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ABSTRACT demonstrated using chemicals presented individually. The

We present a new pattern recognitionfiR) technique,for performance of this approach for array responses t, complex
chemical identification using _rrays of microsensors. The technique mixtures remains the subject of future study.
relies on a new empirical approach to k-dimensional cluster analysis
which incorporates measured human visual perceptions of difficult PATrERN RECOGNITION TECHNIQUE

2-dimensionalclusters. The method can handlenonlinearSAW array Our technique relies on a new empirical approach todata, detects both unexpected (outlier) and unreliable array
responses, and has no user-adjustable parameters. We use this k-dimensional cluster analysis that incorporates measured human
technique to guide the development of arrays of thin-film..coated visual perceptions of difficult 2-dimensional clusters [6]. We use this
SAW devices that produce optimal PR performance for new clustering method because it: (i)mimics human clusterperception; (ii) requires no prior knowledge about the f'mal cluster
distinguishing a variety of volatile organic compounds, result (e.g. the number of clusters); (iii) outperforms commercially
organophosphonates and water, available cluster methods on benchmarking tests [6]. Here we

describe the use of the clusteringresults to carryout PRor to evaluate
INTRODUCTION the expected PR performance using sets of coated SAW sensor

There is much current interest in the use of pattern recognition responses. Details of the clustering method aredescribed in Ref. 6.
fiR) techniques to identify and quantify chemical analytes basedon PR using the cluster results is illustratedin Fig. la. The open and
themultivariate responses of chemical microsensor arrays [1.2]. PR closed circles representhypothetical trainingdata for two classes and
techniques used previously measured array res_ of the class the × symbols represent hypothetical test dam points of unknown
categories of interest, called training set data, to infer the class chemicalclassidentity, The two dimensions of the datacorrespond tosimultaneous responses of two different sensors. Computed
category associated with new array measurements (test data). The clusterings of the test points areindicated by the lines connecting theclass categories can be the chemical identities of the analytes andcan
also represent the analyte concentrations. E,_h sensor in the array points. Three possible cases ¢x'xurfor the class assignment of each
provides one dimension of the multidimensional data vectors. The new test point: (i) The new point is clustered only with training dataof a single class and is assigned that same class -- this is the desired
application of PR techniques to microsensor-based chemical sensing result; (ii) The new point is clustered with none of the training data
is motivated by two advantages: (i) chemical identification is possible
using only partially chemically selective microsensors rather than and is not assigned a class -- these outlier points can result from
highly selective (and more difficult to develop) microsensors; (ii) PR detection of a new chemical class that is not present in the trainingdata set, although sensor measurement errors can also produce
can in principle identify a large number of chemical species using a outliers; (iii) The new point is clustered with training points fromsmall fixed set of sensors.

The desired arrays of sensors are those that yield distinctive multiple classes -- these points occur where the training set classes
response patterns for different chemicals, i.e. so that the clusters of overlap and cannot be reliably distinguished, so that the classassignment is ambiguous. We note that cases (ii) and (iii) provide
pattern vectors associated with different chemical classes are useful information that is often unavailable or unreliable from
spatially separated and distinguishable in the pattern vector space.
However. not all arrays yield useful separations of the chemic_ existing PR techniques.
classes, so much of the work required to develop a useful chemical It is usually necessary to estimate the expected performance of
pattern recognition scheme is in f'mding a useful combination of the sensor array using only themeasured trainingdata set. We use the
chemical sensors. "leave-one-out" approach [7], where each data point is individually

Surface acoustic wave (SAW) devices thathave been coated with removed from the complete trainingset and examined as a new test
different partially selective films are of current interest for array point by the PR technique. This approachmaximizes the use of the
applications [2-4]. The variety of coatings that can be fabricated available trainingdataandavoids the favorablebias of the results that
suggests the possibility of detecting a wide range of analytes with occurs by including the point that is being classified, This approach
SAW devices. However, coated SAW devices often ,_espond is not always convenient in some PRmethods that requireadditional
nonlinearly and occasionaUy nonmonotonicaUy as a function of computations for each version of the training set with a pointremoved (e.g. retraining a neural net). Fig. lb illustrates how theanalyte concentration [5]. These devices also do not necessarily yield
additive responses to chemical mixtures. Such responses present cluster results are used for the leave-one-out computations. The
severe difficulties for conventional chemome_c techniques, which known class identity of each trainingdata point is compared with the
work well for linear response signals, result inferred from the clustering approachshown in Fig. la. There

We describe a new PR technique which can treat nonlinear and are again three possible cases which can arise: (i) The point isclustered only with other training data of the correct class -- such
nonmonotonic semor responses. The technique is computationally points are correctly identified; (ii) Thepoint is clustered with none ofefficient, provides warning for new data points that are atypical or
that cannot be reliably identified, and requires no user-adjustable the other training data -- these outlier points are too far away from
parameters. We demonstrate the technique with the optimization of other points in the same class for clusteringto occur. Outlier points in
arrays of coated SAW devices for identifying volatile organic the leave-one-out analysis are usually due to inadequatesampling of
compounds (VOCs), organophosphonates and water. VOC detection the class in the parts of pattern vector space near the outliers, and _,:,, ....
and monitoring is of interest for a number of industrial and DOE suggest the need for more training points. However. these can also ,,'_,-_:,
applications[4]and theorganophosphonatesaresimulantsfor resultfromsensormeasurementerrors;(iii)The pointisclustered_,,:_,-.<_
chemical warfare agents [3]. We describe the selection of SAW with other trainingpoints fromone or more classes thatdo not match _ _-.

the correct class. These points identify overhps between classes in _,_.._.'._"_.,:,:
c.oa_g combinations and compute estimates of the expected pattern vector space where the sensor array is unable to reliably ....: ,,.,,,_

'. _..,r_t._., _performance of the arrayson new data. The arraysare developed and . . O,_O- ._.;,_,
g_ITWI_UTIONOF THIS ,qOCUMFNTIS UNLhMIT,_L'! _,.:'_::;
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EXPERIMENTAL PROCEDURES
(a) Pattern Recognition • CUass1

We analyze experimental results from two sets of coated-SAWO Class 2 arrays and analytes. In both studies we make use of only the

x (u) X New Data frequency shifts which result from the uptake of the analyte by the
SAW device coatings. Other measurable responses, e.g. attenuation
[4], are also available for PR, and we will examine these in futureelg

work.

The first set of chemicals includes water, an alcohol
(isopropanol). a ketone (acetone). non-chlorinated hydrocarbons

O (d-limonene, n-hexane, and toluene) and chlorinated hydrocarbons

O O O (CCI4, TCE, and chloroform). These analytes are sensed using SAWdevices coated with ethyl cellulose, polyisobutylene and nation
polymer films. The data are acquired by alternating between a

O chemical-free purge stream and a stream at a constant chemical

Q O O concentration. Chemical concentration is coat.rolled by the relativeflow rates of a chemiral-free mix-down stream and a ,saturated stream
(obtained by passage through a bubbler containing the chemical).
Four concentrations per chemical were obtained. This produced 12

Q O data points for both the chlorinated andnon-chlorinated classes.
The second set of chemicals includes water,organophosphonates

(DIMT, DMMP), a ketone (acetone), aromatic hydr(w.arbons

• q___._X(i) (benzene,toluene), chlorinatedhydrocarbom (CCt4, TCE), aliphatichydrocarbons (cyclohexane, isooctam), and alcohols (methanol,

O O pinacolyl alcohol, n-proponal). These analytes are sensed using SAWdevices coated with nine self-assembled monolayer (SAM) f'dmsand
plasma-grafted polymer films fPGFs). These films and the data

....... acquisition method are described in a companion paper [8]. We
retained 21 points per chemical, with concentrations ranging from

(b) Leave-One-Out Analysis o Class 1 9% to 49% of the saturatic_vapor pressure.

O Class 2
DATAPREPROCESSING FOR CLUSTERING-BASED

PA_ RECOGNITION

It is common for coated SAW devices to yield ranges of
responses that are quite differem in magnitude. In order for each

O • device to have a comparable effect on the class separations in pattern
vector space, the magnitudes of the device responses must be

! l_, • comparable. We equalize the responses of each sensor by a

l _.6(iii) O multiplicative scale factor, so that the largest absolute training data
i of each sensor is unity.response

The coatedSAW sensor responsesand the lengths of the
{ O multivariate pattern vectors generally increase as the chemical

O O O concentrations are increased. This tends to spread the class vectorsaway fromthe origin and each other as the chemical concentrations
are increased. We improve the clusterings of the sensor data by
normalizing the pattern vectors to unit length after the device

O O responses have been equalized. A comparison of PR performance for
the raw andnormalized data are described below.

(i)

(ii) DETERMINATION OF OPTIMAL ARRAYS
O A key element in the successful development of a pattern

re,cognition system is the selection of a useful set of measurements
that can separate the classes in pattern vector space. This corresponds

.._g 1. (a) Illustration of ',,heuse of cluster results for PR. to selecting a set of SAW coatings and a set of chemical
Open and closed circles are training data, x symbols are test comentrations to include in the training set. One might expect that
data. Computed clusterings of test points with training data are arrays with larger numbers of distinct sensor signals, k, would always
indicated by connecting lines. The three cases illustrated are: (i) be preferable for PR applications. This is not m_e for two reasons.

' reco,_aizext; (it) outlier, and (iii) ambiguous or incorrect. Co) From a practical viewpoint, arrays with the fewest devices are likely
Use of cluster results for love-one.out PR analysis on the same to require simpler fabrication and data acquisition procedures. This
training data. The three illustrated cases are: (i) correctly motivates the use of the smallest arrays that provicie the desired
recoga_zed; (it)outlier;, and (iii)incorrect. performance. From a PR performance viewpoint, discriminating

ability peaks and then declines as k is increased beyond
approximately N/'2. where N is the number of training data points per

distinguish chemical identities. Statistics on these three cases for the class. The reasons for this well-known behavior of PR systems are
entire training set provide three separate figures of merit for the discussed in Ref. 7. Here we emphasize that the number of SAW
sensc, array under consideration, i.e, the percentage correctly films that can be usefuUy included in an array is limited by the
identified, the percentage that indicates inadequate training set number of chemical concentrations per class that is included in the
sampling, and the percentage that indicates class overlap. These training data set. This weU-known condition for reliable PR analysis
figures of merit are used here to optimize the selection of the array of arbitrary k-dimensional data is often not satisfied in published
sensors, sensor PR work. We also note that estimates of PR performance that



'" " 'de not remove examined points from the training data when ,-,=y^rr°" ,,,,,n"*=m=za*="ncomputingtheirclassidentities,i.e. thatdonot usetheleave-one-out
• (k approach, will exhibit increasingly perfect performance as k 3o ........... , ................

r" increases.Suchbiasedestimatesarc not representativeof the PR 25 3 Dimensions
pexfotmanccon future data. 84 Total Combinations

For large sets of distinct devices, we must search forthe smallest 20
subsets that produce good separation of the chemical classes of 15
interest in a leave-one-out analysis. We do this directly for the nine
SAMs and PGFs by examining all combinatorial sets of arrays.The 1o
computations are done on a SPAP.C 10 w_kstation. The primary 5

f'_gm'¢of merit we seek to minlmi7e is the percentage of incorrect I.... &t.tt-.da.l., ...... _,=leave-one-outpointsin the dataset.We alsoseek to minimizethe o ............
number of outliers among the array combinations with the smallest (a)
inconectpercentages. The numberofdatapointsperchemicalclass 30 _ ...................

is sufficient to usefully include all of the SAM-coated and 2s _ 4 Dimensions

PGF-coated SAW devices in the array, but we are,interested in 126 Total Combinations20
identifying the smallest subset of devices with the best PR
performance. _5

lO

The leave-one-out results for the ethyl cellulose, polyisobutylene _ twlA-,.|,_ =...............
and nation coatings yield no incorrect points for the class L O (b)
combinations chosen. The locations of the trainingpoints are shown _ 30 .... .... .................... , .........

in the plot of F'tg. 2. Note that this .is one perspective of a ,.-. 5 Dimensions0 25
126 Total Combinations

Nation _ 2o

,_Water 1s
•_ Alcohol lo

Ketone •• 5 ..,._l[]|la=I=..t
o (c)

30 ........... , .......... , .... , ....

2s 6 Dimensions
84 Total Combinations

20

__" Non-Chlorinated o "_L ' _ J

_O 30 40 50/ Hydrocarbons o o lo 2o (d)o o

%0 o® % Incorrect• ==•# • oo
• t •0

Chlorinated Hydrocarbons Fig 3. Histograms of number of arrays vs percentage
incorrect from the leave-one-out analyses for the SAM-coated

Fig 2. One view of a three-dimensionalpatternvector space and PGF-coated SAWs. Panels (a)-(d) show results for arrays
plot of 3-fdm SAW armydata. All of these chemical classes are with threeto six films per an'ay, respectively.
distinguished. The alcohol and ketone classes are seen to
separate when viewed along the nation axis. The 3 types of
chemicals within the chlorinatedand non-chlorinated classes arraysgenerate some incorrect chemical identifications. The overall
are too similar to be distinguished with this array. PR performance improves as f'dmsareadded, and the number of array

combinations exhibiting no incorrect responses is nonzero for four or
moref'flmsinme arrays.Thebestthree-to-six fdm combinationsare

thrcc.<iimcnsionalplot._ resultsshowthatavarietyofchemical [HS(CH2)IoCO_/Cu2+. E.ugenol-30, PIB-PGAA 5+15],
classes can be distinguished using these three SAW coatings. The [HS(CH2)IsCH3. PGAA-PGAA 5+15, Eugenol-30,
ketone and alcohol classes appear to overlap from this viewing PIB-PGAA 1+15]. [HS(CH2)]sCH3. HS(CH2)lsCH3.
orientation, but can be seen as distinct when viewed along the nation PGAA-PGAA 5+15, PGAA-PGAA 5+30, PIB-PGAA 1+15],
axis direction. The three individual chemicals within the chlorinated [HS(CH2)IoCOOH , IIS(CH2)mCOO-/Cu2+, HS(CH2)I5CH3,
and non-chlorinated VOC classes are not reliably separated, so that Eugenol-30, PIB-PGAA 1+15, PIB-PGAA 5+15], respectively (see
additional measurements are needed to distinguish these chemicals, ref. 8 for an explanation of the film abbreviations). Since the
However, more concentration values are required for the individual higher-dimensional results can not be graphically displayed, we show
chemical classes to achieve this improvement, the best three-film case in Fig. 4. This three-film set is not able to

Hgs. 3a-d show the statistics obtained from the nine SAMs and separate all of the chemicals. For clarity, we show only some of the
PGFs.The numberofarmycombinationsthat yields a particularchemicalclasseswhicharenon-overlappinginFig. 4.
percentage of incorrect identifications is plotted for arrays with 3 to 6 Hnally, we have examined the effect of normalizing the pattern
films in Figs. 3a-d, respectively. Again it is seen that aU three-fdm vector lengths on these results. This isdone by computing w,sults with

, ,i _1
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" PIB - PGAA, 5+15 user-adjustableparameters.We usethis techmqueto developsmall
• , , • *.,,_ arrays of thin-film-coated SAW devices which produce optimal PR, performance for distinguishing a variety of volatile organic

• Water _" Iso-octane compout_s, organophosphonates and water. We fred that three-film
arrays are sufficient todistinguish a numberofdistinctchemical

•% _ classes, but are unable to distinguish closely similarchemicals in the
Ol_ t¢ non-chlorinated and chlorinated hydrocarbon classes. For vapor

Methan_ ..,,. ,_, Cyclohexane .concentrations greaterthan 9% of saturation,arrays with as few as 4

2_0_ selected films give 100% correct classification for these chemical
classes and the individual chemicals. In addition, many different• Toluene five-film combiaations give 90-100% ,:orrect identificationS for the

I f individual chemicals.
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CONCLUSIONS

We present a new PR technique for chemical identification using
arrays of microsensors. The technique relies on a new empirical
approach to k-dimensional cluster analysis which incorporates
measured human visual perceptions of difficult 2-dimensional
clusters. The method can handle nonlinear SAW array data, detects
both unexgected (outlier) and unreliable array responses, and has no
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