
CHAPTER 7

EXTRA CTION OF HYDR OGRAPHIC REGIONS FR OM
REMOTE SENSING IMA GES USING AN OSCILLA TOR

NETW ORK WITH WEIGHT AD APT ATION

We study the extraction of objects with accurateboundariesfrom remotesensing

images.We usea locally excitatory globally inhibitory oscillator network (LEGION)

as a representational framework to combine the advantages of classi�cation-based

methods and locally coupled networks. A multi-layer perceptron is used to select

seedpoints within regionsto be extracted. The boundariesof the extracted regions

are accurately located through a topology preserving LEGION network. A novel

weight-adaptation method, which preserves signi�cant boundariesbetween regions

and smoothesdetails due to variations and noise,is employed to increasethe robust-

nessof the system. Together,theseprovide a genericframework for featureextraction.

A functional systemhas beendeveloped and applied to hydrographic region extrac-

tion from Digital Orthophoto Quarter-Quadrangle(DOQQ) images. Experimental

results show that the extracted regions are comparablewith existing topographic

mapsand can be usedfor map revision. Preliminary versionsappear in [78] [85] [84]

[76] [77]. Weight adaptation is �rst proposedby Chen et al [17].
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7.1 In tro duction

With the availabilit y of remotely sensedhigh-resolution imagery and advances

in computing technologies,cost-e�ective and e�cien t ways to generateaccuratege-

ographic information are possible. Becausegeographicinformation is implicitly en-

coded in images,the critical step is how to extract geographicinformation from im-

agesand make it explicit. While humanscan e�cien tly and robustly extract desired

features from images,image understanding is regardedas one of the most di�cult

problems in machine intelligence. For remote sensingapplications, classi�cation is

oneof the most commonly usedtechniquesto extract quantitativ e information from

images. Becausemultila yer perceptronscan potentially approximate complex deci-

sion functions, they have beenwidely usedfor solving many practical problemsand

speci�cally in remote sensingapplications [38] [126] [2] [121]. The major advantages

of neuralnetwork approachesarethat no prior information is requiredand parameters

can be obtained automatically through training [115]. A major disadvantage is that

neural networks classify each pixel individually and do not incorporate contextual

information, i.e., the relationship among neighboring pixels, resulting in relatively

poor performancewhenthe variations within a classare large. To illustrate the prob-

lem, Figure 7.1(a) shows a noisy synthetic imageand Figure 7.1(b) shows the ground

truth image. A three-layer perceptron is trained using a standard back-propagation

algorithm [46] with 12 positive and 12 negative examplesas shown in Figure 7.1(c).

Figure 7.1(d) shows the classi�cation result. While the central regionsare classi�ed

correctly, the boundariesare not located accurately, resulting in a large classi�cation

error as shown in Table 7.1.
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(c) (d)

Figure 7.1: Classi�cation result of a noisy synthetic imageusinga three-layer percep-
tron. (a) The input imagewith sizeof 230� 240. (b) The ground truth image. (c)
Positive and negative training samples. Positive examplesare shown as white and
negative onesas black. (d) Classi�cation result from a three-layer perceptron.
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Classi�cation can be posedasa statistical mapping from observations to speci�ed

classes.In general,the designof a statistical pattern classi�cation algorithm requires

someprior statistical information. With assumptionsof speci�c distribution and er-

ror functions, many statistical classi�ershave beenproposed[25] [109] and have been

widely usedin remote sensingapplications [3] [109] [39]. The statistical formulation

provides a uni�ed way to incorporate prior knowledgeand contextual information.

Contextual classi�ers explicitly incorporate contextual information in classi�cation

[32] [57], resulting in signi�cant performanceimprovement. Markov Random Fields,

as a special casein specifying contextual information, have beensuccessfulin image

restoration, modeling, and segmentation [35]. Essentially by specifying joint distri-

butions through Gibbs' distribution, the central computation task is an optimization

problem for non-convex energy functions with high dimensionality. Becauseideal

optimization is computationally prohibitiv e, in practice only a local optimum can

be obtained. With approximate but more e�cien t optimization algorithms, Markov

Random Fields have beenapplied widely in remote sensingapplications [110] [118].

As we can seefrom the development of classi�cation algorithms, one of the criti-

cal issuesin improving classi�cation performanceis how to incorporate contextual

information.

We attempt to develop a framework for automated feature extraction that can

derive accurategeographicinformation for map revision and be applied to very large

images,such as DOQQ images. In this chapter, we posethe automated feature ex-

traction problem as a binding problem. Pixels that belongto desiredregionsshould

be bound together to form desiredobjects. We usea LEGION network [123] [134]

[135], which is a genericframework for binding and image segmentation. As shown
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analytically, LEGION networks canachieve both synchronization within an oscillator

group representing a region and desynchronization amongdi�eren t oscillator groups

rapidly. This o�ers a theoretical advantage over pure local networks such as Markov

Random Fields [35], wheree�cien t convergencehas not beenestablishedin general.

To improve the performance,we incorporate contextual information through a weight

adaptation method proposedby Chen et al [17]. As multiple scalesin edgedetection

algorithms [74] can be viewed as a way of incorporating contextual information by

relating detectedstructures at di�eren t scales,weight adaptation can be viewed asa

concretemultiple scaleapproach with two scales.Insteadof applying the sameopera-

tors at di�eren t scales,in weight adaptation, statistical information from a largerscale

is derivedand mainly usedto govern a locally coupledadaptation process,resulting in

accurateboundary localization and robustnessto noise. We assumethat featuresto

be extracted are speci�ed through examplesand usea multila yer perceptron trained

through back-propagation [46] for seedselection.To reducethe number of necessary

training samplesand increasethe generalizationof the classi�cation method, instead

of classifyingthe entire image,we usea multila yer perceptronto identify seedpoints

only. LEGION is then used to provide a framework for integration. We have de-

veloped a functioning system using the proposedmethod for hydrographic feature

extraction from DOQQ imagesand have obtained satisfactory results.

This chapter is organizedas follows. Section 7.2 introducesweight adaptation.

Section 7.3 describes a multila yer perceptron for automated seedselection. Section

7.4 provides experimental results using DOQQ images. Section 7.5 concludesthe

chapter with further discussions.
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7.2 Weight Adaptation

Given LEGION dynamics,aspresented in Section2.2, to extract desiredfeatures,

weneedto form local connectionsbasedon the input image. To facilitate the following

notations for weight adaptation, we re-write the coupling term Sij in (2.1a) as [17]:

Sij =
P

(k;l )2 N (i;j ) H (xkl )=(1 + jWij ;kl j)

log
� P

(k;l )2 N (i;j ) H (xkl ) + 1
� � WzH (z � � z); (7.1)

As in (2.2), the �rst term here is the total excitatory coupling that oscillator (i; j )

receivesfrom the oscillatorsin a local neighborhood N (i; j ), and Wij ;kl is the dynamic

connectionfrom oscillator (k; l) to (i; j ). HereWij ;kl encodesdissimilarity to simplify

the equationsfor weight adaptation, hencethe reciprocal3. Note that, unlike in (2.2),

the �rst term implements a logarithmic grouping rule [17], which generatesbetter

segmentation results in general.

As illustrated in Figure 2.3, e�ectiv e couplingsin a local neighborhood are used.

Without introducing assumptionsabout the desired features, Wij ;kl in general can

be formed basedon the intensity valuesat the corresponding pixels (i; j ) and (k; l)

in the input image. However, due to variations and noisein real images,individual

pixel valuesare not reliable, and the resulting connectionswould be noisy and give

undesirableresults. Figure 7.2(a) shows a one-dimensionalsignalwhich is a row from

the imageshown in Figure 7.1(a). As shown in Figure 7.2(b), the connectionsformed

basedon input intensity valuesare noisy, which lead to undesiredregion boundaries.

3This interpretation is di�eren t from a previous one used in (2.2) [123] [135]. After algebraic
manipulations, the equations can be re-written in terms of the previous, more conventional inter-
pretation.
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(a)

(b)

(c)

(d)

Figure 7.2: Lateral connectionevolution through weight adaptation illustrated using
the 170th row from the imageshown in Figure 7.1(a). (a) The original signal. (b) Ini-
tial connectionweights. (c) Connectionweights after 40iterations. (d) Corresponding
smoothed signal.
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To overcomethis problem, we usea weight adaptation method for noiseremoval

and feature preservation [17]. For each oscillator in the network, two kinds of con-

nections,namely, �xed and dynamic connections,are introduced. For oscillator (i; j ),

the �xed connectivity speci�es a group of neighboring oscillatorswhich a�ect the os-

cillator, and the associated neighborhood is called lateral neighborhood N l (i; j ). On

the other hand, the dynamic connectivity encodesthe transient relationship between

two oscillators in a local neighborhood during weight adaption, and the associated

neighborhood is called local neighborhood N (i; j ). To achieve accurate boundary

localization, in this chapter, N (i; j ) is de�ned as the eight nearestneighborhood of

(i; j ), asdepictedin Figure 2.3. Fixed connectionweights areestablishedbasedon the

input image, while dynamic connectionweights adapt themselves for noiseremoval

and feature preservation, resulting interactions between two scales. Intuitiv ely, dy-

namicweights betweentwo oscillatorsshouldbeadaptedsothat the absolutedynamic

weight becomessmall if the corresponding pixels are in a homogeneousregion, while

the weight shouldremain relatively large if the corresponding pixels crossa boundary

betweendi�eren t homogeneousregions. Basedon the observation that most of the

discontinuities in the lateral neighborhood N l (i; j ) correspond to signi�cant features,

such discontinuities should remain unchangedand be used to control the speed of

weight adaptation for preservingfeatures. Such discontinuities in the lateral neigh-

borhood are called lateral discontinuities [17]. Furthermore, becauseproximit y is a

major grouping principle [111], we useanother measurethat re
ects local discontinu-

ities sensitive to the changesof local attributes among local oscillators. The lateral

neighborhood providesa more reliable statistical context, by which the weight adap-

tation algorithm is governed. The local neighborhood utilizes the statistical context
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and local geometricalconstraints to adaptively changethe local connections.These

two discontinuity measuresare jointly incorporated in weight adaptation.

Mathematically, the weight adaption method is formulated as follows. For oscil-

lator (i; j ), the weight of its �xed connectionfrom oscillator (k; l) in N l (i; j ), Tij ;kl , is

de�ned as the di�erence betweenthe external stimuli received by (i; j ) and (k; l), i.e.

Tij ;kl = I kl � I ij : (7.2)

HereI ij and I kl are the intensitiesof pixels (i; j ) and (k; l) respectively. For oscillator

(i; j ), the �xed connectionsexist only in N l (i; j ) and Tij ;kl = � Tkl ;ij . On the other

hand, to achieve accurateboundary localization, a dynamic connectionweight from

oscillator (k; l) to oscillator (i; j ), Wij ;kl , is de�ned only within a local neighborhood

N (i; j ) and initialized to the corresponding �xed weight, i.e., W (0)
ij ;kl = Tij ;kl . Dynamic

weight jW (t )
ij ;kl j encodesthe dissimilarity betweenoscillators (i; j ) and (k; l) at time t.

First, the varianceof all the �xed weights associated with an oscillator is usedto

measureits lateral discontinuities. For oscillator (i; j ), the meanof its �xed weights

on N l (i; j ), � ij , is calculatedusing

� ij =
P

(k;l )2 N l (i;j ) Tij ;kl

jN l (i; j )j
: (7.3)

Accordingly, we compute the varianceof its �xed weights, � 2
ij , by

� 2
ij =

P
(k;l )2 N l (i;j )

�
Tij ;kl � � ij

� 2

jN l (i; j )j

=
P

(k;l )2 N l (i;j ) T2
ij ;kl

jN l (i; j )j
�

� P
(k;l )2 N l (i;j ) Tij ;kl

jN l (i; j )j

� 2

: (7.4)

The variance,� 2
ij , is normalizedthrough

~� 2
ij =

� 2
ij � � 2

min

� 2
max � � 2

min
: (7.5)
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Here � 2
max is the maximal variance acrossthe entire image and � 2

min the minimal.

Intuitiv ely, ~� 2
ij encodesthe lateral discontinuities for oscillator (i; j ). Oscillators cor-

responding to signi�cant features tend to have large ~� 2
ij and vice versa. Basedon

this observation, the local discontinuity of an oscillator with a high lateral discon-

tinuity should be preserved; the local attributes of an oscillator with a low lateral

discontinuity should adapt towards homogeneity.

To preserve accurate region boundariesduring weight adaptation, local discon-

tinuities are detected along four orientations, namely vertical (V), horizontal (H),

diagonal (D), and counter-diagonal (C), respectively. Accordingly, we de�ne four

detectorsfor oscillator (i; j ) as

DH ij = jWij ;i � 1;j � Wij ;i +1 ;j j; (7.6a)

DVij = jWij ;i;j � 1 � Wij ;i;j +1 j; (7.6b)

DCij = jWij ;i � 1;j � 1 � Wij ;i +1 ;j +1 j; (7.6c)

DD ij = jWij ;i � 1;j +1 � Wij ;i +1 ;j � 1j: (7.6d)

If there is an edgethrough (i; j ) in oneof thesefour orientations, the corresponding

detector will respond strongly. Based on the responsesfrom the four detectors, a

measureof local discontinuity for oscillator (i; j ) is de�ned as

D ij =
DH ij + DVij + DCij + DD ij

4
: (7.7)

Here D ij is sensitive to local discontinuity along all the orientations.

To integrate the lateral and local attributes of oscillator (i; j ) and realize noise

removal and feature preservation, V (t )
ij is introducedbasedon ~� 2

ij and D ij :

V (t )
ij =

P
(k;l )2 N (i;j ) exp

h
�

�
� �( ~� 2

kl ; � � ) + D (t )
kl =s

�i
W (t )

ij ;kl
P

(k;l )2 N (i;j ) exp
h
�

�
� �( ~� 2

kl ; � � ) + D (t )
kl =s

�i ; (7.8)
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where s (s > 0) is a parameter that determinesto what extent local discontinuities

should be preserved, and � (� > 0) is to control to what extent featuresshould be

preserved in terms of lateral discontinuities during weight adaptation. The function

�( � ; � ) is a recti�cation function, de�ned as �( � ; � ) = � if � � � and �( � ; � ) = 0 oth-

erwise. To deal with variations due to noisy details, � � (0 � � � � 1) is introducedto

alleviate the in
uence of noisein the estimation of lateral discontinuities. The degree

of lateral discontinuities in an imagegivesa measureof the signi�cance of the corre-

sponding discontinuities. In (7.8), if the lateral discontinuities of all the oscillators in

N (i; j ) are similar, their local discontinuities should play a dominant role in updat-

ing V (t )
ij . In this case,the contribution of dynamic weight W (t )

ij ;kl in updating V (t )
ij is

determinedby the corresponding local discontinuity D (t )
kl of oscillator (k; l) in N (i; j ).

If D (t )
kl is small, W (t )

ij ;kl hasa largecontribution, and vice versa. The local attributes of

oscillator (i; j ) are changedthrough updating V (t )
ij so that the dissimilarity between

(i; j ) and its neighboring oscillatorsis reducedwith respect to s. Noiseremoval along

with feature preservation is achieved through the reduction of dissimilarity in terms

of local discontinuities. On the other hand, when neighboring oscillators of (i; j )

have di�eren t lateral discontinuities, both lateral and local discontinuities must be

employed in determining the contribution from W (t )
ij ;kl to V (t )

ij . In this case,when

the overall discontinuities associated with oscillator (k; l) are relatively small, W (t )
ij ;kl

makesa large contribution. Lateral and local discontinuities jointly provide a robust

way to realizefeature preservation and noiseremoval for thoseoscillators associated

with large lateral discontinuities, i.e. ~� 2
kl � � � . The local attributes of oscillator (i; j )

are adapted towards reduction of the dissimilarity between(i; j ) and the neighbor-

ing oscillatorswith relatively small overall discontinuities. The dissimilarity between

198



(i; j ) and thosewith relatively large overall discontinuities tends to remain relatively

large.

Basedon (7.8), We de�ne weight adaptation for Wij ;kl

W (t+1)
ij ;kl = W (t )

ij ;kl +
h

exp
�
� � �( ~� 2

kl (R); � � )
�
V (t )

kl � exp
�
� � �( ~� 2

ij (R); � � )
�
V (t )

ij

i
: (7.9)

Here,W (t+1)
ij ;kl is updated basedon the local attributes associated with (i; j ) and (k; l).

The lateral discontinuity further determinesgain control during weight adaptation.

Figure 7.2(c) and (d) show the adapted connection weights and the smoothed

signal after 40 iterations. From Figure 7.2(c), one can seethat pixels belonging to

the sameregion are strongly coupled, while couplings between pixels belonging to

di�eren t regionsare weak ( As pointed out earlier, in this chapter the coupling is the

reciprocal of the connectionweight). This greatly improves LEGION segmentation

performancewhen noiseis large.

This method can be viewed as a simpli�ed and e�cien t way of utilizing and

integrating information from multiple scales. However, it is di�eren t from general

multiple scaleapproaches [74]. Instead of applying the sameoperators on di�eren t

scales,in lateral neighborhood, statistical information is derived and mainly usedto

guide the local weight adaptation; in local windows, geometricalconstraints are en-

forcedthrough local coupling, preservingsigni�cant boundariesprecisely. The weight

adaptation scheme is closely related to nonlinear smoothing algorithms [105]. It

preservessigni�cant discontinuities while adaptively smoothing variations causedby

noise. Compared to existing nonlinear smoothing methods, the weight adaptation

method o�ers several distinctiveadvantages[17]. First, it is insensitive to termination

conditionswhile many existing nonlinearmethods critically dependon the number of

iterations. Second,it is computationally fast. Third, by integrating information from
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di�eren t scales,this method can generatebetter results. Quantitativ e comparisons

with other methods, including various smoothing algorithms, are provided in [17].

7.3 Automated Seed Selection

Both LEGION networks and weight adaptation methods are genericapproaches,

where no assumptionsabout the featuresbeing extracted are made. To extract de-

sired featuresfrom remote sensingimages,we needto specify relevant features. One

way to do this is to use certain parametric forms basedon assumptionsabout the

statistical properties of featuresand noise. However, for map revision and other re-

mote sensingapplications, imagesmay be acquired under di�eren t conditions and

even through di�eren t sources,such as DOQQ images. Thesemake it very di�cult

to model the featuresusing parametric forms. A more feasibleway is to specify the

desiredfeatures through positive and negative examples. There are essentially two

broad categoriesof approachesfor solving the problem. Statistical basedapproaches

need knowledge of statistical distribution [3] [115], which may not be available or

may be di�cult to obtain due to di�eren t data sourcesand acquisition conditions.

Arti�cial neural networks provide an alternate approach. Becausethey can approxi-

matearbitrary complexfunctions, arti�cial neuralnetworksaresuitable for describing

featuresbeing extracted in remote sensingapplications, where many factors are in-

volved in generating the features in input images. The major advantages of using

neural networks include that no prior knowledgeof statistical distribution is needed

and parameterscan be obtained automatically through training [3] [115]. Arti�cial

neural networks, especially multila yer perceptrons,have beenwidely usedin remote

sensingapplications [38] [126] [2] [121].
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To apply a multila yer perceptron, a number of design choices must be made.

Thesechoicesmay greatly a�ect the convergenceof the network and learning results.

For our task, we use a three-layer perceptron, with four input units, three hidden

units, and one output unit, as shown in Figure 7.3. It is trained using a standard

back-propagation algorithm [46]. If we present the pixels in the training examples

directly to the network, we observe that many training examplesare necessaryto

achieve good results. Due to the potential con
icting conditions, the network often

doesnot converge. To achieve rotational invarianceand reducethe necessarynumber

of training samples,insteadof presenting the training windowsdirectly to the network

we extract several local attributes from training windows as input to the network.

More speci�cally, we use the averagevalue, minimum value, maximum value, and

variancefrom training samples.Thesevaluesare normalizedto improve training and

classi�cation results.

To further reducethe number of necessarytraining samplesand deal with varia-

tions within featuresbeingextracted,weusea three-layer perceptronfor seedselection

only. In other words, insteadof classifyingall the pixelsdirectly, we train the network

to �nd pixels that are within a large regionto be extracted. The accurateboundaries

are derived using an oscillator network with weight adaptation. As demonstrated

in the next section, a small of training samplesare su�cien t for very large images

with signi�cant variations. Our training methodology o�ers a distinctive advantage

in reducingnecessarytraining examples.In contrast, many experiments often divide

the entire data into training and test setswith approximately the samesizeto achieve

good performance[118], ending up using many more training samples.
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Min Max Avg Var

Output

Figure 7.3: Architecture and local featuresfor the seedselectionneural network.

7.4 Exp erimen tal Results

We have developed a fully functioning systemwith a user-friendly graphical in-

terface using the proposedmethod. As shown in Figure 2.3, we construct a two-

dimensionalLEGION network, where each pixel in the input image corresponds to

an oscillator. Seedpoints are extracted using a three-layer perceptron, the output

of which is usedto determine the leadersin the LEGION network. Oscillators in a

major seedregion develop high potentials and thus are oscillating. In this chapter,

a seedregion is consideredto be a major one if its size is larger than a threshold

� p. The dynamic connectionWij ;kl betweenoscillator (i; j ) and (k; l) is established

basedon the weight adaptation method presented in SectionI I I. We have developed

a computationally faster LEGION algorithm for grouping, comparedto the onegiven

[135]. The result of region extraction corresponds to all the oscillating oscillators.
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7.4.1 Parameter Selection

Our method consistsof three relatively independent systems. For LEGION net-

works, exceptWz and � p, all other parametersaresystemparametersand application

independent. For weight adaptation, three parameters are involved. In order to

achieve optimal results, theseparametersare application dependent and subject to

tuning. However, as demonstratedin [17], theseparameterscan be �xed for images

of a similar type. In this chapter, they are �xed for all the experiments: s = 10:0,

� = 60:0, and � � = 0:02. The lateral neighborhood N l (i; j ) consistsof 7� 7 oscillators.

Wij ;kl is updated for 40 iterations using (7.9).

The three-layer perceptron for seedselection is trained using a standard back-

propagation with momentum. The learning rate is set to 0:025 and the momentum

parameter is set to 0:9. The activation function used is a sigmoid function, the

steepnessparameterof which is 0:5. The training is terminated when the error from

all the samplesis lessthan 0:05.

7.4.2 Synthetic Image

To demonstratethe capability of the proposedmethod, we have applied the sys-

tem to a noisy synthetic image shown in Figure 7.1(a). A three-layer perceptron is

trained using 12 positive and 12 negative samples,as shown in Figure 7.1(c). Each

sampleis a window with 23� 23 pixels from the original image. Local attributes are

�rst calculatedfrom the training samplesand then fed to a three-layer perceptronas

input vectors. The classi�cation result is shown in Figure 7.1(d). While the region

boundariesare not localized precisely, seedpoints within central regionsare found
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(a) (b)

Figure 7.4: Segmentation result using the proposedmethod for a synthetic image.
(a) A synthetic image as shown in Figure 7.1(a). (b) The segmentation result from
the proposedmethod. Here Wz = 0:25 and � p = 100.

correctly. Leadersin the LEGION network are then determinedbasedon the classi-

�cation result from the three-layer perceptron. With weight adaptation, the regions

are extracted with quite preciseboundaries,as shown in Figure 7.4(b). As shown in

Table 7.1, the classi�cation error rate is reducedsigni�cantly. The total error rate

of the proposedmethod is 5:12% while the total error rate is 45:07% when multi-

layer perceptronclassi�cation is applied only. The obtained result is alsocomparable

with the best result obtained by an edge-basedapproach [114] with carefully tuned

parameters.

7.4.3 Hydrographic Region Extraction from DOQQ Images

We have applied the proposedmethod to extract hydrographic regionsfrom sev-

eral DOQQ images. High resolution DOQQ imagesare readily available from many

commercialsourcesand a national coveragefor the United Stateswill be available in

the nearfuture. Map revisionand other remotesensingapplicationsusingDOQQ will
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Falsenontarget rate Falsetarget rate
Dataset Classi�cation Proposed Classi�cation Proposed

only method only method
Synthetic image 45.07% 4.89% 0.00% 0.23%
WashingtonEast 51.95% 11.70% 1.97% 0.75%

Damascus 32.56% 8.42% 1.79% 0.18%

Table 7.1: Comparison of error rates using neural network classi�cation and the
proposedmethod.

have signi�cant valuessincegeographicalstructures undergoconstant alterations due

to seasonaland other natural and man-madechanges.Becauseit requiresvery large

memory if we processthe entire DOQQ image once,DOQQ imagesare partitioned

into tiles with userspeci�ed sizes.This partitioning may causea boundary problem

wheresometiles may contain only small parts of hydrographic regionsand produce

no seedsby themselves using our seedselectioncriterion. This problem is resolved

by running the systemfor several additional iterations. At each iteration, the input

imageis re-partitioned so that tiles su�cien tly overlap with thosefrom the previous

partition and seedsare generatedusing the extracted hydrographic regionsso far.

The �rst DOQQ image,shown in Figure 7.5, is from the WashingtonEast, D.C.-

Maryland areaand the sizeis 6204� 7676pixels. A three-layer perceptronis trained

using 19 positive and 28 negative representational exampleswhereeach sampleis a

31 � 31 window. The trained network is then applied to classify the entire DOQQ

image,and seedpoints from classi�cation are shown in Figure 7.6. While the pixels

in central and major river regionsare correctly classi�ed, the river boundariesare

rough. Also there are pixels that are misclassi�ed as hydrographic seedpoints even

though they do not belong to any hydrographic regions. As shown in Table 7.1, the
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falsetarget rate is 1:97%. Herethe falsetarget rate is the ratio of the number of non-

hydrographic pixels which are misclassi�ed to the total number of true hydrographic

pixels. Similarly, the falsenontarget rate is the ratio of the number of hydrographic

pixels that are misclassi�ed to the total number of true hydrographic pixels. The

ground truth, as shown in Figure 7.8 is generatedby manual seedselectionbased

on a 1:24,000topographicmap from the United StatesGeologicalSurvey (seeFigure

7.10(c)for example)and DOQQ image. Figure 7.9(b) is generatedfrom Figure 7.9(a)

using the same procedure. Leaders in LEGION are determined with � p = 4000.

Becausenoisyseedpoints cannotdevelophigh potentials, no hydrographicregionsare

extracted around thosepixels. We apply a LEGION network with weight adaptation

where there are leaders in the tile being processed. Figure 7.7 shows the result

from our system. As shown in Table 7.1, both the false target and false nontarget

rates are reduceddramatically. The false target rate is reducedto 0:75%. Also the

hydrographic region boundaries are localized much more accurately, and thus the

false nontarget rate is reduced. Mainly becausethe Kenil Worth Aquatic Gardens,

magni�ed in Figure 7.9(a), is not extracted, the falsenontarget rate of the proposed

method still standsat 11:70%. Becausethe aquatic area is statistically very similar

to soil land, it is not possibleto classify it correctly solely using the perceptron.

If we assumethat seedpoints are correctly detected in the area, the proposed

method can correctly extract the aquatic region with high accuracy. The result,

shown in Figure 7.9(b), is generatedby manually selectingseedpoints in the area.

This would reducethe error rate of the proposedmethod even further.

More importantly, major hydrographicregionsareextractedwith accuratebound-

ariesand cartographicfeatures,such asbridgesand islands,arepreservedwell. These
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Figure 7.5: A DOQQ imagewith sizeof 6204� 7676pixels of the WashingtonEast,
D.C.-Maryland area.
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Figure 7.6: Seedpixels obtained by applying a trained three-layer perceptron to the
DOQQ imageshown in Figure 7.5. Seedpixelsaremarkedaswhite and superimposed
on the original image. The network is trained using 19 positive and 28 negative
samples,whereeach sampleis a 31� 31 window.
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Figure 7.7: Extracted hydrographic regionsfrom the DOQQ imageshown in Figure
7.5. Hydrographic regions are marked as white and superimposedon the original
imageto show the accuracyof the extracted result. Here Wz = 0:15 and � p = 4000.
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Figure 7.8: A ground truth generatedby manually placing seedsbasedon the corre-
sponding 1:24,000USGStopographicmap and DOQQ image. The result wasmanu-
ally edited.
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(a) Input image. (b) Extracted regions.

Figure 7.9: Hydrographic region extraction result for an aquatic garden area with
manually placedseedpixels. Due that no reliable seedregionis detected,this aquatic
region, which is very similar to soil regions,is not extracted from the DOQQ image
asshown in Figure 7.7. Extracted regionsare marked aswhite and superimposedon
the original image.
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are critically important for deriving accuratespatial information. The major river,

AnacostiaRiver, is extracted correctly. Several roadscrossingthe river arepreserved.

To demonstratethe e�ectiv enessof our method in preservingimportant cartographic

features,Figure 7.10(a) shows a magni�ed area around the Kingman Lake. Figure

7.10(b) shows the classi�cation result, Figure 7.10(c) shows the corresponding part

of the USGS1:24,000topographicmap, and Figure 7.10(d) shows our result. Within

this image,intensity valuesand local attributes changeconsiderablyasshown in Fig-

ure 7.10(a). The boundariesof small islands are localized accurately even though

they are covered by forests. In weight adaptation, the information from the lateral

and local windows is jointly usedwhen variancesin a local neighborhood are large,

resulting in robust featurepreservation and noiseremoval. Similarly, the forestsalong

the river banks are preserved well. A bridge connectsthe lake and the river is also

preserved. As shown in Figure 7.10(a), the bridge is spatially small and it would be

very di�cult for nonlinearsmoothing algorithms to preserve this cartographicfeature.

By comparingFigure 7.10(c)and (a), onecan seethat hydrographic regionshave

changedfrom the map. Note, for example, the lower part of the left branch. This

geographicalchangeillustrates our previouspoint about the constant nature of such

changesand the needfor frequent map revision. With preciseregionboundariesfrom

our method, we believe that our systemis suited for frequent map revision purposes.

While the major featuresarethe same,the lakehasshrunk in size,and such shrinkage

is capturedby our algorithm (seeFigure 7.10(d)). This suggeststhat our method can

be usedfor monitoring changesof hydrographic features.

We have also applied our system to the DOQQ image of a rural area around

Damascus,Pennsylvania-New York, with 5802� 7560pixels, shown in Figure 7.11.
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(c) (d)

Figure 7.10: Extraction result for an image patch from Figure 7.5. (a) The input
image. (b) The seedpoints from the neural network. (c) A topographic map of the
area. Herethe map is scannedfrom the chapter versionand not wrappedwith respect
to the image. (d) Extracted result from the proposedmethod. Extracted regionsare
represented by white and superimposedon the original image.
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Becausethis dataset is dramatically di�eren t from the WashingtonEast dataset, the

multila yer perceptron is retrained using 25 positive and 17 negative training exam-

ples. Figure 7.12shows the result from our method. Table 7.1 givesthe quantitativ e

results from classi�cation using the three-layer perceptron only and the proposed

method comparedagainsta ground truth. Again, the ground truth, shown in Figure

7.13is generatedbasedon a 1:24,000topographicmap of the area. Generally speak-

ing, our extraction results for the Damascusimageare comparablewith thosefor the

Washington East image(In fact, a little better as revealedin Table 7.1). While the

major river, Delaware River, is extracted out with brancheswith great accuracy, and

small island featuresare preserved. However, a small river, the East Branch Calli-

coon Creek, located at upper right in the DOQQ image, is missing. When carefully

checking the DOQQ image,it is clearthat the river is similar to its surroundingareas,

suggestingthat the creekis not prominent.

To summarize,the resultsgeneratedfor both DOQQ imagesare comparablewith

the hydrographic regionsshown in the United StatesGeologicalSurvey 1:24,000to-

pographic maps. In certain cases,our results re
ect better the current state of the

geographicalareas.

By using a multila yer perceptron,characteristicsof hydrographic regionsare cap-

tured with only a small of number of training samples,even though there are consid-

erably variations within the regions.This greatly alleviatesthe problem of parameter

selection.For the DOQQ imagesshown here,only two parameters,namelyWz and � p,

needto be changed.This o�ers a distinctive advantage over many existing methods,

whereextensive parameter tuning is needed.
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Figure 7.11: A DOQQ image with size of 5802� 7560 pixels of Damascus,
Pennsylvania-NewYork area.
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Figure 7.12: Extracted hydrographic regionsfrom the DOQQ imageshown in Figure
7.11. The extracted regionsare represented by white pixels and superimposedon the
original image.
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Figure 7.13: A ground truth generatedbasedon a 1:24,000USGStopographic map
and DOQQ image.
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7.5 Discussions

In this chapter, we present a novel computational framework for extracting geo-

graphic featuresin generalfrom remotesensingimages.We demonstratethe feasibil-

it y of the method using hydrographic region extraction that is important for remote

sensingapplications. By using LEGION as a segmentation framework, we combine

advantagesof di�eren t methods. Using a multila yer perceptron, parameterscan be

selectedmuch more easily and the system can be adapted easily for other types of

features. Becausemultila yer perceptronsdo not incorporate geometricalconstraints

amongneighboring pixels, we usea trained perceptrononly for seedselection,which

determinesthe leadersin a LEGION network. We have used a weight adaptation

method to adaptively changelocal weights basedon the statistical context provided

by a large window. This preserves major region boundaries while smoothing out

details due to variations and noise. It also preserves cartographic features such as

bridges and islands, which are important spatial information. Becausegeometric

constraints are incorporated in LEGION and weight adaptation, we achieve accurate

region boundaries. As shown by the numerical comparison, the proposedmethod

signi�cantly improvesthe classi�cation error from the multila yer perceptron.

Comparedwith existing classi�cation approachesin remote sensingapplications,

our method o�ers several advantages. By using the multila yer perceptronfor seedse-

lection only, our method greatly improvesgeneralizationof the classi�cation method

and reducesthe number of necessarytraining samples.As shown in the experimental

results, the network is trained usingonly about 50training samplesand is successfully

applied to classifyimageswith 6; 000� 8; 000pixels. It would be very di�cult, if not

218



impossible,to train a network to achieve results comparableto ours due to inconsis-

tency amongdi�eren t samples.Through weight adaptation, contextual information is

incorporated more e�cien tly and e�ectiv ely. More importantly, our method extracts

boundariesthat are comparablewith featuresshown in topographic maps and thus

can be used for map revision purposes. To our knowledge, this is the only system

that is demonstratedfor map revision using DOQQ images.

Practically, we demonstrate through a prototype system that hydrographic fea-

tures canbeextractedhighly automatically from DOQQ images.Wehaveapplied the

systemto several DOQQ imagesand have obtained good results. With advancesin

computing technology, very a�ordable systemscanbebuilt for map revisionand other

feature extraction tasks. Comparedwith traditional map-making methods basedon

aerial photogrammetry, our method is computationally e�cien t. We believe that this

kind of technologywould be very useful for improving map revisionand other remote

sensingapplications. Further more, becauseremotely sensedimagescan be captured

more readily with high resolutions,e�cien t methods like the one proposedhere are

necessaryfor generatingup-to-date and accurategeographicinformation.

There are a number of improvements that can be madefor our prototype system.

In the current version, featuresare extracted basedon a single input image. While

good results have beenobtained, they can be further improved by using data from

multiple sources. Feature extraction from multiple data sourceshas been studied

extensively [3] [118] [2]. Our method can potentially be applied to feature extraction

from multiple data sources.Onepossibleway is to extendweight adaptation to vector

data by viewing the data from di�eren t sourcesin a vector form. A similar extension

has beendone for nonlinear smoothing techniques[139]. Another constraint that is
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not utilized is the relationships among di�eren t features; for example,when a road

crossesa river, there shouldbe a bridge. In general,the knowledgeconcerningdi�er-

ent featurescan provide contextual information at a higher level than that currently

incorporated in our system. With theseimprovements, a completefeature extraction

systemcould be feasible.
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