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Abstract. Imaging spectrometers have the potential to identify surface mineral-
ogy based on the unique absorption features in pixel spectra. A back-propagation
neural network (BPN) is introduced to classify Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) of the Cuprite mining district (Nevada) data into mineral
maps. The results are compared with the traditional acquired surface mineralogy
maps from spectral angle mapping (SAM). There is no misclassification for the
training set in the case of BPN; however 17 percent misclassification occurs in
SAM. The validation accuracy of the SAM is 69 per cent, whereas BPN results
in 86 per cent accuracy. The calibration accuracy of the BPN is higher than that
of the SAM, suggesting that the training process of BPN is better than that of
the SAM. The high classification accuracy obtained with the BPN can be explained
by: (1) its ability to deal with complex relationships (e.g., 40 dimensions) and (2)
the nature of the dataset, the minerals are highly concentrated and they are mostly
represented by pure pixels. This paper demonstrates that BPN has superior
classification ability when applied to imaging spectrometer data.

1. Introduction

Imaging spectrometers have the potential to identify minerals based on the unique
absorption features of their spectra (Ustin and Rock 1985). Imaging spectrometers
acquire images simultaneously in many narrow contiguous bands (Goetz et al. 1985)
which are inherently registered such that each pixel has an associated continuous
reflectance spectrum that can be used to identify the surface mineralogy (Vane and
Goetz 1985). The 40 bands within 2000-2400 nm wavelength region of Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS; Vane er al. 1993) 1994 data were
used to identify specific minerals or mineral groups through a large number of
mineral absorption features for hydroxyl and carbonate minerals (Hunt 1979).

Methods for imaging spectrometer data analysis such as Spectral Angle Mapping
(SAM; Yuhas and Goetz 1993, Kruse et al. 1993), have been tested to increase the
accuracy of the classification results. In this paper we introduce a new approach to

}e-mail: Yang@itc.nl

International Journal of Remote Sensing
ISSN 0143-1161 print/ISSN 1366-5901 online ©1999 Taylor & Francis Ltd
http://www.tandf.co.uk/JNLS/res.htm
http://www.taylorandfrancis.com/JNLS/res.htm



98 H. Yang et al.

imaging spectrometer data analysis using artificial neural networks (ANN), which
are brain-like machines that are used in a wide range of applications (Clarkson
1996). We evaluate adopted back-propagation neural network (BPN) for imaging
spectrometer data. A comparison is made with the result obtained by spectral angle
mapping (SAM) from AVIRIS 1994 data of the Cuprite mining district (U.S.A.). The
same training set was used as input for BPN classification and their mean spectra
were used for SAM classification. The accuracy of the training set and test set for
both BPN and SAM classification was assessed. The results were compared to
evaluate the performance of these two classification methods.

2. Approach
2.1. SAM

SAM is an automated method for comparing image spectra to a spectral library
assuming that the data have been reduced to apparent reflectance (true reflectance
multiplied by some unknown gain factor controlled by topography and shadows). The
algorithm determines the similarity between two spectra by calculating the ‘spectral
angle’ between them, treating them as vectors in a space with dimensionality equal to
the number of bands. In the analysis of images, for each reference spectrum chosen, the
spectral angle is determined for each image spectrum (pixel ). This value is assigned to
the corresponding pixel in the output SAM image, resulting in one output image for
each reference spectrum. Grey-level thresholding is used to determine empirically those
areas that most closely match the reference spectrum while retaining spatial coherence.

2.2. BPN

The ability to learn by example and to generalize, combined with the independ-
ence of distribution assumptions make artificial neural networks attractive for super-
vised classification of remotely sensed data (Schalkoff 1992, Richards 1993, Foody
and Arora 1995). The BPN is a new processing system that can examine all the
pixels in the image in parallel. It adapts itself to ‘learn’ the relationship between a
set of example patterns and is able to apply the same relationship to new input
patterns. This system can focus on the features of an arbitrary input dataset that
resembles other patterns seen previously. Furthermore it ignores the noise. The
network may be trained to correctly characterize classes in a remotely sensed dataset
through an iterative learning process which adjusts the strength of the weights
between network units with each iteration (Foody and Arora 1995).

3. Study site

The Cuprite mining district with hydrothermally alteration map shown in figure 1,
is situated in southwestern Nevada some 30 km south of the town of Goldfield. It
contains both hydrothermally altered and unaltered rocks. The eastern half of the
district studied here is an area of extensive hydrothermal alteration within a sequence
of rhyolitic welded ash flow and air fall tuffs (Albers and Stewart 1972). These altered
rocks can be subdivided into three mappable units: silicified, opalized and argillized
rocks. Silicified rocks, containing abundant hydrothermal quartz, form a large irregu-
lar patch extending from the middle to the south end of the area. Opalized rocks
contain abundant opal and as much as 3 per cent alunite and kaolinite. Locally, an
interval of soft, poorly exposed material mapped as argillized rock separates fresh
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Figure 1. Hydrothermal alteration map of the Cuprite mining district (after Abrams ez al. 1977).

rocks from opalized rocks. In the argillized rocks, plagioclase is altered to kaolinite,
and glass is altered to opal and varying amounts of montmorillonite and kaolinite.
The distribution of these alteration assemblages is characteristic for a fossilized hot-
spring deposit (e.g., Butchanan 1981) which often contains gold.

The empirical line calibration method was applied to calibrate the radiance data
from AVIRIS to reflectance, thus forcing the image data to match selected field
reflectance spectra (Roberts et al. 1985, Conel et al. 1987, Kruse et al. 1990). The
AVIRIS dataset has been extensively studied by many authors (e.g., Hook ez al. 1991,
Rast et al. 1991), and many articles have been published on the use of remote sensing
for mineral mapping in the Cuprite mining district by means of other image data
analysis techniques (e.g., Kruse ef al. 1990, Okada and Iwashita 1992, Kahle and
Goetz 1983). Because both the geology and the spectral signature of the rocks in
this area have been characterized in detail, it is an appropriate dataset for the
evaluation of the use of artificial neural networks for imaging data classification and
mineralogical mapping.
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4. Methods
4.1. Mineral mapping result of SAM technique
Select image endmembers: fifteen endmember (as shown in figure 2 (a)) spectra
were selected representing known occurrences of the minerals to be mapped.
Classification: next, the mean spectra (figure 2 (b)) of the selected endmembers
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Figure 2. (a) Colour composite image of bands 184, 194 and 207 of AVIRIS 1994 as RGB
with the training set numbered representing different classes, () mean spectra of
different classes from the training set.
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were calculated and used to classify the dataset. The result is a classification image
showing the best SAM match at each pixel and a ‘rule’ image for each endmember
showing the actual angular difference in radians between each spectrum in the image
and the reference spectrum. Dark pixels in the rule images represent smaller spectral
angles, and thus spectra that are more similar to the reference spectrum. The
maximum angle thresholding of the 15 classes are: 0.0448, 0.0930, 0.0900, 0.0900,
0.0410, —, 0.0720, 0.0680, 0.0660, 0.1008, 0.0380, 0.0420, 0.0600, 0.0448 and 0.0950
radians, respectively, the same order as in the legend of figure 3 (). SAM produces
a class with unclassified pixels. To assist image inspection and to compare with
results from BPN, a colour lut is used to discriminate different classes.

4.2. Classification by the BPN
4.2.1. The mechanism of BPN

A BPN comprises a set of simple processing units arranged in a layered structure
with a weighted connection in adjacent layers. Three types of layers may be recog-
nized as shown in figure 4. The input layer comprises one unit for each discriminating
variable (e.g., waveband), while the one or more hidden layers each contain a user
defined number of units. The output layer contains one unit for each class.

Suppose we have a set of P vector-pairs, (X1,y1), (xz,y‘z\!), .. (Xp, ¥p), which are
examples of a functional mapping y= ®(x) : xe R",ye RY. We want to train the
network so that it will learn an approximation o=y = ®'(x). Learning in a neural
network means finding an appropriate set of weights so that we can find the equation
of a line that best fits a number of known points. Because the relationship we are
trying to map is likely to be nonlinear, as well as multi-dimensional, an iterative
version of the simple least-squares method, called steepest-descent technique is
applied (Freeman and Skapura 1992). An input vector, Xp= (Xp1,Xp2, ..., Xpn) , iS
applied to the input layer of the network. The input units distribute the values to
the hidden-layer units. The net input to the jth hidden unit is

N
net ;= -21 wiixpi+ 07 (1)
=

where w/; is the weight on the connection from the ith input unit; N is the total
number of the input units; and 6/ is the bias term which is the weight on a connection
that has its input value always equal to 1. The ‘h’ superscript refers to quantities on
the hidden layer. The output of this node is

ipi= f'(net pj) (2)

Move to the output layer, the net-input values to each unit is
L
netpk= . Wijipj + 0% (3)
i=1

and the outputs are

opk = fX(net pk) (4)

where the ‘0’ superscript refers to quantities on the output layer; The subscript ‘p’
refers to the pth training vector and ‘k’ refers to the kth output unit; opx is the actual
output from the kth unit. The error terms for the output units are

3pk = (ypk— 0pk )fi '(net k) (5)
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(@) Classification results from spectral angle mapper, (b) classification results from

the back-propagation network.

where ypk is the desired output value and the error terms for the hidden units are

h h oy h .
8pi=fj '(net pj)Ek: 8pkipj

(6)
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Figure 4. Simplified BPN (after Wasserman 1989).

The error terms on the hidden units are calculated before the connection weights to
the output-layer units have been updated. Next the weights are updated on the
output layer:

wij(t+ 1)= wij(t) + 1 8pkipj (7)
and update the weights on the hidden layer:
wii(t+ 1)= wi(t)+ ndpxi (8)

where the factor n is called learning rate parameter and ‘t’ is the timestep. The order
of the weight updates on an individual layer is not important. The error term is

X,
=5 2 Sk )

E, =
T2 &

where ‘M’ is the total number of output units. Since the quantity is the measure of
how well the network is learning, when the error is acceptably small for each of the
training-vector pairs (input—output), training can be discontinued.

4.2.2. Mineral mapping by the BPN network

4.2.2.1. Neural network structure. Considering the number of bands in the short-
wave infrared (SWIR) AVIRIS data (40 bands), a three-single-hidden-layered neural
network containing 40 hidden units was created. The network units used a standard
sigmoid transfer function with a gain factor of 1. Training each classification involved
800 iterations of a back-propagation learning algorithm with the learning rate and
momentum set defined as 0.1 and 0.9, respectively.

4.2.2.2. Training classes and training sample size. The training classes included 15
inputs, the same dataset as used for SAM. Different classes containing different
number of pixels with previous knowledge were used. For classes with large spectrally
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homogeneous areas, more pixels were selected; for classes with small spectrally
homogenous areas, less pixel were selected as shown in figure 2 (@).

4.2.2.3. Classification. After training is completed, the rest of the image is classified
by the acquired network which responds to each new ‘unseen’ vector with the
‘knowledge’ gained from the training stage.

The same colour lut used in the SAM results was applied to the BPN classification
results (figure 3 (b)) for comparison.

4.3. Accuracy assessment

The classification accuracy was determined in two stages by using contingency
tables (error matrices). The cell entries show the number of sampled pixels whose
classified category is the column label, and whose true category is the row label
(‘true’ here means having been derived from a presumably more accurate data source
than the classification, e.g., ground visit). First, the calibration accuracy was deter-
mined. This assessment describes the agreement between the actual class membership
for the pixels in the training area and the predicted class membership derived through
BPN and SAM classification. These training-area pixels had been used to derive the
digital decision rules separating the classes. Second, the validation accuracy was
determined by comparing the actual class membership of the test-area pixels to the
predicted class membership arrived at by the BPN and SAM classifiers. Test-area
pixels are totally independent on the formation of the digital decision rules. About
20 pixels were selected for each class in the training set if possible, which helps to
generalize the characteristics of different classes. The test set selected for each class
was as large as possible so as to reflect the real situation. The calibration and
validation accuracy for the BPN and SAM classification are presented in tables 1-4.
Numbers used to represent different classes are the same as in the legend of
figure 2 (a).

To compare the two classification methods, the overall agreement is computed
for each matrix based on the difference between the actual agreement of the classifica-
tion (e.g., agreement between computer classification and reference data as indicated
by the diagonal elements) and change agreement which is indicated by the row and
column marginals (Congalton and Mead 1983). This measure of agreement, called
KHAT (i.e., K), is calculated by

r

N D Xi— 2, (X+i*Xi+)
i=1

K= ———7=4= (10)
N — > (Xi+ *X+i)

i=1

where r is the number of rows in the matrix, xii is the number of the observations
in row i1 and column i, xi+ and x+; are the marginal totals of row 1 and column i,
respectively, and N is the total number of observations (Bishop ez al. 1975).

A xHAT value is computed for each matrix and is a measure of how well the
classification agrees with the reference data. Confidence intervals can be calculated
for kHAT using the approximate large sample variance (Bishop er al. 1975, p. 396)

10i(1-01) | 2(1-01)(20100—05) | (1= 01)’(04—40)°
N (1-02) (1- 6, (1- 62

&% (k)= (11)
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Table 1. Error matrix of the training dataset for ANN classifier in the Cuprite mining district.

Row
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 total

1 20 20
2 20 20
3 20 20
4 4 4
5 30 30
6 18 30
7 25 18
8 26 26
9 18 18
10 24 24
11 20 20
12 20 20
13 24 24
14 30 30
15 8 8
Column

total 20 20 20 4 30 18 25 26 18 24 20 20 24 30 8 307

The producer’s accuracy, the user’s accuracy and overall accuracy are all 100%
p

where

1

2

Xii [Xi+ X+i Xij [Xj+ X+i

0= o+ )= L[+
! ile(N N)’4 ile’(N N)’

and x;+ is the marginal total of row j.

A test for significance of KHAT can be performed for each matrix separately to
determine if the agreement between the classification and the reference data is
significantly greater than zero. The test statistic for significant difference in large
samples is given by

Xii Xi+ *X+i
o= 0= T35
=1 N =1 N

,_ ki — ko 12)
\/ 61 + &3
(Cohen 1960). Table 5 shows the KHAT statistic to be used as an accuracy measure-
ment. Notice that with more than 95 per cent confidence, the difference between the
BPN and SAM classification is significant. Therefore, based on xHAT values, the
BPN classifier is better than the SAM classifier. The result agrees with the overall
performance accuracy value given in tables 3 and 4.

5. Discussion
5.1. Shadows

The SAM classifier can not handle the classification of shadows and the shadows
were all unclassified in SAM. The poor ability to identify the low reflectance features
lowered the overall accuracy of the SAM classifier. BPN classifier, on the other
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Table 2. The error matrix of the training dataset for SAM classifier in Cuprite mining district.

Row
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 0* total

1 20 1 2 23
2 20 20
3 16 16
4 4 4
5 29 29
6 0 0
7 4 4
8 26 26
9 18 18
10 21 21
11 19 2 21
12 1 20 21
13 22 22
14 28 28
15 8 8
0% 4 18 21 3 0 46
Column

total 20 20 20 4 30 18 25 26 18 24 20 20 24 30 8§ O 307

Producer’s accuracy (%0) User’s accuracy (%0)

1 100 87

2 100 100

3 80 100

4 100 100

5 96.4 100

6 0 —

7 16 100

8 100 100

9 100 100
10 875 100
11 95 90.4
12 100 95.2
13 91.6 100
14 933 100
15 100 727

0* — 0

Overall accuracy= 255/307= 83%.

hand, is able to identify some of the minerals in the shadow areas. This might be
because the shadows have low reflectance in all bands (dimensions) and SAM
classifier only counts the direction but not the magnitude of each spectrum, whereas
BPN classifier counts both. The shadows that could not be classified by BPN are
not likely to be classified by other classifiers.

5.2. Pure pixels and mixed pixels
Among kaolinite, alunite and buddingtonite which are presented mostly in pure
pixels, the producer’s accuracy of kaolinite and alunite by BPN is much higher than
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Table 3. Error matrix of the test set for BPN classifier in Cuprite mining district.

Row
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 total

1 156 2 158
2 72 1 73
3 6 63 74
4 4 4
5 136 4 2 142
6 26 113 139
7 9 108 117
8 1 84 85
9 65 65
10 14 25 2 3 44
11 13 100 3 2 118
12 2 143 3 148
13 70 70
14 1 3 1 1 48 54
15 17 17
Column

total 156 80 72 5 140 35 221 84 96 25 104 143 80 50 17 1308

Producer’s accuracy (%0) User’s accuracy (%0)
1 100 98.7
2 90 98.6
3 944 91.9
4 80 100
5 97.1 95.7
6 74.3 18.7
7 489 92.3
8 100 98.8
9 67.7 100
10 100 56.8
11 96.1 84.7
12 100 96.6
13 875 100
14 96 88.9
15 100 100

Overall accuracy= 1122/1308 = 86%.

that of SAM and the producer’s accuracy of buddingtonite by BPN is much lower
than that of SAM because there were only five pixels used for the test, in which one
pixel weights 20 per cent. These results suggest that BPN has higher ability to identify
pure pixels than SAM. Varies fans mapped are mostly pixels of mixed minerals. For
class ‘Fan 1’, ‘Fan 5’ and ‘Kaolinite fan’, the producer’s accuracy of BPN is the same
as that of SAM. However, for class ‘Fan 3’, ‘Fan 4’ and ‘Silica fan’, the producer’s
accuracy of BPN is much higher than that of SAM because there is no or very little
misclassification by BPN classifier. Only for class ‘Fan 2’, the producer’s accuracy
of BPN is 6.7percent less than that of SAM. We may deduce that BPN is also a
better classifier than SAM when the pixel is mixed.
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Table 4. The error matrix of the test set for SAM classifier in Cuprite mining district.

Row
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 0* total

1 156 7 12 175
2 52 1 53
3 4 62 66
4 5 5
5 130 130
6 0 0
7 0 2 2
8 2 83 85
9 2 4 1 71 5 83
10 2 15 11 28
11 1 1 1 5 82 23 2 115
12 2 3 1 15 120 6 147
13 60 60
14 1 1 2 48 52
15 1 1 2 17 21
0% 18 4 32 221 4 7 0 286
Column

total 156 80 72 5 140 35 221 &4 96 25 104 143 80 50 17 0 1308

Producer’s accuracy (%0) User’s accuracy (%0)
1 100 89.1
2 65 98.1
3 86 93.9
4 100 100
5 93 100
6 0 0
7 0 0
8 99 97.6
9 74 85.5
10 44 39.3
11 79 71.3
12 84 81.6
13 75 100
14 96 923
15 100 81
0* — 0

Overall accuracy= 897/1308= 69%.

6. Conclusions

There is no misclassification for the training set in BPN; however 17 per cent
misclassification occurred in SAM. The calibration accuracy by BPN is higher than
that obtained by SAM, suggesting the training process of BPN is better than that
of SAM for this dataset. The validation accuracy obtained by SAM is 69 per cent
and by BPN 86 per cent, which suggests that both SAM and BPN classifiers have
the ability to identify minerals easily separated by their spectra. The high validation
accuracy of the BPN has two causes: (1) its ability to deal with complex relationships



A back-propagation neural network 109

Table 5. The result of the test of agreement between error matrices for ANN and SAM
classification (with kHaT statistic and its variance).

Z statistic 95% Confidence level

10.44 1.96
Error matrix KHAT statistic Variance
ANN 0.8448 0.0001
SAM 0.6639 0.0002

(e.g, 40 dimensions) and (2) the nature of the dataset, the minerals are highly
concentrated and they are mostly represented by pure pixels.
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