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ABSTRACT

The potential use of a micromachined thermopile based sensor device for analyzing natural gas is
explored. The sensor consists of a thermally isolated hotplate which is heated by the application of a
sequence of programmed voltages to an integrated heater. Once the hotplate reaches a stationary
temperature, the thermopile provides a signal proportional to the hotplate temperature. These signals are
processed in order to determine different natural gas properties. Sensor response is mainly dependent on
the thermal conductivity of the surrounding gas at different temperatures. Seven predicted properties
(normal density, Superior Heating Value, Wobbe index and the concentrations of methane, ethane,
carbon dioxide and nitrogen) are calibrated against sensor signals by using multivariate regression, in
particular Partial Least Squares. Experimental data have been used for calibration and validation.
Results show property prediction capability with reasonable accuracy except for prediction of carbon
dioxide concentration. A detailed uncertainty analysis is provided to better understand the metrological
limits of the system. These results imply for the first time the possibility of designing unprecedented
low-cost natural gas analyzers. The concept may be extended to other constrained gas mixtures (e.g. of a

known number of components) to enable low-cost multicomponent gas analyzers.
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1. Introduction

Natural gas property measurement is a field witnessing a remarkable evolution over the last few years
[1]. In direct relation to gas market liberalization within the European Union, triggered by the regulation
framework known as the ‘EU Gas directive’ in 1998 [2], gas properties are expected to vary more
frequently and more strongly. Precise monitoring of these variations is of great economic and technical
importance.

Natural gas consists mostly of methane with lesser amounts of ethane and propane. Non-combustible
components such as carbon dioxide and nitrogen may also be present. The higher hydrocarbons (C4 and
greater) typically comprise less than 1.5 mol% of the total. In general, methane does not fall below 86
mol% while ethane and propane do not exceed 10 and 2 mol%, respectively [3]. Carbon dioxide and
nitrogen typically do not exceed 2 and 12 mol% respectively [4, 5]. This variability in composition
causes significant variations in natural gas properties, for instance of up to 25% for Superior Heating
Value (33-44 MJ/m’ [6]), Wobbe index (42-56 MJ/m’) and normal density (0.7-0.93 Kg/m®). These
properties are usually calculated from the concentrations by use of the ISO6976 standard [7], developed
specifically for this purpose.

. Natural gas properties are closely monitored in several scenarios, for instance in commercial
transactions, gas processing and storage, and also in process and engine control. In these applications,
measurements of the heating values (superior and lower), normal density, specific gravity,
compressibility factor, index [7] or Methane Number [8] among other magnitudes, are needed. Among
the natural gas properties, the heating value (in its various definitions [7]) is probably the most relevant
one, for it is a measure of the energy content, and has significant economic implications. Several
methods have historically been proposed to monitor this property [1, 9-11]. Few of these methods have
been widely accepted in the industry given its typically stringent reliability requirements and regulations.
A first generation of industrial devices comprised diverse types of combustion calorimeters [10]; these
were largely substituted by a second generation of devices, the Process Gas Chromatographs (PGCs) [9].

Currently a third generation of faster and lower-cost devices is being progressively introduced in the



industry. These devices are based on correlative methods [1, 12, 13]. The term ‘correlative’ makes
reference to the fact that they mathematically correlate a set of selected, easier to measure, physical
measurements with the properties of interest. The chosen physical measurements vary in each case but
include combinations of thermal conductivity measurements, NDIR (Non Dispersive Infrared)
absorption [12], speed of sound [14], carbon dioxide molar fraction, viscosity and others [1]. These third
generation devices will probably complement the PGCs, rather than fully replace them. This is due to
their lower accuracy (indeed they are usually calibrated against PGC measurements). Nonetheless price
range, bulkiness and/or maintenance needs of these devices still render the ideal situation of a low-cost
and real-time domestic and industrial gas quality meter as a challenge beyond the state of the art.

The present work takes a significant step towards this direction by presenting natural gas analysis
results based on measurements taken by a single microsensor. The measurement principle is based on
the thermal conductivity of the gas, which is dependent on the gas composition.

The use of thermal conductivity for gas analysis dates as far back as 1880 according to Weaver[15],
and though other technologies have arisen and found wider application, the fact is that some of the
mentioned correlative gas analyzers make use of it [12, 13], though always in combination with other
measurements.

Rahmouni et al. [5,16] reported around 2003 two works showing the possibility of using only thermal
conductivity measurements to infer natural gas properties such as Wobbe index (W) and Superior
Heating Value (SHV or H;), with moderate uncertainty (of around 1%). In these works, a series of
measurements were performed with a setup based in two cylindrical chambers stabilized at different
temperatures and including a thermal conductivity sensor each. The present work takes an important
step forward with the use of a single thermoelectric sensor [17], with an embedded heater, a single
measurement chamber and no gas thermalization, in combination with chemometrics, to infer the natural
gas properties. This approach has a strong impact in size, mechanical simplicity and cost reduction.

The field of microsensors for gas analysis has evolved considerably over the past years, in a majority

of cases involving reactive transduction processes providing high sensitivity [18,19] but also low



selectivity, a fundamental characteristic in the field of electronic noses [20,21]. Poor selectivity is
usually improved with the use of sensor arrays, temperature cycling, and signal processing which are
fundamental techniques in the field of electronic noses and in general chemical sensor arrays; an
extensive and comprehensive review of such approaches can be found [22]. It is well-known that
systems involving reactive transduction suffer in many cases from poor stability over time [23,24]. It has
been proposed that a compromise arises between sensitivity and reversibility [22]. Furthermore,
reversibility is directly related with sensor signal stability. Most of these microsensors for gas analysis
work at high temperatures to enhance, or even enable, the reactive transduction processes. As a
consequence, a widely adopted configuration for this type of sensors is the deposition of a chemically
sensitive layer on top of a micromachined hotplate [25-29].

The present work is in closer relation to other microsensing approaches which do not involve a
reactive process, and respond to the change of thermal transport properties of the surrounding gas
(thermal or passive sensors), as is the case in thermal conductivity based microsensors, which have
already been proposed in scientific publications and patents [30-32], and have been specially successful
in the field of detectors for gas chromatography [33,34] This type of sensors can be considered as
having low sensitivity in exchange for high reversibility.

Regarding the particular field of natural gas, Puente et al. [35] reported a thermal microsensor
intended for Methane Number determination, but slow response time limited the applicability of the
device. The fact is that though thermal microsensors have been successful in many applications, in the
field of gas sensing these have remained widely ignored to date, finding only limited applications in the
resolution of binary gas mixtures and Pirani gauges [36]. Comparable micromachined thermal sensors
have been introduced as detectors in Micro-GC instruments, but in this case, the chromatographic
column provides analyte separation. In such conditions the GC detector is in fact analyzing an ideally
binary mixture (carrier + analyte) at every point of the elution profile [34]. This latter case is thus similar

to other binary mixture measurement approaches. Binary mixtures analysis is a much simpler problem



from a signal processing point of view but much more complex for measurement setup (in the case
where a chromatographic separation has to be used), compared to the presented work.

Natural gas properties measurement is a field requiring not very high sensor sensitivity (variations in
the % range) but very high sensor stability. For this reason passive gas sensors were thought to be good
candidates for the application and were studied [17]. In that previous work, a candidate microsensor was
presented. It was studied and characterized using experimental measurements and finite element
modeling (FEM) simulations, in order to determine its potential for fast, low-cost natural gas analysis.
Though the sensor consists of a commonly used thermal sensor structure [36-38], an unprecedented
excitation mode of the sensor heater allows obtaining measures which are related (indirectly) to the
thermal conductivity as a function of temperature, &(T). However, extracting this information from the
sensor measurements is a demanding task in the signal processing stage due to its high sensitivity to
undesired interferences (ambient temperature, pressure, and noise in the heater excitation voltage) and
the small changes in k(7) to be detected.

To the best of our knowledge this is the first work reporting the assessment of properties and
composition of a multi-component (of more than 2 components) gas mixture using only a single thermal
microsensor.

The paper is organized as follows. A brief sensor description is provided in section 2 which also
summarizes relevant previous work [17]. After that the materials and methods section (section 3)
describes the experimental and simulation setups, the signal processing and validation procedures.
Section 3 also briefly presents a highly relevant uncertainty analysis, the details of which are described
in appendix A at the end of the paper. The results and discussion section (section 4) provides the
quantitative results for the prediction models and the uncertainty analysis, and also the discussion of the

results of the work. Closing the paper, conclusions are drawn in section 5.



2. Sensor description

The sensor is based on measuring the differential temperature increase between a hot spot in a
micromachined membrane and the silicon rim acting as a heat sink. The temperature of the hot spot is
increased by an integrated resistive heater. Similar sensor configurations have been reported for infrared
sensing [38] or microcalorimetry [39]. A top view of the device can be seen in Figure 2 in reference
[17].

The device studied in this work has been fabricated with CMOS compatible micromachining
processes. This has many advantages, like the possibility to integrate electronic signal acquisition and
conditioning in the same chip, enhanced sensing properties, on-line metering, quick response times as
well as achieving low power consumption.

The sensor structure consists of a thin membrane defined on a silicon chip, as seen in Fig. 1 in
reference [17]. The membrane is a 1500 x 1500 pmz multilayer sandwich structure of SiO,/Si3N4 which
sustains the thermocouple stripes extending from the silicon rim (where their cold junctions stand) to a
hotplate in the center of the membrane (where the hot junctions lay). The device has 10 thermocouples
per side, for a total of 40. A polysilicon heater is located in the hotplate to heat up the hot junctions to a
desired temperature. Heater dimensions are 366 x 310 um” and the total hot spot area is 450 x 450 um®.
The backside of the die is attached to a metal casing (TO-8) using a high thermal conductivity epoxy
adhesive. The metal casing acts as a heat sink to keep the substrate and rim temperature approximately
at ambient temperature. The TO-8 casing includes a drilled hole in the area right below the membrane,
which improves gas exchange with the surrounding atmosphere. A photograph of the encased sensor can

be seen in Figure 1(SP).

Insert Figure 1 (SP) here

The choice of the thermocouples materials is of key importance since they determine the sensor

performance. In fact a compromise arises between a high Seebeck thermoelectric effect and the quality



of the structure’s thermal behavior [40,41], in terms of thermal conductance and overall thermal noise.
The selected materials were aluminum and n-doped polysilicon. Though these materials do not provide
the best thermoelectric performance, they increase CMOS compatibility and thus simplify the
fabrication process.

The measurement principle consists of heating the hotplate by applying a voltage at the heater,
producing a temperature distribution across the device geometry. The heat generated flows through the
surrounding gas, as well as through the membrane. The temperature reached at the centre of the
membrane depends on the heat dissipation to ambient, which is in turn modulated by the thermal
conductivity of said surrounding gas. The sensor stationary signal output is given by:

V

0 =NnSAT )

Where 7 is the number of thermocouples in the thermopile, S is the Seebeck coefficient and AT is the
temperature difference between hot and cold junctions of the thermopile. AT is modulated as previously
described by the surrounding gas thermal conductivity k(7).

The thermal isolation of the membrane and the high thermal conductivity of the silicon bulk are of
great importance in order to enhance the temperature difference between hot and cold junctions. The
approach is similar as that of thermal conductivity detectors [33] (TCDs) used in Gas Chromatography
(GC), but without the presence of a specifically designed fluidic channel. The use of a thermopile to
measure the temperature instead of measuring the heater resistance, as done in most TCDs, allows for
better resolution and for a differential measure that partially rejects variations of room temperature.

The sensor output is a vector of measurements obtained by applying a voltage waveform to the sensor
heater. A stationary output voltage is obtained as a sensor output response for each heater voltage and
the full set of sensor output responses is defined as the output vector. This excitation-reading method

provides a way to capture information about the thermal conductivity of the surrounding gas at different

temperatures. Complete details on sensor characterization were already described elsewhere [17].



3. Materials and methods

This work makes use of two sets of data, a set of experimental results obtained in laboratory
conditions, and an additional set of computer finite element modeling (FEM) simulation results. The
first set is used for the main discussion and performance analysis, while the second set is used to
complement the knowledge of the sensor operation, performance, and metrological limits. For both
measurement sets, the sensor output is modeled using Partial Least Squares (PLS) [42] and a regression
model is computed in order to predict natural gas properties from the sensor data in real-time (see
section 3.3 for details). In order to perform a detailed error analysis a Monte Carlo analysis was set up,
with synthetic noise addition to the experimental data.

A description of the simulation and experimental setups is provided next, as well as the signal
processing and model validation methods. Additionally, the uncertainty and performance limits analysis
are introduced, which aim to bound the expected performance of the sensing principle as well as
providing some quantitative insights in the sensor operation and its uncertainty sources. The detailed
description of the uncertainty analysis has been placed in Appendix A to keep the conciseness and
continuity in the description of the main work.

No direct measurement is available for three of the modeled properties: normal density, Superior
Heating Value and Wobbe index. In these cases, calculations were based in the ISO6976 [7] standard
which provides guidelines to calculate them from a known composition. This standard is widely known

and used in natural gas industrial metering.

3.1 Simulation setup

Simulated measurements have required the construction of two different models. The first model is a
FEM model of the sensor device which reproduces the sensor thermal response to the electrical
stimulation of the heater [17]. The modeled device reaches a steady-state temperature distribution which

is dependent on the surrounding gas. For the purpose of these simulations, the gas is strictly defined by



its k&(T). A second model is also needed, since the input variables of the simulation need to be the
concentrations of individual natural gas main components (see experimental setup).

In order to include a given gas mixture (characterized by its composition) into the FEM model of the
sensor, the characteristic £(T) curve of the gas mixture has to be computed. This is not a straightforward
calculation since only approximate solutions are available to the problem of calculating the 4(T) curve of
a gas mixture. A common approach is the use of the equation of Wassiljewa [43].

More details on the simulation setup can be found in the first part of the previous related work [17].

3.2 Experimental setup

In order to determine the properties of natural gas, previous works [13,16] made use of the assumption
that natural gas can be modeled as a three or four component mixture, with an acceptable loss of
accuracy in the properties estimation. Following this approach, a gas mixing station was specifically
configured to deliver controlled mixtures of four of the natural gas main components: methane, ethane,
nitrogen and carbon dioxide. It was expected that results with this four component mixture could be
extended to other generic compositions. Figure 2(S1) shows the configuration of the synthetic natural
gas generation setup. Model 5850E mass flow controllers from Brooks Instruments were used. Bottles
of pure gases Methane (Carburos Metdlicos, 99.995 Y%purity), Ethane (Air products, 99.5% purity),
Carbon dioxide (Carburos Metalicos, 99.2 % purity) and Nitrogen (laboratory line, 99.5 % purity) were
used.

Insert Figure 2 (S1) Here

A total 500 ml'/min flow of the synthetic natural gas was supplied to a sensor chamber. After 11
minutes the concentration inside the chamber was stable (as explained in section A.3), and the flow was
stopped to perform a measurement of the sensor response in static gas conditions. The gas was supplied

at room temperature and atmospheric pressure. Expected accuracy of the volumetric gas composition,

' Referenced to TUPAC standard conditions



with the gas mixing setup, were absolute concentration uncertainties (95% confidence interval) of 0.06%
in CO,, 0.16% in C,Hg, 0.26% in N,, and 0.40% in CH4 (Calculation of these uncertainties is explained
in section A.3).

It is important to note that derived magnitudes and properties calculations were referenced to standard
conditions of the natural gas. This is particularly relevant when calculating the SHV, normal density and
Wobbe index from ISO6976 [7], since these values were used as calibration data for the prediction
models obtained from the sensor measurements.

A 34970A multimeter (Agilent technologies, CA, US) sampling at 25 Hz was used to measure the
voltage output of the sensor. An HM8142 programmable waveform generator (Hameg Instruments,
Germany) was used to supply the voltage waveform, with a specified uncertainty in the voltage output of
0.2% of the setting. However the truly relevant specification to evaluate the consistency of calibrations
across different measurement runs is the voltage setpoint repeatability instead of total setpoint
uncertainty. No repeatability data is provided by the manufacturer, so it was experimentally measured
and estimated at 1.2mV, and basically independent of the voltage setpoint (0.004% of full scale). This
results in a considerably lower noise specification and is in good agreement with the measurement
results.

The stimulation of the sensor heater was done by programming the HM8142 with a voltage steps
train. The excitation waveform is shown in Figure 3(HW), together with an example sensor response to
pure methane. Heater voltage levels span from 0.5V to 7V in 0.5V steps, with a step duration of 500ms,
as shown in Figure 3(HW). The complete excitation cycle takes 7 seconds. Note how the sensor output
is stable after approximately 150ms (T90 around 100ms), which implies that the excitation time may be
easily reduced to 3 seconds. Sensor output is usually comprised in the 0-1V range under normal working
conditions. At the limit condition of Vyeyuer = 7V a maximum temperature of the device of
approximately 200°C is expected under normal operating conditions, this temperature is safely below the
three critical temperatures which are:

- the auto-ignition temperature of methane at 595°C;



- the Al-Si alloying temperature, starting at 400°C;
- Typical Aluminum annealing temperatures, which can be as low as 300°C.
Insert Figure 3(HW) here

The synthetic natural gas mixtures used for calibration and validation are described in Table 1(XC). In
order to define the measuring points, experimental design, data from literature [5] and analysis
certificates kindly provided by ENAGAS LNG regasification plant in Barcelona were considered. Pure
methane (99.995 % purity) was added as an additional measurement point for convenience, as it is a
high precision point with lower cost compared to gravimetric mixtures.

Insert Table 1(XC) here

3.3 Signal processing

Rahmouni et al. [5], measured the actual values of the thermal conductivity of the natural gas mixtures
using appropriate instrumentation, and suggested a graphical resolution method, providing interesting
results. In this work however, the estimation of the thermal conductivity at a particular temperature is
avoided, as it can introduce additional errors in this case. The microsensor output is a value which
directly contains information of a portion of the k(7) curve ranging from the maximum temperature to
roughly room temperature corresponding to the first excitation step. For this reason, techniques from the
chemometrics field, that are suitable for extracting the chemical information even in poor signal
conditions (in this case, noise and high correlation among sensor steps) have been chosen. Among the
full set of techniques, for reasons of improved flexibility, scalability and applicability, Partial Least
Squares (PLS) [42] was selected.

PLS regression was performed for the experimental and simulated data. The reported results were
obtained with data pre-processing consisting of extracting the stationary part of the sensor response for
every voltage step (four measurements of the flat region were averaged) and mean centering the data.

Measurements were used to build PLS prediction models for seven properties, four of them the
individual gas concentrations of CH4, C,Hg, CO, and N,, and three relevant properties namely: the

normal density, the Wobbe index (W) and the Superior Heating Value (SHV) of the gas mixture. As



previously mentioned, ISO6976 [7] was used to derive the Wobbe index W, the normal density d and
the Superior Heating value Hg (on a volumetric basis) of the gas from its composition.

For clarity, and in order to discuss the effect of the error sources, it is convenient to recall two basic
equations of multivariate linear regression, which basically correspond to the operation (or prediction)
phase and the calibration (or modeling) phase.

The inverse linear regression

Ypred = XT.b (2)

where y,.q 1s the predicted value of a property of interest, X is the input vector of measurements, and b
is the regression model, a set of regression coefficients obtained by a particular calibration procedure.
Scalar e is the residual of the prediction.

Equation (2) shall be calculated in real-time when the system is operating in the normal operation

mode. Calculation of the model, contained in the b vector, can generally be expressed as

b :f(Xcalecal) : Ycal (3)

Where X, is the array of experimental measurements (the sensor readings) used for calibration and
Y a1 the corresponding values of the properties of interest we want to model. If it is intended to model a
single property, Y becomes a vector, y (the known values of the property of interest for each gas
sample). Function f represents the calibration procedure and is a function of the experimental calibration
measurements, X, and its corresponding values of the properties to be predicted, yq.. In our case this
function is the PLS procedure, so we shall write it as fprs. So in the particular case considered here,

equation (3) becomes:

b = fPLS(Xcal’Ycal) *Yeal (4)



Note that equation (4) is computed once in the calibration mode of the system, before going into
operation mode. A system might not enter again in the calibration mode, unless a recalibration

procedure is performed.

3.4 Uncertainty analysis

A detailed analysis of sources of uncertainty and the propagation to predictions has been performed.
First, the different uncertainty sources are presented in this section and divided in two main categories:
error propagation during operation mode and error propagation during calibration mode (note that they
are ordered in increasing order of error analysis complexity, but in reversed time order as operation
mode is entered after calibration). After that, the expected magnitudes for the different error
contributions are presented as subsections. Results for error propagation and its influence on the
performance of the system are provided and discussed in the results and discussion section.

Considering the operation phase (equation (2)) the total error in the prediction stage has two

independent contributions: the error due to the new measurements €, and the error due to the calibration

€, as in equation (5).

£, =.(,b) +(x5,) 5)

ypred

The errors contributing to the uncertainty in the sensor measurement vector x can be listed in the first
place as the uncertainty sources (or noise) affecting sensor measuring point reproducibility (see
appendix A), which are

- Heater voltage reproducibility,

- Ambient temperature,

- Sensor intrinsic noise,

- Voltage acquisition noise,



- Aging, sensor degradation.

A second group of uncertainties affecting x can be described as uncertainty sources affecting gas
mixture thermal conductivity, which are
- Ambient temperature (again, but considering its effect on the gas, not on the sensor),

- Gas pressure (may be affected by ambient pressure),

During operation mode, the regression model vector b is constant, €, is a fixed contribution to the

prediction uncertainty, and the prediction cannot get any better than x- &,.

Considering calibration mode, it is intrinsic to the multivariate calibration process that determination
of the b vector in the calibration mode is unavoidably flawed by the system uncertainties, as can be
deducted from equation (3). Equation (6) shows the propagation of errors in the X matrix of calibration
measurements and the y property calibration values vector to the regression model vector b in an

explicit way.

b Y (b Y
o _\(GX'SX) +(ay-8yj (6)

This equation illustrates the propagation of uncertainties in the calibration mode.

It shall be noted that uncertainty in b (€) has a direct contribution from uncertainty in the y., property

(&y) calibration values vector. Errors in Xcq (the full calibration measurements set), which are logically

the same as in Xy (a single measurement), are basically identical as detailed in the operation mode.
Errors in y.a have different sources and correspond to those uncertainties affecting the effective gas
mixture composition, namely:

- Mass Flow Controller (MFC) uncertainty,



- Uncertainty about the completeness of the gas replacement inside the sensor chamber (gas exchange
dynamics), and

- Possible leaks or contamination of gases.

These error sources are discussed in detail in appendix A (section A.3).

Note that an additional grouping of error sources as differential and common mode errors is provided

in 3.6 in order to ease the discussion of the performance limits of the system.

3.5 Validation

The Prediction error of the PLS models and other figures of merit were estimated using a test set
validation with hold-out. Two datasets, of 20 calibration points and 18 validation points were used.
Calibration and validation datasets are displayed in Table 1(XC).

For the simulation data, the same concentration points in Table 1 were simulated. This allows for a
better matched comparison with experimental results. Larger simulation datasets were also used for
extended interpretation of the sensor response modeling, and also to estimate the influence of the
presence of propane in the natural gas mixture.

The number of latent variables to build the prediction models was selected by inspecting the residual

validation variance, which has been calculated using equation (7)

n

Z (yval (X)- j}val (X))2

R == y (M

Where y is the measured experimental point, y is the predicted model output for a given X, and v is the
number of degrees of freedom calculated as the number of points #» minus the model parameters or latent
variables (LV) p. Direct visual inspection of Fig. 4(RV) displaying the normalized residual variance for
the obtained prediction models, provides a simple and consistent criterion to select the number of latent
variables for each model, by choosing the number of LVs which minimizes the residual variance in the

validation set.



In order to evaluate the performance of the system, a number of figures of merit for the different
measured variables will be presented, in particular:
- The absolute concentration error (in %) for each of the synthetic natural gas components.
- The relative error (relative to expected true value) in the normal density, Superior Heating Value
and Wobbe index.

These figures of merit were calculated for the experimental and the simulation data, for comparison.

It must be noted that for simulations, in absence of experimental noise, residual variance decreases
monotonically when the number of latent variables is increased. Each latent variable can be seen as an
underlying layer of information of decreasing magnitude extracted from the data. As more latent
variables are considered the probability that experimental noise is masking the information needed to
calculate that LV (in a real-world situation) increases. Figure 5(RV) shows two SHV residual

variances, one for the experimental model and another one for the simulation results.

3.6 Performance limits estimation

An expected SHV prediction performance for different experimental situations has been estimated by
adding synthetic noise to the simulation results.

In order to characterize different amounts of added synthetic noise, a differential error factor has been
introduced which simulates possible experimental situations. To understand this characterization it is
convenient to split the X-block uncertainties into two categories:

- Common mode uncertainties which are ambient temperature and pressure variations. These affect
simultaneously (and with high correlation) all the steps of the sensor output waveform.

— Differential error uncertainties which are heater voltage noise, voltage acquisition noise and sensor
intrinsic noise (thermal noise). These affect independently (in an uncorrelated way) each of the steps

of the sensor output waveform.



The differential error factor is defined as a proportionality factor which has been applied to the
differential error sources to display its influence in SHV prediction. Results are plotted and discussed

in section 4.3.

4. Results and discussion

4.1 Calibration and validation results

As described in the materials and methods section, seven PLS regression models were computed using
the experimental data. The normalized residual variance of each model is shown in Figure 4(RV); the
number of latent variables for each model was selected according to these results.

Insert Figure 4(RV) here

It can be seen that five of the models perform best considering two LVs, and two of them improve
slightly when considering a third LV.

Residual variance values have been normalized to the squared full-scale range of the predicted
properties, this normalization allows model performances to be compared in the same graph. Curves in
Fig. 4(RV) provide information about which prediction models perform better, the graph is in
concordance with the figures of merit in Table 2(FM), which is discussed below, for instance in that
methane and normal density predictions are the best performing ones.

An additional bold solid line is displayed which corresponds to simulated data. This solid line gives
information about expected model performance in theoretical absence of experimental noise.

Residual variance for the carbon dioxide reveals the low quality of the model fit, reflecting mainly
experimental noise.

One relevant effect can be pointed out from the simulation results shown in Fig. 4(RV) (solid line).
The performed measurements correspond to a four component mix (it has three effective degrees of
freedom). However, more than three LVs provide improved calibration models according to simulation
results. The reason for this is that the regression problem is slightly non-linear, and higher LVs

contribute to linearize the input and output spaces. This non-linearity was hinted in previous simulation



results and is masked in the experimental measurements by noise. In accordance with this, none of the
prediction models showed a performance improvement for models of more than three LVs.

Figure 5(PM) shows the prediction models for the concentration of three individual components, and
for normal density, Wobbe index and Superior Heating Value. Calibration points are indicated in grey
and test set validation points in black. It can be observed that prediction of methane is accurate, nitrogen
and ethane can be predicted with slightly impaired accuracy, but prediction of carbon dioxide was not
effectively possible. The reason for this is that variation of CO, in the different mixtures is small
compared to the other gases, and also its thermal conductivity as a function of temperature curve is
highly correlated to that of nitrogen. A clear relation can be drawn with results in Fig. 4(RV) showing
that two latent variables hold most of the information for almost all models, instead of the a priori
expectation of three (the number of degrees of freedom in the gas mixture). Information about CO;
concentration apparently lies under the noise level for this experimental setup. Prediction of the carbon
dioxide concentration is a problem commonly tackled in instruments based on correlative methods by
use of NDIR measurements [1]. This option was discarded in this work to keep the many advantages of

the single microsensor approach.

Insert Figure S(PM) here (full page format suggested)

For the other three properties of interest, normal density, Superior Heating Value and Wobbe index,
results show good performance of the prediction models, particularly in the case of normal density.
Figures of merit of all the models are summarized in Table 2(FM).

Insert Table 2(FM) here

Table 2(FM) features simulation results which can be used for comparison. The number of latent
variables used is indicated in each case.

Results show that under laboratory experimental conditions it is possible to attain a remarkable

accuracy in most predictions except in the case of carbon dioxide as detailed in Table 2(FM). The



system performs best at predicting methane concentration, with a 0.60% absolute error in concentration,
and assessing gas normal density with a 0.82% relative error. It is of particular relevance that SHV can
be determined within a relative error of 1% (all values estimated at the 95% confidence interval).

Simulation results provide an approximation of expected performances in the absence of experimental
noise. It should be noted that results indicate that in order to predict carbon dioxide concentration with
some accuracy, a six LV model would be needed.

Nevertheless, simulation results in Table 2(FM) have to be considered with prudence as the
underlying modeling equations [17] rely on the equation of Wassiljewa to model the thermal
conductivity of a multi-component gas mixture [43]; this equation is empirical and approximate. For this
reason, as more LVs are considered, the reliability of the simulations (and derived calibration models)
may drop.

Considering propane, another important component of natural gas, an exploratory analysis was
performed using simulations in order to check its influence on the metrological performance of the
sensor. A slightly impaired performance was found in moderate accuracy models (three LVs), an
increased non-linearity in the sensor readings, made it difficult to get below the 1% uncertainty
threshold in the SHV prediction. Given the same experimental setup and number of calibration points,
the presence of typical levels of propane would be expected to degrade by about a 30% the prediction
performances in Table 2(FM). By means of an increase in the number of calibration points, or an
improvement in the differential experimental noise specification (more precise excitation and/or sensor

reading) the system may revert to the stated performances.

4.2 Uncertainty analysis results

A detailed error analysis has been performed as described in 3.4 and appendix A. Quantitative results
of the sensitivity of the sensor to every uncertainty source, at every voltage step of the sensor excitation
are provided in Table 3(UR). Table 3(UR) presents detailed results, which fully characterize the

sensitivity of the sensors to the different uncertainty sources, it can be seen that this sensitivity is



dependent on the heater voltage step considered. In fact, the sensor is acting as 14 different but highly
correlated sensors, with different sensitivities to noise. Among the noise sources, ambient temperature
variations dominate, though for the lower voltage steps, other contributions become comparable. Table
3(UR) presents the temperature induced uncertainty for a 0.2°C variation, which is the typical
temperature oscillation inside the measurement chamber for a 24h period of time. For this reason, results
in table FM hold in general for daily recalibrations of the system.

Insert Table 3 (UR) here

Table 3 is basically a summary of the experimental uncertainties. It is interesting to note that the
influence of the ambient pressure appears to be negligible compared with the ambient temperature,
voltmeter and heater noise. This is an important result which simplifies the conception of a real
measurement device, as no special pressure regulation or compensation would be needed in first
instance.

Results in table 3(UR) have been analytically estimated using known specifications for the sensor and
acquisition equipment, and deriving the thermal conductivity dependence to pressure and temperature
from available data for methane in the National Institute of Standards and Technology (NIST,
Gaithersburg, MD, USA) [44] database (see appendix A). Differential errors in table 3 contribute
independently to each voltage step while common mode ones contribute in a highly correlated way. Note
that differential errors may be reduced by increasing signal integration times. For the presented sampling
specifications, the sensor intrinsic noise sets an uncertainty reduction limit at about two orders of
magnitude. Uncertainty related to the calibration process and y block is considered in table 4.

Insert Table 4 (PU) here
A more comprehensive and concise visualization of the influence of the different uncertainty sources

in the operation mode is displayed in table 4(PU). Estimated values for each of the contributions

building up €x are provided, and also the model uncertainty €y, values are listed. The model uncertainty

€p corresponds to the uncertainty strictly related to the calibration process. Estimation of g is done by



including all error sources, including gas concentration uncertainty €y in a Monte Carlo analysis. Table

4(PU) displays the influence of each noise source in the predictions, by applying the sensor output
variation due to each error source as an input to the prediction model for each property. As a result,
effects of the uncertainty sources are summed up for the full sensor output waveform.

The values obtained compare well with the experimental results and validation, though are slightly
overestimated in the case of Superior Heating Value and Wobbe index. This overestimation has been
attributed to the fact that error in the gas concentrations is lower than estimated (see A.3). The reason for
this is that total uncertainty provided by the manufacturer was used instead of an experimentally
estimated repeatability of the mass flow controllers. Table 4(PU) shows that error in the model (the

calibration error) and prediction error are very close to each other. Recalling equation (5) it shall be

interpreted that the first term containing the experimental error €x is almost negligible in front of the

modeling error €, This result suggests that either error in the calibrated properties &€y, or the modeling
error (affected by the non-linearity of the sensor response to changes in gas composition), or both,

dominate over the experimental error €x. Note that this result can be misleading, since the modeling can

only improve if €xand &, are low enough to allow the computation of a higher number of LVs model.

This result is in agreement with the performance limits estimation in next section, and in particular
with Fig. 6 (RE). However, the apparent overestimation of the error in y., is probably making this error
source more prominent than others. As seen in the next section, results indicate that other error sources

also have a strong influence on the performance.

4.3 Performance limits estimation results
Figure 6(RE) shows the relative error in SHV prediction as a function of the differential error factor,

for different PLS models corresponding to 2, 3, 4 and 6 latent variables.



Results in Fig. 6(RE) are in good agreement with experimental results in Fig. 4(RV) as SHV
prediction performance does not significantly improve for PLS models of more than two latent
variables. Also relative error values are in close agreement with experimental results for the differential

error factor of one which corresponds to the estimated real experimental noise situation.

Insert Figure 6(RE) here

As expected, PLS modeling appears considerably robust to error sources. On the other hand, getting
below the 1% uncertainty seems to require a considerable effort in experimental error reduction. Even in
this case the performed simulation analysis suggests that uncertainty around 0.5% is the best
performance the present technological approach can render even with a costly two order of magnitude
differential error reduction. This two order of magnitude differential error reduction is an approximate
limit already estimated according to results in table 3. However, a significant increase in integration
times (of a factor ten and above) may improve this estimation. Also a significant increase in the number

of calibration points (of a factor three and above) may enable improved modeling with a higher number

of LVs and thus reduce &,

Regarding common mode errors (pressure and temperature), simulations suggest that PLS modeling
performs very well at rejecting them when they are large enough to sensibly influence the relative error
figures. In particular an increase of common mode error variation by a factor of ten did not affect the
prediction in a statistically significant way. Interestingly, in this latter case optimal PLS model became a
three LV model. The presence of this third latent variable hints that the PLS regression was able to
model and reject the very high common mode noise using this third latent variable.

Uncertainties in the Y block are due to inexact knowledge of the true gas mixture composition. They

can be regarded as common mode uncertainties as they affect in a correlated way all the values of the

sensor output vector. Simulation analysis hints that an error reduction in the Y block (€,) by a factor of



ten or error increase by a factor of two does not affect prediction performance significantly after
recalculation of the PLS model. This result complements the interpretation of Table 4(PU), the
additional information reveals that the clear domination of the modeling error over prediction error in
table 4(PU) is due to several error contributions preventing the computation of a valid (informative)

third latent variable in the model (considering the SHV model). The reason of this limitation in the
modeling does not seem to be mainly due to €, bur rather an effect of several error contributions with a

particularly relevant influence of the differential error sources (described in 3.6).

Results in tables 2 (FM) and 4 (PU) offer an interesting view of the system limitations. Pressure
dependence appears negligible when typical ambient pressure variations are considered. Ambient
temperature, heater voltage excitation and sensor voltage reading come as the next error sources in
importance. The two differential error sources (heater voltage excitation and voltage reading) cannot be
well modeled, and thus are not rejected, by the PLS modeling. For this reason noise reduction in both
measurements seems to be a first option to improve the system performance. This reduction is
technically possible by improving the voltage acquisition and heater voltage generation, or by

lengthening the measurement integration times.

5. Conclusions

As a general trend, the development in micro gas-sensors has lately focused on the quest for higher
sensitivity and improving detection limits [22], while sensors based on thermal sensing have an
intrinsically lower sensitivity. In the present application, a very high sensitivity is not needed, since the
concentrations to determine are in the percent range. However, measuring the different gas properties
with reliability and accuracy is of critical importance. In exchange for the lower sensitivity, an
intrinsically stable and reliable sensing mechanism has been presented. Improved reliability is due to the
absence of chemical interaction in the transduction process, a known cause of sensor drift and aging [22-

24,45].



It has been shown that the presented thermoelectric microsensor device, in combination with PLS
regression, is able to predict different properties of natural gas with sufficient accuracy. As a
consequence, the reported single sensor approach opens a perspective for low-cost natural gas analyzers,
ultimately enabling affordable energy consumption meters, with a dramatic cost reduction with respect
to current technologies.

Though the reported accuracy attainable with this approach is clearly below that of the reference
technology — PGC — it must be noted that 1% accuracy has been achieved for the SHV prediction. These
results suggest that higher accuracies can be obtained by improving the measurement conditions,
especially reducing differential error sources: heater voltage repeatability and voltmeter noise. Partial
Least Squares modeling seems to be able to reject common mode noise such as ambient temperature and
pressure even in adverse conditions.

Nevertheless, accuracies below 0.6% seem to be extremely hard to reach and can be regarded as an
intrinsic limit of this technological approach. However, it is probable that an increase in the number of
calibration samples may improve this system limitation. Also the use of an alternative excitation of the
sensor heater with innovative techniques [46,47] may improve these limits.

A remarkable analysis time of eight seconds has been presented, but shorter analysis times are
possible by optimizing the sensor excitation and/or geometry. This approach has clear advantages
regarding speed, size, simplicity and cost compared to previous instrumentation alternatives. Moreover,
the concept may be extended to other gas mixtures, with known number of components and

concentration constraints, to enable low-cost multi-component gas analyzers.



APPENDIX A. Uncertainty Analysis

A.1 Uncertainty sources affecting sensor repeatability (X block)

The different uncertainty sources in this category group those strictly related to the sensor operation
point. To clarify, if we consider an ideal case where the sensor is surrounded by a gas volume of
constant thermal conductivity k (regardless of ambient conditions), all non-repeatability of the
measurements would be originated by this group of uncertainties. Additionally, noise in the voltage
readout has also been included in this section.

Heater voltage reproducibility has a very strong influence in the sensor performance, as the
temperature difference of hot and cold junctions depends in first approximation as the square of the

heater voltage as is shown in equation (A1)

VZ
(T)‘PhEth. :

AT =R
R,(,)

(AD)

Where AT is the temperature difference between hot and cold junctions of the thermopile, to which the
sensor output is proportional, as shown in equation (1), R, is the thermal resistance to the ambient
(dissipation), P, is the power applied to the heater element, R}, is the resistance of the heater element,
and V}, is the voltage applied to the heater element. Dependence of R, with temperature (and voltage) is
not an effect related to the sensor operation point and only for the purpose of this discussion it will be
considered a constant. Despite this assumption, it can be noted in advance that its contribution is in this
case masked by the magnitude of the other terms 7},° and R;(¥}).

To estimate the uncertainty in A7 due to noise in V, lets first consider equations (A2) and (A3)

2 R
AT _p 2V gy % Ry ay, (A2)
av, R,(V,) R,(V,)" 4V,

Ear (Vh) =
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dv — dT dv, v,

(A3)

Derivatives on T and AT are identical as, as one of the reference temperatures is considered to be fixed
(the cold junction). TCR is the temperature coefficient of the resistor. Inserting the expression in
equation (A3) into equation (A2), and also considering the output voltage equation (1), Propagation of

the heater voltage noise to the sensor output &y, can be obtained as in equation (A4).

dv 2-n-S-R, -V,
g, V,) = ”=n-S-5AT(Vh)=n-S-dAT-th5 PO ST, (Ad)
dv, v, R, +R,(V,)-R, -TCR

Equation (A4) shows a main dependency in ¥} in the numerator, and there is an additional dependency
in the resistance heater term which can be determined considering a typical linear variation of R, with
temperature as in equation (AS).

R,(T)=R) -[l1+TCR-(T -T,)] (A5)

Note that equation (AS) is an approximation since Ry(T) is slightly non-linear, particularly at high
temperatures however, the linear approximation holds for a large temperature range [48].

Equations (A4) and (AS5) provide an interesting insight into how the heater voltage uncertainty
propagates to the output voltage. However, In order to determine the effective sensitivity of the sensor
output voltage to the heater voltage noise the derivative dV,/dV, was estimated empirically from

performed measurements. In particular, for noise calculations a sensitivity value has been calculated for
each heater voltage step and approximated as a constant value for small variations around that heater
voltage. This was a more convenient approach rather than estimating the individual contributions

expressed in (A4) given the available data.

Effects of ambient temperature changes in the voltage output, can be described by equation (A6).

gVu(Ta)=Z:I;” =n-S-8AT(Ta)=n-S-iZA;W-gT; (A6)
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Where 7, is the ambient temperature and V, is the output voltage. Variable &7 is the ambient

temperature change, which in the presented measurement setup is considered as a very low frequency
noise, in the 10*Hz range.
Estimation of dV,/dT, was performed using two different approaches; the first one was estimating an

upper boundary for the derivative dR;/dT,. The second one was exploration with FEM simulation

results. Both results were rather consistent and allowed a rough estimation of &€y,(7a). These two

approaches are discussed in section A.2 as they do not refer to changes in the sensor operation itself.

In the actual context of this work, sensor degradation (aging) will be neglected, since no observable
degradation occurred in the considered time frame.
As for the sensor intrinsic noise, only thermal noise has to be considered for thermoelectric sensors

[48]. The thermal noise voltage, Vy, of a thermopile is given by the expression (A7)

Vy = J4KTR A (A7)

With k& denoting the Boltzmann constant, R, the electrical resistance and Af the bandwidth of the
measurement. Using the values: T=293K, R=12kQ and Af= 12.5 Hz, in equation (A7) results in,

Vy=49.25nV .

The result is the standard deviation ¢ for the thermopile output due to thermal noise, so for the 95%

confidence interval we shall consider 26 =~ 0.1uV.

Acquisition noise from the Agilent voltmeter is according to specifications: 0.0035% of reading plus

50 uV for a 10V full scale selection.



A.2 Uncertainty sources affecting gas mixture thermal conductivity (X block)

The k(T) curve for four main natural gas components is shown in figure 4 in reference [17]. As
pointed before, for a given operation point of the sensor and gas mixture, two parameters may affect the
thermal conductivity at each point of the gas volume: the ambient temperature, and the pressure of the
gas mix. These are herein considered as the uncertainty sources affecting the gas mixture thermal
conductivity.

As the sensors works in isobaric conditions, we shall for now consider only the temperature
dependence of k, with the explicit notation k(7). The gas volume exhibits a temperature gradient as
depicted by Figure A1(TD). The thermal conductivity k(7) of a given gas mixture is determined at each

point by 7(x,y,z). Heat dissipation by conduction occurs according to Fourier’s law,

g =—k(T)VT (Ag)

Where ¢ is the heat flux per unit area, k is the thermal conductivity, and VT is the temperature
gradient. In the steady state, ¢ is a constant for each point in the space, and is determined by the power
dissipated at the sensor heater. The gas surrounding the sensor determines k(7), and thus the
Temperature distribution in the system. See Fig. Al.

Insert Figure A1 (TD) here

Integration of ¢ flowing through the gas volume results in Q, the total heat flow, and A7/Q is the total

thermal resistance Ry,.

Ambient temperature influence at the sensor output was described by equation (A6). In the previous
section, reference to two estimation methods for the estimation of dV,/dT, was made. These two
methods are described next.

Regarding the first method, it is assumed that the main contribution to the dV,/dT, derivative in
equation (A6) is the term depending on the thermal conductivity of the gas dR;/dT,, an upper boundary
for this derivative was calculated assuming that all the gas volume is isothermally set at temperature 77,
which is the maximum temperature occurring in any point of the gas volume in a real situation. Curves

of k(T) for natural gas mixtures are slightly curved upwards (see Figure 7 from reference [17]) which



means that variations of £ with small temperature changes are stronger for higher temperatures. For

these reason assuming that the whole gas volume is set at T}, renders an overestimation of €y,(7a) which

can be used as an upper boundary, and greatly simplifies the calculations, see equation (A9).

Once thermalization at T}, is assumed, k(7}) is calculated for two different 7,. Calculation is performed
using currently accepted correlations for £(7) [49] and available online at the NIST webpage [44]. Then,
a sensitivity V,/k(Ty) is easily calculated from experimental data, though 7}, has been obtained from

simulation data. This procedure is equivalent to calculating equation (A9).

T,
s> [MDar | 151, (A9)16
7 dT
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Equation (A7) can be developed into equation A(11)

2
g, (T)=n-S-g R, V__ R ~+TCR (Al1)
’ dTa Rh(Th) Rh(Th)

Where Ty, is the temperature at the heater, which in practice will be approximated by A7+7,.
Equation (A12) shows the influence of two terms, one in dR,/dT, and the other one in dR,/dT, =
TCR. It must be noted that equation (A10) holds assuming that the first term dominates over the second

one, or at least that influence of this second term is never as great as to invalidate the calculated upper

boundary. This assumption is backed up by simulation results, hinting an overestimation of €y,(7a) in a

factor of 2 for low temperatures, and of 1.5 for high ones.

The influence of ambient pressure has been estimated using the currently accepted correlations for
thermal conductivity [49] and available online at the NIST webpage [44]. It is apparent from these
correlations that thermal conductivity sensitivity to expectable ambient pressure variations is orders of

magnitude lower than to ambient temperature variations. The extremely small variations of thermal



conductivity due to pressure changes in the 25 mbar range make the estimation of dV,/dP, sensible to
the uncertainty in the values of thermal conductivity. Values provided in Table 3 for P noise in V, have
to be regarded as order of magnitude approximations, and the apparent anomalous behavior of the noise
contribution is an artifact introduced by uncertainty in (and truncation of) the values of thermal

conductivity used. For the purpose of this work, this noise source was neglected.

Laboratory variations of pressure and temperature have been measured and statistically evaluated for
daily and monthly expected temperature variations. Values of 1°C and 3°C have been measured as
conservative daily and monthly variations inside the laboratory. However, the large thermal mass and
the partial tightness of the measurement chamber produce daily temperature variation smoothing to
about 0.2 °C, this second value has been used in adding noise to simulation results, and provide a clear
consistency with experimental observations. Typical pressure variations of 25 mbar have been

considered. These values are used in the estimation of uncertainties provided in the results section.

A.3 Uncertainty sources affecting gas mixture composition (Y block)

Uncertainty in the real composition of the measured gas has a critical effect in the calibration of all
predicted values, since the composition is used to calculate all values using ISO6976 [7]. Precise
determination of the composition of the mixture is in direct relation with the quality of the dataset used
for calibration and test. Three different uncertainty sources can contribute to this effect, the first one is
leaks or gas source contamination, which has been trusted to be negligible as the fluidic system was
checked for leaks and it was assumed that gas bottles complied with the supplier’s specifications. The
second one is transient in the gas exchange dynamics inside the sensor chamber. The gas exchanging
time was estimated analytically and confirmed empirically. A full (99.9%) replacement time tg9o9 of
around 5 min was estimated. Measurements in this work were performed with a conservative 11 min of

gas exchange time in order to minimize the error due to gas exchanging dynamics.



The third error source is the uncertainty in the MFC setpoints, which has been estimated using error
propagation and relying on the manufacturer’s specifications.
The concentration of component i can be expressed as a function of gas flows when the steady state is

reached as:

x = (A12)

Where f; is the flow rate of component 7 (in standard ml/min).

Uncertainty in each of the f; flows is basically independent, thus error can be expressed as:

2 2 2
d, = | B, o (A13)
o o, o,

Two different equations shall (A14) and (A15) be used for the partial derivatives by deriving equation

(A12):

ox, _ df, _ f-df
o, Zf (Zf)

Where the manufacturer uncertainty specification will be used as df.. Proceeding similarly for j#i we

(A14)

obtain:

o __ Jed (A15)
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Applying equations (A14) and (A15) to equation (A13) allows computation of uncertainties for each
of the components in the synthetic natural gas mixture. Numerical results were already provided in the

experimental setup section.

FIGURE CAPTIONS

Figure 1 (SP) (COLOR REPRODUCTION ON THE WEB, B&W IN PRINT): Sensor photograph.
Photograph of the encapsulation containing two sensors. High thermal conductivity epoxy resin
is used to attach the dies to the metal casing. The area below the membrane of the sensors

presents two holes to favour contact with surrounding gas.

Figure 2 (S1): Gas mixing setup. Schematic depicting the experimental setup to obtain the gas
mixtures. Pressure regulators for high pressure at the gas cylinders outlet are not displayed. Each
gas line presents a variable pressure regulator, a safety electrovalve and a Mass Flow Controller.

Typical working flow of the setup is 500 ml/min.

Figure 3(HW): Heater and sensor output voltage waveforms. Heater voltage waveform, with
overlapped sample sensor response for pure methane. Notice that total time of the measurement
can be further optimized. Line ‘HeaterV’ (in black) is read in the left axis. Line ‘Sensor
response’ (in grey) is read in the right axis. Notice how the train pulse times may be reduced

without preventing the sensor from reaching a stationary voltage response.

Figure 4(RV): Residual variance of the PLS models. Normalized residual variance of the 7 prediction
models as a function of the number of LVs. Values are normalized to the squared peak to peak

difference of predicted value. Variances increase monotonically beyond PC 6, noise dominates.



Validation results are shown. Solid line with no markers corresponds to simulation results for

SHV prediction, showing potential prediction improvement in absence of experimental noise.

Figure 5(PM): Performance of the PLS models. a,b,c) Performance plot of the CH4 (a), C,H¢ (b) and
N> (c¢) normal volume fraction prediction models, 3, 2 and 2 LVs were used respectively. d)
Performance plot for the normal density prediction model. e) Performance plot for the Superior
Heating Value prediction model. f) Performance plot of the Wobbe index prediction model. All
plots show calibration points in grey and validation points in black. Straight lines are not fits;

they depict the ideal performance line (unity slope line).

Figure 6(RE): Estimated SHV relative prediction error under different noise conditions. Relative
error in SHV prediction as a function of different levels of added synthetic Gaussian noise
characterized by a differential error factor. Different curves correspond to 2, 3, 4 and 6 latent
variable prediction models. Relative error is expressed at the 95% (26) confidence interval. Error
bars expressed at the 68% (10) confidence interval for clarity. Values estimated with 200 Monte

Carlo runs.

Figure A1 (TD) (COLOR REPRODUCTION ON THE WEB, B&W IN PRINT): Simulated
temperature distribution across the gas volume. Cross-section of the simulated temperature
distribution across the gas volume. Graph has been obtained with ANSYS. Membrane width is
1500 pm. It can be seen that about 1 mm above the hotplate there is almost no temperature
change. The sensor measurement seems to be mainly affected by 1mm”® of gas surrounding the

hotplate.



TABLES PROVIDED IN A SEPARATE FILE.
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Table(s)

TABLES

Calibration set

[CH,] |[CH{]| [N;] [[CO,] 3 3 3
1 100.0 0.0 0.0 0,0 39.831 53.469 0.717
2 84.7 8.0 6.1 1.22 39.357 49.538 0.816
3 31.8 8.1 8.9 1.22 38.234 47.678 0.831
4 30.8 11.8 6.1 1.22 40.496 50.229 0.840
5 78.0 11.9 8.9 1.22 39.371 48.398 0.856
6 84.0 8.1 6.1 1.78 39.139 49.039 0.824
7 81.2 8.1 8.9 1.78 38.012 47.198 0.839
8 81.4 12.0 6.2 0.42 40.827 50.901 0.832
9 77.4 11.9 8.9 1.78 39.152 47.931 0.863
10 82.6 10.0 7.5 0.0 39.865 50.040 0.821
11 79.6 10.0 7.5 2.99 38.687 47.486 0.858
12 91.1 0.0 7.4 1.50 36.272 46.822 0.776
13 71.1 19.9 7.5 1.50 42.262 50.579 0.903
14 38.5 10.1 0.0 1.50 42.263 53.743 0.800
15 73.6 10.0 14.91 | 1.50 36.305 44.029 0.879
16 81.0 10.0 7.5 1.50 39.274 48.740 0.839
17 | 100.00 0.0 0.0 0.0 39.831 53.469 0.717
18 | 100.00 0.0 0.0 0.0 39.831 53.469 0.717
19 73.6 10.0 14.92 | 1.50 36.300 44.021 0.879
20 | 100.00 0.0 0.0 0.0 39.831 53.469 0.717
Validation set
21 34.7 8.1 6.1 1.22 39.365 49.548 0.816
22 81.8 8.1 8.9 1.22 38.238 47.682 0.831




23 80.8 11.9 6.1 1.22 40.502 50.236 0.840
24 78.0 11.9 8.9 1.22 39.377 48.407 0.856
25 84.0 8.1 6.1 1.78 39.144 49.045 0.824
26 81.2 8.1 8.9 1.78 38.017 47.203 0.839
27 80.3 11.9 6.1 1.78 40.281 49.750 0.848
28 77.4 11.9 8.9 1.78 39.154 47.934 0.863
29 82.6 10.0 7.5 0.0 39.865 50.041 0.821
30 79.6 10.0 7.5 3.00 38.688 47.488 0.858
31 91.1 0.0 74 1.50 36.274 46.824 0.776
32 71.1 19.9 7.5 1.50 42.267 50.583 0.903
33 88.5 10.0 0.0 1.50 42.264 53.742 0.800
34 81.1 10.0 7.5 1.50 39.276 48.745 0.839
35 81.8 8.1 8.9 1.22 38.238 47.682 0.831
36 87.5 9.3 3.2 0.00 41.392 52.842 0.793
37 95.3 2.7 2.1 0.00 39.825 52.450 0.745
38 93.2 4.6 1.1 1.09 40.337 52.406 0.766
FS| 289 19.9 | 1492 3 5.995 9.722 0.186

Table 1(XC). Experimental points used in the calibration and validation sets. Points 2 to 16 define a cubic centered experimental
design, each point was duplicated, and pure methane was measured 4 times, since it was the point with a higher set point precision.
Measurements 35 to 38 are approximations of real natural gas compositions from Holland, Norway, Russia and Algeria
[5].Composition is expressed in %. Superior Heating Value, Wobbe Index and normal density (SHV, W, d respectively) are indicated.

Row FS shows the full scale variation for each of the properties.



Experimental (2-3LV) Sim. 3LV Sim. 6LV
Property

Abs. Error R Abs. Error R Abs. Etror R
[CH,] 0.60% (3 LV) 0.9990 0.25% 0.9998 0.12% 0.9999
[CH] 1.0% (2 LV) 0.9950 0.57% 0.9990 0.41% 0.9990
[CO,] 1.3%(2 LV) 0.5660 1.1% 0.8350 0.58% 0.9470
[N,] 0.90% (2 LV) 0.9900 0.73% 0.9940 0.22% 0.9995

Rel. Error R Rel. Etror R Rel. Error R
d 0.82% (2 LV) 0.9970 0.54% 0.9990 0.30% 0.9999
Hg 1.0% (3 LV) 0.9920 0.68% 0.9970 0.43% 0.9990
w 1.5% (2LV) 0.9860 1.0% 0.9980 0.72% 0.9970

Table 2(FM): Figures of merit of the PLS calibration. Values were obtained with a test set validation (see table 1(XC)) Simulation
results provided were calculated in absence of experimental noise. d stands for normal density, Hs stands for superior heating value

and W stands for Wobbe index.



Heater Voltage (V)— 1 2 3 4 5 6 7 6.5 5.5 4.5 3.5 2.5 1.5 0.5

Uncertainty sources affecting sensor measuring point repeatability (differential)

Thermal noise (uV) 0.10 0.10 | 0.11 | 0.11 | 0.11 0.12 0.12 | 0.12 | 0.12 0.11 0.11 | 0.10 0.10 0.10
Voltmeter noise (1V) 7.8 10.1 | 13.8 | 18.8 | 25.0 322 40.2 | 36.1 28.5 21.7 16.1 | 11.7 8.7 7.8
.. See
T noisein V, below
Vo N0 in V,, (V) 11 21 | 31 | 40 | 50 58 65 | 62 | 54 45 36 | 26 16 6
Uncertainty sources affecting gas mixture thermal conductivity (common mode)
Prnoisein Vo, 25mbar) |5 | 45 | 15 | 20 | 45 | 60 | 50 | 60 | 80 | 45 | 50 | 35 | 25 1.0

(A0

T noise in V, (0.2°C)

7| 26 | 55 | 91 | -133 | -168 | -210 | -188 | -153 | -110 | 70 | 38 | -15 -2
V)

“Apparently anomalous values are produced by large uncertainty in estimating dV,/dP, with the insufficiently accurate thermal conductivity measurements available (see ref [44], section A2).

Table 3(UR): Contribution of relevant experimental uncertainty sources to each of the components of the sensor output vector.
Columns show the different vector components according to its corresponding heater voltage, they are ordered in time as they are
presented to the sensor as shown in Figure 3(HW). Each noise contribution is different according to the voltage step considered, but

relative magnitudes among noise sources are quite stable. Ambient temperature noise contributes to both uncertainty types.



Amb. v B model Expected
Uncertainty Temp. Amb. Pressure . Heater V | Thermal . . prediction
.. .. acquisition . . (calibration
source variation | variation (25mbar) noi noise noise cror error
(0.2°C) olse etror) (relative)
Density 4 6 4 4 7 3 6.2 XlO‘g
(kg'm”) 6.4x10 6.2x10 1.5x10 2.5x10" | 5.3x10 6.2x10 076 %)
3 2 3 2 2 4 1 5.4x10"
SHV MJ'm~) | -5.8x10 -8.2x10 2.7x10 4.8 x10 1.1 x10 5.3x10 (1.4%)
B 0
W (MJ-m”) -1.1x10" -9.5x10” 2.4x107 4.35x107 | 1.0x10™* 1.10 1.12 (2.4%)
[CH,] -7.0x10™* -5.9x10™* 2.3x10° 4.5x10° | 1.3x10” 0.75x107 0.76%
[C,H] -1.8x10™* -1.10x10™* 4.7x10* 8.3x10* | 1.9x10° 1.0x10” 1.0%
[CO,) 4.8x10° -2.6x10° 2.1x10° 3.6x10° | 7.7x10° 1.28x107 1.3%
[N, 1.3x10° 1.25x10™* 3.4x10™* 6.2x10* | 1.4x10° 0.9x10” 1.1%

Table 4(PU): Totalized contribution of the uncertainty sources to the prediction error. Results estimated with Monte Carlo analysis

and adding synthetic Gaussian noise to the experimental measurements. B model uncertainty is the calibration error, which is affected

by €x and & uncertainties. Results are consistent with experimental validation result
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