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Abstract

Responses of TiO2-based sensor arrays were analyzed using kernel ridge regression modeling to determine the concentrations of CO and O2

in gas mixtures at 873 K. Two variations of a two-sensor combination were studied. In each array, a La2O3-doped TiO2 sensor was used,

whereas the second sensor in the array was a CuO–La2O3-doped TiO2 sensor, doped with different levels of copper. In sensor array I, 2 wt.%

CuO was used, while 8 wt.% CuO was used in the second. Sensor array I was used to demonstrate the kernel ridge regression methodology.

The concept of orthogonality of sensors was developed, which is a quantitative measure of how well the sensor array can discriminate between

the two gases of interest. This model was then used to extract the concentrations of CO and O2 in a gas mixture over ranges of 2–10% O2 and

250–1000 ppm CO using the second sensor array. Prediction ability was found to be reasonable over certain concentration ranges and was

determined by the orthogonality of the sensor responses.

# 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

High temperature combustion processes require the com-

plete conversion of hydrocarbons to H2O and CO2 for

maximum efficiency [1]. These processes are done with a

controlled amount of fuel and air to maximize output and

minimize emissions [1]. Emission abatement strategies are

an active area of research [2] and are closely tied to the

combustion process. Incomplete combustion can lead to the

formation of CO and unreacted hydrocarbons, and lower

efficiency of the process. Therefore, the monitoring of CO

and O2 gas during combustion processes should be useful in

determining the efficiency of combustion. Sensors for deter-

mining CO and O2 individually are well studied. For exam-

ple, metal oxide sensors, based on oxides like SnO2, are

extensively used for monitoring CO at temperatures below

673 K [3,4]. In a resistive sensor such as SnO2, oxygen

species from the gas phase chemisorb to the surface of the

SnO2 grains, trapping electrons at this surface to form a

depletion layer. When two grains are in contact with one

another, the presence of this depletion layer causes an energy

barrier for electrons to move from one grain to the next,

known as the Schottky barrier [5]. A reducing gas such as

CO reacts with the surface oxygen species and causes

electrons to be released back to the bulk, decreasing the

resistance of the sensor and is the basis for sensing of CO [5].

If the sensor is operating under ambient conditions, where

the oxygen content remains relatively stable at 21%, then

such a sensor should respond selectively to a reducing gas.

However, in a dynamic combustion environment, the oxygen

content of the background gas is lower than ambient and

constantly changing, thus altering the concentration of

chemisorbed oxygen species, which in turn changes the

baseline resistance of the sensor and will make it impossible

to determine the concentration of the reducing gas. Poten-

tiometric O2 sensors that work by generating a Nernstian

potential across a solid electrolyte also show interference

towards CO because its oxidation will lead to a mixed

potential [6–8]. Thus, determining CO and O2 in a dynamic

combustion environment by simply employing conventional

sensors is not a workable strategy. The high temperatures of
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a combustion environment also demand sensors that can

operate at temperatures greater than 673 K.

Previously, our group has examined TiO2-based sensors

capable of selective detection of CO in the presence of

methane at temperatures of 773 K and above in 5% O2 with

background of N2 [9–11]. Although capable of operating at

high temperatures, metal oxide sensors based on TiO2 have

the same problems as outlined above for SnO2, since they are

sensitive to changes in oxygen content of the background gas.

Recently, considerable attention has focused on the use of

multiple sensors coupled with pattern recognition techniques

to determine the components of a mixture of several gases that

interfere with each other [12–15]. Pattern recognition tech-

niques such as principal components analysis and artificial

neural networks have been used to differentiate gases in a

mixture [12–15]. These techniques, although widely used,

have several shortcomings. Principal components analysis is

generally limited in its ability to describe nonlinear sensor

behavior and topredict componentgasconcentrationsbecause

of its linear nature. While artificial neural networks have been

used to predict different concentrations of gases in a mixture,

large training sets, which involve considerable time and cost

for data collection, are typically required for reliable results.

The goal of the present study was to detect CO and O2 in

changing backgrounds using a dual set of TiO2-based sensors,

which respond to both gases. A pattern recognition modeling

algorithm based on kernel ridge regression has been devel-

oped to predict gas concentrations. In order to generate

sensors for use in the array, La2O3 and CuO were used as

dopants. La2O3 stabilizes the anatase phase of the TiO2 and

limits grain growth. Our previous studies with CuO had shown

that the sensitivity of CO over CH4 was enhanced, and the

transformation of n-type anatase to p-type rutile was pro-

moted by CuO [9,10]. The set of sensors chosen for this study

consisted of a CuO/La2O3-doped TiO2 sensor and a La2O3-

doped TiO2 sensor. For the CuO/La2O3-doped TiO2 sensor,

two levels of CuO were used to change the sensor properties,

2% CuO/10% La2O3-doped TiO2 and 8% CuO/10% La2O3-

doped TiO2. The sensor array consisting of La2O3-doped TiO2

and 2% CuO/10% La2O3-doped TiO2 was used to set up the

model. The 8% CuO/10% La2O3-doped TiO2 sensor, in

combination with the 10% La2O3-doped TiO2 sensor, was

used to test prediction ability of CO and O2 in a mixture. The

kernel ridge regression technique was used to model the

sensor data, estimate the extent of information available from

each sensor array (the concept of orthogonality) and predict

the concentration of gases in a mixture.

2. Experimental

2.1. Sample preparation

Sensor materials for sensor array I were made by mechan-

ical mixing of commercial metal oxide powders. Commer-

cial anatase (99.9%, Aldrich), La2O3 (Aldrich) and CuO

(Aldrich) were weighed to achieve 10 wt.% La2O3-anatase

(AL) and 2 wt.% CuO–10 wt.% La2O3-anatase (2% CuO-

AL), ball-milled and calcined at 1073 K for 6 h. This

procedure has been outlined previously [9]. For sensor array

II, the La2O3–CuO was fabricated using the chemisorption-

hydrolysis method [16]. In this case, commercial anatase

and La2O3 were ball-milled and calcined as above. A

solution of [Cu(NH3)4]2þ was prepared by addition of

NH4OH to Cu(NO3)2�3H2O solution until a pH of 9 was

achieved. The 10% La2O3–TiO2 powder was then added and

the slurry was stirred for 20 min. After stirring, the copper

complex was hydrolyzed and deposited onto the 10%

La2O3–TiO2 by slow dilution of the slurry in an ice bath.

The solid was then filtered, washed with water and dried

overnight at 393 K. This dried solid was calcined for 6 h at

1073 K. The amount of CuO deposited onto the 10% La2O3–

TiO2 is estimated to be 8% (8% CuO-AL), according to the

amount of starting materials used. A paste of suitable

consistency for screenprinting was achieved by mixing each

powder with appropriate amounts of organic vehicle, solvent

and dispersant. A thin layer of paste was screenprinted onto

alumina substrates with interdigitated gold electrodes. After

screenprinting, each sensor was heated at 473 K for 2 h to

remove organic material and calcined at 1073 K for 6 h.

2.2. Electrical measurements and data analysis

Sensing measurements were done at 873 K. Both oxygen

and CO concentrations were varied with nitrogen gas making

up the balance. Oxygen concentrations of 2, 5 and 10% were

used. CO gas concentrations ranged from 250 to 1000 ppm.

The setup used for sensing measurements has been previously

described [11]. This setup has been modified to accommodate

up to three sensors at a time. The sensors were placed in a

quartz tube inside a tube furnace. The test gas mixtures were

passed through the tube with a total flow rate of 100 ml/min.

Concentrations of gases in the various mixtures were con-

trolled by digital mass flow controllers. A Hewlett-Packard

Data Acquisition/Switch Unit (HP 34970A) interfaced with a

desktop computer was used for data acquisition. Sensor

samples were equilibrated for 2 h at the initial oxygen con-

centration to allow the baseline resistance to stabilize. Sen-

sors were equilibrated for 20–30 min upon subsequent

changes in oxygen concentrations and 10–15 min between

each CO concentration until the baseline resistance restabi-

lized. CO measurements were made in stepwise fashion.

All data analysis algorithms used to model the sensor data

were developed using Matlab 5.3.

3. Results

3.1. Basis of the regression model

In order to quantify gases in a multicomponent mixture, it

is necessary to model the sensor response functions. For a
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given sensor, the measured response, yj, can be described by

a sensor response function:

yj ¼ fjðx
*Þ: (1)

It is necessary to have as many sensors as gases that produce

a sensor response. For the determination of CO and O2 in a

mixture, which was the focus of this study, a two-sensor

array was used. A multivariate nonlinear regression techni-

que known as kernel ridge regression was used to model the

experimental data and provide the basis for predictions of

gas concentrations in mixtures [17].

3.1.1. Kernel ridge regression

Given a set of data points, fðx
*

i; yiÞg, where x
*

i is a point in

the domain of gas concentrations and yi is the corresponding

measured value of the sensor response, we seek a sensor

response function, y ¼ f ðx
*Þ, of the form

f ðx
*Þ ¼

X
n

wnfnðx
*Þ: (2)

The functions ffnðx
*Þg are a family of nonlinear basis

functions to be used in regression and {wn} are the weights

found through the regression analysis. If these weights were

found directly, as in ordinary linear regression, the compu-

tational time necessary would rapidly increase with the

number of basis functions. Therefore, only a limited number

of basis functions could be used. Kernel ridge regression,

however, allows use of a large (or infinite) number of basis

functions. In this case, the optimal weights are expressed as a

linear combination of basis functions:

wn ¼
X

i

aifnðx
*

iÞ: (3)

Substitution of Eq. (3) into Eq. (2) leads to a dual repre-

sentation of f ðx
*Þ:

f ðx
*Þ ¼

X
i

aiKðx
*

i; x
*Þ: (4)

The kernel function K is defined by

Kðx
*
; x
*0
Þ ¼

X
i

fnðx
*Þfnðx

*0
Þ: (5)

This allows one to solve for dual variables {ai} instead of

finding the primal weights {wn} directly. Thus, the size of

the problem scales with the number of data points rather than

the number of basis functions, and one is able to avoid an

arbitrary restriction of the number of basis functions. There

are several choices of basis functions. It was found that for

the sensors examined in this study, best results were obtained

with exponential functions, which have features that are

similar to the sensor responses.

3.1.2. Determining the composition of a gas mixture

The computational steps taken in predicting the composi-

tion of a mixture using the exponential function basis set as

an example include:

(i) Determining the kernel function for the set of all decay-

ing exponential functions, ff
b
*ðx

*Þ ¼ e	b
*

ða
* þ x

*Þ :
b
*

> 0
*
g. Note that the basis functions can be written

f
b
*ðx

*Þ ¼ e	b
*

a
*

e	b
*

x
*

. The components of the vector~a

are positive constants (
0.1 or 1) that introduce a cutoff

for~b, since the amplitude e	b
*

a
*

becomes exponentially

small as~b increases.

The function defined in Eq. (5) is given by the

reciprocal kernel:

Kðx
*
; x
*0
Þ ¼

Z 1

0

db1

Z 1

0

db2f
b
*ðx

*Þf
b
*ðx

*0
Þ

þ
Z 1

0

db1fðb1;0Þðx
*Þfðb1;0Þðx

*0
Þ

þ
Z 1

0

db2fð0;b2Þðx
*Þfð0;b2Þðx

*0
Þ þ 1

¼
Y
n¼1;2

1

2an þ xn þ x0n
� �þ 1

( )
: (6)

The product runs over all gas types involved in the

sensor response (i.e. n ¼ 1, 2 is for CO, O2).

(ii) The dual variables, which determine the fit, are given

by

ai ¼
X

j

ðK þ l1Þ	1
ij yj; (7)

where the elements of the matrix K are the kernel

function evaluated at the known gas composition data

points:

ðKÞij � Kðx
*

i; x
*

jÞ: (8)

(iii) The fit to the sensor response is constructed from the

dual variables using Eq. (4).

(iv) Steps (i), (ii), and (iii) are repeated for each sensor in

the array and the function f(x) is generated for each

case.

(v) Sensor measurements are taken upon exposing the

array to an unknown mixture of the gases. Setting the

measured response of each sensor in the array to the

corresponding fitted response function results in the

set of Eq. (1).

(vi) The set of nonlinear Eq. (1) is then solved for the

unknown gas composition x
*

. There are many software

packages available for accomplishing this task. Here

we have used the Matlab 5.3 function fsolve.

3.2. Model development: sensor array I

The two sensors used in sensor array I were a La2O3-

doped TiO2 sensor (AL) and a 2% CuO-AL sensor. This

array was exposed to mixtures of 250–1000 ppm CO at O2

concentrations of 2, 5 and 10%. Fig. 1 (a) and (b) show the

responses of the two sensors for the given gas mixtures.
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All measurements were performed in a nitrogen balance at

873 K and responses are represented as resistances in MO.

For each gas mixture composition, the average of three data

points is shown, with the standard deviation represented by

vertical error bars. The reproducibility of the sensor

responses was good, as shown by the small standard devia-

tions, as long as sensor was maintained at high temperature.

Significant changes in the baseline resistance of the sensors

was observed if the sensors were subjected to heating and

cooling cycles, probably due to mechanical changes in the

film that alter bonding with the electrode-lined substrate.

The relative resistances however, remained within a narrow

range (15%). Nevertheless, since the regression model

developed in this study uses absolute resistances of the

sensors, it was necessary to keep the sensors continuously

heated over the testing period (weeks).

Fig. 1 shows that the resistances of both sensors decreased

with increasing CO and decreasing O2, as would be expected

for an n-type semiconductor. This data was used to model

the sensor responses. Two kernel functions were chosen. The

first was based on a family of exponential functions which

leads to the reciprocal kernel shown in Eq. (6). The second

was a Gaussian kernel function shown in Eq. (9):

Kðx
*
; x
*0
Þ ¼ ej~x	~x

0j2=s2

: (9)

Fig. 2 compares the fit to the AL sensor data using both

kernel functions. Though both response functions go

through the data points, the reciprocal kernel does a much

better job of fitting the observed responses, especially

beyond the data points. The Gaussian kernel tends to

produce a more wavy fit and does not generalize well beyond

the observed data points. Thus, the exponentials provide a

better choice of basis functions, and all sensor responses

were modeled using the reciprocal kernel.

By using the functions that model the sensor response, it is

possible to define the ranges over which the sensor array can

make predictions for unknown concentrations. There are

two related ways to visualize the prediction ability. First is to

Fig. 1. Absolute responses of (a) AL sensor and (b) 2% CuO-AL sensor to

250–1000 ppm CO and 2–10% O2 (sensor array I).

Fig. 2. Kernel ridge regression fit of AL sensor response using (a)

reciprocal kernel and (b) Gaussian kernel.
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plot constant resistance contour plots for both sensors using

the modeled functions. Each contour line corresponds to the

constant resistance of the sensor. When the contours for two

sensors are overlain on one another, as shown in Fig. 3 for

sensor array I, the concentrations of gases in a mixture can

be found from the positions of intersection of the contours.

The most unique information about composition is obtained

from contours that intersect at right angles. If the contours

are parallel, without a well-defined intersection point, then

an unambiguous determination of concentration cannot be

made. The regions where the contours for AL and 2% CuO-

AL consistently intersect were for concentrations of CO

<400 ppm and O2 concentrations of 0–10%. The contours

become more parallel as the CO concentration increases for

all O2 levels.

A related, but more quantitative, way to express the ability

of the sensor array to predict gas compositions is to deter-

mine an orthogonality parameter for the entire composition

space. The responses, f1ðx
*Þ and f2ðx

*Þ, of two perfectly

orthogonal sensors would satisfy

r
*

f1ðx
*Þ ? r

*

f2ðx
*Þ; (10)

where r
*

f ðx
*Þ is the gradient of the function at x

*
. In practice,

it is enough if the gradients of the sensor responses are not

nearly parallel. For the case of two sensors, a quantitative

measure of orthogonality is the area of the parallelogram

spanned by the vectors r
*

f1ðx
*Þ and r

*

f2ðx
*Þ. This area is

given by

A ¼ jr
*

f1ðx
*Þjjr

*

f1ðx
*ÞjjsinðyÞj: (11)

Along with the area, the angle y also provides a measure of

the orthogonality. Large gradients provide better predictions

given that any measurement has an associated error. Fig. 4

shows the plot of the orthogonality parameter for sensor

array I and clearly demonstrates that the orthogonality peaks

at CO concentrations <200 ppm and O2 concentrations <2%.

The sensors exhibit very little orthogonality for concentra-

tions of CO >500 ppm at all O2 concentrations. The infor-

mation content of the contour plots (Fig. 3) and

orthogonality (Fig. 4) are comparable, with Fig. 4 providing

a more quantitative measure. Based on these plots, the

prediction ability of sensor array I should be restricted to

CO concentrations <400 ppm for O2 ranges of 0–10%, with

the best predictions coming at the lower end of these

concentrations.

3.3. Prediction of gas compositions: sensor array II

A second combination of sensors was evaluated for pre-

diction of gas concentrations using the kernel ridge regres-

sion model. The two sensors in array II were an AL sensor

and a CuO-doped sensor with CuO concentration of 8%

using a solution-based doping method [16]. XRD of the

calcined 8% CuO-AL powder showed partial transformation

of the starting anatase to the rutile phase. Fig. 5(a) and (b)

shows the responses of the AL and 8% CuO-AL sensors to

0–1000 ppm CO in the presence of 2, 5 and 10% O2.

It should be noted that though data in Figs. 1(a) and 5(a)

are from sensors with similar compositions, there is quite a

variation in their response. This is because the sensors were

not prepared with identical thickness and also the thermal

cycling of the sensors were very different. These differences

in the sensor response are not going to be relevant in this

study, since the sensor response within each array was very

reproducible. However, it does point out the difficulty of

fabrication of similar sensors, even from the same composi-

tion. The response of the AL sensor towards CO and O2 is

typical of an n-type semiconducting oxide. On the other

hand, the resistance of the 8% CuO-AL sensor increases with

increasing O2 concentrations indicative of p-type behavior,

Fig. 3. Contour plots of AL and 2% CuO-AL modeled responses (sensor

array I) overlain on one another, where each contour represents a line of

constant resistance of the sensor (solid line: 2% CuO-AL; dashed line: AL).

Fig. 4. Orthogonality index plot (using area) for AL and 2% CuO-AL

sensors (sensor array I).
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which is also evident upon addition of 250 ppm CO. At higher

CO concentrations, the sensor exhibits n-type behavior. Thus,

at lower concentrations of CO, the behavior of the sensor is

like a p-type semiconductor, which changes to n-type at high

CO concentrations. Kernel ridge regression was used to

model the array II data. Fig. 6 shows the function that was

generated for the data from the 8% CuO-AL sensor, using the

reciprocal kernel function. The function does an excellent job

of fitting the experimental data, and the transition from p- to

n-type behavior around 250 ppm CO over the O2 range is

clearly evident.

The data for the AL sensor was also fitted using the same

kernel function (similar to Fig. 2(a)).

The function for the AL and 8% CuO-AL sensors was

used to generate the contour plot shown in Fig. 7. The

contours tend to intersect at concentrations of CO between

100 and 400 ppm over the complete range of O2 concentra-

tion. Fig. 8 shows the orthogonality plot, represented as the

angle between the gradients and shows clearly that the

orthogonality of the sensors is peaked somewhat sharply

around 200 ppm CO. Based on the contour and orthogon-

ality plots, the prediction would be that CO concentrations

between 100 and 400 ppm and O2 concentrations over 0–

10% can be made with certainty. In order to verify these

predictions, we examined a series of gas mixtures of CO and

O2 and measured the corresponding resistance. Using the

regression functions calculated for the AL and 8% CuO-AL

from the data shown in Fig. 5, the resistances were used to

predict the gas concentrations of the mixtures, as outlined in

Section 3.1.2. Table 1 shows the gas compositions and the

corresponding resistances of the sensor array II. Table 2

compares the actual and predicted concentration (best pre-
dictions in bold). It is clear that the best predictions are for

the 250 ppm CO at all O2 concentrations, as would be

expected from the contour and orthogonality plots. In the

regions where the orthogonality is poor (>400 ppm CO),

predictions for both CO and O2 are very poor.

Fig. 5. Absolute responses of AL sensor (a) and 8% CuO-AL sensor (b) to

250–1000 ppm CO and 2–10% O2 (sensor array II).

Fig. 6. Kernel ridge regression fit of 8% CuO-AL sensor response using

reciprocal kernel.

Fig. 7. Contour plots of AL and 8% CuO-AL modeled responses (sensor

array II) overlain on one another, where each contour represents a line of

constant resistance of the sensor (solid line: 8% CuO-AL; dashed line: AL).
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4. Discussion

4.1. Factors that control orthogonality

When choosing sensors for the array, it is essential for

each sensor to provide independent information concerning

the composition of a mixture of gases. Prediction ability is

strongly dependent on the orthogonality of the modeled

sensor response functions. It is therefore important to under-

stand what features in the sensor array lead to orthogonality

for the gases of interest. For sensor array I, though the

behavior of AL and 2% CuO-AL sensors is in general

similar, careful inspection of Fig. 1 shows that the rate of

decrease of resistance with concentrations of CO is different,

particularly at low CO concentrations. This is because

addition of Cu to TiO2 leads to a flattening of the response,

and the reasons for this behavior are currently being inves-

tigated.

By increasing the copper loading to 8% CuO and chan-

ging the method of doping, the sensing mechanism is

altered, and TiO2 acts as a p-type semiconductor. The doping

of lower valent ions into TiO2 leads to creation of holes,

Fig. 8. Orthogonality index plot (using sin y) for AL and 8% CuO-AL sensors (sensor array II).

Table 1

Absolute resistances of AL and 8% CuO-AL sensors (sensor array II) upon

exposure to test mixtures of CO and O2

Actual %

O2

Actual [CO]

(ppm)

AL resistance

(MO)

8% CuO-AL

resistance (MO)

3 250 12.58 6.89

3 350 11.89 6.76

3 600 9.43 6.58

3 800 8.21 6.35

3 900 7.80 6.17

4 250 14.24 6.91

4 350 11.40 6.83

4 600 10.34 6.79

4 800 9.19 6.64

4 900 7.96 6.26

8 250 20.38 7.01

8 700 10.69 6.81

8 900 11.50 6.91

9 250 21.06 6.92

9 700 11.25 6.86

9 900 10.15 6.82

Table 2

Comparison of actual and predicted values of CO and O2 in test mixtures

(using sensor array II)

Actual %

O2

Predicted %

O2

Actual

[CO] (ppm)

Predicted

[CO] (ppm)

3 2.59 250 259.18

3 1.81 350 228.55

3 2.87 600 524.21

3 1.86 800 494.94

3 2.36 900 701.7

4 2.78 250 215.95

4 2.38 350 294.95

4 2.73 600 404.26

4 2.03 800 407.02

4 2.04 900 580.68

8 8.57 250 254.64

8 11.44 700 1270.39

8 10.24 900 1005.11

9 8.79 250 241.56

9 3.36 700 405.15

9 16.88 900 1775.03
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which negate the electron carriers arising from oxygen

stoichiometry [10,18]. At sufficient loadings, p-type beha-

vior is manifested. However, with the loading we chose,

there was a competition between p- and n-type pathways

and, more significantly, the p to n transition for this sensor

occurred at a certain concentration of CO (250 ppm in this

case), and was fairly independent of O2 concentrations.

Since two sensors would be maximally orthogonal if each

sensor was only sensitive to one of the gas components,

orthogonality is achieved in the 200–400 ppm CO concen-

tration region because of the insensitivity to oxygen.

4.2. Limitations of predictability

In the present study, a two-sensor array was chosen even

though there were three gases in the sensing environment,

CO, O2, CO2. This is because CO2 does not give a response,

as the gas cannot be further oxidized. However, if CO2

produced a sensor response, then a third sensor would have

to be included in the array, even if our interest is restricted to

CO and O2 only. Thus, the number of sensors in the array

needs to match the number of gas species that produce

independent sensor responses, immaterial of the number of

specific gases of interest. For monitoring combustion pro-

cesses, which is the goal of this program, this would require

an additional hydrocarbon and NOx sensor and is being

investigated by our group [19,20]. For particular gases of

interest, it may be necessary to have several combinations of

sensors to cover the range of gas compositions of interest. For

example, sensor array I with 2% CuO does provide a high

degree of orthogonality for O2 and CO at very low levels of

both CO and O2, whereas, sensor array II with 8% CuO has

high orthogonality at low levels of CO for a wide range of O2

concentrations. The error in prediction can be minimized by

developing sensor materials that produce a higher degree of

orthogonality between sensors, as well as by improving the

accuracy and precision of the sensor responses.

4.3. Features of the kernel regression model

With a relatively small amount of test data, kernel ridge

regression is able to determine the amount of unique infor-

mation provided by each sensor in a set. The choice of basis

functions is, however, very important. The exponential basis

functions did a better job of fitting the sensor responses since

the sensors produced monotonic responses that eventually

saturated at high CO concentrations for a fixed O2 level.

Since a range of concentrations satisfy Eq. (1) within

experimental error, there is an inherent uncertainty of the

predictions. Added to this uncertainty is the effect that as the

orthogonality of the sensors at the particular composition

gets smaller, the error gets larger. Thus, the precision of the

predictions will improve with reductions in experimental

error and increasing orthogonality of the sensors. The

orthogonality is a measure of independence in the informa-

tion being provided by the sensors. This concept can by

readily extended to more than two sensors. For a three-

sensor array, the volume of the parallelopiped spanned by

the three gradient vectors is a measure of the orthogonality.

For the kernel ridge regression model to predict unknown

gas compositions, it is necessary to have the same number of

sensors in the array as the gas components, if the sensors

respond to each of these gases.

5. Conclusions

It has been demonstrated in this study that several TiO2-

based sensors combined with kernel ridge regression can be

used to predict the concentrations of CO and O2 in a mixture

of these gases at high temperatures. By doping TiO2 with

La2O3 and different levels of CuO, the sensors can be

modified to provide orthogonal information over specific

gas concentration ranges. It has also been shown that kernel

ridge regression is a useful technique for screening the

redundancy of sensors for use in an array. While this paper

demonstrates this regression technique for a set of two

sensors and two gases, it can easily be expanded to more

sensors for gas mixtures containing multiple components.
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