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ABSTRACT: Syothetlc sperture radar utifizes coherent microwaves to produce
images of the earth's surface. Due lo the interference of coherent wavelets, the
images appear speckled. This reduces the performance of per-pel classificrs. One way
to increase the performance is to Alter the image Rrst, then classify the filtered image.
For this purpose, we investigate several novel filters that have been reported in the
literature. These are the geometrie fiter, adaptive LMMSE filter, and lincar approxi-
mation flter. For comparison, we also consider conventional mean and median filters.
In our experiments, we find that the mean BSiter with scven ilerations gives the best
result. The overall performance Increased from 65.2% to 88.0%. We also assess the
capability of these filters to preserve edges In the original image. We find that the
geometric and median filters sre the best in preserving edges, and that the linear
approximation and adaplive LMMSE fiiters are the best in discriminating roads.
Prefiltering the image cffectively provides contextual information to the per-pel
classifier. An alternate approach is Lo directly design a contextual classifier. We pro-
pose a new conlextual classifier based on sequential decision theory. With this
classifier, we find that the overall performanee increases to 89.6%.

1. INTRODUCTION

Classification of cover type from remotely sensed images of the earth’s surface
provides an important means of gathering information about natural resources. Such
Images have traditionally been acquired with passive multispectral scanners operating
in the visible and infrared; but more recently, active synthelic aperture radar (SAR)
operating in the microwa e region bas slso been psed. In this case, images may be
acquired at different incidence angles and with different transmitter/receiver polariza-
tions to provide diversity corresponding to the different spectral bands of a multispec-
tral scanner. Compared lo mumspectnl scanners, SAR possesses the advantage of
being able to operate day or night independent of weather or cloud conditions. How-
ever, SAR is a cohcrent system; and images acquired with it are degraded by speckle
noise due o interference of waves reflected from multiple seatterers within each reso-
lution cell. Speckle noise severely degrades the performance of per-pel elassifiers which
have been used successfully with mulitispectral images. In addition, speckie noise
impedes identifieation of image detail, which is essential for corrclating image infor-
mation with that gathered from other sources including ground truth. Such informa-
:’Ion dis, in fact, needed to identify the lest samples on which the classifier design is

asca.

One approach Lo this problem ls to Biter the images to reduce speckle prior to
classification. Mueller [1] has shown that conventional lincar and median filters can
improve classifier performance. However, these filters tend to degrade image sharpness
to varying degrees. Recently, several novel fiiters have been developed with the objec-
tive of reducing speckle while maintaining Image sharpoess. These include the
geometric filter 12] {3], an adaptive linear, minimum mean squared error (LMMSE)
filter [4] ‘5]. and a linear approximation spprosch in which the SAR image Is
expressed in terms of a basls set consisting of multispectral images [ek The Rrst objec-
tive of this paper is o evaluate the effect of these filters on classilicr performance.
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Besides classification performance, another criteria for comparing fillers is visual
assessment. We define measures for edge spread and road contrast, and use them to
evaluate the visual quality of SAR images processed with the various filters.

The filter-then-classify approach may be regarded as a rather indirect means of
providing a per-pel classifier with contextual informalion. A second approach is to
develop explicitly contextual classifiers that operate directly on the speckled image.
Classifiers based on combining similar neighbors [7) and on compound decision theory
[8] are examples. Image scgmentation techniques [9] are also applicable. The second
objective of this paper is to develop and evaluate a contextual classifier based on
sequential decision theory [10].

In Sec. 2, we bricfly describe the three new fiiters o be evaluated in the filter-
then-classify approach. In Sce. 3, we also briefly describe the conventional per-pel
Bayes classifier. We then present our new sequential elassifier. In Sce. 4, we define the
measures for assessment of visual quality. Fioally, See. 5 contains the results from an
experimental comparison of the various filter and classifier combinations.

st 2. FILTERS FOR SPECKLE REDUCTION

The geometric filter (2] [3] is essentially a morphological operator [11]. It may be
explained as follows: Suppose a discrete two-dimensional gray level image is con-
verled Lo a discrete three-dimensional volume with the additional s axis representing
the gray value. Points below the gray level surface have value 1; and those above it
have value 0. The volume is partitioned into parallel slices perpendicular to the x-y
plane to obtain a set of binary images. Each binary Image is filtered by running four
3x3 templates over it. Wherever a template matches, the center pixel is comple-
mented; otherwise it remains the same. The filtered image is then complemented, and
processed again in the same manner with four additional templiates. Complementing
the output of this step yiclds the final Bitered output for the slice. The above pro-
cedure Is applied sequentially to sets of slices taken at four different angles with
respect to the x-axis. This constitutes one iteration. The final result is obtained by
converting the binary Images back to the original image form. It is important to note
that this can always be done since the overall filtering operation obeys the stacking
property {12} ‘

The adaptive filter [4J |5l Is based on a model in which the noise is multiplicative,
and spatiaily uncorrelated with a unit-mean Gaussian distribution. Thus the (ij)-th
pixel 5, in the SAR image is related to the terrain reflectance x;; and specklie noise
v;j according to ;| = x;; v; ;. Suppressing the subscripts (i,j), the LMMSE estimate of
the terrsin reflectance may be expressed as
o i R mx +k('_;).
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The parameters a,’ and ¥ are calculated as sample averages within a neighborhood of
the (i,j)}-Ah pixel. Since the SAR image is an amplitude image preprocessed with a
four-look average on intensity basis, o, = 0.2536 [5]. In addition, ¥ = 1; and this
Implies that X = 7. In a flat region, 0= 0, and £=¢ x, which is the linear average of
pixels in the neighborhood. In a high contrast region or edge area, 0,’ Is large. In this
ease, £ 3, and the value of the pixel is not changed.

Use of the approximation method [8] depends on the availability of multispectral
Images covering the same terrain as the SAR images, and which are registered with
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them. The multispectral images are highly correlated with the SAR images, but are
not speckled. Thus, they comprise a good basis set for a smooth, linear approximation
to the SAR images.

To determine the smoothed image value & al'a given pixel, we express the SAR
image data 7 within & w-polat window in terms of the p reference images Y i=1, ..,
n

p, a8
L ‘ In . . Yip by €0
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or in vector-matrix notation,

- -

—

T=YE 47,

where ¥ is the approximation error. The coefliclents B are chosen to give a least
squares fit:

B =(YTY)'(Y™D.
The smoothed SAR image value is then given by
Lol yppoeees iyl E.
where k is the index of the center pixel In the window.

8. CLASSIFICATION

With per-pel classifiers, each image pixel Is elassified independently of the others
in the image. Let ¥ be a 3-tuple of the SAR image values for the three incidence
angles at a particular pixel; and suppose that it belongs to one of M classes. Assuming
that the distribution of ¥ conditioned on it belonging to the i-th class is multivariate
Gaussian with mean 71 and covariance I, the discriminant function for a Bayes
classifier is given by

6 = o) = L |55 - 2w - Ty e -

Here p; Is the prior probability of the i-th class. The pixel is placed in that class i* for
which

el = glx), 1=1..M

Since the signal to noise ratlo of SAR images Is very low, the per-pel
classification rate is low compared to that of images obtained from noncoherent imag-
ing systems. Filtering the speckled images reduces the variance of the data, making
the gray value vector for each pixel more representative of the class to which it
belongs. This results in an improvement in classifier performance.

Out contextual classifier examines the values of pixels in » neighborhood around
the pixel in question to aid in its classification. The sequence in which Lhese pixels are
evaluated s indicated in Fig. 1. The pixel to be classificd is evaluated first. At the n-
th step in the algorithm, we attempt to elassify this pixel based on its value ¥, and
that of its n-1 neighbors Xy, . . ., X,. If no decislon can be made, we add the pixel ¥, ,,
to the set and repeat the process. To reduce the chance of running across a boundary
between two cover types, we limit the neighborhood to & 5x 5 window.

We first describe the classification algorithm when there are only two classes 1,
and H;. We then discuss the extension to the case of M >2 classes. Assuming neigh-
boring pixels are independent and belong to the same class, we have, at the n-th stage
of the algorithin, n L.l.d. veclor observalions X, ..., X,. To test the hypothesis H,
versus Hy, we compute the log-likelthood ratio
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Fig. 1. Daia sequence used in the sequential classifier.
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and compare it with two fixed thresholds a <0 < b. If 8, S a, we choose Hy; and if
8, = b, we choose H,. In this case, the algorithm terminates. Otherwise, s <8, <b;
80 we get another data sample ¥, ,;, and tepeat the process.

To bound the error probsbilities by a, and @,
P (choosing H, | He)S exo,

P (choosing Hy | H,)S oy,

8, = In(

we let
s}
A= ‘B(T::’—o.)'

l—al

o
For M classes, we calculate the log-likelihood functions of the data sequence for

each class |
Ii,l = II'I( f(?p “oe Orn 'Hl))'

and then calculate the log-likelihood ratio s, =, ; — ks, for the largest two of the
log-likelihood functions. If we can make a decision b on s,, we terminate. Other-
wise, we add a sample, recalculate the likelihood functions for each class, and again
attempt to make a decision as above. If a declsion cannot be made with all 25 samples
In the window, we choose the class with the largest likelihood function.

b = In(

4. EDGE RENDITION AND ROAD DISCRIMINATION

To quantitatively describe the sharpness of edges, we define the edge spread $ to
be the distance between the two pixels which are the 80% transition points shown in
Fig. 2. In digital imagery, it ls easier to detect edges horisontally and vertically than
al an arbitrary angle. Suppose we scan horizontally, and detect an edge. We caleuiate
the spread S of the edge as if the edge were vertical. If the edge is at an angle a with
the vertical direction, as shown in Fig. 3, we calculate a least squares estimate of the
slope and scale the spread of the edge accordingly.

More precisely, let the x eocordinates range over the Integers from 0 to N-1, and
the y coordinales be the distances to the edge, ss shown in Fig. 3. The edge can be
represented by the lincar equation

y=mx+b,
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Fig. 2. Definition of edge spread.

Fig. 3. Edge slope estimation.

whete m is the slope we are trying to estimate. Let

T4

then AX = B. The least squares fit of the parameters m and b Is given by

X = (ATA)"!ATB,
Since the x; are the Integers from 0 to N-1, {ATA)'AT can be precaleulated. The
corrected edge spread is then given by

8, = 8 cosfa) = —o—r.
Viim!
In SAR images, pixels representing roads have a smaller geay value than sur-

rounding pixels. Suppose we use an array lo represent a line segment across a road.
Let a and ¢ be the gray values of the two end points of the line segment, while b is

613




Fig. 4. Definition of road contrast.

the minimum gray value of the line segment, as sh9wn in Fig. 4. We define the con-
trast of the road to be ' .
t r N .
Lat=b .
c=-t .
e

6. EXPERIMENTAL RESULTS

The images uscd in the experiment were obtained by the Shuttle Imaging
Radar-B (SIR-B) during Space Shuttle Flight 41-G in October, 1984. Three sets of
data were collected over a forested area in northern Florida on Oct. 9, 10, and 11, at
incldence angles 58° 45°, and 28°, respectively. The images were digitally processed
by the Jet Propulsion Laboratory (JPL) in Pasadena, CA g!!l A set of Thematic
Mapper (TM) images over the same area was obtained on Oct. 12, 1984; and they
were registered with the SIR-B images by JPL. The images we used here have
512x 512 pixels. Each pixe! covers a 28.5x28.56 m? area on the ground. The SAR
images with incidence angles 28°, 45° and 58° are referred to as bands 1, 2, and 3,
respectively. The TM images have seven bands, which are used as the reference
Images in the linear approximation fliter. .

By calculating the statistics of several sample fields, it was found that there s
not a great difference in correlation between different cover types, which means that
the "texture’ we see In the image does pot contain much information about cover
type. In fact, if we subtract the local mesn and scale by the local standard devistion
making the transformation .
il] - (!“'—‘a /dl + 128
for every pixel in the image, the interior region of different ground cover types cannot
be distinguished in the resulting image, at least not visually, although the roads and
sharp edged are still preseat. On the other hand, if we only subtract the local mean,
or only scale by the local standard deviation, then there still exist visible differences
between ground cover types. This suggests that most of the information about ground
cover type is contained in the local mean and variance. The speckle index
6,/8 = " 0.26 in most of the fields. This s consistent with the expected value of 0.2538
discussed in See. 2.

The images were filtered with the geometric filter, the adaptive LMMSE fiter,
the linear approximation fiter, and conventional 3x3 mean and 3x3 median filters.
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The geometric filter was run for four iterations, as is suggested In [3]. The mean and
median fillers were run for seven iterations to reduce the speckie index to about the
same level as that obtained with the geometric filter. The adaptive LMMSE fiter and
the linear approximation filter were run for only one iteration, since they are based on
models of the original speckied image. The window size of the adaptive LMMSE filter
was chosen to be 5x5. With the linear spproximation fiter, singularity is possible
when inverting the reference image matrix since the TM images are so smooth. This
problem was circumvented when necessary by perturbing the matrix Y.

To gain a quantitative idea of how the fiilers perform, we concentrate on a
3232 pixel water region of band 1. Since this region Is homogeneous, the variations

are due o speckles only. The speckle indices for the unfiltered and filtered images are
shown in Table 1. ’

Table 1. Effect of Filters on Speckle Index

|_No, Iterations |
otiginal image 0 0.2027
3% 3 mean 7 0.1025
3% 3 median 7 0.1000
geometric 4 0.0832
adaptive LMMSE 1 0.1376
Llinear approx. 1 01717 |

We sce that the geometric Blter with four ilerations Is most eflective in reducing
speckle noise.

Eighteen training Belds and 42 lest felds were selected based on local lumber
companics’ inventories and maps. These flelds were grouped into six different classes:
water, clear cut with trees aged 1 Lo 6 years, pine aged 8 to 38 years, pine older than
38 years, mixed swamp, and cypress swamp. The prior probabilities of each class
were obtained by analyzing the avallable ground truth, and were set as in Table 2.

Table 2. Prior Probabilities for Six Ground Cover Types

Cover Type Prior Probability |
Water 0.03
Clear cut and pine (1- 3 yrs.) - 016
Pine (6 - 34 yrs.) 1 035
Pine {> 36 yrs.) 0.20
Mixed swamp . 0.20
0.06

Classification was performed on the original image, on images Rltcred with the
geometric filter, the adaptive LMMSE fliter, and the linear approximation filter, as
well as the 3 x3 mecan and median Biters. Tilc classifier’s performance was estimated
using the holdout method [14]. The results are shown in Fig. 5. We sce that using
filtered images greatly improves the classification rate. The mean fiter with seven
iterations gave the best results.

For the sequential classifier, we chose the error probabilities to be
Og =y = 0.0]1. We did the sequential probability ratio test on the original and
filtered images. The classification rate Is also shown In Fig. 5. We can see that the
classification rale increased in all cases by varying degrees. The largest increase
oceurred when sequential classificalion was done on the raw data. Note that the
classification rate did not resch the theoretical error probability. This is mainly
because the theoretical value is for a binary hypothesis test. Other reasons include
truneation of the datla sequence and statistical inhomogeneity of the images.

To gain a qualitative idea of the characteristics of the different filters, we show in
Fig. 8, portions of the original image, the images flitered by the geometric filter, the
mean flter, and the median Biter. T‘aue portions each contain 256 x 258 pixels. We
sce that the geometric filler preserved edges very well, while effectively reducing
fluctuations duc to the speckle nolse. Compared with the geometric filter, the mean
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Fig. 5. Performance of per-pel and sequential classifiers.
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Fig. 8. Portion of original image and images fitered with the mean, median
‘ and geometric fiters (fef to right and top 1o botiom).

filter smeared edges. Edge rendition with the median Biter is similar to that of the
geometric filter, although the median filter obliterated some distinct features present
in the original image, which were preserved by the geometric filter. Figure 7 shows
portions of the original image, the image Bltered by the linear approximation Slter,
the TM image (band 5) and the image filtered by the adaptive LMMSE fiter. The
linear approximation filter has the special characteristic of enhancing the edges which
are blursel and hardly distinguishable in SIR-B images, but which are very clear in
the TM images, since it uses the TM images to approximale the SIR-B images. As
expected, the u‘npﬂve filter passed edges in the original image with little change.

We calculated the edge spread and road contrast for the various filtered images.
To detect edges, te used the ndary information of a classified image, because the
original S5IR-B image are scverely speckied. For the same reason, we used 3 TM image
to detect roads. The result is shown in Table3,
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Fig. 7. Portion of original image, image fitered with the adapiive LMMSE
fiter, TM image (bend 5), and image Mered with the linear
spproximation filter (left o right and top to botlom).

Table 3. Edge Spread and Road Contrast Measures
| Filter Type | No, Iterations | Edge Spread § |
. 0
7
7
4
1
1

original image 2.794 0.289
3 x3 mean 5.317 0.077
3x3 median 3.767 0.105
geometric 3.500 0.103
3.473 0.157

adaptive LMMSE
hinnuum 3114 022t ]

The linear approximation and adaptive LMMSE filters result in the smallest edge
spread and the largest road contrast. With approximately the same speckle index, the
geometric filter prescrves edges and roads better than the mean and median filters.

8. CONCLUSION

Prefiltering the images improved the performance of the per-pel Bayes classifier
by up to 36.3%5. The mean filter gave the best clansification rate, but was inferior to
the other filters In edge rendition and road discrimination. The linear approximation
and adaplive LMMSE Riters ylelded the best edge spread and road contrast. The con-
textual sequential elassifier increased the classification rate by up to 37.3% compared
to per-pel classifieation of the original image. With this classifier, performance did not
vary much between the original image and images processed by the various filters.
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