: the sampler performs consistently and well with an accurate 

forecast or a moderate overforecast, but shows much less consistent performance with 

underforecasts, where it generally overestimates EMCs. For example, a 24 bottle volume-based 

sampler has median error of around 1% with an accurate forecast, and only underestimates 

EMCs by a median 6% with a forecast 10 times too large. In contrast, a forecast half as large as 

the actual event results in an overestimated EMC by a median 20%.  

The time-based sampler shows a similar trend, but with wider variance at all forecasting levels. 

Time-based samplers underestimate EMC concentrations with accurate forecasts and 

overforecasts, a result also found by Ackerman et al. (2011): in our simulation, a 24-bottle time-

based sampler with an accurate forecast underestimates the EMC by a median 23%, and 

overforecasts perform similarly, with median underestimates ranging from 22% to 20% for 

overforecasts from twice to 10 times too large. Time-based samplers perform better at 

underforecasts, with a median overestimate of 4% for a forecast half as large as actual - 

however, as seen in Fig. 3.10, the sampler error has a wide variance across our simulation. 
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Figure 3.10. Comparison of error distributions for volume and time-based samplers at 

different levels of forecasting error. 

We examined the effect of the different simulation parameters on sampler performance with a 

sensitivity analysis. As the number of bottles does not appear to be a major consideration 

beyond the expected improvement from larger sample sizes, we only explored samplers with 24 

bottles. For each numerical simulation parameter, we examined the percent change in mean 

EMC error corresponding with a percent change in parameter value. We show a subset of the 

parameter sensitivities for a subset of the forecast levels in Figure 3.11; we use runoff volume to 

summarize the effect of the watershed and rainfall parameters together, and then show the 

effect of the different pollutant parameters. 
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As suggested previously by the lesser variance in Figure 3.10, volume-paced samplers show 

less sensitivity with accurate or overforecast events than do time-paced samplers. Both sampler 

types appear approximately similar in their sensitivities in the underforecast case. Both 

samplers show the greatest sensitivity to runoff volume. The samplers are also sensitive to the 

pollutant parameters, with a greater impact on time-paced samplers than volume-paced. 

The sampler robustness is dependent on forecast accuracy for the volume-based sampler, 

which shows little sensitivity in the accurately forecast condition, and modest sensitivity to 

pollutant parameters but not runoff volume in the overforecast case. The time-based sampler 

shows similar sensitivity to runoff volume and pollutant parameters for the accurate and 

overforecast cases, with a somewhat reduced sensitivity to runoff volume in underforecast 

conditions. 
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Figure 3.11. Sensitivity to the simulation parameters for volume and time-based samplers 

with different forecast errors. 

We additionally examined the effect of the watershed parameters on sampler performance, 

finding that the samplers show similar error at the same forecast levels across the different 

watersheds. 

3.3.2 Scenario 2: Proportional last-sample weighting for underforecast events 

We compare equal composite weighting against weighting the last bottle proportional to the 

remainder of the storm in the underforecast situation. All figures are for 24-bottle samplers. 

As seen in Fig. 3.12, the proportionally-weighted approach has lower variance in prediction error 

for underforecast events, but also greater median error than the conventional sampler at 

forecast levels below 0.5 across the whole simulation: for example, at a forecast level of 0.2, the 
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proportionally-weighted sampler overpredicts EMCs by a median 21% as compared to the 

conventional samplerôs 10% median overprediction. At more moderate levels of forecasting 

error, from 0.5 to an accurate forecast, the proportional-weighted approach performs better than 

the conventional equal weighting overall. 

 

Figure 3.12. Overall performance of conventional equally-weighted compositing and 

proportional weighting for underforecast events. 

Greater insight into results for proportional weighting can be obtained by considering the impact 

of the pollutant weighting term w. Proportional weighting improves accuracy if the uncaptured 

tail of the event is closer in concentration to the last bottle than to the mean of other bottles. 

Pollutants with first-flush effects should exhibit this behavior. In our simulation, then, we might 

expect proportional weighting to perform better for pollutants with values of w closer to one  than 

to zero. 

Figure 3.13 confirms this expectation. Proportional weighting outperforms equal weighting at 

different levels of underforecasting for pollutants with w closer to one, and does worse at some 

forecast levels for pollutants with w closer to zero. Accordingly, we expect proportional last-

bottle weighting to help accuracy for pollutants with sharper decays in concentration, such as 

chloride or other highly soluble contaminants in urban settings. Equal weighting may perform 
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better than proportional weighting for large underforecasts in situations with less first flush 

effect, such as for sediment in rural areas.  

 

Figure 3.13. Proportional weighting for the last sample provides a greater advantage for 

pollutants with w closer to 1, corresponding to more strongly volume-dependent washoff 

and accordingly a stronger first flush response. 

3.3.3 Scenario 3: UMN sampler for overforecast events 

We first examine the performance of the UMN algorithm unequal volume sampler with p=1. As 

seen in Figure 3.14, the UMN sampler performs similarly to a conventional sampler for 

accurately forecasted events, with somewhat better accuracy for moderately underforecast 

events (likely due to the proportional weighting discussed in Scenario 2), similarly or somewhat 

worse for severely underforecast events and substantially better for overforecasted events. 
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Figure 3.14. The front-loaded UMN sampler outperforms the conventional sampler with 

overforecast events. 

We examined sensitivity to parameters for the UMN sampler as compared with a conventional 

equally-paced volume sampler in Figure 3.15. With accurate forecasts, the UMN sampler shows 

greater or similar sensitivity to these parameters than the equally-paced sampler, but the 

magnitude of this sensitivity is quite small. At large overforecasts, the conventional sampler 

shows greater sensitivity than the UMN sampler, and with a much larger degree of sensitivity 

than with an accurate forecast. It appears that the UMN sampler will overall have lower 

sensitivity to runoff and pollutant parameters than a conventional sampler in the situations it is 

intended to address. 
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Figure 3.15. Sensitivity to simulation parameters for the UMN sampler and conventional 

sampler at different forecast levels. Note the change of y-axis scale on the different plots. 

We look at the effect of different values for the p parameter, seen in Fig. 3.16. Smaller values of 

p perform better closer to accurate forecasts, as expected. There is not a clear advantage to 

higher values of p across our simulation, suggesting that a value of p=1 is a good starting point 

for real-world testing. It is possible that larger values of p would be advantageous for pollutants 

with particularly strong first flush effects. 

All of the values of p we examined underestimate EMCs at large overforecasts, but with 

substantially less variability in accuracy compared with the conventional, equally-paced volume 

sampler, which also tends to underestimate EMCs in the same scenario. 
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Figure 3.16. Performance of the UMN sampler with different values of p compared with a 

conventional sampler at forecasting error levels from an accurate forecast to a forecast 

20 times the actual event. 

3.4 Discussion 

3.4.1 Conventional samplers: volume vs. time 

Our results suggest that volume-based sampling is more reliable than time-based sampling. 

Even with accurate forecasts, time-based sampling performed with poor variance and accuracy 

in our simulation. 

Similarly, time-based sampling showed greater sensitivity to both pollutant and hydrologic 

parameters in most cases. In some real-world applications, autosampler composite samples are 

analyzed for a range of pollutant concentrations; this sensitivity suggests that a time-based 

sampler might show greater error for some of the pollutants than for others, and sampling 

programs with multiple sites may find greater error at some sites than at others. Volume-based 

sampling showed a lower sensitivity than time-based to the simulation parameters, suggesting 

that different pollutants and sites will show less variance in error than with time-based samplers. 
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3.4.2 Unequal sample weighting 

If a conventional autosampler is programmed for a storm much smaller than the actual event, it 

will run out of bottles before the event has concluded. Our results suggest that including a 

proportionally larger amount of the final bottle to the composite can improve results for 

pollutants with a strong first-flush effect, such as easily soluble contaminants like chloride in 

urban watersheds. With moderate underforecasting, this proportional weighting may also 

improve accuracy for other pollutants as well. 

3.4.3 UMN Sampler: Unequal volume-based pacing 

Autosamplers are frequently programmed for volumes substantially larger than the actual event, 

both in the case of forecasting error and if samplers are programmed for maximum expected 

volumes rather than being reprogrammed for each storm. Our unevenly-paced sampler timing 

approach (the UMN sampler) appears to offer substantially improved accuracy and reduced 

variance of errors with overforecast events, and could be implemented without added hardware 

requirements to autosamplers with flow sensors. 

The UMN sampler has a parameter p which controls the sample pacing. In our simulation p=1 

gave better overall performance than larger values for p, but further work will be needed to 

establish whether this result translates to the field. We believe that the sampler shows sufficient 

promise in our theoretical study to investigate in a field study, as it appears to offer substantial 

improvement in a common real-world sampling situation. Should results appear promising, the 

algorithm could easily be introduced into commercial or DIY autosamplers. 

3.4.4 Model utility and applications 

Our model uses easy to interpret parameters, well-established hydrologic components, and a 

flexible simplification of pollutant behavior. Our modeling goal was to capture the key features of 

runoff while retaining a clear and simple structure and parameters. We simulated a large range 

of runoff responses, but additional work is needed to determine the frequencies of simulated 

events corresponding to real-world runoff.  

Besides simulations of water sampling, our model has potential application in other projects in 

which simple, flexible and easy to interpret parameters are of greater importance than accuracy 

for a given watershed. For example, the model could be used to simulate runoff management 

and treatment practices and the role of hydrologic and pollutant parameters in the behavior of 

runoff responses. 
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3.5 Conclusion 

We developed an idealized model for stormwater runoff and pollutant response, which we then 

used to simulate stormwater sampling. Beyond its application in this paper, we believe our 

model could be useful for other applications, such as simulating runoff management practices. 

We produced three main stormwater sampling recommendations from our simulation. 

1. Volume-based sampling, using a flow sensor, is expected to have better accuracy and 

less sensitivity to hydrology and pollutant behavior than time-based sampling. 

2. If the sampler is programmed for a smaller storm than actually occurs and runs out of 

samples, including proportionally more of the final bottle in the composite sample will 

generally improve accuracy for pollutants with first-flush effects. 

3. If the sampler is expected to consistently overforecast runoff events, as in the case of a 

device programmed for maximum expected runoff rather than per-storm volumes, 

sampling with an unequal pacing such as our UMN sampler algorithm is expected to 

substantially improve accuracy and reduce sensitivity to site and pollutant parameters 

without adding cost or requiring additional hardware. 

Further research will be required to test these recommendations in the field. 
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Conclusions and future directions 

In this dissertation I presented two projects connected through their shared focus on improving 

pollution monitoring protocols and methods without increasing cost. One project focused on air 

and the other on water, but the problems addressed (sensing system design, sensor calibration, 

optimizing sampling protocols for pollutants with complex behaviors) are common to a wide 

variety of pollution monitoring efforts, and indeed to environmental sensing challenges in 

general. 

The two projects in this dissertation have their own conclusions: low-cost sensor nodes such as 

the one I designed in Chapter 2 appear viable (albeit with some challenges) for monitoring 

moderate levels of methane emissions, and stormwater sampling can likely be made 

substantially more accurate with relatively minor, essentially cost-free modifications, as 

described in Chapter 3. Beyond these specific points, I believe this work shows a general 

direction for my future research: even such well known and heavily studied problems as 

monitoring stormwater pollution and methane apparently have major, straightforward and 

inexpensive improvements to be made, and it is likely that other common, well established 

pollution monitoring methods have similar improvements to be found. 

This dissertation also suggests that improvements in environmental monitoring need not occur 

at the technological cutting edge: research funding and press releases may often highlight new 

sensing modalities, sensor fabrication methods, or other ñsexyò and exciting developments, but 

my work shows the potential for substantial improvements in pollution monitoring with well-

established, old techniques. I also believe that the difficulties I address in sensing and sampling 

methods are likely to be present with new sensors or modalities as well, and the solutions are 

likely to be similar. There is room for productive work, then, even with old technologies. 

In addition to the focus on older technologies and protocols, I believe the other major direction 

of my work is the possibility of building devices and monitoring programs for lower cost (or of 

improving accuracy without increasing cost). Pushing the detection limits and resolution of 

sensors is always a worthwhile and interesting goal, but I believe that commercially-available 

laboratory reference instruments already have sufficient performance for the vast majority of 

environmental research projects; for example, the methane reference analyzer used in Chapters 

1 and 2 offers better than 1 ppb accuracy at a 5 second timescale. Even a device orders of 

magnitude worse in accuracy would still offer significant utility in sensor networks and other 
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such deployments if available for sufficiently low cost (the device I presented in Chapter 2 costs 

around 1% of the price of the reference analyzer). Similarly, it is exciting if monitoring protocols 

can be improved without increasing cost rather than by adding more expensive devices or 

laboratory procedures (for example, by making the cost-free stormwater sampling modifications 

suggested in Chapter 3). 

As I discussed in the introduction, the cost of pollution monitoring is important for a variety of 

reasons. Most obviously from a research perspective, lower-cost monitoring enables higher 

spatiotemporal resolution; the sensor node I presented could be used, for example, to detect 

leaks in fossil fuel infrastructure or landfills, or to better understand methane emissions and 

fluxes in an agricultural setting with greater coverage than available with expensive, high-

performance instruments. Similarly, improving accuracy without increasing cost is of obvious 

benefit to monitoring projects, as with the stormwater sampling recommendations in Chapter 3. 

Perhaps less obvious from an academic viewpoint, lower-cost instruments and methods can 

flatten the power dynamics intrinsic to pollution monitoring and by extension policy. An analyzer 

costing $30,000 or more, such as the reference instrument in Chapters 1 and 2, is not 

necessarily accessible in developing nations or to low-income communities and individuals; 

accordingly, by designing and sharing inexpensive devices we can expand the range of people 

able to monitor pollution, and hopefully support efforts by marginalized groups to reduce 

environmental damage in their vicinity. 

What next, then? The two projects presented here have clear future directions. I believe the 

methane sensor design in Chapter 2 is ready for deployment in a variety of applications, with 

some additional calibration work: the design should be suitable as-is or with minor modifications 

to monitor leaks in fossil fuel infrastructure or in landfills, or for use in similar settings. The 

addition of a pump and gas filtering may allow better performance in the low methane 

concentration range, and could be studied as another next step. 

The stormwater model and sampling recommendations in Chapter 3 should next be verified in 

field studies. If the results confirm my predictions, the recommendations could then be 

implemented into autosamplers by manufacturers and adopted by practitioners in the field. 

Finally, the ethos presented in this dissertation can be applied to other pollutants and monitoring 

problems. I suspect that most air and water pollutant monitoring methods have room for major 
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improvement with low-cost sensor designs or optimizing protocols, and that there is no shortage 

of work ahead. 
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Appendix 2.A: Sensor node electronic design 

Our sensor node consists of two circuit boards: a main controller board and a sensor board. The 

two boards are connected via a cable. The main board is responsible for telemetry, data 

storage, and system control; the sensor board allows for up to two Figaro MOx sensors, a 

relative humidity and temperature sensor, and power regulation for the Figaro sensors. The full 

device is pictured in Fig. 2.1A. 

 

Figure 2.A1: Schematic for the sensor circuit board. 

Figure 2.A1 shows the sensor circuit board. Digital communication between the controller and 

sensor boards is provided via I2C with a high voltage of 3.3V. The Figaro MOx sensors are 

specified with a 5Ñ0.2V supply (Figaro USA, Inc., 2013; Figaro USA, Inc., 2022). We provide a 

5V supply from the controller board; however, as power supply stability is critical to accurate 

sensor readings, we further regulate the supply with component U3, a precision voltage 

regulator with a fixed 4.8V output. As discussed in the main text, this arrangement proved stable 

over the course of the experiment. 

The MOx sensors U1 and U2 are implemented in voltage divider configurations with R1 and R2, 

which were chosen to approximately match the expected sensor resistances, as discussed in 
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the main text. The output voltages from the dividers are digitized by U4, a 16-bit ADC. We also 

digitize the 4.8V supply through R3 and R4, allowing us to correct for any drift and to evaluate 

the regulator performance. U4 contains an internal precision voltage reference. The ADS1115 

has a resolution of 188 ɛV, corresponding to a resolution of 12 ɋ against the 75 kɋ reference 

resistor and 2.3 ɋ against the 15 kɋ reference resistor when the sensor resistances equal the 

references. 

We sense temperature and relative humidity using U5, an integrated, digital-output chip. U4 and 

U5 communicate with the controller board via I2C; as U4 is operating at 4.8V, level shifting is 

required for communication with the 3.3V controller device. We provide level shifting via Q1, Q2, 

and the associated pull-up resistors R7 and R8. 

All capacitors on the board are provided for power supply bypassing to reduce noise and 

instability, and all were X7R dialectric ceramic capacitors. 

 

Figure 2.A2: Schematic for the main board. 

Figure 2.A2 provides the schematic for the main board. U1 is a complete microcontroller 

module, including a processor, 3.3V power regulator, SD card socket for data storage, and 
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supporting circuitry. We use U1 as the main controller for the whole system, as well as for data 

storage. U2 is a microcontroller module with a cellular modem; we only use this board for 

telemetry and as a networked clock. We only used the telemetry data to remotely check that the 

system was operating correctly, and our analysis used the locally stored, five-second scale data. 

Q1 through Q3 and their supporting components are provided to optionally drive a fan, pump, 

heater, or other similar devices; we did not use these components for the current experiment, 

and we left them unpopulated on the circuit board. As with the sensor board, we placed 

capacitors C1 through C3 to bypass the power supply for lower noise and greater stability; all 

three were aluminum electrolytic capacitors. 

 

Figure 2.A3. Circuit layout for the sensor board. 

 

Figure 2.A4. Controller board layout. 
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Figures 2.A3 and 2.A4 show the board layouts. Both boards are four-layer stacks. For clarity, 

the inner two layers containing ground and power planes have been omitted from the figures. 

We are aware of one mistake on the board layout: J1 on the sensor board should be reversed. 

For our prototype unit we simply reversed the cable connection to this part. As mentioned 

previously, the fan, pump, and heat components on the main board were not used or populated 

for this experiment, but are provided in the layout for future development. We hand-soldered 

and assembled the boards for this experiment. 

Appendix 2.B: Baseline regression equation selection 

As discussed in the main text, we examined different possible regressions to fit the TGS2611-

E00 response to baseline environmental conditions other than methane. We fit the regressions 

on the datasets filtered to only include points with methane concentrations less than 2.3 ppm, 

which we assumed would be too small of an enhancement over the 2 ppm background for the 

sensor to respond. For the inside dataset, 3717 of the 15657 points were below the 2.3 ppm 

threshold, and for the outside dataset 13030 of 14330 points were included. 

As explained in more detail in the main text, we have four possible factors for the TGS2611-E00 

baseline regression: water vapor concentration, temperature, elapsed sensor run time, and 

TGS2600 response. We also examined factors transformed by the natural log; we adjusted the 

log-transformed time variable by a negligible amount to account for zero values. We fit all 

regressions possible from Equation B1 on the inside data and outside data, and both sets 

together. 

ώ ‌ ‍ὼ ‍ὼ ‍ὼ ‍ὼ       (B1) 

Where ώᶰὝὋὛςφρρȟÌÏÇὝὋὛςφρρ, ὼᶰὌὕȟÌÏÇὌὕ , ὼᶰὝȟÌÏÇὝ ,  

ὼᶰὸὭάὩȟÌÏÇὸὭάὩπȢπππρ, ὼᶰὝὋὛςφππȟÌÏÇὝὋὛςφππ 

We evaluated each regression for R2 and RMSE. Regressions using the log-transformed 

TGS2611-E00 response as the target were transformed back to linear space prior to evaluating 

performance. We show the performance of the three best regressions on each dataset without 

TGS2600 and the three best with TGS2600 (equivalent to ‍ in Equation B1 taking a zero or 

non-zero value, respectively) for each dataset in Table 2.B1, chosen by lowest RMSE. The 

regressions are shown in shorthand; for example, ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩ is 
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shorthand for the regression equation ὰέὫὝὋὛςφρρ‌ ‍ὰέὫὌὕ ‍Ὕ ‍ὰέὫὸὭάὩ

πȢπππρ. 

Table 2.B1. The three best performing baseline regressions for each dataset with or 

without TGS2600 as a term, sorted within each category by RMSE. 

Dataset Regression R2 RMSE (ppm) 

Outside ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩ 0.97 1.46 

 ὰέὫὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩ 0.97 1.52 
 ὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩ 0.97 1.53 

Inside ὰέὫὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩ 0.91 1.52 

 ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩ 0.91 1.54 
 ὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ÌÏÇ ὸὭάὩ 0.90 1.63 

Both ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὸὭάὩ 0.90 2.50 

 ὝὋὛςφρρͯὰέὫὌὕ Ὕ ὸὭάὩ 0.90 2.61 

 ὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὸὭάὩ 0.90 2.71 
Outside ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩÌÏÇ ὝὋὛςφππ 0.99 0.71 

 ὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩὝὋὛςφππ 0.99 0.75 

 ὰέὫὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩÌÏÇ ὝὋὛςφππ 0.99 0.76 
Inside ὰέὫὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩÌÏÇ ὝὋὛςφππ 0.98 0.71 

 ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩÌÏÇ ὝὋὛςφππ 0.98 0.71 

 ὰέὫὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὸὭάὩÌÏÇ ὝὋὛςφππ 0.98 0.76 
Both ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩÌÏÇ ὝὋὛςφππ 0.98 1.21 

 ὝὋὛςφρρͯὰέὫὌὕ ÌÏÇ Ὕ ὰέὫὸὭάὩὝὋὛςφππ 0.98 1.27 

 ὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩὝὋὛςφππ 0.98 1.27 

 

As seen in Table 2.B1, several equations occur repeatedly; in particular, the top three equations 

without TGS2600 are the same for the inside and outside datasets, in different orders but with 

similar RMSE and R2 values. As  

ὰέὫὝὋὛςφρρͯὰέὫὌὕ Ὕ ὰέὫὸὭάὩ performs well for both the inside and outside 

datasets, and as it performs best across the datasets with the added ÌÏÇ ὝὋὛςφππ term, we 

chose this regression to use as our Equation 1 in the main text, and the version with added 

ÌÏÇ ὝὋὛςφππ to use as Equation 2. 

Appendix 2.C: Diurnal patterns in methane levels 

We observed diurnal patterns in methane levels in some portions of the outside dataset, as 

seen in Fig. 2.C1C1, with increases in methane levels at night and lower levels in the day. The 

time period depicted was a rainy week; diurnal patterns were smaller or absent in dry periods. 

Methane levels at our inside site also fluctuated, as seen in Fig. 2.C1C2. These fluctuations 

appeared to be primarily the result of interactions with the anaerobic digester, with pulses 

occurring when the digester was opened for feeding or gas removal. The digester also likely 
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released methane sporadically when internal pressure was released through its pressure relief 

system, which was simply a tube submerged in several inches of water. 

 

Figure 2.C1. Examples of short periods of the outside (A1-D1) and inside (A2-D2) 

experiments. 

  




