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Abstract

In this paper, a method to derive nonnegative spectral transmittance based on Principal Compo-
nent Analysis (PCA) and Linear Discriminant Analysis (LDA) is proposed for hyperspectral imag-
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ing. The nonnegative spectral transmittance can be applied to the optical imaging of programma-
ble hyperspectral imaging system, and the collected images are supposed to be equivalent to the
results after PCA-LDA post-processing. By filtering out the negative value in the training process,
the method can be directly applied to hyperspectral data, that is, hyperspectral data acquisition
and PCA-LDA post-processing can be realized simultaneously through the physical process of opt-
ical imaging, which is helpful to realize more intelligent and convenient optical detection and
sensing in sensing applications.
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Figure 1. Data processing flow chart
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Figure 2. Spectral transmittance waveform of PCA-LDA without negative value
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Figure 3. Spectral transmittance waveform of PCA-LDA with negative value

[ 3. &fa{&H) PCA-LDA FiLiE T RIKH

104 Classification Scatter Plot 1

g
o
@

T

[}

S

3

>

5 b —— e o — — — — —

& Q= =S e S mieen
=3

[e]

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Sample Number
Classification Scatter Plot 2

N

Output Value

2000 2500 3000 3500 4000 4500 5000
Sample Number
Classification Scatter Plot 3

Output Value

2000 2500 3000 3500 4000 4500 5000
Sample Number
Classification Scatter Plot 4

$ 1020
©
>
+ 1000
=3
=
O 980
500 1000 1500 2000 2500 3000 3500 4500 5000
Sample Number

Classification Scatter Plot 5

N
w
S

2125

Output Value
N
8

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Sample Number
Classifi catlon Scatter Plot 6
S N \‘

Output Value
|
|
I
t
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| 3

Sample Number

Figure 4. Classification results of PCA-LDA spectral transmittance without negative values
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Figure 5. Classification results of PCA-LDA spectral transmittance with negative values
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Table 1. Accuracy of PCA-LDA without negative values in Salinas a dataset

%< 1. SalinasA #IRE T & falll PCA-LDA EmME

FON 5 1 2 3 4
HER % 100% 99.48% 98.09% 97.83%
R 100% 99.18% 89.61% 99.48%
LR 100% 99.58% 99.20% 97.17%

BTN 1 0 0 5

FNF5 1 2 3 4
iR 100% 99.48% 98.09% 97.83%
R 100% 99.18% 89.61% 99.48%

Table 2. Accuracy of PCA-LDA with negative values in Salinas a dataset
7z 2. SalinasA H¥EE& & T2l PCA-LDA /R

FHFS 1 2 3 4
RIS 100% 99.48% 98.09% 97.85%
REPE 100% 99.18% 89.61% 99.48%
R 100% 99.58% 99.20% 97.17%

SIS 203 0 204 5

FAHFS 1 2 3 4
iR 100% 99.48% 98.09% 97.85%
R 100% 99.18% 89.61% 99.48%
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