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a b s t r a c t

A generic approach to designing microsensor arrays for complex chemical sensing tasks is described and
demonstrated for the problem of recognizing chemical hazards at sublethal concentrations, under vary-
ing ambient conditions, and in the presence of interfering chemicals. We present statistical methods to
systematically assess the analytical information obtained from the conductometric responses of chemire-
sistive elements at different operating temperatures, test their reproducibility, and determine an optimal
set of material compositions to be incorporated within an array for individual species recognition. These
eywords:
icrosensor arrays
etal oxide sensors

oxic industrial chemicals
tatistical analysis
aterial evaluation

advances are critical to the production of pre-programmed microsensors for non-invasive trace analyte
detection relevant to homeland security, medical diagnostics, and other applications.

© 2008 Elsevier B.V. All rights reserved.
election and optimization

. Introduction

Detection of trace quantities of toxic industrial chemicals (TICs),
n application of critical importance for homeland security, poses
unique set of analytical challenges. While heightened sensitivity

o a spectrum of chemical hazards is necessary for detection of
ICs at relevant concentrations, substantial selectivity is necessary
o rapidly extract the pertinent information about the presence (or
bsence) of a chemical hazard under myriad possible background
onditions defined by ambient temperature, humidity, and the
resence of common interfering chemicals. The chemically aggres-
ive nature of TICs and some interfering gases also enforce other
emands, such as robustness for reliable recognition of the targets
or extended time periods. In addition to the analytical complexity
f the problem, instrument and sensor developers are typically
lso bound by stringent constraints on response times, instrument

ize, power consumption, signal reproducibility, and cost, in order
o achieve early warning capabilities and facilitate affordable
ide-networked deployment. Current approaches to detection of

hemical hazards include the use of a variety of instruments and

� Elements of this paper presented at the International Meeting on Chemical
ensors 2008 (IMCS-12), July 13–16, 2008, Columbus, OH, USA.
∗ Corresponding author. Tel.: +1 301 975 2606; fax: +1 301 975 2643.

E-mail address: steves@nist.gov (S. Semancik).

925-4005/$ – see front matter © 2008 Elsevier B.V. All rights reserved.
oi:10.1016/j.snb.2008.11.053
sensing technologies: spectrometric approaches (gas chromatogra-
phy [1], mass spectroscopy [2], ion-mobility spectroscopy [3], and
their combinations [4–6]), piezoelectric devices [7,8], optical tech-
niques [9,10], electrochemical devices [11,12] and chemiresistors
[13–15]. In this work, we present a novel approach to this problem
involving chemiresisitive microsensor arrays with fine temperature
control.

To simulate a problem that sufficiently captures these issues, we
examined a target matrix that features five high-priority chemical
hazards: ammonia (NH), hydrogen cyanide (HCN), chlorine (CL),
ethylene oxide (EO), and cyanogen chloride (CK). NH and EO are
common TICs that are also employed as precursors in the manufac-
ture of explosives, narcotics, and polymers. Beyond their industrial
uses, HCN and CK are blood agents and CL is a pulmonary agent that
inhibits the ability to breathe [16,17]. The concentrations of these
chemicals that pose an immediate danger to life and health (IDLH)
are given in Fig. 1A. To approximate relevant real-world conditions,
each of these five chemical hazards at their IDLH concentrations
was introduced individually into synthetic air containing three dif-
ferent relative humidities (10, 30 or 70%) or infused with the vapors
of any one of the following common products: bleach (Clorox [18]),

interior house paint, window cleaner (Windex [18]) and floor strip-
per (ZEP [18]) (see Fig. 1B). The last three target presentations were
graded such that the concentration gradually increased in fixed
steps until it reached the IDLH concentration and was removed in
a similar gradual fashion.

http://www.sciencedirect.com/science/journal/09254005
http://www.elsevier.com/locate/snb
mailto:steves@nist.gov
dx.doi.org/10.1016/j.snb.2008.11.053
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Fig. 1. Chemical hazards, interferences, and humidity levels constituting the test matrix of the present study. (A) Five toxic industrial chemicals (TICs), their vapor pressures
at 20 ◦C, and their immediate danger to life and health (IDLH) concentration levels. (B) Analyte delivery protocol used for data collection. The blue bar (bottom row) indicates
the humidity level at different time periods within a cycle. Three different humidity levels were used in this study: 10% RH, 30% RH and 70% RH. Four common, commercially
available interferences (middle row): bleach (Clorox [18]), latex interior house paint, window cleaner (Windex [18]) and floor stripper (ZEP [18]), each at 1% of their saturated
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apor concentration, were used to simulate realistic scenarios. The color-coded ba
ars (top row) mark the periods during which any one of the five TICs is introduce
radually change from zero to maximum and then return to baseline in a similar fas
as repeated for each of the five TICs. (For interpretation of the references to color

This detector evaluation study consisting of 42 different target-
ackground combinations presents a recognition problem of
onsiderable analytical complexity. A critical step in designing
n array-based solution to deal with this sensing task concerns
he evaluation and selection of sensing materials. In this paper,
e present a novel statistical approach to address this important

ssue. We show how a metric based on correlation between sen-
or responses can be used to assess their similarity/orthogonality,
est their reproducibility, and understand the basis of distinguish-
ble chemical signatures. Furthermore, we present qualitative and
uantitative approaches to determine the sufficiency of the chosen
aterials for sensing targets in the test matrix and determine an

ptimal array configuration for the desired application.

. Experimental

.1. Microhotplate platforms

A suitable platform that provides considerable benefits in meet-
ng many of the stated analytical requirements is the MEMS-based

icrohotplate array [19]. Each array element (Fig. 2A) contains
hree functional components (see layered schematic in Fig. 2B): a

olycrystalline silicon resistor for heating, a chemically sensitive
lm, and interdigitated platinum electrodes that enable measure-
ent of the conductance of the sensing film that is deposited onto

he array element. This miniaturized device (≈100 �m, with a mass
250 ng) has a thermal time constant of a few milliseconds, and an
icate the delivery periods of each of these interferences during a cycle. The green
e last three target analyte introductions were graded such that the concentrations
Two back-to-back cycles, each lasting ∼10 h, constitute a training run. This protocol
figure legend, the reader is referred to the web version of the article.)

operating temperature range from ambient to 500 ◦C. The local-
ized temperature control offered by microhotplates, along with
their fast heating/cooling characteristics, makes them ideal both
for self-lithographic, thermally activated chemical vapor deposition
(CVD) processes [20] and for device operation with tempera-
ture programming, wherein each element is independently cycled
through multiple temperatures during sensor measurements. Each
microsensor array consists of a collection of such individually
addressable, temperature-controlled elements as shown in Fig. 2C.
A 40-pin dual in-line packaged device is shown in Fig. 2D.

2.2. Sensing materials

For the purposes of broad-spectrum detection required by this
task, we employed the following four semiconducting metal oxide
films: tin (IV) oxide (SnO2), tin (IV) oxide coated with titanium
(IV) oxide (SnO2/TiO2), titanium (IV) oxide (TiO2), and titanium
(IV) oxide coated with ruthenium oxide (TiO2/RuOx). Metal oxide
semiconductor films were chosen as the chemically sensitive com-
ponent in these devices for a variety of reasons. They are known
to undergo chemical interactions with gas species ranging from
surface-mediated oxidation of analyte gases to charge transfer upon

analyte chemisorption [21–23]. These interactions, as a result of
electron transfers between adsorbed gases and a surface depletion
layer, cause a repeatable change in the electrical conductance of
the film, thus yielding a measurable and recognizable signal [24].
These conductance changes have been shown to be temperature
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ig. 2. Microsensor array platforms. (A) An optical microscopy image of a single m
omponents of the microsensor elements: polycrystalline silicon heater, interdigita
ndividually addressable, temperature-controlled elements. (D) A 40-pin dual in-lin

ependent, materials dependent, and most importantly, analyte
ependent for compounds from the simple (e.g., CO) to the complex
e.g., chemical warfare agent molecules) [15,24,25]. The oxides are
lso robust materials capable of withstanding wide excursions of
emperature we use to enhance the analytical content of the signal
tream.

Each of the chosen films was deposited onto the array using CVD

rocesses (see below). Fig. 3A shows the optical images of these
ifferent films, and the sensing film microstructures are shown in
ig. 3B. The metal oxide sensing films themselves, while robust, are
nly partially selective and will respond to many analytes. How-

ig. 3. Controlling material composition to impart selectivity. (A) Optical microscopy im
xide (SnO2), tin oxide coated with titanium oxide (SnO2/TiO2), titanium oxide (TiO2) a
aterial were used in arrays for this work. (B) Scanning electron microscopy images of th
otplate microsensor element. (B) A layered schematic showing the three primary
latinum electrodes, and metal oxide sensing film. (C) A microsensor array with 16
aged microsensor device.

ever, it can be expected that any given analyte/sensing material pair
will generate distinguishing characteristics in its electrical conduc-
tance profile due to temperature-dependent variations in chemical
interactions at the surface. Hence, each sensing film is programmed
to cycle through many temperatures in a pulsed mode such as
that illustrated in Fig. 4, in order to capture a greater range of
temperature-dependent interactions between analytes and sensing

films. This mode of operation, which is expected to greatly enhance
the analytical content of the microsensor signal over that of fixed-
temperature sensing, is referred to as temperature-programmed
sensing (TPS) [15].

ages of the four films used in this study (size of scale bar applies to all panels): tin
nd titanium oxide coated with ruthenium oxide (TiO2/RuOx). Four copies of each
e four films (size of scale bar applies to all panels).
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Fig. 4. Temperature programmed sensing. The temperature program used to operate
the sensing elements toggles the temperature between 32 ramp values that sample
most of the temperature range of the device and four different baseline temperature
values to allow “relaxation” toward some initial state prior to each ramp temper-
ature. Moreover, different baselines also allow different film–analyte interactions
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objective function with three components:
adsorption/desorption, decomposition, and reaction) at the sensing surface prior to
he ramp measurements. The dwell time at each temperature (period of the pulse)
as typically on the order of 200 ms. A conductance measurement was made at each
ase and ramp temperature, but only the ramp values were used for further analysis

n this study.

.3. Sensor fabrication

Thin metal oxide sensing films were fabricated using a ther-
ally activated single-source CVD process described below. The

recursors used to deposit sensing films were delivered from
emperature-controlled vessels under flow of Ar delivered at 7 stan-
ard cm3/min (sccm). All bypass lines of precursors not in use were
lso maintained at 7 sccm Ar flow in order to prevent back-flow
ontamination of other precursors and their delivery lines. The
pproximate space velocity at the sensor surface is 17,000 cm/min.
ll precursor delivery lines were maintained at 55 ◦C; the precur-
or sources were temperature controlled as follows: tin(IV) nitrate
nhydrous at 30 ◦C, titanium(IV) 2-propoxide at 30 ◦C, and triruthe-
ium dodecacarbonyl at 65 ◦C. The pressure in the CVD chamber
as maintained at ≈3 Pa by an oil-free vacuum pump. Each pre-

ursor was given a 10-min chamber equilibration period prior to
lm deposition. Furthermore, after a deposition cycle was com-
leted, clean Ar was delivered through all delivery lines for 10 min
rior to starting the next precursor, in an effort to reduce cross-
ontamination. After the initial equilibration period, the target
icrohotplate element(s) were heated to 375 ◦C, decomposing the

recursor to form localized thin solid film(s). The deposition period
or the SnO2 and TiO2 pure films was 20 and 120 s, respectively.
or the mixed metal oxide films, the two materials were deposited
n series: SnO2 for 5 s followed by TiO2 for 60 s and TiO2 for 60 s
ollowed by Ru for 90 s. The deposited films were subsequently
emoved from vacuum, placed in a test system flowing zero-grade
ry air at 1 standard l/min (slm), corresponding to a space veloc-

ty of roughly 600 cm/min, and gradually (≈14 ◦C/min) elevated to
00 ◦C, where they were annealed for 30 min.

.4. Analyte delivery

A custom gas delivery manifold was used to separately deliver
our analyte stream components: target-laden zero-grade dry air,

nterference-laden dry air, humid air, and balance dry air. The man-
fold features non-reactive tubing for each input stream connected
o a central cell, where sample blending occurred. Metered con-
entrations of analytes were delivered either from pre-blended
ommercial cylinders (for more stable compounds exhibiting
ators B 137 (2009) 617–629

higher vapor pressures, such as HCN and NH) or from analyte gener-
ators loaded with calibrated permeation vessels (for more reactive,
low vapor pressure species, such as CK and EO). Interference vapors
were introduced by bubbling metered quantities of dry air through
vessels containing the interference candidate, after which the satu-
rated gas stream was delivered via dedicated lines to the central cell
(thus interferences are reported in percent saturation). In order to
reduce biases stemming from fractional evaporation of interference
mixtures, the liquid sources were replaced regularly. Interference
introduction was performed using this method for final concentra-
tions of up to 1% saturation at room temperature. According to their
MSDS, the vapor pressures of the interferences are all roughly equal
to that of water, about 2800 Pa at 23 ◦C [26]. Thus the molar concen-
trations of the generated interferences are roughly 280 �mol/mol,
a value approximating that of each analyte studied. Humid air was
generated by metering zero-grade dry air through a dew point gen-
erator. Test cell humidity could thus be varied between 0% relative
humidity (RH) and 90% RH at 25 ◦C using this apparatus. The water
vapor concentrations at 10% RH, 30% RH, and 70% RH were 2.8, 8.4,
and 19.6 mmol/mol, respectively. The balance dry air was adjusted
such that at any point in time, the sum total flow rate of these four
“single-component” streams into the central cell was 1 slm. A sen-
sor cell that housed the microsensor array was placed downstream
from the mixing manifold.

2.5. Data analysis

All analyses were done using custom programs in MATLAB [18].
Conductance measurements of each element for the complete cycle
of 32 ramp temperatures (see Fig. 4) were concatenated to form a
multi-dimensional sensor response that was used in all analyses.

To analyze the similarity/orthogonality of responses of any two
materials (M1, M2) at two operating temperatures (T1, T2), we used
Pearson’s correlation coefficients. If g(M1, T1) is a one-dimensional
vector of conductance measurements made at each of the different
training conditions (see Fig. 1B) using a material M1 at temper-
ature T1, and g(M2, T2) a one-dimensional vector of conductance
measurements made using sensing material M2 at temperature T2,
then the correlation between responses of M1 at T1 and M2 at T2 is
calculated as

n
∑

g(M1, T1)g(M2, T2) −
∑

g(M1, T1)
∑

g(M2, T2)((
n
∑

g(M1, T1)2 −
(∑

g(M1, T1)
)2

)

×
(

n
∑

g(M2, T2)2 −
(∑

g(M2, T2)
)2

))1/2

(1)

where n in the number of collected samples, and g(M1, T1) is the
measured conductance from material M1 at temperature T1. An
illustration of correlation analysis between SnO2 isotherms at 60
and 480 ◦C is shown in Fig. 5. Only the absolute values of the correla-
tion coefficients with significance P < 0.001 are shown in Figs. 5–10.
For visualizing the sensor response, we used linear discriminant
analysis (LDA) [27], which finds directions that maximize separa-
tion between classes and minimize variance within a single class;
i.e. eigenvectors of S−1

W SB where SW and SB are within and between
class covariance matrices (see below). In this work, we have used
LDA to determine what information comes from which films and
whether the chosen film composition and temperature programs
have sufficient information for identifying all five TICs in different
background conditions.

To optimize the array configuration, we define the following
O = �1J︸︷︷︸
Maximization term

− �2N1︸︷︷︸
Penalty term for materials

− �3N2︸︷︷︸
Penalty term for array size

(2)
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Fig. 5. Illustration of correlation analysis. (A) SnO2 electrical conductance isotherms
at 60 ◦C (blue) and 480 ◦C (red) in response to different conditions indicated
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chematically at the top of the figure (refer to Fig. 1B). (B) The responses at 60 ◦C
s. 480 ◦C to different conditions lie along the diagonal showing a greater degree of
orrelation between the two isotherms. (For interpretation of the references to color
n this figure legend, the reader is referred to the web version of the article.)

here J is the maximization term that takes into account the suf-
ciency of solution; i.e., separability of the five TIC clusters from
ifferent background conditions and from each other, N1 and N2 are
he number of different materials used and the array size respec-
ively, and �1, �2, �3, are component weights. The two penalty
erms allow comparison between solutions with different num-
ers of materials and array sizes. To increase the objective function,
ach new material or array element must increase the TICs cluster
eparability sufficiently to compensate for its cost.

The measure of cluster separability derived from Fisher’s LDA
27] can be defined as follows:

= trace(SB)
trace(SB) + trace(SW )

(3)

here SW and SB are the within-cluster and between-cluster scatter
atrices, respectively, defined as follows:

W =
Q∑

q=1

∑
x ∈ ωq

(x − �q)(x − �q)T (4)

B =
Q∑

q=1

(�q − �)(�q − �)T (5)

q = 1
nq

∑
x ∈ ωq

x and � = 1
n

∑
∀x

x (6)

here x is a linear projection of sensor response along Q − 1 linear

iscriminant axes, Q is the number of conditions (six clusters cor-
esponding to the following conditions: NH, HCN, CL, EO, CK and all
ackground conditions collectively), �q and nq are the mean vector
nd number of examples for condition q, respectively, n is the total
umber of examples in the dataset, and � is the mean vector of the
tors B 137 (2009) 617–629 621

entire distribution. Being the ratio of the spread between classes
relative to the spread within each class, the measure J increases
monotonically as classes become increasingly more separable.

Classification analysis was done using the non-parametric,
local k-nearest neighbor scheme (k = 3) with leave-one-out cross-
validation. A Euclidean distance metric was used to find the nearest
neighbors in the multi-dimensional sensor conductance response
space.

3. Results

3.1. Assessment of similarity and reproducibility of materials

To assess similarity/orthogonality of conductometric responses
generated by sensor materials and temperature programs, we use a
measure based upon pair-wise correlation. For simplicity, we focus
our discussion on the problem of NH detection in the presence of
each of the four interferences and at three different humidity condi-
tions (parallel results for the other four TICs are presented in Fig. 8).
The data discussed in these analyses were generated in a series of
“training runs” wherein the sensor arrays were exposed to the ana-
lyte stream as summarized in Fig. 1B. This training data not only aids
in materials response and temperature program assessment, but
also serves as the reference database by which subsequent alarm
decisions can be made.

3.1.1. Is different information really acquired at different
temperatures?

In order to determine whether the TPS mode of operation
generates additional information from each film composition, we
compute, for each film type, the correlation between its responses
to different conditions at different temperatures. Fig. 5 shows an
example of this correlation analysis between SnO2 responses at 60
and 480 ◦C (isotherms). A more detailed plot illustrating the corre-
lation coefficients for the four films for the NH detection problem
is shown in Fig. 6. Each pixel shows the correlation between two
isotherms of the same material. Only the absolute values of the sig-
nificant correlations (P < 0.001) are shown (the t-test is not valid
for the diagonal elements, which represent self-correlations, as the
denominator becomes zero). Lighter pixels indicate higher corre-
lations and darker pixels represent lower correlations. The greater
the correlation, the more similar or redundant is the information
generated.

The correlation plots shown in Fig. 6 reveal that in the case of
the TiO2 films with and without RuOx coating, the lower temper-
ature responses correlate well amongst themselves, but not with
those obtained at higher temperatures. Similarly, the high temper-
ature responses correlate well only amongst themselves. This lack
of correlation between the two temperature bands indicates that
different analytical information is obtained from these bands. Inter-
estingly, the TiO2/RuOx film shows a lack of correlation between
the low-temperature features on the upward vs. downward portion
of the temperature program, indicating a dependence on thermal
history. In the case of SnO2 films both with and without TiO2,
all temperature features appear to be well-correlated (notice the
change in the scale bar). However, as in the case of TiO2 films, the
high temperature features and low-temperature features show a
greater degree of correlation only amongst themselves. Hence, for
the four sensing materials, different information is generated at low
and high temperatures.
3.1.2. Is different information generated by different film types?
The self-correlations computed between temperature features

within film types do not provide any insights into the similar-
ity/orthogonality across multiple materials. To evaluate this, we
compute cross-correlation across isotherms of different film types.
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Fig. 6. Correlation analysis to assess similarity/orthogonality of material-temperature combinations. Color-coded representation of the correlation coefficients between
conductometric responses of each of the four sensing materials at different temperatures. Note that light areas indicate high correlation and dark areas show lower degrees
of correlation. Only the absolute values of correlations that are significant (P < 0.001) are shown.

Fig. 7. Cross-correlation analysis. Lower correlation between responses of differ-
ent film types at different temperatures reveal that the chosen sensing materials
contribute non-redundant information for recognizing NH.
Fig. 7 shows the cross-correlation plots for a single copy of the four
different metal oxides. The diagonal blocks show self-correlations
and are essentially the same as in Fig. 6. We observe lower correla-
tions between different film types, indicating that the four materials
contribute non-redundant information towards NH recognition.
Parallel results on the other four analytes are presented in Fig. 10.
Note that the correlation patterns change as a function of analyte
identity.

3.1.3. Reproducibility of the sensing films
To determine response reproducibility of the chosen films, we

made four replicas of each film type in a 16-element microsen-
sor array. Fig. 9 shows cross-correlation across two copies of each
material. A qualitative evaluation of the reproducibility of the sens-
ing materials can be made by visually comparing the correlation
patterns. Copies of a single film type (e.g. SnO2 vs. SnO2) show
similar correlation patterns across temperature features, indicat-

ing that the films produced through the CVD process generate
information that is highly reproducible between devices of equiv-
alent manufacture. However, amongst the four film types used,
the TiO2/RuOx films show the least-conserved cross-correlation
patterns, especially at lower temperatures, indicating lower repro-
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the LDA plots it is clear that none of the film types alone can provide
enough analytical information for the recognition of all five TICs in
different background conditions. However, when information from
two copies of each film type is combined (8 films × 32 tempera-
ig. 8. Basis of distinguishable chemical signatures. Cross-correlation patterns betwe
B) CL recognition, (C) EO recognition, and (D) CK recognition.

ucibility compared to the other three film types used in these
tudies. A quantitative evaluation of reproducibility based on the
orrelation coefficients from four copies of each material is pre-
ented in Fig. 10.

.2. Dimensionality reduction analysis

The correlation analysis uncovers relationships between con-
uctometric responses of different materials at different operating
emperatures, but does not provide insights about what informa-
ion is contributed by each film type and whether the chosen

aterials and temperature programs provide sufficient analytical
nformation to allow species recognition. In order to determine this,

e visualize the multi-dimensional sensor array response using lin-
ar discriminant analysis [27]. Fig. 11 shows the scatter plot of the
ulti-dimensional sensor response obtained by concatenating the

ensor conductance values at the 32 ramp temperatures of a single
ensing film (SnO2 at 32 temperatures or SnO2/TiO2 at 32 tempera-
ures or TiO2 at 32 temperatures or TiO2/RuOx at 32 temperatures)
nd projecting it onto the first three linear discriminant axes. Each
hree-dimensional color-coded sphere indicates one of the six pos-
ible conditions of interest: presence of NH (red), HCN (magenta),

L (yellow), EO (cyan), CK (black), and any of the tested backgrounds
ithout hazards (blue). Each condition in turn could belong to any

ne of the several sub-conditions shown in Fig. 1B; for example, red
amples include all sensor responses to NH, with or without the four
ifferent interferences and at all three humidity conditions. From
ferent film types are unique for each TIC identification problem: (A) HCN recognition,
Fig. 9. Reproducibility analysis. Correlations across two copies of each sensing mate-
rial deposited onto a 16-element array for the NH detection problem.
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ig. 10. Quantitative summary of reproducibility analysis. Self-correlations for ea
oefficients are, the better the response reproducibility is.

ures = 256-dimensional feature vector), as shown in Fig. 12, all of
he five chemical hazards can be detected and discriminated.

.3. Array optimization

To determine the optimal material composition for a given sens-
ng problem, we define an objective function that takes into account
he sufficiency of a solution (i.e. TICs cluster separability), and a
enalty term for additional resources used, e.g. number of different
aterials used, or the size of an array (refer to Eq. (2) in Section

for details). We use this method to optimize the array configura-

ion for detection and discrimination of multiple targets in different
ackground conditions defined in Fig. 1B.

The ability to distinguish TIC clusters from each other and from
he background improves (refer to Eq. (3) in Section 2 for a qual-

able 1
lassification performance with leave-one-out cross-validation.

elivered Detected

Background (%) NH (%)

ackground (%) 97.13 0.0065
H (%) 0.0813 91.87
CN (%) 0.1063 0
L (%) 0.2366 0
O (%) 0.1402 0
K (%) 0.2977 0
the film types at different temperatures are shown. The higher the correlations

itative definition) as we incorporate redundancy (see Fig. 13) or
diversity (see Fig. 14) into the array. Even though copies of SnO2
provided highly correlated information, redundancy helped lower
the detection threshold of the array by averaging out uncorrelated
noise across multiple copies. For example, HCN, EO and CK, which
cannot be detected using a single SnO2 sensor alone, can be rec-
ognized with four copies of SnO2 (see LDA cluster plots in Fig. 13).
This form of sensitivity enhancement, where the detection limit
for the collection of like elements is lower than any of its individ-
ual elements is generally referred to as hyperacuity [28]. Increasing

diversity, on the other hand, added orthogonal information about
different hazards and thereby improved the cluster separability.

Fig. 15(A) compares the different configurations of an 8-element
array for this problem. The best solution, in this case, is obtained
with four copies each of the SnO2 and SnO2/TiO2 films. A qualitative

HCN (%) CL (%) EO (%) CK (%)

0.0056 0.0084 0.0041 0.0041
0 0 0 0

89.38 0 0 0
0 76.34 0 0
0 0 85.98 0
0 0 0 70.23
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Fig. 11. Dimensionality reduction analysis. Scatter plots of the conductometric response
reduction using Fisher’s linear discriminants.

Fig. 12. Qualitative determination of sufficiency of analytical information. LDA scat-
ter plots when information from two copies of the four materials, each operated
using the temperature program shown in Fig. 4, are used to identify the five TICs.
s of different film types at different conditions (see Fig. 1B) after dimensionality

determination of the sufficiency of this optimized array configura-
tion is provided in Fig. 15 (B). A detailed quantitative summary of
the classification performance for data collected over a period of
several weeks, including repeats of each experimental condition,
is presented in Table 1 to validate the short-term durability of our
approach. We note that all of the TIC introductions were correctly
recognized albeit with some lag at the analyte onset and offset. Most
sensor evaluation studies [14,29,30] to date limit response analysis
to only steady-state measurements. The goal of our work, however,
was to provide a more stringent performance evaluation in order
to achieve near-real-time target detection for field deployment of
the devices. Hence, no manual interventions were allowed to select
baselines [13,14,29,30] and determine whether steady-state had
been reached.

4. Discussion

We have presented a modular approach for designing an array-
based solution, using microhotplate platforms with metal oxide
chemiresistors, for recognizing five different TICs in complex back-

grounds. Semiconducting metal oxides were shown to be effective
for the purposes of broad-spectrum detection required by this task.
Though typically only partially selective, by operating metal oxide
sensors with rapid temperature programs that sample many pos-
sible interactions between film and analyte, we demonstrated that
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ig. 13. Benefits of incorporating redundancy into the sensor array. (A) LDA scatte
nalysis of five TICs. (B) Quantitative comparison of cluster separability as redundan

istinguishable response signatures can be generated for recogni-
ion of each of the five TICs.

The selected metal oxide films employed in this study were cho-
en for two reasons—ease of fabrication and established orthogonal

hemical properties. The first, tin oxide (SnO2), is a widely used
ransduction material in thick-film sensors [31], and has also been
uccessfully employed in microhotplate arrays [32]. It provides sen-
itive detection responses for most hydrocarbons. Titanium oxide
TiO2), while significantly more resistive than SnO2, exhibits a larger
s as responses from multiple copies of SnO2 are systematically combined for LDA
increased.

signal range for water vapor [33]. Furthermore, the oxides of tita-
nium and tin have different suboxide states available to them,
providing for the possibility of different reaction pathways for inci-
dent analytes. It follows that these materials would be expected

to produce different conductance signatures for different analytes.
The results of this work bear out that conjecture. The hypothe-
sis driving the choice of including SnO2 and RuOx into TiO2 films
is as follows: the introduction of electron-rich conducting metal
oxides into the lattice of an electron-poor semiconducting metal
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ICs. (B) Quantitative comparison of cluster separability as different materials are a

xide is expected to increase the film baseline conductance and
oncomitantly modify the surface chemistry. The correlation and

imensionality reduction analysis results also support this hypoth-
sis.

We observed that cycling each sensing film through the 32 tem-
eratures shown in Fig. 4 did not necessarily create information
hat spanned 32 different dimensions. The responses were highly
nses from different sensing materials are sequentially added for the analysis of five
nd multiple copies of each film are used.

correlated and information seemed to be grouped based on tem-
perature ranges; all lower temperature responses of a film type

provide similar information that differs from that available from
high temperature signals (see Fig. 6). This is not surprising, as the
chemical interactions between analyte and substrate in the operat-
ing temperature range are limited largely to adsorption processes
(which are expected to dominate at low temperatures) and oxi-
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Fig. 15. Optimization of array composition. (A) Comparison of different 8-element
array configurations for the problem of recognition of multiple chemical hazards.
The objective function is the same as the previous problem, except in this case, all
compared solutions have eight array elements (�1 = 1, �2 = 0.1, �3 = 0). The optimal
array design in this case is an 8-element array with four elements each of SnO2

and SnO2/TiO2. (B) LDA scatter plot for the best sensor array configuration showing
enough analytical information for detecting and identifying each of the five TICs in
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[10] S. Bencic-Nagale, T. Sternfeld, D.R. Walt, Microbead chemical switches:
an approach to detection of reactive organophosphate chemical war-
ifferent background conditions.

ation or decomposition of adsorbed species (which is expected
o be kinetically favorable at high temperatures). On the other
and, cross-correlations computed across materials were compar-
tively lower than self-correlations. Taken together with the results
rom the dimensionality reduction analysis, this suggests that dif-
erent materials provide orthogonal information about the target
nalytes.

Our information content analysis showed that a continuum
xists between the TIC clusters and the background cluster.
he transient responses immediately before and after introduc-
ion and removal of the analytes were not manually removed
nd spanned the region between the TIC’s and the background
lusters. For gases like CK and EO, which were slow to evoke
esponse from the sensor array, the transient response phases
t the analyte onset and offset were relatively longer and hence
esulted in a more prominent continuum. Furthermore, we note
gain that some analyte presentations were purposefully intro-
uced such that the concentration gradually increased in fixed
teps until it reached the IDLH concentration and was likewise
emoved in a similar gradual fashion. The low concentration
easurements during such graded introductions, similar to the

ransient response measurements, were also distributed in the

egion between the TIC clusters and the background cluster. These
xperimental details clearly illustrate the complexity of the chosen
roblem.
ators B 137 (2009) 617–629

Our study here presents a valuable approach for designing sen-
sor arrays for recognizing chemical hazards. Achieving real-time
recognition capabilities and extended operation on the order of
weeks to months, however, would involve overcoming additional
hurdles imposed by response drift as well as analytical challenges
in dealing with unknown targets and backgrounds. We consider
these problems elsewhere and present solutions based on related
but different approaches to these issues [34,35].

5. Conclusions

To summarize, we have tuned a microsensor array for the
problem of identifying certain TICs in the presence of interfer-
ences at fixed mixing-ratios and ambient condition changes by
controlling the sensor material composition within the array and
designing rapid temperature programs that enhance the analyt-
ical information obtained from each element in the array as a
function of time. We have demonstrated sufficiency of the cho-
sen materials and the temperature program to perform this task.
The statistical methods developed, during the course of this work,
provide a generalizable methodology for designing and evalu-
ating such array-based solutions for a wide variety of specific
detection problems. These advances are critical to the produc-
tion of pre-programmed microsensors for non-invasive, real-time,
multi-species recognition relevant to homeland security and other
applications involving trace analyte detection in complex chemical
cocktails.
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