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Figure D.35: A plot of the first and third coefficients by spot for sample
B3 in the 1800-1200 cm™ band. There is significant overlap of all the
spots in this band in both coefficients.
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Figure D.36: A plot of the second and third coefficients by spot for
sample B3 in the 1800-1200 cm™ band. Spots 1 and 3 appear separable
from the other spots in the second coefficient, but there is no
distinguishability between the spots in the third coefficient in this band.
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D.2.4. 96 Hour Treatment (B4).
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Figure D.37: A plot of the first and third coefficients by spot for sample
B4 in the 1220-850 cm™ band. Spots 2, 4 and 5 are clearly separable in
the first coefficient, but there is no separation in the third coefficient

between the spots in this band.

1.5
1 )
0.5 . -= 5= o ® Spot 1
B
e 0 me L eESH ——%——ey——— [mSpot2
(]
05 . a ‘e ” Spot 3
L Spot 4
-1 °
- Spot 5
'1.5 T T T T T
-1.5 -1 -0.5 0 0.5 1 1.5
CP)

Figure D.38: A plot of the second and third coefficients by spot for
sample B4 in the 1220-850 cm™ band. There is no separation between
the spots in either coefficient in this band.
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Figure D.39: A plot of the first and third coefficients by spot for sample
B4 in the 1800-1200 cm™ band. As with the 1220-850 cm™ band, there is
separation in the first coefficient between spots 2, 4, and 5. There is no
separation in the third coefficient in this band.
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Figure D.40: A plot of the second and third coefficients by spot for
sample B4 in the 1800-1200 cm™ band. Spots 4 and 5 are separable in
the second coefficient, but there is no distinguishability between the
remainder of the spots. There is no separation in the third coefficient in
this band.
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D.3. Time-Dependent Behavior

Figures D.41-D.56 are plots of the a; vs. a3 and a, vs. a3 coefficients for samples
B1-B4 in the 1220-850 cm™ (8.2-11.8 um) and 1800-1200 cm™ (5.6-8.3 um) bands. The
main discussion about investigating the existence of time-dependent behavior in the
coating material can be found in Chapter 4. These figures are included here for
completeness.

D.3.1. Untreated Sample (B1).
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Figure D.41: Plot of the first and third coefficients by week in the 1220-
850 cm™ band for sample B1. There is no apparent week to week trend.
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Figure D.42: A plot of the second and third coefficients by week in the
1220-850 cm™ band for sample B1. There is no week to week trend in
the second and third coefficients either.
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Figure D.43: A plot of the first and third coefficients by week in the 1800-
1200 cm™ band for sample B1. There is no apparent week to week trend
in this band either.
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Figure D.44: A plot of the second and third coefficients by week in the
1800-1200 cm™ band for sample B1. Week 1 is distinguishable from the
other weeks, but there is no clear trend for weeks 2-6.

D.3.2. 24 Hour Treatment (B2).
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Figure D.45: Plot of the first and third coefficients by week in the 1220-
850 cm™! band for sample B2. There is no apparent week to week trend
as there is significant overlap between all the weeks.
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Figure D.46: A plot of the second and third coefficients by week in the
1220-850 cm™ band for sample B2. There is no week to week trend in
the second and third coefficients either.
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Figure D.47: A plot of the first and third coefficients by week in the 1800-
1200 cm™ band for sample B2. There is no apparent week to week trend

in this band either.
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Figure D.48: A plot of the second and third coefficients by week in the
1800-1200 cm™ band for sample B2. Again, there is no week to week
trend in the second and third coefficients in this band.

D.3.3. 48 Hour Treatment (B3).
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Figure D.49: Plot of the first and third coefficients by week in the 1220-
850 cm™! band for sample B3. There is no apparent week to week trend
as there is significant overlap between all the weeks.
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Figure D.50: A plot of the second and third coefficients by week in the
1220-850 cm™ band for sample B3. There is no week to week trend in
the second and third coefficients this band.
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Figure D.51: A plot of the first and second coefficients by week in the
1800-1200 cm™ band for sample B3. There is no separation between the
weeks and no apparent trend in this band.

154



1
0.5 = -
- _, - [
0 (Ka ® Week 1
e m°® "
@ - o..-|€ a m Week 2
1 o ° d Week 4
N
- Week 6
_1.5 T T T T
-2 -1 0 1 2 3
CY)

Figure D.52: A plot of the second and third coefficients by week in the
1800-1200 cm™ band for sample B3. There appears to be some
progression along the third coefficient from week to week, but not along
the second coefficient.

D.3.4. 96 Hour Treatment (B4).
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Figure D.53: Plot of the first and third coefficients by week in the 1220-
850 cm™ band for sample B4. As with the other samples, there is no
apparent week to week trend as there is significant overlap between all
the weeks.
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Figure D.54: A plot of the second and third coefficients by week in the
1220-850 cm™ band for sample B4. There is no week to week trend in

the second and third coefficients this band.
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Figure D.55: A plot of the first and third coefficients by week in the 1800-
1200 cm™ band for sample B4. There is no separation between the

weeks and no apparent trend in this band.
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Figure D.56: A plot of the second and third coefficients by week in the
1800-1200 cm™ band for sample B4. There is no trend in the second or
third coefficient for sample B4 in this band.
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Appendix E. Discriminant Analysis Data

Table E.1: Confusion matrix and error rates for the 1150-850 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 (24|48 |96 % (#/300) (10 Fold)
— 5 Truth hr | hr | hr | hr ’ %
'E Coefficients 0 hr 7510|100 3.33 10 3.33
= 24 hr 0|70 5|0
2
°-° 48 hr 1 4 170 0
8 96 hr 0| 0]| 0|75
;' Ohr 73/ 012 1|0 3.0 9 3.0
3 24 hr 1 (7113 |0
Coefficients 48 hr ol3 17210
96 hr 0| 0| 0|75

Table E.2: Confusion matrix and error rates for the 1150-1050 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 |24|48]|96 % (#/300) (10 Fold)
- ) Truth hr | hr | hr | hr %
€ | coefficients | Ohr |71 0 | 4|0 5.0 15 5.0
o 24hr |0 |71 4 |0
3 48hr | 1| 6 |68 0
g‘ 96hr | 0| 0] 0|75
=t or |75]/0]0]o0 3.0 9 2.67
- 3 24 hr 0|70 5|0
Coefficients 48 hr olal711lo0
96 hr 0| 0| 0|75
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Table E.3: Confusion matrix and error rates for the 1200-800 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 (24|48 |96 % (#/300) (10 Fold)
— 5 Truth hr | hr | hr | hr ° %
= 24hr |0 |70] 5] 0
S
°P 48 hr 1 4 170 0
8 96 hr 0| 0| 0|75
ﬁ Ohr 741 0 1 0 2.67 8 2.33
3 24 hr 0723 |0
Coefficients 48 hr olal7110
96 hr 0| 0| 0|75

Table E.4: Confusion matrix and error rates for the 1800-800 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 |24 |48 |96 % (#/300) (10 Fold)
= ) Truth hr | hr | hr | hr %
€ | coefficients 0 hr 75/0|0]|0 7.67 23 7.33
g‘ 24 hr 0 |64|11| O
g 48hr | 0 |12|63| 0
8 96 hr 00| 0|75
°H° Ohr 7510|010 2.67 8 3.0
3 24 hr 0714 |0
Coefficients 48 hr olal71lo0
96 hr 00| 0|75
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Table E.5: Confusion matrix and error rates for the 1800-1200 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 |24 |48 |96 % (#/300) (10 Fold)
- 2 Truth hr | hr | hr | hr %

g Coefficients 0 hr 7312|1010 8.33 25 8.33
o 24hr |0 |71] 4|0
Q 48hr | 0 |14|61] 0
g 96 hr 0|4 |1]70

8 Ohr 73 | 2 0|0 8.0 24 8.67
- 3 24 hr o714 |0
Coefficients 48 hr 0/14|61] 0
96 hr 0|4 |0/|71

Table E.6: Confusion matrix and error rates for the 1800-1450 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 |24|48 |96 % (#/300) (10 Fold)
- ) Truth hr | hr | hr | hr %

€ | coefficients | Ohr _[72]2 |1 |0 8.67 26 9.33
o 24hr |1 ]71]3 |0
< 48hr | 0 |13]62]| 0
g 96 hr 0| 4| 2|69

S orr |74l0|1]o0 7.0 21 8.67
- 3 24 hr 0|73 2|0
Coefficients 48 hr 013|621] 0
96 hr 0| 4 1170
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Table E.7: Confusion matrix and error rates for the 1800-1650 cm™ band using both the
first two and first three SVD coefficients to generate the classifier.

Predict Resubstitution | Number Kfold
Error of Errors Error
0 |24 |48 |96 % (#/300) (10 Fold)
- 2 Truth hr | hr | hr | hr %

g Coefficients 0 hr 7213|1010 11.33 34 11.67
o 24hr | 0 |63[12] 0
o 48hr | 0 | 10|65 0
g 96 hr 0|2 |7 |66

8 Ohr 7213 10| 0 12.0 36 12.0
- 3 24 hr 0 [62]13| 0
Coefficients 48 hr 0|11l64]| 0
96 hr 0| 0|9 |66

Table E.8: Confusion matrix and error rates for the 1800-800 minus 1500-1200 cm™
band using both the first two and first three SVD coefficients to generate the classifier.

Predict
Resubstitution | Number Kfold
Error
Error of Errors
0 | 24|48 |96 % (#/300) (10 Fold)
) Truth be Lhe Lie | b -
Coefficients 0hr 751 0l o0l o0 433 . "

24 hr 11686 |0
48 hr 0|6 690
96 hr 0| 0| 0|75
Ohr 75/0 0|0 2.67 8 2.67
3 24 hr o714 |0
Coefficients 48 hr o|4]|71]0

96 hr 0| 0| 0|75

[1800-800] - [1500-1200] (cm™)
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Appendix F. Data Normalization and SVD Details

F.1. Effect of Normalization on SVD Coefficient Clustering

During the defense of this work, the committee asked that the author investigate
whether or not the normalization of each spectra, before the SVD analysis was applied,
would tighten the coefficient clusters. It was posited that if this normalization tightened
the clusters, it would reduce or eliminate the overlap between samples, thus increasing
the accuracy of the discriminant analysis. The normalization was conducted in LabVIEW
on the entire spectrum as well as the 1220-850 cm™ band. The results of the

normalization for the 1220-850 cm™ band are shown in figures F.1 and F.2 below.

Oh
24h
48h

1
-20 -10 0 10 20 30 40

Figure F.1: Plot of the first two SVD coefficients for sample set
B in the 1220-850 cm™ band without normalization.
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Figure F.2: Plot of the first two SVD coefficients for
sample set B in the 1220-850 cm™? band with
normalization. The coefficient clusters for the
untreated and 96 hr samples tightened, but the
overlap between the 24 and 48 hour samples
increased.

Figures F.1 and F.2 are plots of the first two SVD coefficients for sample set B in the
1220-850 cm™ band before and after normalization, respectively. While the untreated
and 96 hour samples do show a tightening of the coefficient clusters, the overlap
between the 24 and 48 hour samples increased. The increased overlap will reduce the
ability of discriminant analysis to discern the sample degradation levels. The effect of
normalization on the entire band was much worse, so the results were not included

here.
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F.2. SVD Details

In addition to the investigation into the effects of normalization on the data,
guestions were asked about the basis vectors and relative importance of the basis
vectors to describing the data. It is common to present this information during the
discussion when publishing to give the reader insight into the underlying basis vectors as
well as how much of the data variance is being captured by each. As mentioned in
section 4.3, data with high SNR will often have a primary basis vector that captures
upwards of 85% of the data variance. Again, LabVIEW was used to calculate the
magnitudes of the basis vectors for the 1220-850 cm™ band and the results are shown in
figures F.3 and F.4 below. As expected from the coefficient plots in chapter 4 and
appendix D, the first basis vector captures significantly more data variance than the rest.
However, what was unexpected was how low the value was for the first basis vector
relative to published values for experimental data in the literature. The general trend
showing a significant reduction in relative importance for subsequent basis vectors does
agree with the expected behavior. This plot confirms that higher order terms (a4 and
above) can be neglected for classification purposes because they are capturing noise in

the measurement.
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Figure F.3: Plot of the percent of the data variance captured by each basis vector
generated by SVD for sample set B in the 1220-850 cm™ band. While the first basis
vector is lower than anticipated (31.7%), the significant reduction in magnitude for
subsequent basis vectors shows that higher order terms (a; and above) are capturing
noise and can be neglected for discrimination purposes.

The first three basis vectors for sample set B in the 1220-850 cm™ band are plotted in
figure F.4. Since a mean subtraction was conducted on the data before the SVD basis
vectors and coefficients were calculated, the first basis vector is primarily capturing the
deviation from the mean reflectance for each wavenumber interrogated. Had the mean
subtraction not been done first, the first basis vector would have resembled the mean

reflectance.

165












[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

R. A. Viscarra Rossel, D. J. J. Walvoort, A. B. McBratney, L. J. Janik, and J. O.
Skjemstad, “Visible, Near Infrared, Mid Infrared or Combined Diffuse Reflectance
Spectroscopy for Simultaneous Assessment of Various Soil Properties,”
Geoderma, vol. 131, no. 1-2, pp. 59-75, Mar. 2006.

S. R. Culler, M. T. McKenzie, L. J. Fina, H. Ishida, and J. L. Koenig, “Fourier
Transform Diffuse Reflectance Infrared Study of Polymer Films and Coatings: A
Method for Studying Polymer Surfaces,” Appl. Spectrosc., vol. 38, no. 6, pp. 791-
795, 1984.

S. Wold, K. Esbensen, and P. Geladi, “Principal Component Analysis,” Chemom.
Intell. Lab. Syst., vol. 2, no. 1-3, pp. 37-52, Aug. 1987.

M. Wall, A. Rechtsteiner, and L. Rocha, “Singular Value Decomposition and
Principal Component Analysis,” in A Practical Approach to Microarray Data
Analysis SE -5, D. Berrar, W. Dubitzky, and M. Granzow, Eds. Springer US, 2003,
pp. 91-109.

J. Shlens, “A Tutorial on Principal Component Analysis,” 2009. [Online]. Available:
http://www.snl.salk.edu/~shlens/pca.pdf. [Accessed: 05-Mar-2014].

R. A. FISHER, “The Use of Multiple Measurements in Taxonomic Problems,” Ann.
Eugen., vol. 7, no. 2, pp. 179-188, Sep. 1936.

H. Yang, J. Irudayaraj, and M. M. Paradkar, “Discriminant Analysis of edible Qils
and Fats by FTIR, FT-NIR and FT-Raman Spectroscopy,” Food Chem., vol. 93, no. 1,
pp. 25-32, Nov. 2005.

W. Zhao, A. Krishnaswamy, R. Chellappa, D. Swets, and J. Weng, “Discriminant
Analysis of Principal Components for Face Recognition,” in in Face Recognition
SE -4, vol. 163, H. Wechsler, P. J. Phillips, V. Bruce, F. Soulié, and T. Huang, Eds.
Springer Berlin Heidelberg, 1998, pp. 73-85.

“Agilent.” [Online]. Available: http://www.chem.agilent.com/en-US/products-

services/Instruments-Systems/Molecular-Spectroscopy/4100-ExoScan-Series-
FTIR-(handheld)/Pages/default.aspx.

169



REPORT DOCUMENTATION PAGE o P o188

The public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing
data sources, gathering and maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or
any other aspect of this collection of information, including suggestions for reducing this burden to Department of Defense, Washington Headquarters Services, Directorate
for Information Operations and Reports (0704-0188), 1215 Jefferson Davis Highway, Suite 1204, Arlington, VA 22202-4302. Respondents should be aware that
notwithstanding any other provision of law, no person shall be subject to any penalty for failing to comply with a collection of information if it does not display a currently
valid OMB control number. PLEASE DO NOT RETURN YOUR FORM TO THE ABOVE ADDRESS.

1. REPORT DATE (DD-MM-YYYY) 2. REPORT TYPE 3. DATES COVERED (From — To)
27-Mar-2014 Master’s Thesis Sep 2012-Mar 2014

4. TITLE AND SUBTITLE 5a. CONTRACT NUMBER
Investigation of the Potential for FTIR as a Nondestructive

Inspection Technique for Aircraft Coating Degradation 5b. GRANT NUMBER

5c. PROGRAM ELEMENT NUMBER

6. AUTHOR(S) 5d. PROJECT NUMBER
Korth, Hans G, Capt, USAF

5e. TASK NUMBER

5f. WORK UNIT NUMBER

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION REPORT
Air Force Institute of Technology NUMBER
Graduate School of
2950 Hobson Way AFIT-ENP-14-M-19
WPAFB OH 45433-7765
9. SPONSORING / MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR’'S ACRONYM(S)
Intentionally Left Blank AFRL/RX
11. SPONSOR/MONITOR’S REPORT
NUMBER(S)

12. DISTRIBUTION / AVAILABILITY STATEMENT
Distribution Statement A. Approved for Public Release; Distribution Unlimited

13. SUPPLEMENTARY NOTES
This material is declared a work of the U.S. Government and is not subject to copyright protection in the United States.

14. ABSTRACT

Polyurethane-based aircraft coating degradation was examined using Diffuse Reflectance Infrared Fourier
Transform spectroscopy (DRIFTs). Two sample sets were aged in an autoclave; each containing four samples.
Sample set A contained two as-cured samples and two samples treated to a level of visual degradation. Sample
set B contained one sample left as-cured and three samples of differing degradation. DRIFTSs spectra were
collected on sample set B and singular value decomposition (SVD) was used to reveal trends between the
degradation levels. Linear discriminant analysis (LDA) was then applied to the SVD coefficients to determine
the most accurate spectral band for classification of unknown degradation. The 1220-850 cm™ band proved to be
the most accurate at discerning between degradation levels with 98.3% accuracy. The approach was then applied
to sample set A using one each of the as-cured and degraded samples as unknown degradation levels. The
prediction accuracy of LDA was 100% for the as-cured sample, but only 28% for the visibly degraded sample in
the fingerprint region. When the misclassification cost was adjusted, the accuracy improved to 78%. It is
recommended that this work continue towards generating a field NDI technique.

15. SUBJECT TERMS
FTIR; Singular Value Decomposition; Discriminant Analysis; Coatings; Polyurethane

16. SECURITY CLASSIFICATION OF: 17. LIMITATION 18. NUMBER 19a. NAME OF RESPONSIBLE PERSON

OF ABSTRACT | OF PAGES Maj Timothy W. Zens, AFIT/ENP
a. b. c. THIS uu 186 19b. TELEPHONE NUMBER (Include Area Code)
REF’SRT ABSTEACT PAGEU (937) 255-3636 x4695; Timothy.Zens@afit.edu

Standard Form 298 (Rev. 8-98)
Prescribed by ANSI Std. Z39.18

170




