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INTRODUCT I ON

N
The classification of multicomponent petroleum oils (crude oils ,

lubricants , distillate and residual fuels) solely by their infrared

absorption spectra is a difficult task. Crude oils alone include a

phenomenal variety of systems , from heavy asphaltic crudes to light

crudes that are similar to a No. 2 fuel oil. Furthermore , the dis-

tinctions between classes of fuel oils (i.e., Nos . 1, 2, 4, 5 and 6

fuels) are based upon ASTM specifications for continuous properties

such as flash point and viscosity. In South Florida , for examp le ,

local fuel oil suppliers meet requests for Nos. 4 or 5 fuel oils by

blending together appropriate proportions of Nos. 2 and 6 fuels.

In order to reduce the amount of sampling required in the event

~f an oil pollution incident , it would be useful to be able to initially

classif y the pollution sample into one of the above groups. Infrared

spectroscopy has been promoted as a useful analytical technique for oil

classification and identifications , since it does provide some informa-

tion on the aliphatic , aromatic , polynuclear aromatic , carbonyl , and

organosulfur composition of an elI 4.Lio43.. Infrared spectra have been

used in previous efforts to distinguish asphalts from residual fuels

4.~’7, and to provide a tool for “fingerprinting ” oils f~-r34. Kawahara

et al. 44~~app lied linear discriminant function analysis (LDFA) to

their infrared data G~~~to make the binary distinction between e,~~~alts

and residual fuels. 
~
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The problems of fingerprinting and classification are distinctly

different , and will not necessarily involve the use of the same set of

variables (absorption bands). For example, an absorption band that

exhibits a low variance within each group , but a wide range of values

over all groups taken as a whole (the “training set”), may be useful in

a classification scheme , but could lead to an incorrect match in a

f ingerprinting situation . Table 1 lists the absorption bands consid-

ered by Kawahara (1), Mattson (2), and Lynch and Brown (3) in their

previous investigations, as well as all of the absorption bands consid-

ered in this study .

In this study using primarily unweathered oils and a high—resolution ,

sophisticated computer—spectrometer system, the primary considerations

were those of variable selection , experimental precision , and choosing

between parametric and nonparametric pattern recognition techniques for

the discrimination of six classes of oils. Pattern recognition is not

new (5), but its application to chemical analysis is (6—10). T~o power-

ful nonparametric pattern recognition techniques, learning machine and

K-nearest neighbors (KNN), have been applied to both mass and infrared

spectra . For a review of the learning machine technique, the reader

is referred to Jurs and Isenhour (11,12) ,  while the KNN approach is

described In the recent review by Kowalski (13). The classical pattern

recognition technique, linear discriminant function analysis (LDFA),

Is based upon an assumption of multivariate normal statistics within

each class , and is discussed in detail elsewhere (14,15).

Efforts to apply pattern recognition techniques to chemical data

have been centered to a large extent on major differences between groups;

i.e., using mass spectral or infrared data to distinguish between carbonyl

—4—



TABLE 1

Infrared Absorption Bands Used for Pattern Recognition

Studies of Petroleum Oils

Kawahara (1) Mattson (2) Lynch and Brown (3) This Study

cm ’ cm ’ ls cm 1 ± 2.5  cut 1 cm 1’ isp p

1 — 1694 ~ 7 .5  — —

2 — — — 1629 ± 1.9
3 1.600 1600 ± 3.3 — 1603 ± 5.6
4 — — — 1 5 1 8 ± 2 . 0
5 1460 1456 ± 3.2 — 1656 ~ 5.4
6 1375 (1375) a — 1376 ± 1.4
7 — (],309)

a 
— 1304 ± 1.2

8 — 1168 ± 6.8 1160 1166 ± 2.0
9 — — 1145 1154 ± 2.0

10 — — 1070 —
11 1027 1034 ± 2.8 1.020 1.032 ± 1.0

12 — — 955 963 ± 2.9
13 — — 915 918 ± 0.7
14 — — 890 888 ± 1.1
15 870 874 ± 3.4 870 870 ± 1.4
16 — — 845 846 ± 1.4

17 — — 835 832 ± 0.6
18 — — 820 —
19 810 814 ± 2.6 805 ,810 809 ± 1.6
20 — — 790 793 ± 1.6
21 — — 780 781 ± 2.0
22 — — 765 , 770 765 ± 1.8
23 — 747 ± 2.8 740 741 ± 2.4
24 720 725 ± 2.6 720,725 722 ± 1.5

25 — — 695 697 ± 1.7

26 — — — 673 ± 1.1

Total 7 11 18(21) 23

aPea~~ not used in fingerprints

—5—
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and non—carbony l—containing compounds. In addition , the original data

have usually been derived from data files (Sadtler infrared spectra or

API Project 44 mass spectra), and have been reduced to binary (peak!

no—peak) or other simplified intensity formats.

For this investigation , it was apparent from the outset that the

prediction of classes which are distinguished by different ranges of

continuous properties (viscosity, flash point), not to mention the

continuum of crude oil characteristics overlapping almost the entire

rangc of fuel oils , is quite apart from the problem of identifying the

presence or absence of a functional group.

EXPERIMENT AL

Trarsmission Infrared spectra of 204 samp les of oil were obtained

using both precision sealed and demountable K3r cells with cell path-

lengths from 0.09 to 0.15 am. The spectra were obtained with a Data

General NOVA cotnputer/Perkin—Eluter 180 spectrometer system which has

been described elsewhere (16), recording spectra from 2000 to 650 cm’
~

in 1 cm~~ intervals, with a spectral slit width of 1.0 + 0.2 cm ’.

The spectra were smoothed with a 21—point quartic smooth (17), normalized

to a 0.10 mm pathlength , and stored on cassette tapes.

Of the 204 samples, 182 were fresh and unweathered lubricating oils

(10), #2 fuels (30), diesel fuels (30), #4 fuels ( 12), #5 fuels (10),

#6 fuels (28) and crude oils (62). The other 22 samples were waste

automotive crankcase lubricants , obtained from service stations in the

?‘iam I, Florida area. All samples were stored at Soc from the time of

receipt to the t ime of analysis. The 182 fresh samples were analyzed

neat ; the 22 waste lube. were centrifuged for one hour at about 35°C

—6—



to remove water and particulate matter. Table 2 lists the origins of

the 204 oils where known.

Replicate analyses, carried out to determine the analytical variances

for each variable , consisted of six analyses each of a no. 6 fuel, a

no. 2 fuel , and a Kuwait crude. These three samples were American

Petroleum Institute “pool ” samples , obtained from the Department of

Biology , Texas A&M University.

The use of a computer—interfaced Perkin—Elmer 180 assures that

the analytical precision measured with this instrumentation would repre-

sent the best case possible for commercially available dispersive

spectrophotometer systems . Thus, the results described in this report

are a “best possible” case, and any effort to extend the results to a

lower resolution instrument , or to a less sophisticated method of data

reduction , will degrade the reliability of the method . Figure 1

graphically illustrates the reproducibility of the analytical technique.

Six Kuwait crude replicates are plotted in Figure 1, one on top of

another. These six spectra are completely independent analyses , not

just six scans taken after filling the cell once. Only slight differences

are apparent even to an experienced observer, but these differences are

quantifiable and significant to the computer , and are particularly

important when one considers the problem of matching infrared patterns

in “fingerprinting”.

VAR IABLE AND BASELINE SELECTION

Table 1 lists the frequencies of infrared absorption bands used in

previously reported oil identification studies. Kawahara (1) employed

the seven bands listed in Table 1 in various nonlinear combinations,

—7—



TABLE 2

NO. 2 FUEL OIL

Description Oil #

1. Amoco — 032 (USCG) 11

2. Gulf Blended No. 2 13

3. Conoco — 016 (USCG) 14

4. Exxon - 057 (USCG) 15

5. Shell — 010 USCG ) 16
6. Gulf Straight Run No. 2 17

7. API “Pool” No. 2 18

8. Texaco — 019 (USCG) 19

9. Union — 005 (USCG) 20

10. CH—012—F02 Baltimore , Maryland 73

11. GU—080—F02 74

12. ST—Ol0—F02 Toledo, Refinery 75

13. AM—035—F02 76

14. SU—023—F02 Tulsa, Refinery 77

15. BP—O0l—F02 78
16. M0—014—F02 79

17. ST—005—F02 Lima, Ohio 80

18. EX-Oll—F02 Bayway Refinery , Linden, New Jersey 81

19. SU—005—F02 Toledo Lab 82

20. AN—013—FO2 83

21. MO-008-F02 84

22. IN—095—PO2CG City Coal Co., New London 85

23. MA—003—F02 86

24.. CI—006—F02 87

25. AR—022—P02 Houston, Texas Refinery 88

26. TX—030—F02 Louisiana Plant 89

27. HE—005—702 Hess, Groton, Connecticut 90

28. TE—003—Y02 Chalmette, Louisiana 91

29. GU—031—P02 92

30. GE—004—F02 93

—8—



TABLE 2 (cont.)

DIESEL OILS

Description Oil #

31. AR—013—D02 12
32. IN -1 20— D O2CG CCC Evergreen , New London 94

33. ST—003—D02 Lima , Ohio 95

34 . EX—ObO—D02 O ’Sullivan , New Haven 96
35. EX— 064—D02 97

36 . iJN—013—D0 2 98

37. CO— 023 — D02 Wirtlake , Louisiana 99

38. P}I—003—D02 Sweeny Refinery 100

39. IN—017—DO2CG CGC Point Knoll 101

40. SH—038—D00 102

41. ST—009—D02 Toledo , Ref inery 103

42.  AN— 0l6 — D 0 O 104

43. SK— 00 3—DO 0 105
44.  UN— 00 2—D0 0 106

45. EX—044-DO0 107

46. GE— 007 —DO 0 108

47. M3—009—DO0 109

48. TX—03 2—D OO Lockport , Illinois 110

49. GE—008—D00 • ill

50. CH-Ol O—D00 El Paw , Texas 112

51. CI—0 08—D O 0 113
52. ST— 002—DPM Lima , Ohio 114

53. EP—02l—DOX Farm Bureau Ref., Mt. Vernon , m d .  115

54. EP—024 -.DOX 116

55. TX—0l5—DOM 117

56. EX-O83—D~1 Bayway Ref., Linden , New Jersey 118

57. GU—075—MOD 119

58. IN-003-MODSB USN Sub Base , Groton 120

59. EX-006—MDF 121

60. AS—009-.MDF 122
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TABLE 2 (cont.)

NO. 4 FUEL OIL

t~~~~ri~~L i n  Oil II

1. Ai:~~~~o; Wh i ’ ing, Indiana 21

Ch~ vron ; El Paso , Texas 22
3. Exxon—O16 (USCG) 23

lnd— 016 (USCG) 24

5. Sohio; Toledo , Ohio 25

~~~. Sunoco—021 (U~ CG) 26

7. ;ulf “4 27

8. ‘ nion—00 4 (USCG) 28

~~~. CH—O 1I—F04 123

10. EX—079—F04 124

11. EX—O45--F04 125

12 . L~—O ”9— FO4 126

—1 0—



TABLE 2 (cont.)

NO. 5 FUEL OIL

Description Oil #

1. Amoco Li gh t  No. 5 (USCG) 29

2 . Amoco—O29 (USCG) 30

3. Amoco—03 6 (USCG) 31

~~ . Ashland-OO1 (USCG) 32

5. Exxon—O17 (USCG) 33

6. Gulf Venezue l an No. 5 34

7. Gulf Navy Special No. 5 35

8. Sohio; Toledo , Ohio 36

9. GU—O32—F05 127

10. GU—058—F05 128

— 11—



TABLE 2 (cont.)

NO. 6 FUEL OIL

1 . Am cco—02~’ (U SCG) 37
2. Gul’ B1~~nded N~~. 6 38

3. A~~l ‘‘Pool’’ Ne 39

Conoco—O 17 (
~‘~ c~~ 40

~xxen—O~)7 (USC G) 4 1

Gui t Lx t  ra Ih~~~r.’ N o .  42

7 . lnd—0O1 (USCG) 43

She ll; ~
‘ ud Rive r , I l l ino is 44

~~~~ Lui f Straight Run ~e . ~ 45

10. Toxaco—017 (15CC) 46

1;. IN—~
)i5—FO6 DA 129

12. EX— 082—F06 130

13. ~tA— O 4 — F U 6  131

~~ AN—~~’.5—FO6 
• 

• 
132

1~~. ST—012—FO 6 133

lh . CO-~~22~ FO6 • 
134

17 . SH-04 5-FOb 135

l~~. BP-0O2_~ O6 • 
136

l~~. ST-0O7-H)~ 

• 

137
20. GE—002—F06 • 138

2 1. GL-034 - F06 139

22. GU—033—F06 140

23. TX— 025—F06 141

23. CI—0O7—FO6 143

2 5. TX —0 26 — FO 6 144

26. MO—O1O-F06 145

27. CH—007—F06 146

28. AS—0O2—F06 147
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TABLE 2 (cont.)

CRUDE OILS

De’.c ri ption Oil ~

1. Anchorage Basin , Alaska , Marathon 47

2.  S. •~rabian Light . Ar co 48

3. S. Arabian Heavy , Gulf 49
3. S. Arabian Medium , Gu lf  50
5. C.ieta , Venezuela , Gu lf 52
b~ Cotton Valley , Louisiana , Bureau of Mines 53

7. Emeraude , Congo . Exxon

8. Fairway Field , Texas , Shell 55

9. Huntington Beach , California , Gu l f  56
10. Jay Field , Flo rida , Bureau of Mines 58

11. Jay Smackover , Fl orida , Gulf 59
12 . Kern River , Cal i f orn ia , Shel l  60
13. Kuwait , API “Pool ” , Texas A&M 61

ltd . Laro sa , Venezuela , Exxon 62

15. LIbya , Gu 1f 63

lb .  Opelika Field , Texas , Shell 64
17. Orcut t  Field , C a l i f o r n i a , Shell 65
H. Forrest ~y ., Pennsy~ vania , EPA 66
19. Pennsylvania , Gulf 6 7.
20. S. Tyler  Field , Texas , Shel l  68
21. Ut ah , Gulf 69
22.  West Texas , Gulf  70

23. Wilmington , Cal i forn ia , Gulf 71
24 . S. Louisiana , API “Pool” , Texas A&M 72
25. Missouri , East Stutesbury , Bureau of Mines 148
26. Alaska , No r th Slope , Conoco 149
27. Arkansas , Wesson Field , Bureau of Mines 150

28. Australia , Halibut , Amoco 151

29. Montana, Bell Creek , Bureau of Mines 152

30. Algeria , Zarzaitine , Conoco 153

31. Peru , Union 154
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TABLE 2

CRUDE OI LS
(Continued)

Desc r ipt ion Oil 1/

32. Saudi Arabian Light , Exxon 155

33. Dubai , Fatein , Exxon 156

33 . Sumatra , ~tinas, Texaco 157
35. Wyoming,  Recluse , Bureau of Mines 158
36. E g y p t , El Morgan , Bureau of Mines 159

37. North Sea , Ekofisk , Conoco 160

38. Colorado , Julesburg, Conoco 161

39. Kansas , Bartlett , Bureau of Mines 162

40 . Tr inidad , Amoco 163

41. New Mexico , Justis , Bureau of Mines 164

42. Mississippi , Moxie, Bureau of Mines 165

43. Oklahoma, SW Enville , Bu reau of Mines 166

44 . Nigeria , Gulf 167

45. I ranian Heavy , Gulf 168

46. Abu Dh ab i , Exxon 169

47.  I raq , Bas rah , Exxon 170

48. Alabama , Cit ron ella , Gulf 171
49. Lib ya , Brega , Gulf 172

50. Alaska , Prudhoe Bay , Exxon 173

51. Venezuela, W. Mara , Gulf 174
52. Canada , Manyberries, Shell 175

53. Michigan , Clare County , EPA 176

54. Louisiana, Offshore , Gulf 177

55. Ecuador , Oriente , Exxon 178

56. Kuwait , Gulf 179

57. Iranian Light , Shell 180

58. Canada, S. Chavan , Sheil 181

59. Cabinda, Gulf 182

60. Kentucky , Clay County , EPA 183

61. Indonesia , Arojun a , Exxon 184

62. Illinois Basin , W ayne County , EPA 185

—1 4—
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conveniently eliminating dii ferences due to variations in sample thick-

ness. The use of variable ratios reduces the overall number of variables

by one , reducing the number of variables used by Kawahara (1) to s ix .

Mat tson (2)  measured absorpt ion band areas using a compute r—spec t romete r

system (18), normalizing each to the area of the 1456 cm ’ peak , also to

eliminate pa th l eng th  as an uncontrolled var iable . Of eleven peaks

encoded by Ma tt son ( 2 ) ,  only eight were employed in the final patterns.

One was lost in the  n o r m a l i z a t i o n  process , one de le ted  due to high

analytical error (1309 cm 1) ,  and the 13 75 cm ’ peak was dropped due to

its high corre la t ion wi th  the 1456 cm 1 peak (rank c o r r e l a t i o n  c o e f f i c i e n t ,

r (1456, 1375) = 0 . 9 7 ) .

in their more recent study, Lynch and Brown (3) manually encoded

the a b s o r p t i v i t i e s  fo r  the 21 band s l is ted in Table 1 and s tored them

in a computer f i l e . In order to eliminate sample pathlength as a va r iab le ,

they  (.3) computed the average ratio for all of the peaks in a pair  of

spect r i , and then used the  d i f f e r e n c e s  f r o m  the mean r a t i o  as a measure

of s i m i l a r i t y .  -

In the  ins tant  s tudy ,  23 bands were in i t ia ll ’, chosen fo r  automated

encoding . These are l isted in the  last column of Table 1. A search is

conducted for  each ~.eak w i t h i n  a 9 cm 1 region def ined as the nominal

peak position ±~ cm 1. If no local maximum is encountered wi th in  that

9 cm~~ range (i.e., greater than either of the points just adjacent to

to the 9 cm 1 
being searched), the absorbance at the nominal frequency

is used as the value for that variable. A careful study was made of

two baseline techniques, the tangent—line technique used by Kawahara (1),

Mattson (2) and Spencer (19) and a flat baseline method similar to that

used by Lynch and Brown (3). Figure 2 illustrates the two baseline

—16 -
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approaches f o r  two peaks in a No.  2 fue l oil. The difference between

the  two measurements  is i n d i c a t e d  by A , the “unresolved ” , or background ,

a b s o r p t i o n .  A is i n c l u d e d  in the f l a t  base l ine  measurement but
U

excluded when a t a n g en t — l i n e  is used . The use of a tangent—line technique

would cause a zero to be recorded at each of those points where no

maximum was encountered within +4 cm ’ of the nominal position . This

s’ould result in a plethora of pseudo—identical values in many of the

patterns. By Including the unresolved “backgrou nd” absorption in the

measurement of each variable , th is problem is eliminated .

In order to USC the  f l a t  basel ine approach , a single point was

chosen Js the reference zero for the entire spectrum . Because of the

lack uf wa te r  vapor absorp t ion  in the area , and the f a c t  tha t  no oil

e x h i b i t e d  a band nea rby ,  1990 cm ’ was chosen fo r  the baseline value .

The e f f e c t  of using a basel ine  zero at other  than 0 absorbance is to

cor rec t  for  r e f l e c t a n c e  losses caused by the cell windows and changes

~n the  IOOXT ad jus tment  of the spec t roph o tomete r .

In a stud y of a 72—oil subset of the 204—oil library reported in

t h i s  paper , Spencer (19) emp loyed the t angen t—l ine  baseline method to

classif y and ident i f y o i l s .  A f t e r  her stud y was completed , the  f l a t

baseline approac h ~~~ applied to the 72—oil subset to determine which

method should be applied to oil identification . The first conclusion

was an obvious one. The flat baseline technique should yield better

analytical precision than the tangent—line approach, as only two

measurements are made that are subject to random error ; the absorbance

at the peak maximum and the absorbance at the frequency used for

establishing the baseline. The tangent—line approach has three such

sources of random error. The predicted ratio of the analytical

— 18—



variance of the tangent—line technique to that of the flat baseline

is 1.50. This is close enough to the measured value of 1.84 to warran t

consideration of the f l a t  basel ine  t echn i que on ana ly t i ca l  precis ion

grounds  alone . The reason tha t  the var iance  r a t i o  exceeds 1.50 by

2 3% probably l ies in the  f a c t  tha t  one can choose the basel ine  r e fe rence

p o i n t  in a no i se—free  reg i on of the  spectrum , where energy th roughput

is hi~~h and atmosp h e r i c  water  vapor  absorpt ion is low. In t h i s  paper ,

the r e f e r e n c e  po in t  was 1990 cm ~ , and the analytical standard deviation

measured at 1990 cm
1 
was only  1.2 x absorbance u n i t s .

The preceding point requires consideration when considering any

a n a l y t i c a l  techn ique , but another  one , “ in fo rma t ion  content ” , is

unique  to the  type of a n a l y t i c a l  problem being considered he re .  Since

d i f f e r e n c e s  between i n f r a r e d  spect ra  of some oils are so subt le  as to

be d iscernable  to only the most experienced spectroscopists , soph i s t i c a t e d

mathematical  techniques o f t e n  must be employed to make the f i n a l  ana lys i s .

These mathematical methods may make simple decisions wi th only min imal

information , but when the decisions begin to tax nature’s own pattern

recognition system, the human sensory system , it is essential that the

analytical data input to the decision—making process be as complete as

possible.

Two important questions are: i) is there additional information in

A , shown in Figure 2, and ii) if so, can it improve the results in

identification? In Table 3, the “spread” of peak absorbance values for

the 72—oil subset, s~ , Is represented by the square root of the estimated

population variance, peak—by—peak , for eleven major oil identification

peaks, In every case, the greater for the flat baseline method means

that there exists a greater diversity of peak heights when A
~ 

is included . 
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TAB LE 3

Comparison of Basel ine Me t hods for  Oil Spec t ra

Es t ima ted  Standard  Deviation , s

in p j s o rh a n c e  U n i t s  x l0~

Peak Ana1ytical ’
~ Population”

—lcm
tangen t  f l a t  t angen t  f l a t

1603 8.2 6.0 238.3 303.9

1304 12.3 10.1 43.7 191.1

1166 12.8 8.7 35.0 121.2

1032 10.5 10.0 25.7 136.9

963 5.1 4.0 63.9 72.4

846 4 .9  7 . 4  38.7 2 2 3 . 4

14.3 14.7 211.9 435.4

765 11.9 9 .6  76 .9 240 .6

741 40.3 28.4 228.6 357.4

722 18.7 8.7 205.6 148.6

697 8.3 3.2 101.1 129.1

cT~~~l s 54.1 39.9 470.8 794.6

aBased on 6 replicates each of a No. 2, a No. 6, and a Kuwait crude.

bBased upon spectra of 26 crude oils, 10 lubes , 10 No. 2, 8 No. 4, 8 No. 5,

and 10 No. 6 fuel oils.

CT 1  ~ (Es 2)h I’2
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When one examines the ratio of the estimated population variance to the

es t imated  ana ly t i ca l  variance , (s 2
/s~~) ,  the ra t ic  is about 400:1 for

the f l a t  baseline approach and is only 75:1 for  the t a n g e n t — l i n e  scheme .

Thus the combination of increased popula t ion  va r i ance  w i t h  decreased

ana ly t i ca l  error g~ ves the  f l a t  base l ine  approach f ive  t imes the

information content of the tangent—line method . This point is directl y

applicable to f i n g e r p r i n t i n g, where the mis t  impor t an t  aspect  of the

analy tical procedure is to emphasize differences between oils while

min imizing the chance ot an accidental match due to random error .

Table 4 is intend ed to comple te the “information content” d iscussion ,

and is confined to the f l a t  baseline resul ts , us ing all  204 oils , and

the 23 peaks lis ted in Tab I 1. The colum n labelled “occurrence”

refers  to the percentage  of the 204 pa t t e rns  t h a t  exhibi ted  d i s t i nc t

maxima in the 9 cm ’ range abou t each nominal l eak position. The

~stimated ana ly t i ca l  standard deviat ions , s , were computed using the

eig hteen repl icate  anal yses described in the experimental section ,

while the  populat ion values ori g inate  from the 204—o i l l ibrary (with

the exception of the 1456 and 1376 cm 1 s values , which came from the

72—oil subset). The large analytical errors and low population ranges

for the 1456 and 1376 cm 1 
peaks justified the deletion of these two

peaks from any further consideration in fingerprinting , since any

difference in absorbance values in these two variables can be accounted

for by analytical error.

TESTING NORNALITY

The prerequisite for employing multivariate normal statistics is

that each va:iable exhibit a normal (Gaussian) distribution. Since we

—2 1—



- TABLE 4

Frequency of Occurrence  and Analysis  of Var iance

for  23 I n f r ared Ab sorp tion Bands

Peak Occurrence Relative s, Relative s, Ratio
—1 2 2

cm % analytical population S /5

1629 2 2 . I Z  l .04~ 75.62~ 7,240

1603 98.0% 0.94 :.  50. ’~9~ 2 , 885

1518 8.8 3.38% 69 . 58% 424

1456 100.0% 13.39.. 15 .25% 1.3

1376 100.04 10.86% .~O . O 4 ( 0 .9

1304 86.3% l.43~ 2 9 . 1 1 %  414
1166 73.5% 1.88) 41.28% 482

1154 53.4% 3.04% 4 3 . 9 4 %  209

1032 96. 1% 2 . 1 7 %  34.16% 248

963 65 .2% 1.10% 2 2 .4 6 %  417

918 74.5% 1.89% 19.96% 112

888 38.27. 1.057. 43.35% 1,705

870 86.3% 1.10% 53. 53% 2 , 368

846 81.9% 1.42% 46.18% 1,058

832 41.7% 0.58% 56.78% 9,584
809 94 . 1% 1.59% 53.66% 1, 139

7 93 5 .4% 0.98% 4 7 . 4 4 %  2 , 343

781 64.2% 1.54% 42.21% 751

765 72.5% 1.28% 40.91% 1,021

741 83 .3% 2 . 9 2 %  39.56% 184

722 95 . 6% 1. 07% 17.41% 265

697 70.6% 0.85% 36 .41% 1,886

673 71.6% 1.60% 106.00% 4,389
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intend to use these dat a  for  both oil c l a s s i f i c a t i o n  and i d e n t i f i c a t i o n,

It is important  tha t  the popula tion  dens i ty  f u n c t i o n  be examined for

any deviations from normahty. The approach taken to evaluate the

d i s t r i b u t i o n  was as follows . The estimated means , m . , and s tandard

devia t ions , s . ,  f o r  the 7 2 — o i l  p o p u l a t i o n  were computed , as were the

statistical parameters of skewness and ku r to s i s.  For 72 p a t t e r n s ,

the variables exhibited near-normal parameters.  On scaling the

population up to 182 oils (prior to the addition of the 22 waste oils

to the l i b r a ry ) ,  the values for  m L and s~ (.t 1, 2,..., 20) were

computed ( the 1376 and 1456 peaks had been d e l e t e d ) .  This was done

wi th  the assumption that  if the m~ and s~ values remained unchanged

on scaling up to 182 pa t t e rns , then the ori ginal 72 oils must have

adequately represented the  populat ion of all oils and it would be

unnecessary to carry the “normalcy” test beyond 182 pa t t e rns . In

fac t , the rms (root mean square) change in the m~ values was only

4.4% and the rms change in the s~ v..lues was 9.1%. Since the estimated

means and standard deviations for all 21 variables exhibited such

modest changes on increasing the number of randomly selected oils from

72 to 182, and the Gaussian character of the 182 pattern library was

better than t~ .t of the 72 pattern library , the authors believe that it

is reasonable to postulate that the infrared spectra of oils exhibiz

normal statistical behavior, and also to assume that the present 204

pattern library adequately represents the entire population of crude

oils and refined products.
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F I N G E R P R I N T I N G

Th e problem of identif ying the source of an oil spill has been

approached in a myriad ot ways . At one time , It was seriousl y suggested

that the conception known as “active tagging ” be pursued . Active

tagging Involves the addition of some uniquely coded foreign material

to ev rv water—born e cargo of crude oil and refined fuel. The technologi-

cal problems of such proposals are sufficientl y d i f~ icu1t to warrant

skepticism , but the costs of imp l ementing an active tagging scheme are

astronomical .

The alternativ e to active ragging has been referred to as “passive

tagg ing ’ , involvin g t !u nt~asurement of a sufficient number of properties

of an oil to uniquel y d~~-~tin gi ish it from any other oil . Several

analytical t e c h r I q i s  have been proposed for the identification of

oils. Besides infrared spectrometry (1—3), these include gas chroma-

tograp hy (20 , 21), neutron activation analys is (22 , 23) , mass spectrometry

(24) , fl i re’ cence spoctrometrv (25), and thin—layer chromatograph y (2 6) .

A l l  of the methods  proposed s u f fe r  f rom one major  d e f e c t , t he  lack of

a clearly defined metric which will accurately predict the probability

t h a t  t% - - s.~ts o’ measurements (“patterns ”) represent  the sam e oil .

A l i b r a r y  of such p a t t e r n s , whether  i t  consists of t race  element

c o n c e n t r a t i o n  p a t t e r n s  ob ta ined  f rom neutron a c t i v a t i o n  analysis  or

I n f r a r e d  abso rp t ion  I n t e n s i t i e s, could be amenable to s t a t i s t i c a l

a n a l y s i s  u s ing  c lass ica l  m u l tiv a ria t e  s t a t i s t i c s  or to more soph i s t i c a t e d ,

nonparametric pattern recognition techniques . This section is addressed

to the problem of calculating as accurately as possible the probability

that two Infrared spectral patterns are similar enough to constitute

a “match” .
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The envisioned app lication of the metric arrived at in the fashion

descr iThed in this report is described as follows . Suppose there are

ten p~ ssible suspe ts , any one of which may have been responsible for

an oil spill , and that a samp le is availabl e from each of the suspects

as wel l as the sp ill. If there were no doubt that one of the ten was

th e gui lt y party, then It would be trivial to determine wh ich one ,

provided that all ten suspect spectra are uni que . For this trivial

case , one could cc’opute the Euclidean distance between the spill patt e rn

and each suspect pattern in il—space (a patt ern is just t h e e — t u p le

(x 1,  x ,.. . , x ) ) ,  anl then associate guilt with the suspect pattern

that vl( ids the smallest such distance (i.e., the “closest ” match).

his an s ‘r t i r ~es be done using nature ’s own p a t t e r n  r e c o g n i t i o n  d e v i c e ;

i . e . ,  the “eyeball” approach . It is not reasonable , howeve r , to assume

~~~~~~ that the guilty party has been samp led. If there is a chance

that the guilt y party may not have been samp led , the above approach

is invalid and It is necessary to assign a reasonable probability to

each sp ill—suspect match based upon our knowled ge of 1) the precision of

the anal ytical method , and 2) the distribution function for the patterns

over the population of all oils , not just over those few samp les wh ich

make up the su~~pect pool. This section is an effort to define a

probability algorithm which could be modified to app ly to any ana l ytical

procedure proposed for use in oil Identification .

The primary considerations in this effort should be app licable to

other anal y t ical methods , and are summarized as follows :

1. Determine the probability density function for each variable ,

over a sufficientl y large and random population of oils. If the

variables do not obey a normal (Gaussian) distribution , normal multi—

varia te statistical techniques are invalid.
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2 .  ~ . - r n i  ne t h e  a n a l v r  I : il  v a r i a n c e  of each v a r i a b l e . I f  the  two

ar~ Ct the ~~~ ifl F -c ig ’ i l t u d e , t h e  u s e f u l n es s  1 the v a r i a b l e  i s  l i m i t e d .

L Fx c’ ine i n d ep e n d e n c e  of ~~~~ v a r i a b l e  w i t h  r * u p ~~ct to  the

ut  . . I t the v ar Iil l~~ ar e  i n t e r d e p e n d e n t  t a h i g h degree , t l ~~ calcula—

t ion o a r ~~~~~ i~ i i i  tv c~~r H. d i  f i  c u l t

The ~1u l t i v i r i a t e  ‘~~r7~~l A l~ r~ thm

F r  d i t ~e n u i ns , t i e r  the p r H ~~i 1 i t v  d i s t  r i b u t i o n s  i n  any or

a d i m , ’n ~ io ns ~re or n :  , e q u i t  i n  [1~ de in~’s i hvperel lipsoid

I X  - (X ~ - (1)

ah e u t  t h e  n i n ~ 
y wj :  a c n stunt p r o b a b i l i t y  t h a t  i s  r e l at e d  to

\~ ( 2 7 )  . The mat ri • . I t ~u in v e r s e  cf t h e  v a r l an  e — c c v l r i a n c e

ma trix ~ith e l e r en t s  r n .  , -
~ 

. , v h e re is the  c o r r e l a t i o n  c o e f f i c i e n t
( 1  ( f  ~ I

b e t w e e n  v i r j a H l .  and i and ~ is the  s t a n d a r d  d e v i a t i o n  of the  ~th

va r i ~~ T e . T h u s  t h e  d i a g n i l  elements ol  M are j u s t  the v a r i a n c e s  of the

vari i~ Ies , -
~~~ . I t  t w  patterns in n—space are t be t e s t e d  f o r  pos s ib l e

tre mh rsh ip in the s.~ne cla ss ( i .e. , originating from the same oil), and

thc only s e ur c e  of differences between the patterns is random anal ytical

errur in t h e  measurement process , then several simplifications result.

Since t h e  differences in each variab~ e Ax Ax . .. ,‘.x are assumed to
1 2’

be due to random measurement  e r ro rs , the  e r ro rs can be assumed to  be

Indepe ndent , and the off—diagonal elements of M set equal to zero . In

add ition , the d iagonal elements can be approximated by the meas ured

values s~~, given In Table 4. A further assumption in such a case is

to consider that the erro r vector AX (Ax1, Ax 2,..., Ax~ ) is multi—

variate normal. In that case, the metric computed with equation [1]
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2
is distributed as X with n degrees of freedom . This allows the

calculat ion of the probability that two p a t t e r ns are a “match”  using

ord inary univariate tables of X
2 (27).

For the simp lest case , where the errors associated with each

var iable are assumed to be independen t , equation [1] reduces to the

s imp le expression shown in equation [2). Equation [2] is rigorousl y

x2 =

~~~~ 

(Ax~ /s~ )
2 

[2]

val id only when the absolute values for the variables are known . For

the 204 oils In the library , there are 20 ,706 possible unique pairs

of patterns, wh ich provides a sufficient sample for a test of poss ible

erroneous matches due to analytical error alone . For 21 var iables ,

values of X
2 

> 40 correspond to a probability of 0.99 that two patterns

are differen t.

Figures 3 through 5 illustrate the degree of matching obtained

using all 20 ,706 possible pairs of spectra. The pairs shown are those

for which 99.9%, 99% , and 95% of the 20,706 pairs show greater separation .

Thus Figure 3 illustrates the spectra corresponding to the 21st smallest

x2 (X 2 — 543.4) and shows the spectra of Libyan and Julesburg, Colorado

crude oils. Only 0.1% of all possible pairs exhibit closer similarity

than the pair of spectra shown in Figure 3. Figure 4 is a similar

illustration for the pair of spectra at the 99% level; i.e., only 1%

of the 20,706 pairs are more similar than Figure 4. The two oils

represented by Figure 4 are Wesson field , Arkansas and Fatem field ,

Dubai crudes. Figure 5 shows the spectra of two used lubricating oils ,

at the 95% point in increasing X
2 
values (X

2 
— 4,781.9).
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Reduc 1ng ~ D t m en s i~~~~~j~~~

The m e a - ~urement  of a l l  21 var iables  may not  be necessary for the

purpose of i d e n t i f y i n g  o i l s . There are u n d o u b t e d l y  some r e d u n d a n c i e s

p r e s e nt  in the  i n f r a r e d  spec t ru m , c o n s i d e r i n g  the  m u l t i t u d e  of abso rp t ion

bands  p r o d u c e d  by the  average  component molecule in a petroleum product

or crude- il. In In t Pearson c o r r e l a t i o n  c t € t f i c i e n t s  ( 2 7 )  computed

for all 210 pairs of absorption bands for the entire 204—oil library

r t v e  i i  some hig h degrees of correlation between several peaks . Table 5

Hst s th~ se v a lu e s  of  ~t , the correlation coefficient , which exceed 0.90.

Fx cludi n g the anticipated high correlation between the 1166 and 1154 cm~~

pe eks , Ill of the high ~ values involve the seven aromatic—related

absorption hat ds at 1603 , 888 , 870 , 832 , 793 , and 781 cm 
1

2
One of the requirements for emp loying the multivariate normal X

test is that the variables be independent . Obviousl y, this is not the

ce ,t~ for t h e  21—variable patterns described above . For examp le , a

difterence between two patterns in the 1165 cm 1 absorptivity should

be reflected in a comparable difference in the 1154 cm ’ absorptiv ity,

and including both measurements in a multivariate test results in

unintentionally weighting the information contained in either of those

two peaks by a factor of two . One approach to solving this problem is

to delete a sufficient number of absorption bands to eliminate high

correlation coefficients. From an examination of Tables 4 and 5, one

can use the values of 2
,
2 

to choose the more useful  member of eachp a
hig h l y correla ted pair of variables . This results in the elimination of

the 1154 cm~~ peak In favor of the 1166 cm
1 
peak . The 793 cm ’ peak

occurs as a distant maximum in only 5.4% of the spectra , and since it

correla tes highly with five other aromatic bands in the same region

(888 to 781 cm~~ , average h — 0.96), it is not unreasonable to delete
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TABLE 5

Pearson correlation coefficients > 0.90, based upon

204 oils, 20 var iab les  each, norma1ii~ed to 0 .1  mm p a t h l e u g t h

Peak 1603 1166 1154 S88 b70 M-~~ 793

1166

1154 ——— 0.99

888 0. 94 — ——

870 0.95 — — —  — — -  0 .98

846 0 .94  — — — —— — 0.95 0.98

832 0 .93  —— — —— — 0.96 0.99 0.99

793 ——— — — —  0.92 0.97 0.97 0.98

781 0.91 ——— ——— ——— ——— 0.91 0.90 0.94
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it from the  pattern . Deleting the 781 cm~~ peak because of its low

s
2
/s’ leaves the five highly correlated peaks (160 3 , 888 , 870 , 846 ,

and 832 cm ’) ,  with an average fl - 0.96. This problem can be resolved

by retaining only one of t h e five variables in the final fingerprint .

B e c au s e  of its hig h s2/s 2 (9 ,584) ,  th e 832 cm~~ peak is retained while

t h o s e  a t  1603 , 888, 870 and 846 cm
1 

are deleted . The final pattern

irriv ed at in the above procedure contains only fourteen variables , and

t h e r e  ar e  no correlation coefficients among the 91 possible - pairs >0.90.

Tabl e (
~ lists the correlation coeffic ients for the f i n a l  f o u r t e e n  a b s o r p t i o n

‘ ends .  There are some relative ly high values remaining among the fourteen

t inal variables , but the average ‘t in Table 6 is onl y 0.35. The deletion

~ the 1603 , 1154 , 888 , 870 , 846 , 793 and 781 cm 1 
peaks should have little

e ff e ct  on the ability to distinguish oils by the X
2 

test , as the average

for the 14 variables is 1 ,985 , compared to 1 ,863 for the orig inal

21 variables .

W e a t h e r i n g

The preceding discussion has been restricted to fresh , unweathered

oils with the exception of the 22 waste crankcase lubricants. Weathering

of an oil sp ill at sea causes several changes to take place in the

i n f r a r e d  spectrum of an oil. These include increases in many of the

aromatic—related bands , the appearance of oxidation—related bands around

1700 cm~~ and disappearance of the 673 and 697 cm~~ bands . A major

d ifficulty with weathered samples Is the presence of water in the sample ,

wh ich can often be removed by centrifugation at 30°C and the add it ion of

MgSO
4
. The procedure descr ibed above is equally app licable to weathered

oil spec tra , by considering weathering as a contributor to the estimated

analytical variance, It has been suggested that a library of reference
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spect ra  mig ht consist of spectra of oils which had been slightly

a r t i fi c al l y weathered , ra ther  than fresh samp les as used in this

stud y .  For ac tual  f ie ld  imp lementat ion of th i s  procedure , the authors

agree w i t h  tha t  suggestion.
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CLASSIFICATION

Pattern Reco&nition

Pattern recognition involves the use of a series of similar

observations made on a large group of objects , either with the intent

to separate the objects into subgroups according to similarities

between the individual objects , or with the intention of deve loping a

set t rules by which future unknown objects can be classified Into

known subgroups . The former goal is called unsupervised learning, and

can be used to identif y previously unknown similarities between ele-

ments of the overall group. The principal method of unsupervised learning

is cluster anal ysis , and is used to divide a large member of elements

into two , three , or more subgroups , withou t any a pnioit-~ knowled ge of

either the number of subgroups expected , or the proper ty wh ich mos t

clearly separates the individual objects into the subgroups .

rn this study ,  the number of subgroups were known , and a 204—

member training set was available , in which the subgroup assignment

of each element was known. The property which would separate the

elements of the training set was, however , not known. The object of

the pattern recognition study then is to examine all of the inter—

and in t ra—group pattern relationships for the 2O4—oil training set ,

in an effort to develop a set of rules for the classification of

future unknowns. This process , in which a training set consisting

of objects with known properties is used to determine a predictive

classifier for unknown objects, is called supervised learning.

Testing the predictive classifier can be done using the straight—

forw a rd approach of t reat ing each member of the t raining set in turn
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as in “unknown ” , and predicting its class based upon the information

~~n t a i n e d  in t h e  203 r ema in ing  “known s” in the  t r a i n i n g  set . K o w a i s k i

(13) calls this the “1eave—oT~e—out ” technique , and i t  i s  used in non—

p a r a x T l e t r i c  a p p r o a c h e s  to p a t t e r n  r e c o g n i t i o n . For t h e  c l a s s i ca l  p a r a m e t r i c

method , linear discriminare t function analysis (LDFA) , the classifier

¶ u n c t i o n s  ire tested by t h e i r  “ r e c o g n i t i o n  po~~er ” ( 6 ) ,  or t h e  a b i l i t y  t o

c o r r e c t ly  c l a s s i fy  a l l  of t h e  members  of the  t r a i n i n g  s e t .  Kawah ara et  a l .

(- 4 ) used LDFA t o  c l a s s i f y  a s ph a l t s  and r e s i d u a l  o i l s  based on t h e i r  i n f r a r e d

s p e c t r a , w i t h  a r e c og n i t i o n  power of ~99L
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Lin e a r  D i s c r i m i n an t Function Analysis

(~]assical linear discriminan t function analysis (LDFA) i nvo lves  the

d e r i v a t i o n  of c l a s s i f i e r  func t ions f or each group, fo l low ed by predicting

the  p r o b a b i l i t y  of membersh ip in ea ch group. An unknown is then  ass i gned

t o  the group fo r  which i t  shows the h i ghes t p r o b a b i l i ty  of m e m b e r s h i p .

The v a l i d i ty  of the c l a s s if i e r  func t ions  is t e s t ed  b y i t s  “ r e c o g n i t i o n

powe r ’ , or the a b i l i t y  to cor rec t ly  c l a s s i fy  the  i n d i v i d u a l  members  of

the t r a i n i n g  se t .  LDFA is based upon multivariate normal statistics , which

we have shown to  be the case fo r  t h e i r  da ta  set , and i t  provides  a u n i q u e

set of classifier functions for a given training set.

The der iva tion of the classif ier f unc tions , which are linear in

the vi variables for each pattern , is based upon a weighting scheme which

maximizes the contribution of those variab les which are most effective

in distinguishing a given class from the rest of the population . The

classifier function for each group ~ is in the form of equation [3]

where Y~ is related to the probability that the ~th pattern belongs to

-e vi p
Y .( x  ,x , . x ) — C + Z W~ x . ..c 1 2 n o . j ~ji— i

class £1, C is a constant term , and W~ is the we ighting coefficient for

the jth variab le. For m classes (~ — 1, 2, . . , m ) ,  there are m sets of

constant terms and weighting coefficients. The weighting coefficients

are computed with the aid of a packaged computer program (14), which

computes values of that favor those variables that show the greatest

tendency to separate classes . The probability that a given pattern belongs

to class is then given by equation [4 1, where Q is the pn~io ’t p / w b a b - t ’t q

that an unknown belongs to class L .  All classes were given equal pr ior
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= :~ exp (Y~)

~ exp  (Y~~) 
[4 ]

1 robah il t ies in this N-st . An element is then classi lied along with the

gr up b r  which the  h i g h e st  P~. i s  ob t a i n e d .

Le ’-,u~~t s  - t  LPI - A C l a s s i f i c i t i n

A con s i d e r ab l e a m o u n t  of p r o  i i m in a r v  s c re en i n g  r e s u l t e d  in t h e  f o l l o w i n g

u~ io n ;

1. The 10 f r e s h  l u b r i c a t i n g  o i l s  were  t o o  i n d i s t i n c t  and few in

rium hu r t o  s e p a r a te  ef~ ect ivel v , and the  c o n f u s i o n  t h e y  caused was too

g r e a t  when one c o n s i d e r s  t h a t  such m a t e r i a l s  do not  pose a p o l l u t i o n

p r o b l em .  The f r e s h  lube c lass  was dropped  f rom f u r t h e r  c o n s i d e r a t i o n .

2 .  No . 4 f u e l s , a n o t h e r  s m a l l  group in t h i s  da t a  set , are d i f f i c u l t

to  c l a s s i f y . The prob l em comes f rom the  f a c t  t h a t  some N o . 4 ’ s are

dis~ i l l a t e s  and some are r e s i d u a l  f u e l s .  Some s u p p l i e r s  make “No . 4” fue l

by b l e n d i n g  No . 2 w i t h  No . 6. These problems made the No . 4 class one of

the  wors t  to  d e a l  with b u t  i t  was e v e n t u a l l y w e l l  c l a s s i f i e d  by the

“decision free ” pr~-cedure described below .

3. No . 2 f uels  and d iesel fue ls  do no t linear l y separa te . At best ,

using 10 var iabl es , 50 out of the 60 samples could be classified into

their correct groups , hut the average probabilit y of correct classification

was only 0.563 , not significantl y greater than that expected from random

guessing. These two groups were subsequentl y merged in to one class.
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4. The principal sources of errors in classification are i) crude

oi ls  c l a s s i fy ing  as lighte r materials and , ii) No. 6 fuels classifying as

crud es. All other groups (Waste lubes , Twos & Diesels, Fours , and Fives)

classify without error.

Table  7 illustrates the “recognition power” and “predictive success”

for a 5—group classification exercise. The “pred ictive success” along

the bottom is indicative of the confidence one cal p lace in a classif ica tion

p r e d i c t i o n  for  an unknown o i l .
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TABLE 7

5—GROUP CLASSIFICATION BY LDFA

Waste Two & Four & Recognition
Group Lube Diesel Five Six Crude Power

WLIJBE 22 0 0 0 0 100.0%

Two & D 0 60 0 0 0 100.0%

4 & 5  0 0 22 0 0 100 .0%

Six 0 0 2 25 1 89.3%

Crud e 0 0 1 3 58 93.5%

Pred i c ti ve
Success 100.0% 100~O% 88.0% 89,3% 98.3% 96.4%
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In an e f f o r t  to improve on the 5—group classification results shown

i n  Table 7 (187/194 correctly classified), a “decis ion tree” appr oach was

deve loped , as shown in Figure 6. Any initial binary dec ision resu lts in

prob le ms w ith such a wide varie ty of oils , but the resulting predictive

success for the decision tree method is 189/194, or 97.4% an improvemen t

ove r the  5—group classification . On the first cut (CRUDE/non—CRUDE), f ive

t’jl~ are misciassed ; 3 No. 6 fuels going with the crudes and 2 crudes going

w ith the non—crudes. This makes the predictive confidence 98.5% for a

“non—crude ” pred iction , and 95.2% for a “crude ” prediction . All of the

r e m a i n i n g  s tages  of the decision tree classify wi thout  er ror ; i . e . ,

predict ive confidences of 1.000 at each subsequent level ,

For the 194 oils in 6 classes, Table 8 shows the average probability of

c lass membership predicted for all oils of a class. These probabilities

are limited by the values 0.985 for non—crudes and 0.952 for crudes , of

c o u r s e . Wha t Table 8 shows is that even though it is possible to be , for

examp le , 98 .5% su re of a “waste lube ” p re d i c t i on , the average cumulative

probability obtained for 22 actual waste lubes was only 89.8%. The

cumula t ive  p robabi l i ty  Is obtained by tak ing the product of all p ’s

computed through the decision tree and the “predictive certainty” of either

the crude or non—crude initial decision .

As an example of the use of this process , data we re obtained from

the UsCG R & D Center for an unknown ( to us) oil. This samp le , designated

#030—75 by Dr. Alan Bentz , passed d own the tree as fol lows:

SAMPLE #030—75

1. CRUDE/NON-CRUDE : NON—CRUDE p 0.944
CRUDE p — 0.056

2. WLUBE/2 + D/4 + 5 + 6: 2 or Diese l p — 0.996
4, 5 , or 6 p — 0.004
WLUISE p — 0.000
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DECISION TREE

UNKNOWN OIL

NON—CRUDE CRUDE OIL

I _____-

~~

1
2 or DIESEL 4, 5, or 6 WASTE LUBE

T I
No. 6 FUEL N o. 4 or 5

No. 4 FUEL No . 5 FUEL

Figure ~~. Decision Tree

—43-.



TABL!~ 8

Average Probabilities of Class Membership Predicted

for 194 Patterns

22 Waste Crankcase Lubes 0.898

60 No. 2 and Diesel Fuels 0.894

12 No. 4 Fuels 0.878

10 No. 5 Fuels 0.880

62 Crude Oils 0.838

Overall Average : 0.878
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FINAL p (2 or D) - 0.996 x 0.944 x 0.985 — 0.926

Un f o r t u n a t e l y , we have si nce learned that  sample 030—75 is a ligh t

crude oil. However ,the decision tree procedure is still expected to work

for 95% of all crude oil samp les.
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