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Abstract

One of the more elusive goals in the field of remote sens-
ing is to develop a completely automated feature extraction
and identification system. The output of such a system is
usually an annotated map, and thus such a system is often
referred to as fully automated computer cartography sys-
tem. To date only computer assisted cartographic systems
have been developed. Human photointerpreters are still
required for feature identification and verification. There
are many challenging steps along the way to achieving this
goal. A mix of digital image analysis techniques and expert
systems technology has shown some successes in this area.
However one of the biggest stumbling blocks at the moment,
is how to represent the knowledge contained in a scene in a
compact reliable structure that is compatible with expert
systems. This paper outlines this knowledge representation
problem, presents an analysis of various image segmenta-
tion techniques, discusses the segment attributes required
for inferencing and discusses some of the problems associ-
ated with this technique.

Introduction

Remotely sensed images contain a wealth of information
that can be readily processed by trained human experts,
such as photointerpreters. Humans can almost instanta-
neously identify objects or make some other semantic judg-
ments about an image. Some researchers are using algorith-
mic techniques to identify and classify cartographic features
[Guindon 88]. Other researchers have shown that expert
systems can be engineered to perform inferenced reason-
ing about simple human visual tasks (simple in the hu-
man visual system context). [Rao 88]. However, one of
the problems that has plagued expert system researchers
is how to represent image knowledge in an expert system.
This problem is often referred to as the iconic to symbolic
gap problem.

In essence the iconic to symbolic gap problem is : How
does one convert the spatial, spectral or other knowledge
that is stored in an image into a semantical form, that can
be processed by an expert system? Typically expert sys-

tems store knowledge in a symbolic format. Computerized
image processing systems typically store imagery as a large
often multi-dimensional matrix of binary numbers. Thus an
expert system requires the binary matrix to be converted
to a symbolic format, for inference processing.

Many researchers have found that image segmentation
has  provided  meaningful  results. Some
researchers have used contextual [Stansfield 86] segmenting
techniques and others have used non-contextual segment-
ing techniques [Plunkett 86]. However, once the segments
have been determined, then segment attribution can be per-
formed relatively easily. The attributed segment informa-
tion, can then be passed to the inference engine.

This paper provides an analysis of the concepts and some
results of applying various image segmentation techniques
to an image and attributing the segments for applying in-
ference rules to perform photogrammetric analysis. The
study scene is a geocoded Landsat Thematic Mapper scene
of the Ottawa area. A subarea of this image was segmented
using several gradient operators. Different thresholds were
then used on the segmentation operation. Following seg-
mentation, each segment was attributed with a number of

attributes that relate to the segments spectral and spatial
properties. These attributes were stored in a flat ASCII file

as PROLOG statements and input to an Expert system for
analysis.

Methodology

Some authors have indicated that there is a hazy or grey
area developing between the image processing and knowl-
edge based processing parts of computer vision systems
[Straight 87]. Other authors [Rao 88] have described the
differences as low-level vision is the image processing stage
and the knowledge based phase is the high level vision stage.
Other authors have performed the low-level vision stage
manually by humans and then fed this knowledge into the:
inference engine [Pascucci 87]. Pascucci does however indi-
cate that some research is ongoing to perform some of the
low-level vision via computer. :

This paper uses the paradigm that the low-level vision
is performed by conventional image processing techniques
and the high-level vision is performed by expert system
techniques. However, the area on which this paper concen-
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irates, is how the results of the low-level vision techniques
n be computed, formatted, and stored for further pro-
cessing.

' One of the most common methods of performing 1m-
¢ interpretation using artificial intelligence techniques is
preprocess the image data by generating various labeled
age segments. This preprocessing stage allows the knowl-
ge based portion of the system to make inferences on seg-
ents of the image, rather than on a pixel-by-pixel basis.
€ preprocessing stage is a very important portion of any
ion expert system, because it can significantly improve
he system performance, if appropriate segments are gen-
ated.

A typical method of performing this segmentation is to

he Sobel gradient operator [Stansfield 86] [Plunkett 86].
e resulting segments are however often not truly indica-
f the original image. One finds that areas which are
vely constant in content (ie ariverin a remotely sensed
), may be segmented into a number of smaller seg-

ents. This is due to the side-effects of the Sobel operator.
reason for this phenomenon is that, if there are small

riations in the grey level of the pixels in these areas, the
iations are amplified during the application of the gra-
and are significant enough to be above the threshold
sed for the segmentation stage.

Another problem is that if the threshold of the gradient
is selected, is too high, then significant segments may
be computed. On the other hand, if the threshold is
0 low, then a large number of segments are produced.
For robotic vision applications non-contextual segmen-
s are often sufficient, because these systems work under
ant lighting and environmental conditions. Usually
system need only identify an object or not. Thus for
ofic vision the same set of low-level vision operations
be performed on each scene. In remote sensing how-
there are often many more parameters, that may vary.
Iso the type of target that the system is evaluating may
lect the type of low-level vision operations that may be

plied.

mage Processing Methodology

]

he first step in any segmentation paradigm, is to apply
image gradient operator, and then segment the gradient
e based on a selected threshold. A non-contextual seg-
ation paradigm is displayed in Figure 1. A contextual
egmentation paradigm is shown in Figure 2.

Several gradient operators were used in this study. A
description of the operators follows, which is based on
e following conventions:

The elements of a 3 x 3 pixel window in channel k can
e represented by:

Xie Xioe Xise
Xijk = XZIk Xoor Xosk
Xair Xsoe Xsak

where X;;, is the video value of line i, pixel j of chan-
| k, and X,y is the video value of the center element of
nnel k in a 3x3 matrix.

e elements of a 2 x 2 pixel window are similarly rep-
ted as:

Xllk X12k
X = [ Xowe KXok ]

Sum of Maximum Differences

The sum of the maximum differences in N channels over
a 3x3 window gradient operator consists of computing the
sum of the maximum absolute difference in N channels for
each neighbor in a 3x3 window. Then the operator can be
written as:

3 3
Yoo =) 3 MAXE, [Xijh — Xoni)]

1=13=1

This means that for each of the eight directions, the
gradient is taken and the largest absolute. difference over
the N channels is retained. Thus, for example, one big

change in 1 channel will be more important than 4 small
changes in 4 channels.

Sum of Differences

The sum of the differences in V channels over a 3x3 Window
gradient, calculates the sum of the absolute differences in
N channels for each neighbor in a 3x3 window.

3 =3 3

Vow= 3 > [Xee X0l

k=1i=1j=1

This operator is smoother than the sum of maximum
differences operator, since all channels have equal weight.

Maximum Sum of Differences

The maximum sum of differences in a 3x3 window over N
channels gradient calculates the maximum of the sum of
absolute differences for all neighbors in a 3x3 window over
N channels.

3 3
Yoo = MAXP Y3 [Xije — Xoa)

=1 7=]1
Roberts Gradient Distance 1

The Roberts gradient cross operator of distance 1 in a 2x2

window [Gonzales 77] is computed as the sum of the abso-

lute difference between the diagonal pixels in channel k.
The following weighting functions are used:

10 JoT1
01 1[0

Then the operator can be written as

Yaie = | X11k — Xogke| + | Xaok — Xon

Because of the size of the window, this is a sharp oper-
ator, but it is not symmetric because the resulting output
will be placed at the lower left of the window. Therefore,

there is a 0.5 pixel misregistration in the line and pixel
directions.

Roberts Gradient Distance 2

The Roberts gradient cross operator of distance 2 in a 3x3




window is computed as the sum of the absolute differences
between the opposite pixels in a vertical and horizontal di-
rection in channel k [Gonzales 77].

The following weighting functions are used:

0]0(0 (== 0]
110]-1 000
0(0]0 0]-1]|0

Then the operator can be written as:
Yook = | Xo1e — Xoae| + | X126 — Xazl

This operation is smoother than the Roberts gradient
distance 1 operator and it is symmetric. However, it does
not take into account diagonal differences.

Sobel Gradient

The Sobel Gradient [Duda 71] [Levine 85] operator over a
3x3 window in channel k is computed using the following
weighting functions:

Vertical Horizontal
1EHoEsT ik O
2.0 |52 0[0]0O0
1S{E0R 1 =1 [-200

The Sobel operator can be written as:
Vi = Xu1k + 2 X510 + Xarp — (Xoap + 2 X031 + Xaak)
Hi = X1k + 2X12k + Xisk — (Xsre + 2Xa26 + Xage)

Yoo = Sp = V2 + H}

Laplacian Operator

The Laplacian [Gonzales 77] operator over a 3x3 window in
channel k is computed using the following weighting func-
tion:

0] 1
_..vl _4 1 -
0|10

The Laplacian operator can be written as:
Yaor = Xuar + Xaoke + Xo1p + Xoap — 4 X090

Variance Operator

The variance operator for an M x N window [Sachs 82] for
channel k is computed using the M and N parameters to
vary the degree of smoothing in the gradient operator.

VAR, = ( il Xijk)2
n

Z Z (Xth)

i=1j=1

where n is the size of the window or M x N. For this
comparison, only a 3x3 window was used.

Expert System Methodology
The Canada Centre for Remote Sensing (CCRS) has devel-

oped an expert system shell, based on the MPROLOG lan-
guage, called RESHELL [Goodenough 87]. The attributed
segments must therefore be converted into a format that is
readable by PROLOG. The shell supports a frame based

structure based on the following syntax:
frame ( object , attribute , facet , value ).

In this case each segment is treated as an object and is given
an appropriate unique name ( ie segment-53 ), based on th
segment label number assigned to that segment during the
segmentation phase.

There are a large number of both spectral and spatial
attributes that are currently being computed for each seg-
ment. These include :

,_.

o size - this attribute is the number of pixels within the
segment.

e shape - this attribute is the shape of the segment as
defined by:

(segment perimeter)i

segment shape =
segment area
e bounding rectangle (or window) - this attribute indi
cates the maximum and minimum pixel and line val
ues. By definition, all pixels belonging to this segment
are within the bounding rectangle.

e maximum grey level for each channel - this attribute
specifies the highest pixel value found in this segment
in each channel.

e minimum grey level for each channel - this attribute
specifies the lowest pixel value found in this segment
in each channel.

e mean grey level value for each channel - this attribute
specifies the mean grey level value for this segment in
each channel.

e grey level variance for each channel - this attribute
specifies the variance about the mean of the grey levels
for this segment for each channel.

e covariances for all channels - this attribute specifies the
covariance of the grey levels for this segment between
each pair of channels.

e pixel locations - this attribute specifies the exact pixel
locations of the pixels in this segment.

The segmented image is converted into a PROLOG sym-
bolic format file by a FORTRAN program. This file is then
input to the knowledge based system. '

Knowledge Representation Results

In order to interpret the segment knowledge passed to the
expert system from the low-level vision system, it is im-
portant to get the best segments possible with the mos|
meaningful attributes. For example, it is virtually impos
sible for an expert system to find water body segmentsil
the segmentor has removed them because the threshold is
set too high. On the other hand if the threshold is set too



low then a large number of segments are produced, which
defeats the purpose of this approach. It is therefore impor-
t to note all of the important variables when analyzing
segmentation problem.

A 256 pixel by 256 line by 7 channel Landsat Thematic
Mapper image of the Ottawa area was selected as the test
site. This image contains urban areas, agricultural areas,
lakes and rivers and several conspicuous road networks.
(Channel 4 of this image is depicted in Figure 3.

Channels 4 and 5 of this image were segmented using

- =T

;: all of the operators and some of the test results are in the
following tables. Also channel 4 of this image was seg-
Al mented with the Sobel operator and the effect of varying
g e segmentation threshold is also included in the following
es. The min, max, mean and standard deviation are for
the gradient image.
he " The following table indicates the effect of varying some
of the parameters of the low-level vision algorithms.
e Figure 10 shows the segments derived from the PRO-
LOG expert system for gradient and segmentation values
the sum of max differences given in Tables 1 and 2, row
number 1.
di- Conclusions
ral-
ent The results of this research point out two major problems.
e first problem is: which segmentation operator is the
i t for locating the segments of interest? The other prob-
v lem is: once an operator is selected, what gradient and
] threshold values must be used in order to get the desired
interpretation? Each of these issues will be discussed indi-
ute vidually.
ent The selection of the best operator to use is dependent
on the desired class. For instance the sum of maximum dif-
ute ferences appears to give the best results when looking for
4 in ¢ land/water boundaries. The Sobel operator seems to
e the best overall general results. The Laplacian opera-
seems to give the best results for road edge detection. It
ute clear that more research is required into which operator
vels gives the best results. But, it is also clear that no operator
eems to be an obvious choice for all classes.
s the This leads one to believe that for remote sensing im-
veen ge analysis, a context dependent low-level vision system is
ired. Thus the expert system will first have to decide
: hat class it is looking for and then select the operator that
pixel best for locating that class. The expert system will then
ceive the results from the low-level operation and make
sym- nferences based on this information. This approach also
hen the advantage that if the expert system selects and uses
ral operators for performing the interpretation, then it
assess the results based on several ”views” of the scene.
This should help improve the accuracy of the interpretation.
Once an operator has been selected, then the next ques-
fion that must be answered is: what parameters should be
ied in the gradient and segmentation operations? This
o the is class dependent. For instance land/water interfaces
s im- best visualized on TM channel 4 or 5. Thus if the water
most s desired, then only those channels need be processed.
mpos- rtain vegetation is best determined from channels 2, 3,
ents if d 5.
0ld is The selection of the segmentation threshold is again class
et too dependent. Figure 6 shows the Sobel segments generated

for a threshold that is near the mean of the gradient. These
segments are not that significant. Better results are not
obtained until the threshold is lowered as in Figures 7, 8
and 9.

Thus although this work indicates that more research is
required into gradient, channel(s) and threshold selection;
it is clear that such a contextual segmentation paradigm
can produce meaningful image interpretations.
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Figure 1: A Non-contextual Segmentation Paradigm: The Expert Sys-

tem has no control over the iconic knowledge being passed from the

low-level vision system.
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Figure 2: A Contextual Segmentation Paradigm: The Expert System
controls all the steps of the low-level vision system and selects param-
eters for this processing based on the context of the feature of interest.
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Figure 3: Image of channel 4 from Landsat Thematic Mapper. This

test area is just west of Ottawa, Ontario.

Figure 4: Edge image of Sum of Maximum Difference gradient gener-
ated segments with threshold set to 40 (Tables 1 and 2 entry number

1).

Figure 6: Edge image of Sobel gradient generated segments with threshs
old set to 60 (Tables 1 and 2 entry number 13).




Table 1: Results of various gradient operators on the test image

1er-

Table 2: Results of various segmentation thresh- P
olds based on Table 1 gradient images ﬂ
q\

ber :
No Gradient TM Chan | Min | Max | Mean | Standard No |[ Segment | Number of | Comments 'J
1 Operator Numbers | Value | Value | Value | Deviation r Threshold | Segments f
1 [Sumof Max Diff | 4,5 2 | 786 | 86.54 | 46.57 B 20 100 Tigure 4 |
)2 Sum of Diff 4,5 2 1002 | 123.37 68.32 2 40 510 \[
3 | Max Sum of Diff 4,5 1 783 77.45 44.35 3 40 06 I
4 | Roberts dist 1 4,5 0 309 34.51 23.52 4 40 Gl s J
5 | Roberts dist 2 4,5 0 324 42.67 30.14 5 ADE= 188 i
6 Sobel 4,5 0 825 | 114.46 79.77 6 40 2087
7 Laplacian 4,5 -409 242 | -0.0037 32.15 7 40 1653 Figure 5
8 Variance 4,5 0 2348 | 87.89 112.91 8 40 435
9 Sobel T 0 470 | 62.11 48.99 R e e e
10 Sobel 4 0 470 | 62.11 48.99 10 90 57
11 Sobel 4 0 470 | 62.11 48.99 11 80 96 f
12 Sobel 4 0 470 | 62.11 48.99 12 70 Tl
13 Sobel 1 0 470 | 62.11 48.99 13 760 290 | Figure6 |
14 Sobel 4 0 470 62.11 48.99 14 50 488
15 Sobel 4 0 470 | 62.11 48.99 i 40 927 Figure 7
16 Sobel 4 0 470 | 62.11 48.99 16 30 1850 Figure 8
7 Sobel 4 0 470 62.11 48.99 17 20 | 3114 | Figure 9
ith e7: Edge image of Sobel gradient generated segments with thresh- Figure 9: Edge image of Sobel gradient generated segments with thresh-
set to 40 (Tables 1 and 2 entry number 15). old:sct to 20 5.1 .'a.nd___Z_le_nt_r_}_l_r‘_l‘l_x'mber 17,
L R . % 2N
4
esh- ¢8: Edge image of Sobel gradient generated segments with thresh- Figure 10: Coded image resulting from analyzing the segments of Fig-

ure 4 by a PROLOG expe
bodi .

system. The black areas indicate water




