Drainage Network Extraction from a SAREX'92 RADAR image
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Abstract. The purpose of this paper is to show how to extract the drainage network from the SAREX project
RADAR image using Mathematical Morphology tools. The problem is to find a mapping from a grey level
image into a binary image that exhibits the drainage. The selected region is from a test site in Acre, SW
Amazonia, Brazil. In RADAR images, the drainage network appears with high contrast and well defined
shape. Mathematical Morphology is a theory for spatial structure analysis and aims here at analyzing the
shape and the forms of the drainage network. This analysis is based on the set and lattice theories. This paper
uses the MMach, a Mathematical Morphology Toolbox for the KHOROS system. A comparison between
visual analysis and presented method is developed.
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1 Introduction pings and operations. The example selected is from a
SAREX'92 RADAR image project.
Mathematical Morphology is a theory for spatial struc-  The objective of SAREX'92 was to acquire a
ture analysis and aims at analyzing the shape and hepand dataset, including simulated satellite data prod-
forms of objects. It is a powerful tool to extract imaggcts, to be used for the evaluation of spaceborne C—band
information and is based on a mapping study betwe@nR data in tropical forest environment [Kux et al.
complete lattices in terms of some families of simple1993)], [ Kux et al. (1995)].
mappings: dilations, erosions, anti—dilations, anti-ero-  The solution or goal of the drainage network prob-
sions. These mappings are built combining the elemegm is broken heuristically into subgoals, which are
tary mappings through union, intersection and composdchieved by primitive mappings. To achieve the desired
tion operations [Barrera et al. (1995)]. goal, the right composition of such mappings is funda-
In RADAR images, drainage network appears withnental.
high contrast and is usually clearly defined as well asrel- The methodology is implemented using the KHO-
atively easy to map by visual analysis. Therefore, thRos system [Rasure et al. (1990)] and the MMach tool-
drainage network is presented with a well defined spatighx [Barrera et al. 1995]. The MMach is composed of
structure. a set of primitive mappings and operations. Some of them
The drainage is significant in helping visual intergzre defined in section 2.
pretation for nearly every subject, even more so in geol-  This paper is divided into four Sections. The next
ogy [Trevett (1986)]. Figure 1 (a) shows the selecteghe, Section 2 gives the Mathematical Morphology basic
image from a test site in Acre, SW Amazonia, Brazil. concepts. Section 3 presents the methodology and a com-
The drainage network analysis is important t¢arison between this methodology and the visual analysis

understand the dynamics of annual flooding, to plagxtraction. Section 4 presents some conclusions.
development such as location of roads and settlement

projects, to estimate the kind of soil and to help thé Mathematical Morphology basic concepts

estimation of soil erosion potential. Mathematical Morphology basic concepts can be seen in
With simple threshold it is not clearly possible tgSerra (1982)], [Serra (1988)], [Barrera (1987)], [Haral-

extract the drainage as shown in Figure 1 (b) becauseicK et al. (1987)], [Haralick—Shapiro (1991)], [Banon—

some parameters like: antenna pattern, speckle and tBearrera (1994)]. For more details about transformation

ture patterns. using complete lattices, see [Banon—Barrera (1991)],
This paper shows that it is possible to extract tiBanon—-Barrera (1993)]. Mathematical Morphology

drainage network with Mathematical Morphology mapeperators used in Section 3 are defined bellow.
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(b)
Figure 1. (a) Original image. (b) Image threshold. (c) MM Binarization.

2.1 Basic image operations and transformationBar-
rera et al. (1995)]

we havef, ~ f, < f; A (—~ f,) and we get the equality
for binary imagesthat is, forf,(E) = f,(E) = {0, k}.
Let Z be the set of integers. LEtbe a rectangle of le_en a f“”Ct'Of‘ f & KE, the unary Opefa“"”

f ~ - is both an anti—dilation and an anti—erosion, and
7.%and letK be an interval [0] of Z, with k > 0. The the unary operation ~ f is both a dilation and an ero-
collection of functions front to K will represent the sjon.

gray-scale imagesf interest. We denote such a collec-  The comparison betweenf, and f,, denoted

tion by KE and byf, g, f; and f, generic elements d{E.
We first recall some usefilbcal operations defini-

tions on images. These definitions are based on the struc-

tural properties of the interval [B] of Z
Theintersection off, and f,, denotedf; A f,, isthe
function in KE given by, for anx in E,

(f. A £)(¥) = min{fi(x), (9} (1)
the union of f; and f,, denotedf, v f,, is the function
in KE given by, for anykin E,

(f, v 1)) = max{f;(x), .09}  (2)

The two binary operations. and v from K& x K&
to KE are called, respectivelyntersectionand union

Actually, these operations applied tpand f, produced,
respectively, the infimum and the supremuntpénd f,

with respect to the partial ordering given by
fsf,e X < f,(X) (x€E).

The complementaryor inversg of f, denoted—~ f,
is the function inKE given by, for anxinE,

(~ N = k=T ®3)

The unary operatior- from KEto KEis calledcom-
plementary operatiorfor inversior). This unary opera-
tion is both an anti—dilation and an anti—erosion.

Thedifference betweeif, and f,, denotedf, ~ f,,
is the function inKE given by, for anyin E,

f.0 — (0 if f(X) =< fy(X)
(f = )00 = 0 otherwise. 4

The binary operation~ from KE x KE to KE is
called difference operation(or subtraction). Actually,
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f, = f,, is the function irkE given by, for anxin E,
k if f,(x) = f,(X)
0 otherwise.

(f. =) = {

The binary operation=s from KE x KE to KE is
calledcomparisoroperation The unary operations= f
and f = - from KE to KE are callechdaptive thresholds

with respect to fThese unary operations are, respective-

ly, an anti—dilation and an erosion.
We now recall the definitions of two important sub-

classes of dilations and erosions. These definitions are

based on the Abelian group property @f( +).

Let B be a subset of7 ?, calledstructural set(or,
structural element We denote byB,, thetranslate ofB

by any vectohin Z 2, that is,
B, = {x+ h: x € B}.
We denote byB' thetranspose of Bthat is,
B'={ - x:x€ B}
We denote byB° thecomplement of Bhat is,
B® = {x: x & B}.
The dilation of f by Bis the functiondg(f) in KF,
given by, for any in E,
0s()(X) = max{f(y): y € BknE};,  (6)
theerosion of f by Bs the functiore(f) in KE, given by,
for anyxin E,

eg()(X) = min{f(y): y € B,nE}. (7)
In the above expressions, we recall tinatx()) = O
andmin(@) = k.
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The two transformationd; andeg from KE to KE
are called, respectivelygilation anderosion by B

Let g be an element k%, the transformationgy 4
and &g, from KF to KF, given by

Ogg=0sg AQ and ez, =€ V Q,

®)

are called, respectivelgonditional (or geodesiy dila-
tion anderosionwith respect td given g

The transformationgg and¢, from KE to KE, given
by the following compositions

ve = Oggg and ¢ = £g0s, 9

are called, respectivelymprphological openingand
closingwith respect td.

Let A andB be two subsets af 2 such thatA C B,
the two transformationd , ; and u, g from KE to KF,
given by the following compositions

/‘{'A,B = &Ep A 6ch[ and ,uA'B = 5A \% Scht, (10)

are called, respectivelymprphological sup—generator
andinf-generatomwith respect td.

Let B be a subset of ?, the two transformations}
ande} from KE to KE, given, forn > 0, by the following
n— 1 successive compositions

5; = 63 g ... &g, (11)
are called, respectivelp—dilation and n—erosion by B

.. Og and &g

Actually, 0§ and e} are, respectively, equivalent to the

dilation and erosion byB, wherenB is given by the fol-
lowing n — 1 successive compositions

nB =(B®B) .. ®B
and, forn=0,nB = {o}.

245

Let g be an element dk¥, the transformationay ,
and e} , from KF to K%, given by the followingn — 1
successive compositions

5g,g = 6B,g oo 6B,g andggyg - 85,9 . SB,g’ (12)

are called, respectivelp—conditional dilationand ero-
sionwith respect td given g

Let B be a subset ofZ 2 and letf be an element of
KE, the transformationgs  andgg  from K€ to KE, given
by, for anyg € KE,

7e@) = V{dg,f: n=1,..}1 and
Ps@) = Afegy):n=1..}1 (13

are called, respectivelgpeningand closing by recon-
struction from the marker f

3 Drainage network extraction

Section 2 illustrated some Mathematical Morphology
tools. These tools are used in this section to extract the
drainage network.

The problem is to find a mapping from a grey
level image f into a binary imagey that exhibits the
drainage. Figure 2 shows an example of this transforma-
tion .

The mappingy uses the fact that an image can be
seen as a 3D mapping (pixel positiony and its gray
level 2). The drainage is represented by low gray levels
and can be seen by a valley.

To reduce the texture effect, the image is a mean fil-
ter using a 3x3 mask (see Figure 3). The methodology is
presented in Figure 4. The images shown in this figure are
cut out from the original one. filterl, filter2 and filter3
extract the drainage with different structural elements.
The box vmsup makes the union among filterl, filter2
and filter3 results.
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Figure 2. Drainage network extraction.
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Figure 3. (a) Original image. (b) Low pass filtered image. (c) Binary result of drainage network.
(d) 3D mapping of original image. (e) 3D mapping of low pass filtered image.
(f) 3D mapping of binary result of drainage network.

Figure 4. Visual programming to show mapping
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This methodology generates a resulting image with kK if giX) < gu(X)
noise represented by left vertical, top and bottom lines 04(X) = . (19)
with 255 gray levels. This spurious noise is identified by 0 otherwise.
a mask called "[". These lines are suppressed by the bf%an be defined too by:
vsubm. '
The representation of the structural elements is 9s = (91 < Qo). (20)

identified here by binary to decimal coding. Each line is

represented by a decimal number. For example B024 is Pixels from drainage can be defined by local mini-

a 3x3 structural element with the origin in the center ahum. If a large structural elemeBtwas choseto find

the mask. The origin is represented by ".”. Thenthe drainage, the binary image would contain the drain-
000 age and less noise. It is_ pogsible to ideljtify and suppress

B024 = | 0 1.0 | and 8B024 is seven successive comP2't Of the present noise ig, by applying equations
100 described as following.

. ) ) First, a comparisobetweeng, and g; generates a
positions of B024. After equation (11) , there is aBinary result.

explanation about it.

k if 9i(X) = gs(x)
Figure 4 presents the methodology in form of visual 9s(x) = 0 otherwise (21)
programming (cantata—KHOROS). Each box of this fig- '
ure is shown below. g = (0, < 9. (22)
1) Low passfiltering to smooth the inputimage. This step U6 = 04 — Us. (23)
reduces the image texture. The equation above reduces some spurious noise.
Equation (24) identifies isolated pixels and equation (25)
f, = Ipu(h). (14) takes away these pixels.
Where Ipy() is a mean filter using 3x3 mabk 9, = 133, 34(96)- (24)
WhereB, = B020andB, = B757.
2)filterl identifies the drainage in the 4direction. This I (25)
identification is based on finding the local minimum by _ 9 B 9 ~ 9. _
a comparison between two images. For examplé, bet Equation (26) getg; like a marker for imagg, and
an image. The comparison made in equation (15) wilconstructs the drainage network.
generate am, image which selects a local minimum and fo = Ve 05(0a)- (26)

a homogeneous region biimage :

ki h(x) < e5(h(x)) , I , : i
h,(x) = ) (15)  3)filter2 identifies drainage in th@ direction. The pro-
0 otherwise. cessing sequence is almost the same as for step 2. The
) ] _ change is only in the structural elementgfand gs,
If there is a lot of textureh, will appear with a lot B — 88060 andB, = B030. The image resulting if,.
of noise. IfB is larger, then the noise decreases. To iden-
tify the drainage in the 4lirection, the comparison is 4) fiiter3 identifies drainage in the- 45° direction. The
described as following: processing sequence is the same as for step 2. The change
g, = byte(f,). (16) is only in the structural element gf andg,, o
B, = 8B420andB, = B021 The image resulting is.

WhereB; = B777.

Where bytd) is cast to byte.

9, = €5.(0). (17)  5) The unionymsup) of filterl, filter2 and filter3 images
! generates the imagé; (see Figure 4) .
WhereB, = 8B024 fo=f,v Vi, 27)
Os = 332(91) (18)

6) The box called[” presents the mask. Equation (28)

WhereB, = B120 to (32) generates this mask.

The comparisorbetweeng, and g, generates a binary 9. = byte(fs). (28)
result of the drainage with spurious noise . Where bytd) is cast to byte.
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filter_1

Figure 5. Visual programming of filter_1 box.

Equation (29) generates a blackm image to any 7) The box calledvVsubm’ subtracts the imagefs from
nxm input image and assigns, automatically, the corretite maskf, (see Figure 4). Then the top, bottom and the

dimensiomxm to the Cantata visual programming. left side of imagef; are taken away.
9:=01— O (29) g ="fs —f. (34)
The union of image®,;, g, and gs generates the ) ) _
mask "[". 3.1 Comparison between visual analysis and auto-
matic drainage extraction
Os = €poad(J2)- (30) . . . .
In section 3 an automatic drainage extraction was seen.
02 = €8a0d00)- 31) In this section, the automatic extraction is compared with
the visual analysis extraction to verify the quality of this
Os = €8004(02)- (32)  mapping. Figure 8 shows a drainage extraction by using
the visual analysis (imag& and an automatic one (image
fe =0sV Qs V Qs (33) y). Imagey is defined as following:
y = VB,X(Uslsz By B, (9))- (35)
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whereo(g) is theg image skeleton defined by Jang and  a) Let NP(a)% be the degree of agreement given by:
Chin (1990) [Banon—Barrera, 1994] and is included in

0 =
MMach toolbox.B = B777, B, = B032, B, = B640, NP@)% = NP(@)/T. (41)_
B, = B072andB, = B200. b) Let NP(e)% be the degree of error of type 1 given
It is assumed that the white pixels from the autd?y:
matic extraction imagg belong ta4 and the white pix- NP(e)% = NP(e)/T. (42)

els from the visual extraction imagebelong to®B and

both belong to a seft (see Fig. 7). The ideal case is when_ .
A = B and the worst one is whed NB = @. If an
automatic extraction is goodNP(A NP) is close to NP(f)% = NP(f)/T. (43)
NP(A U3B) , otherwise,NP(A NB) is low compared

with NP(A U$). WhereNP() computes the number of ~ WhereT = NP(a) + NP(e) + NP(f).

elements.

d) Let NP(f)% be the degree of error of type 2 given

Table 1 shows the result of each percentage of pixels
with B, = B777, B, = 2B, andB; = 3B,.

(‘) ¢ Table 1 — Percentage of pixels

i i NP(a)% | NP(e)% | NP(f)%
Figure 7. Venn Diagram.
B 51 33 16

It is supposed that both extraction have some errors. B2 73 22 )
So a distance tolerance is included.Am ®. The toler- B3 80 17
ance is obtained by dilation gfandy by B.

More precisely, the following expressions are
introduced [Banon (1996)]: .

4 Conclusion

Error region of type 1 called by exceed error imagddrainage network extraction is an image analysis prob-
e=y— 84 (36) lem and is significant in helping visual interpretation for
= o(X).

) i nearly every subject that needs remote sensing data, even
Error region of type 2 called by absence error image;re so in Geology.

f=x— dgy). (37) This paper presented a methodology to extract
Agreement region of type 1 selection: drainage network from a SAREX'92 radar image using
Mathematical Morphology tools. The implementation
3 =Yy A 0g(x) (38)  sed the KHOROS system and a MMach toolbox.
Agreement region of type 2 selection: The methodology developed here was compared
a, = X A Sg(y). (39)  with avisual extraction. A distance tolerance was consid-

ered through a dilation b, assuming some errors in
The next step is to compute the number of pixe|§1utomatic drainage extraction as well as in visual extrac-

NP() of each region defined in (36) to (39). LéP(a) be tion. The largeB is, the larger the tolerance is, and more

the average of the pixel number of the agreement regioHQfEIS _belong to_the agreement region. Results_would be
better in table 1 if the skeleton from the automatic extrac-

Np@@) = (Np(a) + Np(a2))/2. (40)  tion (see Fig. 8 (c)) were prunned. In table 1, the auto-
The number of pixels percentage in each region matic extraction is 80% right with the visual analysis
defined by: extraction, supposing a tolerance of three pixels.
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(@) (b)

Figure 8. (a) Original imagek (b) Visual extraction, image (c) Automatic extraction, image
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