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Assmcr: This paper demonstrates the capability of using neural networks as a tool for delineation of shorelines. The 
neural nets that we use are multi-layer perceptrons, i.e., feed-forward nets with one or more layers of nodes between 
the input and output nodes. The back-propagation learning algorithm is used as the adaptation rule. AU the images 
are preprocessed before training set selection. The preprocessing operation is done by normalizing each picture in order 
to obtain grey level statistics that do not vary significantly from scene to scene. A neural net is then trained to categorize 
small blocks of image data as land or water. After a category map has been generated by the neural net, image processing 
techniques are used in order to delineate the shoreline down to the pixel level. A majority of the misclassified regions 
of the binary landlwater category map are corrected by applying connected components labeling followed by the 
merging of small isolated regions into the surrounding area. Finally, a sequence of image processing operations are 
used to detect edges, reject isolated edge points, and join small edge gaps to produce a continuous shoreline delineation. 

INTRODUCTION 

A P ~ N C I P A L  ACTIVITY OF CARTOGRAPHY for many years has 
been the application of human interpretive skills to compile 

a map manuscript from an aerial photograph. This process of 
compilation can be characterized by the activities of feature de- 
lineation, feature identification, and feature attribution. In de- 
lineation the cartographer uses a suitable graphic mechanism 
(usually a pencil tracing on vellum overlaying the aerial pho- 
tograph) to create a representation of the feature. In feature 
identification and attribution the cartographer must code the 
feature characteristics according to a defined glossary of feature 
properties. 

Of the activities of delineation, identification, and attribution, 
it is delineation which represents the greatest source of frustra- 
tion and fatigue. Detailed tracing of the border of a feature is 
not usually considered a challenging activity to an image ana- 
lyst. On the other hand, feature identification and attribution 
usually require substantial skill to properly interpret the visible 
aspects of the feature in an aerial photograph. Most cartogra- 
phers would appreciate the opportunity to reduce the deline- 
ation burden so that they could devote more time to the subtle 
interpretive tasks that require the maximum level of their 
professional skills. Thus, it is not surprising to find the infusion 
of new computer technology into the process of feature delin- 
eation. 

New cartographic workstations that have come into the mar- 
ketplace have emphasized the use of digital graphics for feature 
delineation. Instead of tracing on vellum paper, the typical 
workstation provides a variety of graphic tools to simplify the 
task of feature delineation. Although these tools enhance pro- 
ductivity, they do not reduce the tedium of tracing features. 
Paper may be replaced by electronics in these systems, but the 
primary burden for the cartographer remains the same: convert 
image data into feature delineations. The next step in improving 
the environment for the cartographer will be to employ tech- 
nology that can decrease the burden of feature delineation. 

BACKGROUND 

Previous attempts to automate cartographic feature extraction 
have led to a "toolbox" of algorithms (Nagao and Matsuyama, 
1980; Ballard and Brown, 1982). Many of these algorithms de- 
pend, at some level, on the classification of regions of image 
data into categories that provide a means to make decisions 
regarding the presence or absence of edges, boundaries, tex- 

tures, shapes, or other significant patterns.' There has been 
little effort, however, to provide a unified algorithmic founda- 
tion for feature extraction and delineation. One notable excep- 
tion is the attempt by McKeown (1984) to develop feature 
extraction methodologies based on the creation of a scene model 
which is gradually built up using a combination of image 
processing and expert systems. McKeown has focused on the 
delineation of features in airport scenes. These features (e-g., 
hangars, runways, terminal buildings) exhibit strong associa- 
tions, growing out of functional constraints, which can be ex- 
ploited to enhance extraction accuracy. Unfortunately, most 
cartographic features do not exhibit strong associations with 
neighboring features. Furthermore, both terrain and man-made 
features exhibit extreme variability in their appearance due to 
variations in acquisition geometry, illumination conditions, 
masking, natural variations in feature composition, as well as 
construction techniques and designs. Although scene context 
is important, it is our view that feature extraction techniques 
must take maximal advantage of available pattern recognition 
technology at the lowest levels of processing and must even- 
tually provide a capability that is largely invariant with respect 
to many of the sources of feature variation. 

The resurgence of interest in connectionist approaches to pat- 
tern recognition has resulted in the development of several 
"neural network" algorithms which have significantly ad- 
vanced the state-of-the-art in pattern analysis systems. Hepner 
et al. (1990) applied neural nets to the problem of land-cover 
classification from multispectral data. Their results suggest that 
the neural network approach is better than conventional clas- 
sification techniques, especially in situations involving small 
training sets. Other studies (e.g., Huang and Lippman, 1987) 
have shown that neural network performance exceeds that of 
conventional classifiers (k-nearest neighbor, quadratic Gaus- 
sian) when the underlying data distributions do not conform to 
prior assumptions (usually Gaussian models). Even in cases 
where the performance is comparable, the neural network ap- 
proach provides the distinct advantage of simplifying the train- 
ing and testing processes. Our approach is to provide a feature 
extraction environment in which neural net architectures can 
be easily and rapidly configured and trained to perform desired 
categorizations. 

'These patterns are often referred to as features in the pattern recog- 
nition literature. We will use the term patterns or measures to eliminate 
confusion with cartographic features. 
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OBJECTIVE 

The specific objective addressed in this study is the auto- 
mated delineation of shorelines. This feature category was se- 
lected as representative of the class of "line" features. The manual 
(or interactive) delineation of these features by an extraction 
specialist is a tedious, time consuming process. Automation of 
shoreline delineation provides a useful example of how pattern 
recognition technology can be brought to bear on the more gen- 
eral feature delineation problem. Because a shoreline is, by def- 
inition, a boundary between a land area and a water area, it 
presents a relatively straightfonvard application of pattern clas- 
sification. The objective of this study, therefore, is to demon- 
strate that neural networks, in conjunction with image processing 
techniques, provide an effective, efficient methodology for cre- 
ating accurate shoreline delineations. 

GENERAL APPROACH 

For this study, our approach is based on the use of trainable 
neural networks for low-level categorization of data into land 
and water categories. Although this categorization is specific to 
the shoreline delineation problem, the neural network meth- 
odology is capable of treating many different pattern analysis 
~roblems. For the shoreline delineation problem, the landlwater 
iategorization is done at a coarse resol6tion relative to the de- 
sired accuracy of the final delineation. This categorization cre- 
ates a binary category map which is refined down to the pixel 
level to provide an estimate of shoreline location. The actual 
delineation, i.e., the drawing of lines and curves to graphically 
represent the shoreline feature, draws on the technology of 
image and graphics processing. 

DESCRIPTION OF NEURAL NETWORKS 

non-linearity is the sigmoid function (Figure 2) which limits the 
range of output values. The non-linearity is critical to network 
performance: it has been shown that a two-layer network (Figure 
3) is capable of realizing any functional mapping from input to 
output (Funahashi, 1989; Hecht-Nielsen, 1989). This is not 
possible in a linear system. 

Neural network models are specified by the PE characteristics, 
the learning rules, the network interconnection geometry, and 
dimensionality (Lippman, 1987). AIthough these topics continue 
to be active areas of research, several approaches have emerged 
which have definite applicability to complex pattern analysis 
problems (Pao, 1989). 

The potential benefits of neural nets include the high 
computation rates provided by massive parallelism and greater 
fault tolerance than can be achieved by serial computations. 
Damage to a few processing elements or interconnection links 
in a parallel implementation does not necessarily impair system 
performance. In many applications, however, neural nets are 
simulated on a serial computer-PES time-share the CPU. The 
primary advantage of a neural net approach in this case is the 
ease with which a variety of network specifications can be 
implemented, trained, and tested in response to knowledge 
gained by observing network performance. Secondly, the family 
of neural nets provides a much richer set of classification 
mappings than can be obtained by traditional means. Finally, 
the operational mode of a network is a functional subset of the 
training mode. Thus, the architectures allow an extremely 
convenient environment for rapid development of pattern 
recognition systems which bypasses the cumbersome data 
analysis process required in traditional pattern recognition 
technology. 

VirtuaIIy aII types of neural network architectures can be viewed 
as adaptive filters which transform a multidimensional (input) 

Artificial neural networks2 are a class of computational models pattern or vector x=[x,x~. - .x,] into another (output) pattern 
inspired by our present understanding of biological nervous Y =b&- - .YM]- The mapping is d e t e d e d b ~  a set of parameters 
systems. They have found a variety of diverse applications such P= [PIPz- . -PLI which can be modified in response to input and 
as industrial inspection (Glover, 1988)) credit rating (Dutta and Output Patterns- This transformation from data to data is 
shekhar, 1988), character recognition ( G ~ ~ ~ ~  et al., 1989), speech referred to as an associative memory (y is "associated" with x). 
recognition (Lippman and Gold, 1987), image segmentation Some applications (e-g-, pattern classification) the ou@ut 
(Cortes and Hertz, 1989), and robotic control (Kuperstein and 
Rubinstein, 1989). 

Neural net models are composed of many simple processing 
elements (PEs) connected by links with variable weights. The 
simplest and most common PE sums a set of weighted inputs 
and passes the sum through a non-linearity (Figure 1). The 
weights w,, w, ..., w, and the internal bias parameter 0 are 
adjusted to improve system performance. The most common 

2Also referred to as neural nets, parallel distributed processing models, 
connectionist systems, or neuromorphic systems. 

FIG. 1. Simple processing element in a neural net- 
work architecture. The inputs {x} are filtered by the 
weights {w} and passed through the non-linearity 
fO. The quantity 0 provides an adjustable bias. 

FIG. 2. Sigmoid function. Typically, 
f(x) = tanh(x). 

hidden 
input layer 
layer 

output + 

Measurements + Code 

FIG. 3. Architecture of the network. Each cell represents a 
processing element (as depicted in Figure 1). The black ar- 
rows represent weight matrices. 



EXTRACTION OF SHORELINE FEATURES 

pattern y is interpreted as a category code which assigns the input 
pattern x to a specific pattern class. For other applications (e-g., 
pattern correction or image restoration), y is interpreted as a 
prototype for a pattem class, i.e., y is a typical pattern from the 
pattern class. 

Neural nets can be categorized in a variety of ways: 
(a) dynamic versus static (Hopfield and Tank, 1985). A dynamic 
network solves a set of coupled nonlinear differential or difference 
equations, while a static net simply passes the data through a series 
of mappings to produce an output pattem. 
@) supervised versus unsupervised (Lippman, 1987). A supervised 
network is designed with a set of desired associations 
{(x,,y,),(x&,. . .,(x,yJ} and the design process is to build a network 
that can reproduce these associations in response to an input vector 
x. Unsupervised systems, however, perform clustering on a set of 
training samples, where the clusters are usually unknown to the 
system prior to training. 
(c)  autoassociative versus heteroassociative (Rumelhart and 
McClelland, 1986). If the desired associations (xi,yi) are such that 
y,=x, for all i, then the memory is termed autoassociative. If y, 
# x, the memory is heteroassociative. In either case, the objective 
is to devise a system which is robust with respect to errors in the 
input patterns. 

Multi-layer perceptrons are used as the neural network 
architecture for this study. They are feed-forward static, 
supervised, heteroassociative nets with one or more layers of 
nodes between the input and output nodes. The adaptation rule 
which we used is the back-propagation learning algorithm with 
momentum (Werbos, 1974; Parker, 1986)3 

The specific approach taken for shoreline delineation involves 
four steps: 

(1) The image dynamic range is standardized by histogram remapping 
and by performing median filtering to reduce interference from noise. 
(2) The image is partitioned into small (8 by 8) non-overlapping 
blocks. Each block is classified into land or water (and possibly shoreline) 
categories. This categorization is based on local rotation invariant 
texture measures and is implemented with the neural network. The 
categorization map is then segmented and a region merging algorithm 
is used to eliminate small isolated areas. 
(3) Using the adjusted categorization map as a guide, edge detection 
is applied to identify shoreline candidate points. 
(4) Image processing algorithms are employed to reject isolated edge 
points and join small (single-pixel) edge gaps. Finally, gaps of medium 
length (S 5 pixels) are filled by interpolation. 

The output of this process, as developed under this study, is a 
set of delineations overlaid on image data. In an operational 
system, these delineations would most likely be converted to a 
vector format and stored in a feature database for review by an 
analyst at his or her convenience. Step four occasionally leaves 
gaps in the shoreline delineation. These gaps result from either 
poor visibility of the shoreline or an unfortunate spatial orientation 
of the shoreline relative to the coarse shoreline estimate. 
Recommendations will be presented for correcting this deficiency. 

Two kinds of errors will occur in any automated delineation 
system: errors of omission (gaps) and errors of addition (extraneous 
edge points). Given that delineations will eventually be reviewed 

3Also called the Widrow-Hoff rule, the LMS (least mean square) algo- 
rithm, and the delta rule. 

by a human analyst with editing tools, we believe it is preferable 
to minimize the addition errors, i-e., editing should consist 
primarily of filling in omissions. The current algorithm does this 
by selecting candidate shoreline points displaying a sufficiently 
strong edge at the landlwater transition. 

PROCESSING ALGORITHMS 
The four processing steps described above are depicted in 

Figure 4. 

In order to improve the robustness of subsequent algorithms, 
we found it was beneficial to apply normalization techniques 
to the input image data. The purpose of normalization is to 
provide the landlwater classifier with data whose gray level 
statistics do not vary significantly from scene to scene. Not 
unexpectedly, the neural network classifier learns to categorize 
dark, relatively uniform textures as water. It is important, 
therefore, that water be remapped to a dark gray tone. This 
remapping, however, must be done automatically with no a- 
priori information regarding the locations of regions actually 
occupied by water. An alternative to normalization would be 
to train the network using an extremely large sample of images 
spanning the set of expected acquisition conditions. Even then, 
there would likely be increased confusion between land and 
water catenaries. The normalization approach avoids the difficultv 
of acquiriG and training on unwieldy quantities of image data. 

Normalization was imvlemented with a linear stretch with a 
fixed fraction of saturateh pixels at each end of the gray scale. 
Given an image I(x,y), we compute the cumulative distribution 
C(i), i=O,. . ., K where K is the maximum allowable gray level 
(typically 255 for 8-bit data). Let gL be the highest gray level for 
which C(gL)<r and gH be the lowest gray level for which 
C(gH) > 1 - r where r is a fixed parameter (r = 0.02 was used in 
this study). The relationship between the input image I(x,y) and 
the output image, O(x,y), is given by 

Following the normalization remapping, O(x,y) was passed 
through a 3 by 3 median filter (Ballard and Brown, 1982) to 
reduce noise effects. The median filter was found to be 
appropriate for the class of data that was available for this study. 
The data were digitized from 1:50,000-scale USGS panchromatic 
transparencies at a ground sample interval of 2.5 metres and 
which contained a considerable amount of film grain noise. The 
median filter effectively reduced the noise without seriously 
affecting the edge quality. 

STEP 2: COARSE CATEGORIZATION OF LAND AND WATER 
In Step 2, the image data are accessed sequentially by blocks 

(e-g., 8 by 8). Texture measurements are extracted from a block 
and fed to a neural network classifier which places each block 
in the land or water category. The result of this process is a 
Category Map (Figure 5) which depicts the block memberships 
in an image format. The transition between categories provides 
a coarse estimate of the shoreline location. 

The texture measures used by the classifier are currently 
obtained from the power spectrum of the N by N block of data. 

FIG. 4. Shoreline delineation overview. See text for details. 
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FIG. 5. Landlwater 
category map. The 
map is a binary im- 
age in which each 
pixel represents an N 
by N block of data. 
White pixels in the 
black area and black 
pixels in the white 
area represent mis- 
classified blocks. 

In order to achieve rotation invariance, the power spectrum 
values are integrated within bands of (roughly) constant spatial 
frequency (Figure 6). 

We experimented with an alternative measurement set 
comprised of histogram bin populations. Reasonably good results 
were achieved by using the lowest five bins from a uniformly 
distributed 10-bin histogram taken over the Nby N block. Visual 
inspection showed that the resulting category maps were not 
quite as good, however, as those obtained with the Fourier 
spectral rings. We also found that equivalent categorization results 
could be achieved by using only the first three rings (i.e., the 
low spatial frequency rings) instead of all six. 

The neural network classifier is trained by creating a training 
set of measurement data with known (desired) category 
assignments. Given the vector of measurements at the input to 
the classifier, it produces an output category esfimafe which is 
compared with the desired output category to create an error 
signal. The error signal is then used to update the parameters 
of the network using the generalized delta rule learning algorithm. 
A description of this algorithm is found in Rumelhart and 
McClelland (1986). It should be noted that there are a variety 
of alternative learning algorithms which are purported to achieve 
much higher learning rates for some problem situations (Parker, 
1986; Watrous, 1987; Vogle et al., 1988; Fahlman and Lebiere, 
1990). For this study, however, training time was not a critical 
issue. We found that standard backpropagation with momentum 
converged to a solution in a reasonable amount of time. The 
architecture of the network consists of an input layer which 
simply buffers the measurement vector, a hidden layer of nodes 
(simulated processing elements), and an output layer which 
generates category codes (Figure 3). Because there are only two 
categories for this application, the output codes are (1, - 1) for 
land and (- 1,l) for water. We have experimented with a three- 
category classifier using shoreline as the third category but have 
found that a merger of the land and shoreline categories provides 
simpler subsequent processing. 

The neural network classifier, as with any statistical classifier, 
occasionally makes categorization errors. For the landwater 
categorization, these errors can be corrected, in most cases, with 
simple image processing algorithms applied to the binary land1 
water category map. 

Three algorithms have been empirically investigated: 

(1) the morphological operations of erosion followed by dilation produce 
the closing operator and eliminate small regions but maintain the 
boundaries of large areas (Sternberg and Serra, 1986). Erosion can 
be thought of as peeling away a layer of pixels from the boundary 
of a region whereas dilation adds pixels to the boundary. For binary 

8x8 
Power 

Spectrum 

FIG. 6. Calculation of power spectral rings. Values of the spectrum 
are summed over the regions of similar shading. The black point 
in the center of the array is the DC coefficient. The coefficients in 
the lower half of the array are redundant. This arrangement pro- 
duces six ring measurements. Any subset of these measurements 
can be used as features in the neural net classifier. 

data, erosion is implemented with a local minimum filter whereas 
dilation can be implemented with a local maximum filter. 
(2) the voting filter replaces the center pixel of a K by K window with 
the binary value most often represented in the window, i.e., a majority 
filter. Our version of the algorithm is modified to give additional 
votes to the center pixel in the window. 
(3) connected components labeling followed by merging of small regions. 

The best performance was achieved with algorithm 3: connected 
components labeling. Algorithms one and two both produced 
distortions in the shape of the regions defined by the category 
m a n  

donnected components labeling is a well known segmentation 
technique which is based on the search for contiguous image 
regions with homogeneous (but not necessarily uniform) gray 
tone (Ballard and Brown, 1982; Rosenfeld and Kak, 1976). The 
labeling algorithm scans the category map and assigns a different 
label (an integer) to each pixel within each contiguous patch and 
accumulates the total number of pixels in each labeled region 
(Figure 7). This pixel count is proportional to the area of the 
contiguous region. The labeling algorithm is then followed by 
a merging operation which compares each region area with a 
selected area threshold. If the area is smaller than the threshold, 
then the gray level of that region (0 or 1 for a binary category 
map) is simply toggled. In this way, all small misclassified regions 
are corrected. 

Following the automated correction of erroneous blocks, the 
landlwater boundary is converted to a shoreline strip. This strip 
defines a region that completely encloses and coarsely 
approximates the shoreline. Conceptually, the strip is created 
by pushing the landwater boundary one (or more) block@) inland 
and then adding this new boundary to the original boundary. 
This has been implemented by applying a local maximum filter 
to the corrected category map, and then adding the filtered map 
to the corrected map. The local maximum filter "dilates" the 
water region and contracts the land region. The size of the filter 
determines the width of the strip e-g., a 3 by 3 filter results in 
a single block strip width, a 5 by 5 window results in a two 
block strip width. The process used to create the strip map is 
illustrated in Figure 8. The result of this processing is a category 
map in which land blocks are coded as zero, shoreline blocks 
are coded as one, and water blocks are coded as two. Subsequent 
processing is restricted to a region in the neighborhood of the 
shoreline strip, thereby enhancing efficiency and 
reducing potential confusion. 

Candidate shoreline pixels are extracted from the standardized 
image by applying a one-dimensional convolution filter 
horizontally or vertically over the shoreline region, depending 
on the orientation of the strip map. The output of this convolution 
is a smoothed differential of neighboring grey levels along a 
line or column of the image. Figure 9 illustrates an image with 
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= 1 *2 

(a) Original category map (b) Labelled category map (c) Category map after small region merging 

FIG. 7. Correction of rnisclassified regions using connected components labelling 

the strip map superimposed. The filter is applied from each 
boundary of the s t ip toward the opposite boundary. We selected 
a 16-pixel window over which to apply the filter. Therefore, if 
the strip is two pixels wide in the strip map, the filter is applied 
over the region enclosed by the strip. If a single pixel strip is 
used, then the filter is applied over the strip region and over 
eight pixels (one block) on each side of the strip region. 

We assume that the landwater interface is characterized by 
a step edge, i.e., an abrupt change in grey level at the shoreline. 
The land and water classification contained in the strip map is 
used to determine the expected polarity (positive/negative) of 
the step edge at the landwater transition (Figure 10). After the 
convolution is performed over a given line (or column) of the 
standardized image, the location in that line (column) for which 
the edge magnitude is maximum with respect to the expected 
polarity is identified. If this maximum edge magnitude exceeds 
a fixed threshold, then the corresponding point in the image is 
selected as a candidate edge point. As the convolution is applied 
over the shoreline region, a new binary image is created, of the 
same size as the original image, in which each candidate shoreline 
point is coded as a one. 

The algorithm used to identify candidate edge points worked 
well for all images tested. The following components of the 
algorithm were determined empirically: 

Window Size 
Convolution Mask 
Threshold Level 

Window Size. The size of the convolution filter was varied during 
testing of the algorithm in order to find the best trade-off between 
efficiency and performance. Initially, we used a simple two- 
point difference to detect edge points. This approach resulted 
in a high number of false points due to the texture contained 
near the shoreline. We increased the window size to four points 
(i.e., weights of 1,1, - 1, -I), and the performance improved, 
although there were still a relatively large number of spurious 
candidates. Lengthening the window to six points provided 
good results, and further increases in the window size beyond 
six points showed little or no performance improvement. 

Convolution Mask. We experimented with two different types 
of weighting functions. Once we selected a window size of six, 
we experimented with tapered weighting of the samples, e.g., 
1/3, 2/3, 1, - 1, -2/3, -1/3. No noticeable performance 
improvement was realized with this weighting. Secondly, we 
weighted the filter outputs based on their proximity to the 
coarsely delineated landwater interface (filter outputs closer to 
the interface were weighted more heavily). This was done because 
we found that most false candidates were over land, with very 
few over water. As with the filter coefficients, we found no 
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FIG. 8. Creation of the strip map. 
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FIG. 9. Application of differential filter for candidate point extraction 
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FIG. 10. Output of differential filter with scan direction left 
to right. 
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(c) (dl 
FIG. 11. Shoreline processing sequence. (a) Original image. (b) Standardized image along with the original category map produced by the neural net 
classifier and the corrected category map produced by connected components labeling and small region mergiog (Step 2). (c) The strip map transitions 
overlaid onto the standardized image (Step 3). (d) final shoreline delineation. 

noticeable improvement when using different weighting 
functions. Based on these results, we elected to use the simple 
smoothed differential filter (1, I, 1, -1, - 1, - 1) for candidate 
point ex traction. 

Threshold Lwel. We set the threshold by analyzing sample 
grey level profiIes near the shoreline. We initially set the threshold 
at 45 and found that there was little noticeable performance 
difference when setting the threshold at any level between 40 
and 55. We elected to keep the threshold set at 45 in the final 
implementation. 

The candidate shoreline points selected in Step 3 are joined 
into an approximately continuous shoreline delineation. The 

connections are made based on the proximity of points to each 
other, and their tendency to lie along a continuous curve. The 
selected connectivity algorithm requires two passes through the 
binary candidate point image. The initial pass attempts to 
determine a continuous track along the candidate points. When 
the track comes to a point for which there are no adjacent 
candidates, an attempt is made to continue by filling in a single 
pixel gap. If the track cannot be continued (i.e., there are no 
new candidates within a two-pixel distance of the end of the 
track), then the length of the track is compared to a segment 
threhold (empirically selected as nine). If the track length does 
not exceed the threshold, then all members of the track are 
eliminated from further consideration. If the threshold is met, 
then the track is retained as a shoreline segment. 
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(a) (b) 
FIG. 12. Result for Scene 2. (a) Shoreline strip overlaid onto standardized image. (b) Final Shoreline Delineation. This scene shows primary limitations 
of current algorithm: (1) misclassified region in upper left, (2) gap in shoreline delineation in upper left corner of lake, (3) isolated segment due to 
building shadow in lower left part of lake. 

A second pass through the candidate point image is made in 
order to join shoreline segments. If the endpoints of two segments 
are within a five-pixel distance of each other, then these points 
are connected by a straight line. The output of this step of the 
processing is the final shoreline delineation. Further details of 
these two passes are given below: 
First Pass. 

As described above, the first pass of the connectivity algorithm 
attempts to follow continuous strings of points through the 
candidate point image. In doing so, it gives priority to points 
that are in the direction of the previous two points along the 
current track (string). This decision logic is used only when 
there are multiple points neighboring the current endpoint of 
a track. The neighboring points that are not "along track" are 
removed from the candidate point image, thereby filtering out 
spurious points. 

The first pass of the connectivity algorithm applies the following 
logic: 

Initialize Track Direction 
Scan Candidate Point Image for Next Candidate 
Look for another point within a 3 by 3 neighborhood of the 
candidate 
- If a single point is within the 3 by 3 window, assume that it is 

part of the current track, and set Track Direction to the cell 
number of the point. 

- If multiple points are within the window, select the one closest 
to the current Track Direction and set all other points within the 
window to zero. Set Track Direction to the cell number of the 
selected point. 
- If no points are within the window, e:pand the search window 

to 5 by 5: 
- If there is at least one point within the expanded window, 

select the point most closely aligned with the current track 
direction. Fill in the single pixel gap. Set track direction to 
the cell number of the filled pixel. 

- If there are no points within the expanded window, terminate 
the track. 

Compare length of terminated track to segment length 
threshold: 
" If threshold is exceeded, retain shoreline segment 
** Else, delete all candidates within segment. 

Repeat for all remaining candidate points. 

Second Pass. 
The second pass of the connectivity algorithm operates on 

the shoreline segments resulting from the first pass. Each segment 
endpoint is compared to neighboring pixels in the point image. 
If there are any other segmeqt endpoints within a five-pixel 
distance of a given endpoint, then a straight line connection is 
made between that endpoint and the nearest endpoint that meets 
the five-pixel distance threshold. 

A more sophisticated second-pass algorithm can be used to 
eliminate spurious segments that are not part of the actual 
shoreline. This algorithm would operate on the shoreline 
segments as follows: 

Label each shoreline segment. 
Examine both endpoints of a shoreline segment simultaneously 
- If neither endpoint can be linearly connected to another segment, 

compare the length of this segment to a theshold (this threshold 
would be on the order of 20 pixels) 
- If the threshold is met, then retain the segment 
- Else, delete the segment 
- If either endpoint can be linearly connected to another segment, 

make the connection and give the connected segments the 
same label 

Repeat for all segements. 

The result of this processing would be a few very long shoreline 
segments that comprise the automated delineation of the 
shoreline. 

EXPERIMENTAL RESULTS 
A variety of experiments were performed to assess the per- 

formance of the four-step processing chain. These algorithms 
were applied to several 256 by 256 digitized USGS aerial photos 
(1:50,000-scale imagery sampled at a ground sample distance of 
approximately 2.5 metres). Figures l l a  to l l d  show the se- 
quence of operations for one of these scenes. The original image 
is shown in Figure lla. Figure l l b  shows the image after his- 
togram normalization and median filtering (with a 3 by 3 ker- 
nel). Sets of about 30 8 by 8 blocks were selected from each of 
three standardized scenes to produce a training set of 100 three- 
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dimensional vectors formed from the first three spectral rings 
(see Figure 6) .  The training sites were selected to span a wide 
range of statistical variation as determined by visual inspection 
of the image data. Training on  this set produced a neural net 
architecture having ten hidden nodes which was applied to 
several test images which were not part of the training data. 
Results on the image in Figure 11 are typical. Training sessions 
typically required less than 500 sweeps through the training 
data. 

Figure l l b  also shows the category map and corrected map 
produced by the neural net classifier in Step 2 of the processing 
chain. Although these maps are produced at an  8:l reduction 
in resolution (due to the 8 by 8 block sizes), we have displayed 
them at a 1:3 magnification. Note that the connected compo- 
nents labeling and merging operations have eliminated small 
misclassified regions (the white blocks on the black back- 
ground). Figure l l c  shows the strip map boundaries, produced 
in Step 3, overlaid on  the image. The shoreline strip completely 
encloses the shoreline and provides a guide for finding the set 
of initial candidate shoreline points. Many of the extraneous 
shoreline candidate points are removed by local operations de- 
scribed in Step 4. All small (<5-pixel) gaps in the shoreline are 
then filled in using linear segments. The final result is shown 
in Figure l l d .  

The suite of algorithms was applied to several other scenes 
without retraining the neural net classifier. Most of these results 
were similar in performance to Figure 11. In the example shown 
in Figure 12, however, several interesting errors occur which 
reveal the limitations of the current algorithm. The area in the 
upper left portion of the scene is not water (determined by 
inspection using higher resolution image data). It is mistaken 
for water due to its homogeneous dark gray tone. A large gap 
is left in the upper left portion of the lake shoreline due  to the 
relatively poor quality of the shoreline edges in this region. In 
the lower left corner of the lake, a building and shadow are 
mistaken for a waterlland transition. In the following section, 
we present recommendations for enhancements to the process- 
ing chain that address these and other issues related to auto- 
mated feature delineation. 

SUMMARY AND RECOMMENDATIONS FOR FUTURE 
WORKS 

We have shown that a neural network can, indeed, be trained 
to distinguish land from water using power spectral ring data 
as input. The misclassification rate is low and most misclassi- 
fications can be removed by simple image processing algo- 
rithms. Although these algorithms appear to perform reasonably 
well, there are a number of enhancements that could be made 
in future versions of a shoreline delineation system that would 
address current limitations. These include: 

Scanning and classifying the image data in a resolution hierachy. 
Early stages of processing would deal with lower resolution data 
in a reduced resolution data set (RRDS). Neural net classifiers may 
have to be trained (off-line) for each level in the RRDS, but this 
would be a straightforward process. Hierarchical processing could 
significantly reduce processing time by eliminating processing in 
regions far from shoreline areas. Processing accuracy at level k of 
the RRDS could be improved by using the categorization results 
obtained at level k-  1. 
All empirical results shown above used a three-ring measurement 
set obtained from 8 by 8 image blocks. We believe that improved 
category maps would be obtained by using a combination of spec- 
tral ring data and histogram data. Also, all of our experiments 
used an 8 by 8 block size. We recommend an investigation that 
considers alternative block sizes. 
The block measurement algorithm currently processes only non- 
overlapping blocks. Within the coarse shoreline strip, however, it 
may be possible to further refine the shoreline location estimate 
by scanning with a sliding window, in a manner closer to con- 

volution. Each pixel within the shoreline strip would then be as- 
signed a category according to the output of the neural net classifier. 
The current edge detection and enhancement algorithms have pa- 
rameters that are determined empirically by observing their per- 
formance on typical data. We believe that it may be possible to 
train a neural network-based processor to perform similar opera- 
tions. Because training is an optimization process, we believe that 
it should be possible to obtain improved performance from this 
class of algorithms. 
Relatively simple post-processing algorithms could be applied to 
the delineation data to remove short extraneous segments and to 
bridge gaps in the delineation. In some cases gaps are produced 
as a result of the vertical and horizontal scanning limitation in 
Step 3 of the processing chain. A post-processing algorithm could 
provide scanning at arbitrary orientations. 
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