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An appropriate pattern recognition method has been designed to visually discriminate between crude oils belonging to different geographic origins. Each oil is represented by a circular profile that consists of parameter axes that radiate from the centre like spokes on a wheel. One objective of this approach is to provide an optimum set of axes that will best differentiate one circular profile from another. Several parameters were considered for evaluating the oils: photo- acoustic spectroscopy (PAS), carbon-13 nuclear magnetic resonance (13cNMR, for %C, = aromatic carbon content), high-performance liquid chromatography (HPLC, for unsaturated, aromatic, and polar compounds), initial boiling point (IBP), American Petroleum Institute (API) gravity, and ultraviolet-visible spectrophotometry (for A,,, = maximum ab- sorption wavelength and E,,,, = maximum molar absorptivity). By computerized statistical evaluation, the selected pa- rameters are PAS and HPLC for unsaturated, aromatic, and polar compounds. EDWARD P.C. LAI, REGI D. GIROUX, NAILIN CHEN et RUNDE GUO. Can. J. Chern. 71,968 (1993). On a mis au point une mCthode approprike de reconnaissance des formes qui permet de distinguer visuellement entre des huiles brutes d'origines diffkrentes. Chaque huile est reprCsentCe par une profil circulaire comportant des para- metres axiaux qui s'Ccartent du centre comme les rayons d'une roue. L'objectif de cette approche est de fournir un en- semble optimal de parametres axiaux qui permettra de distinguer un profil circulaire d'un autre. On a considCrC plusieurs parametres pour Cvaluer les huiles : la spectroscopie photoacoustique (SPA), la rCsonance magnetique nuclCaire du car- bone-13 (RMN du I3C, pour le %C, = concentration de carbone arornatique), la chrornatographie liquide i haute per- formance (CLHP, pour les composes insaturks, aromatiques et polaires), le point d'kbullition initial (PEI), la densitk de 1'Institut ArnCricain des PCtroles (API) et la spectrophotomCtrie ultraviolette-visible (pour le A,,, = longueur d'onde d'absorption rnaximale et le E,,,, = absorbance molaire maximale). Sur la base d'une evaluation statistique par ordina- teur, les parametres choisis sont la SPA et la CLHP pour les composCs insatures, aromatiques et polaires. [Traduit par la rkdaction] Introduction Crude oil or petroleum is a complex mixture that consists of many hundreds of different hydrocarbons plus traces of impurities. The hydrocarbons present in crude oil can be di- vided into three main groups: (a) paraffins (or alkanes), which are straight or branched hydrocarbon chains of general for- mula C,rH2,,+2; (b) naphthenes (or cycloalkanes), which are saturated ring structures of general formula C,H,,,; (c) aro- matics, which are hydrocarbons containing one or more benzene rings (C6H6). In addition, there is a fourth type, olefins (or unsaturates), which is formed during processing by the dehydrogenation of paraffins and naphthenes (I). Crude oil also contains small quantities of non-hydrocarbon impurities (oxygen, sulfur, nitrogen, and metals), which are generally present as components of complex molecules pre- dominantly hydrocarbon in character. The complexity of the mixture has been shown by a partial analysis of a crude oil: 37 individual hydrocarbons were isolated from about 16.5% of the total mass of the oil (2). Since crude oil is a very complex mixture, no single measurement can be used for identification purposes. Refinery laboratories are equipped with capillary gas chromatographs and other sophisticated instruments to perform very detailed analyses of the crude oils their plants process. For less critical end uses, how- ever, relatively simple analytical tests are run on the crude and the results of these are used with empirical correlations to evaluate the crude oils as feedstocks for the particular re- finery (1). Alternatively, before making a preliminary pur- chase or environmental decision, some easily measured parameters are needed to give a rough indication of the rel- 'uthor to whom correspondence may be addressed. ative proportions of the different components present and some idea of the physical and optical properties of the crude oil. A great deal of effort has been devoted to the character- ization and classification of petroleum samples. The most reliable methods used more than one analytical technique of data collection and then combined the results into a predic- tion. A wide variety of methods have been suggested for in- terpreting the data collected, ranging from visual analysis to sophisticated statistical or pattern recognition methods. Curtis first used pattern recognition techniques for typing and identification of oil spills (3). Clark and Jurs employed pat- tern recognition methods, based on 13 descriptors charac- terizing their gas chromatograms, to classify crude oils (4). Application of pattern recognition techniques to petroleum pollution research was fust undertaken by Duewer et al. (5). Kwan and Clark also successfully assessed oil contamina- tion in the marine environment by pattern recognition anal- ysis of the paraffinic hydrocarbon content of mussels (6). The subject of pattern recognition involves any attempt at developing descriptions (or models) of phenomena that in some way mimic human thinking. This includes research in the areas of artificial intelligence, interactive graphic com- puters, computer aided design, psychological and biologi- cal pattern recognition, and a variety of others. Computerized pattern recognition would seem to be the best solution for qualitative identification in screening analysis. A computer using artificial intelligence methods can rapidly search large amounts of multivariate data for obscure relationships be- tween, for example, structure and activity (7). Given a spectrum of an unknown to interpret, each pattern recogni- tion procedure attempts to answer a simple question: does the 
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unknown compound belong to any of the structural classes X,, X2, . . ., X,? TO answer this question, previous work must have been performed to parameterize the spectrum such that each of these n structural classes can possibly be iden- tified. In most cases this preliminary step draws upon a database of known spectra representing each of the struc- tural classes. Work is then performed to discover the pa- rameters that will provide the desired discrimination. The manner in which this task is accomplished distinguishes one pattern recognition technique from another. In each case, the process is completed with the calculation of n mathematical constructs (functions, vectors, etc.) that define the region of the plotted space occupied by spectra of each of the struc- tural classes. The pattern recognition approach to auto- mated spectral interpretation effectively distills information from the database into a form (the chosen parameters and the calculated mathematical constructs) that subsequently can be used independently. It defines screening tools that make no effort to identify the specific structure involved and merely try to suggest structural elements that the unknown may contain. A major advantage is that no a priori assumptions are made regarding the spectral information used to distin- guish a structural class. The principal component analysis is often used as a method of reducing the dimensionality of a data set; it can project data from higher dimensional space onto two dimensions for display. A p-dimensional. plot was studied as a pattern rec- ognition approach to represent two groups of infrared spec- tra (8). A set of carboxylic acid spectra was represented as circles, and the spectra of a set of substituted benzenes were depicted as squares. Each spectrum was reduced to a point with p coordinates (i.e., the absorbance in each of p-spe- cific frequency windows; p = 3). If the frequency windows had been chosen such that carboxylic acid spectra yielded different absorbance values than the spectra of substituted benzenes, the p-dimensional plot would reveal a grouping of the spectra according to their respective structural classes. In this way, the chosen dimensions were said to discrimi- nate the spectra of carboxylic acids from those of substi- tuted benzenes. Similar pattern recognition was used to develop a potential method involving high-resolution pyrol- ysis (Py) and gas chromatography (GC) for the detection of carriers of the cystic fibrosis gene (9). The analyses were directed towards three specific goals: (a) finding discrimi- nants that could separate the 72 heterozygote pyrochroma- tograms from the 72 normal pyrochromatograms on the basis of chemical differences between the two groups; (b) study- ing the structure of the Py/GC data to seek obscure rela- tionships with mapping-and-display and clustering methods; and (c) developing the ability to predict class membership of unknowns. One of their ways of looking at the confound- ing eigenvector projections of the data was to plot the 144 pyrochromatograms in a two-dimensional map using the first two principal components derived from their n-dimensional data. Although this pattern recognition approach of dis- criminating between groups showed some order of discrim- ination, the boundaries that divide the groupings were not evident. The presentation of results was difficult to follow because much of the useful information employed for com- ing to such final classifications could not be readily re- trieved. In 1988, Rose-Pehrsson et al. evaluated an array of sur- face acoustic wave sensors as a monitor for the detection of Laser Beam Rubber 0-Rings n 1 n/ - Microphone - Sample Holder m a 1 v Brass Plate TO ock-in Amplifier 2.5 cm Aluminium Cell Body FIG. 1. Photoacoustic cell. hazardous vapours at sub-part-per-million concentrations (10). Each sensor was coated with a sorbent material se- lected to contribute unique chemical information. Bar graphs were first used to display the relative response patterns of eight coatings to nine test vapours and their binary mix- tures. A hierarchical cluster analysis routine, using the Euclidean distance metric and flexible fusion, was then em- ployed for the clustering of mixtures. The y axis of the re- sulting dendogram compared the responses of the coatings to the vapours. Coatings that were fused together by hori- zontal lines lower on the y scale were similar, while coat- ings fused at a higher level were different. Finally, visual display of the large data matrix of coating responses to the vapours and mixtures was simplified through the use of cir- cular profiles. A circular profile consisted of pattern vectors that were drawn as axes radiating from a centre like spokes on a wheel. The length of each axis depended on the re- sponse of one sensor to a vapour. The open ends of adjacent axes were next connected by lines to form a polygonal fig- ure. The present work was aimed at discriminating one crude oil from another using circular profiles as the pattern rec- ognition method of choice. Several parameters were con- sidered for constructing the circular profiles of crude oils. They were photoacoustic spectroscopy (PAS), carbon- 13 nuclear magnetic resonance (I3c NMR, for %C, = aromatic carbon content), high-performance liquid chromatography (HPLC, for unsaturated, aromatic, and polar compounds), initial boiling point (IBP), American Petroleum Institu- tion (API) gravity, and UV-visible spectrophotometry (for A,,,, = maximum absorption wavelength and E,,,,,= maxi- mum molar absorptivity). Experimental Photoncoustic spectroscopy A schematic diagram of the photoacoustic cell is shown in Fig. 1. A crude oil sample (60 pL in volume) was deposited on a sam- ple holder made of grey rubber (1 3 mm diameter, 3 mm height) so as to form a 5 nun diameter oil drop. The loaded sample holder was 
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CAN. J. CHEM. \ Frequency G e n a1 Chopper K M i r r o rm--- Sample Cell Microphone , Computer Amplifier FIG. 2. Experimental setup for PAS measurements. Wavelength (nm) FIG. 3. UV-visible absorption spectra of crude oils A and C (0.1% by weight in toluene), which are dark brown in color. TABLE 1. PAS signals (mean + standard deviation, n = 6) for crude oils A-G and Castrol XRL 10W-30 motor oil PAS signals (KV) Crude oil Top layer Reference Bottom layer A 28.3 + 1.0 43.1 + 1.9 29.0 + 0.8 B 24.7 + 0.9 43.2 + 1.2 24.6 + 0.7 C 41.3 + 0.9 42.5 + 1.4 D 37.6 + 1.6 43.4 + 1.6 E 44.6 + 0.5 43.3 + 1.3 F 48.5 + 1.0 44.2 + 0.9 G 44.2 + 0.4 44.2 t 0.6 Castrol XRL 0.0 t 0.0 44.7 + 0.1 placed in the acoustically closed cell (2.5 cm inside diameter, 1.5 cm depth), sitting in a constant position relative to a sensitive microphone (Olympus Optical ME6, Tokyo, Japan). PAS mea- surements of the crude oil were attained by setting up the cell in the experimental arrangement shown in Fig. 2. A He-Ne laser beam (Spectra-Physics 157-1, 632.8 nm, 17 mW, 1.5-mm spot size), mechanically chopped at 32 Hz for optimum experimental pho- toacoustic signal-to-noise (considering the f -' dependence of the PAS signal amplitude, signal saturation effects, the microphone transfer function, acoustic resonance of the sample cell, and the characteristics of background noise), was directed down onto the cell. Absorption of laser light by the sample generated a photoa- coustic signal, which was detected by the microphone. The mi- crophone output voltage was processed by a lock-in amplifier (Stanford Research Systems 5 10, Sunnyvale, Calif.). A special computer program (stanford Research Systems 565) calculated and optimized the phase angle for the measurement of the signal am- plitude. The PAS system was initially calibrated by using neutral density filters of known optical densities in the incident light path. A plot of PAS signal amplitude for a piece of black rubber (13 mm diameter, 3 mm height) versus laser power (from 3 mW to 18 mW) verified the linearity of the system response. PAS sig- nals were then recorded for the seven crude oils under investiga- tion. The reduced crude oils were obtained from Imperial Oil Enter- prises Ltd. (Sarnia, Ont.). Crude oils A and B are originally from Nigeria and Saudi Arabia, while oils C-G are from Venezuela. A Pasteur pipette was used to collect the oil samples from their glass containers. For oils A and B, samples were taken from the top and bottom layers of the bulk. Each sample measurement was re- peated six times to determine its reproducibility. As for crude oils C, D, E, F, and G, measurements were repeated six times for the top layers only. New Castrol XRL 10W-30 motor oil was also measured to serve as a blank, while the piece of black rubber was used as a reference for normalization of the signals from the seven crude oils. UV-visible specrrophorometry Crude oils A-G were weighed out directly in volumetric flasks and dissolved in chloroform to give concentrations on the order of 10.0 + 0.2 p,g/mL. From a UV-visible spectrophotolneter (Perkin- Elmer Lambda 4B, Norwalk, Conn.), the maximum absorption wavelength (X,,,,,) and maximum molar absorptivity (E,,,,,) of each oil solution were measured. HPLC Hydrocarbon class fractionation of crude oils was achieved with HPLC (1 1). The crude oils were dissolved in chloroform and ul- trasonicated for 3 min to prepare 5.0 mg/mL sample solutions. Separations into unsaturated, aromatic, and polar compounds were performed on a Whatman Partisil-10 PAC column (Maidstone, England) using a Perkin-Elmer Series 4 liquid chromatograph and a Dionex VDM-1 variable-wavelength absorption detector (Sunnyvale, Calif.) operating at 254 nm. Retention data of model compounds were first produced to calibrate the retention charac- teristics of the HPLC system. With 5%:95% ch1oroform:heptane as the mobile phase at a flow rate of 2.0 mL/min, unsaturated compounds eluted first, followed by an envelope of aromatics. Polars were retained on the column but could be stripped by back- flushing the system with 95%:5% ch1oroform:heptane at 8 min after the aromatics had eluted. Before the next sample was in- jected, the column was equilibrated with 5%:95% chloroform: heptane over 3 min or more to allow the absorbance baseline to return to zero. I3C NMR Quantitative '" NMR analysis of the crude oils was performed in the Department of Chemistry, Carleton University, according to previously reported procedures (1 1-14). Samples were prepared in the following ratio: 2 mL of crude oil, 1 mL of CDC1, containing 1% TMS, and 50 mg of paramagnetic chromium(aetylacetonate)to serve as a relaxation agent. All spectra were obtained on a Varian Gemini spectrometer (Mississauga, Ont.) operating at 200 MHz in the pulse Fourier transform mode. A pulse width of 90" was used and free induction decay (FID) data were acquired over 1.023 s after each pulse. Full proton spin decoupling was gated off during the delay between pulses of 10 s. As many as 1000 scans were accu- mulated in the 10-60 ppm and 120-160 ppm characteristic shift ranges and integrated three times. After result averaging, the 120- 160 ppm integral was expressed as a percentage of the total inte- gral to yield a value of %C, (aromatic carbon content). Other parameters The other two parameters used in the present pattern recogni- tion study, IBP and API gravity (=141.5/specific gravity at 
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TABLE 2. Vector matrices for crude oils A-G PAS NMR HPLC, HPLC, HPLC, IBP API UV, uv, U = PAS (in kV) NMR (%CA) HPLC (unsaturated, in arbitrary units x lo6) HPLC (aromatic, in arbitrary units x lo6) HPLC (polar, in arbitrary units x lo6) IBP (in "C) API gravity (") UV-visible (A,,,, - 200, in nm)" UV-visible (E,,,,,, in L g ' cm-') "The A,,,,, values have been subtracted by 200 to obtain differential values from a ref- erence wavelength. Flc. 4. Nine-parameter circular profiles for crude oils A-G. See Table 3 for the new designations 11-19, TABLE 3. Standard deviations of the nine parameters as analyzed 60B0F - 131.5) of the total crude, were supplied wlth the crude oils by SPSS individually by Imperial Oil Enterprises. Variable Parameter Mean Stan. Dev. %RSD Results and discussion I1 PAS 38.36 8.81 22.97 Photoacoustic specti-oscopy I2 NMR (%CA) 21.29 1.11 5.21 Photoacoustic spectroscopy offers a simple and fast I3 HPLC (unsaturated) 37.9 1 6.19 16.33 screening analysis of crude oils. This method is based on the I4 HPLC (aromatic) 30.74 23.81 77.46 formation of acoustic waves from a sample under irradia- I5 HPLC (polar) 35.40 7.33 20.71 tion by modulated light (15). After absorption of radiation, I6 IBP 28.86 2.73 I7 API gravity 29.64 2.56 9.46 nonradiative relaxations are responsible for heating the 8.64 I8 UV-vsible(A ,,,,,) 41.26 0.98 2.38 sample. Part of the thermal energy is transferred through the I9 UV-visible (E,,,,,) 37.13 7.5 1 20.23 sample surface to the gas (e.g., air) contacting the sample. Periodic heating of the gas causes variation in its pressure, 
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CAN. J. CHEM. VOL. 71, 1993 TABLE 4. Correlation matrix among 11-19 "The minus sign means that the two parameters involved are inversely correlated. 'The asterisk indicates that a correlation exists between the two parameters involved (with a 5% probability that such correlation occurs by chance). FIG. 5. Five-parameter circular profiles for crude oils A-G, using only 11, 13, 14, 15, and 19. which is detected by a sensitive microphone to produce a voltage signal. A PAS spectrum may be obtained by re- cording the microphone signal as a function of the incident wavelength. The characteristic feature of PAS compared to conventional absorption spectrophotometry is that the PAS signal depends on both the optical properties and the ther- moelastic parameters of the sample. The sample thickness contributing to surface heating and thermal gas oscillations is given by L = 2(a/')"', where f'is the modulation (or chopping) frequency and a is the sample's thermal diffusiv- ity (e.g., a = 9.1 X cm- s-I for n-octane). Since the modulation frequency was set at 32 Hz for optimum signal- to-noise, the sample thickness contributing to surface heat- ing was L = 2(3.1416 X 9.1 X cm' s-'/32 HZ)"' = 0.2 mm. Therefore only a small oil drop (60 pL in volume, 5 mm in diameter) was required to obtain a good PAS sig- nal for reproducible measurement. Crude oils vary in color from light yellow, green, red, brown, to black (16). The darker browns and blacks are caused by the asphaltic-resinous material in the crude oil. The majority of the colors are due to molecules with aromatic character that have large T-electron systems, such as found in the condensed ring compounds or the polyunsaturated al- kanes with aromatic groups attached where the T electrons are conjugated. The extent of the conjugation affects the color and, as the size of the conjugated electron system grows, the color of the compound moves from the ultraviolet, eventu- ally extending into the visible spectrum (see Fig. 3). In this work, PAS measurements were made at a wavelength of 632.8 nm, which is in a region of weak optical absorption by the oils, to prevent signal saturation (17) without the need for sample dilutions. In accordance with the theory of pho- toacoustics, the onset of signal saturation occurs at an ab- sorption coefficient of Po,,,, = (.rrf'/a)'/' == 3 x 10' cm-I under the given experimental conditions (18). As long as the absorption coefficients of the crude oils at 632.8 nm fall below this value, no signal saturation would occur and the linear dynamic range (i.e., discriminating power) of PAS would be maximized. The results of PAS measurements on crude oils A-G and Castrol XRL IOW-30 motor oil are shown in Table 1. After each oil was measured, a reference signal was obtained from 
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FIG. 6. Four-parameter circular profiles for crude oils A-G, using only 11, 13, 14, and 15. a piece of black rubber to check if the PAS sensitivity re- mained constant. Firstly, the negligible PAS signal ampli- tude obtained for new Castrol XRL motor oil indicated that no laser energy was absorbed by the sample holder under the clear oil, in accordance with the contribution of the sam- ple thickness to surface heating discussed above. Measure- ments were next obtained for both the top and bottom layers of oils A and B, in order to determine if oxidation of the top layers had occurred over a storage period of 2 years in capped containers. A Student's t-test was conducted to compare the PAS signal amplitudes for the top and bottom layers of each oil. The result showed that the two layers were significantly different only at the 50% confidence level for oil A and below 50% for oil B. This suggested that there was no significant difference in PAS signals between the top and bottom lay- ers of either oil. Consequently, PAS measurements of the bottom layers were discontinued for the other crude oils. As shown in Table 1, the dissimilar PAS signals (mean 2 stan- dard deviations, n = 6) for the seven crude oils clearly demonstrate that PAS is a sensitive method that is capable of differentiating one crude oil from another. It was there- fore used as one of the nine parameters in the pattern rec- ognition analysis as described in detail below. Pattern recognition The nine parameters employed for pattern recognition analysis were PAS, I3c NMR (for %C,), HPLC (for unsat- urated, aromatic and polar compounds), IBP, API gravity, and UV-visible spectrophotometry (for X,,, and E,,,). The HPLC and X,,,, data for each oil were scaled down to the order of lo2, to compensate the effect of differing measure- ment magnitudes and to allow easy comparison with the other data. The scaled data may now be considered as the ele- ments of a vector matrix U as illustrated in Table 2. Figure 4 shows the corresponding nine-parameter circular profiles for the crude oils. Each circular profile is constructed by drawing nine axes from a central point. Each axis repre- sents the measurement of one parameter, although it does not include any information about experimental errors or mea- surement uncertainties for the sake of clarity in visual char- acterization. The order of the nine measured arameters in the circular profile follows the order of parameter place- ment in the vector matrix U given in Table 2, with the PAS measurement starting as the upper vertical line in the 12 o'clock position and the other measurements following a clockwise direction. The angle between each pair of adja- cent axes is equal to 360" divided by the number of param- eters. Thus fa< both the selection ofthe nine arameters and the order of their arrangement in the circular profile are ar- bitrary. Nevertheless, these circular profiles show clearly both dissimilarities and similarities that exist among the seven - crude oils. Although the nine-parameter circular profiles were satisfactory as discrimination patterns for the crude oils, the determination of nine parameters for each oil was time con- suming, costly, and probably redundant in chemical infor- mation. Therefore a more concise circular profile should be derived by removing all those parameters that either are not very sensitive to different crude oils or can be expressed as a linear combination of the other parameters. The most appropriate and effective technique for quali- tative identification of the best parameters is computerized statistical evaluation. By using the Statistical Program of the Social Science (SPSS) at Carleton University on a UNIX system, relative standard deviations (%RSD), a matrix of correlation coefficients, and a multiple linear regression analysis were obtained for the nine parameter values. Table 3 shows the new designations and the standard deviation re- sults from the SPSS analysis of the nine parameters individ- ually. To construct a circular profile or any recognition pattern that discriminates between different oils, the se- lected parameters should ideally have the largest %RSD1s. A large %RSD indicates that the parameter is sensitive to the different oils as the magnitudes of the measurements vary significantly. According to Table 3, I4 had the largest %RSD, followed by 11, 15, K9, and 13. It is notable that 12, 16, 17, 
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974 CAN. 1. CHEM. VOL. 71, 1993 and I8 had relatively low %RSD's, which indicated that these four parameters were not sensitive to the different oils and were therefore reasonable candidates to be removed from the nine-parameter circular profiles. Since I8 had the lowest %RSD, it could be rejected immediately. Further rejection of parameters could be achieved by sta- tistical considerations of linear dependency. Table 4 shows a matrix of correlation coefficients for the nine parameters, which investigates the interdependence of the measure- ments. Values greater than 20.750 are considered highly correlated and are denoted by an asterisk to indicate that the two parameters being compared are linearly dependent on one another. In terms of pattern recognition, this signifies simi- larity as opposed to dissimilarities. If a parameter is depen- dent on or is a linear combination of other parameters, its use in pattern recognition is no longer important as it will only reflect similarities in the circular profiles. It can be seen in Table 4 that a high degree of correlation existed between I1 and 12, I1 and 16, I1 and 17, as well as I1 and 19. The pa- rameters 12, 16, and I7 were therefore linearly related to I1 and were rejected from the circular profiles. As a result, a five-parameter circular profile was left behind, consisting only of 11, 13, 14, 15, and 18. In constructing the five-pa- rameter circular profiles shown in Fig. 5, the order of pa- rameter arrangement in the clockwise direction followed a decreasing value of the parameter's %RSD (see Table 3). I4 had the largest %RSD and was therefore drawn as the upper vertical line (in the 12 o'clock position). Next, I1 had the second largest %RSD and was drawn to the right of 14, and SO on. As an additional observation from Table 4, I9 seemed to be highly correlated to as many as four other parameters. From a computerized least-squares multiple linear regres- sion analysis, I9 was found to be 88.4% expressable in terms of I1 and I4 with a 1.4% probability that such correlation occurred by chance. The linear combination expression was Consequently, 19 was later removed from the five-parame- ter circular profiles. Figure 6 shows the new four-parameter circular profiles for crude oils A-G. These simple four-pa- rameter circular profiles still retain the capability for com- puterized discrimination among the seven crude oils (which cannot be actually identified by visual inspection because of the similarity in their dark brown colors). No two oil types are without distinguishable qualities, and subtle differences among the oils are qualitatively enhanced when the four pa- rameters combine to obtain an overview of every circular profile. Note that the reduced set of four selected parame- ters (11 = PAS, I3 = HPLC for unsaturated compounds, I4 = HPLC for aromatic compounds, and I5 = HPLC for polar compounds) were established for the crude oils pre- sented here; they are not invariant if either different or ad- ditional oil types are studied. Although a computerized analysis greatly reduces the number of parameters for use in a circular profile, the final desired number will always be a personal choice. Usually a greater number of oil-sensitive parameters will give a better (or more accurate) pattern rec- ognition. However, due to the time requirements and cost of multiple analyses, an optimum number of parameters must be reached in order to ensure the effectiveness of screening analysis (by visual evaluation of patterns) without produc- ing redundant analytical information. Further reduction from four parameters to three was not considered because the next questionable parameter, 13, was actually generated simul- taneously with I4 and I5 in one single HPLC determination. Conclusion Pattern recognition in the form of multivariate circular profiles has been shown to be an effective method for the screening analysis of crude oils. Circular profiles con- structed from four statistically selected parameters could successfully discriminate between the seven crude oils (A from Nigeria, B from Saudi Arabia, and C-G from Venezuela). Computerized statistical analysis really makes this pattern recognition an effective technique for chemical characterization and classification. In order of decreasing sensitivity to oil differences, HPLC (for aromatic com- pounds), PAS, HPLC (for polar compounds), and HPLC (for unsaturated compounds) represent the best of the nine pa- rameters studied in differentiating the crude oils. Particu- larly, PAS is now established as a useful technique that facilitates the fast screening analysis of crude oils. It does not require the preparation of sample solutions; the measure- ment can be made directly on neat oils in less than 5 min, each on a separate disposable sample holder. Since the PAS signal is apparently a function of so many undefined (and undefinable) variables, no special efforts were made to re- late the signal to the other parameters. Although this work demonstrates the usefulness of circular profiles as applied to a small number of samples only, the method could serve as a powerful tool in reducing massive amounts of data to meaningful analytical information. Finally, further devel- opment of this work would include selective OH- chemical ionization mass spectrometry to provide positive identifica- tion of the geographical area of origin and to possibly iden- tify the individual oil fields (19). Acknowledgements This work was funded by the Natural Sciences and En- gineering Research Council of Canada. A GR-5 grant from the Faculty of Graduate Studies and Research, Carleton University, is gratefully acknowledged. The authors thank Gerry Buchanan and Keith Bourque for performing the NMR analysis. 1. J.H. Gary and G.E. Handwerk. Petroleum refining, technol- ogy and economics. Marcel Dekker, New York. 1984. pp. 17- 20. 2. S.W. Bennett. Principles of chemical processes. Open University Press, Great Britain. 1975. pp. 25-28. 3. M.L. Curtis. Use of pattern recognition techniques for typing and identification of oil spills. NTIS Acc. NO. ADA 043802. 1977. 4. H. A. Clark and P.C. Jurs. Anal. Chem. 51, 6 16 (1 979). 5. D.L. Duewer, B.R. Kowalski, and T.F. Schatzki. Anal. Chem. 47, 1573 (1975). 6. P.W. Kwan and R.C. Clark, Jr. Anal. Chim. Acta, 133, 151 (1981). 7. A. Byers and W. Persone. Anal. Chem. 55, 615 (1983). 8. G.W. Small. Anal. Chem. 59, 535 (1987). 9. J.A. Pino. Anal. Chem. 57, 295 (1984). 10. S.L. Rose-Pehrsson, J.W. Grate, D.S. Ballantine, Jr., and P.C. Jurs. Anal. Chem. 60, 2801 (1988). 
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