THE TIE-ZONE WATERSHED: DEFINITION, ALGORITHM AND APPLICATIONS
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ABSTRACT are sometimes valued (as in the topological watershed [7,
8] which conserves the saliency between minima) whereas
‘region-algorithms’ return labeled regions (the CBs) that
form a partition of the image.

In this work, a new type of watershed transform is intro-

duced: the Tie-Zone WaterShed (TZWS). This region-based
watershed transform does not depend on arbitrary imple-
mentation and provides a unique and optimal solution.

Indeed, many solutions are sometimes possible when seg- ’0‘1‘1‘0‘ ’A‘A‘W‘B‘ ’A‘W‘B‘B‘
menting an image with a watershed algorithm. In this case, @) (®) ©)
the TZWS assigns each pixel to a catchment basin (CB) if [0[1]1]1]0] |[A[A]A[B[B] [A]A[B]B]B]
in all solutions it belongs to this CB. Otherwise, the pixel (d) (e) 4]

is said to belong to a tie-zone (TZ). We propose an effi- _ L .

cient algorithm based on Image Foresting Transform (IFT) Fig. 1. Original |mage_9{a)(d) and two po§S|bIe 'ab?'ed WS
which computes the TZWS transform as a shortest-path for-OUtPULS (raster or anti-raster scan) of a line-algorithixc)
est. Finally, two applications of this TZWS are presented: °F @ region-algorithnfe)(f). W represents the WS line.
bounding intervals for segmented objects’ extensions and a

rogressive segmentation procedure. . . . .
prog g P In lots of (line- or region-) algorithms, the result varies

with implementations (scanning order and other arbitrary
1. INTRODUCTION processing order) or may be inconsistent with the WS def-

h tershed (WS) t ‘ , ok q inition as observed in [3]. This variation due to implemen-
e watershed (WS) transform is a well-known and pow- tation can be insignificant in some cases (1 pixel bias for

_erful segme_ntat?on tool for morphological imag_e ProCess- the line/region position, see Fig. 1) but in other cases, it
Ing. It was first mftroduced by_Begcher and Lagjtul [1.] becomes considerable: in some images an entire region is
for contour detection and applied in image segmentation byreached passing by a ‘bottleneck’ pixel and consequently

Beucher and M.eyer [2]. Nowadays, there are many defini- included to the first (or last) CB that invades the bottleneck
tions and algorithms of watershed transforms in literature. (like in Fig. 2()-(n)). Thus, the problem does not occur

Il?qoerdiglr: an<|j M_e Esterf[\a;] give a c(;)rgp_zlilrisin_ofbsomde of only on plateaux. Furthermore, it is of theoretical interest
them. The algorithm of Vincent and Soille [4] is based on having a unique solution for the WS transform. These argu-

'mmersion simulation: the image 'S represented by a tOp.og'ments encouraged the investigation of a WS definition that
raphy inundated by water that springs from regional min- would result in a unique and consistent solution.

ima.. The water;hed lines are dams constructed for S€P- The Image Foresting Transform (IFT), introduced by
arating the growing c_atchment basins (CB) corresponding Falcdo, Lotufo and Stolfi [9] and based on Dijkstra algo-
:O m|?|ma.bThe|a_Igor|thrrT]1 otf l\/{eyetrh[S] cobr?putegtrt]he WS trithm [10], provides a sound framework for the efficient im-
ransform Dy solving a shortest paths problem with respec plementation of many image processing operators [11]. For

to alrgotzogr:afnh'fal d|\7\t/2ncle fl;ir:ﬁ::?n'v rations may first instance, the WS transform is computed as a problem of
€ numerous algo S, varations may first oc- .o o of minimal paths.

cur in the input: all regional minima; only imposed min- . . . .

. . . i This paper is organized as follows. In section 2, an

ima to avoid oversegmentation (WS from markers [2]); or : o o T
rayscale markers [6] to specify the depth (handicap) of overview of the IFT framework is given to define in this

gray P P b context the Tie-Zone Watershed (TZWS) that results in a

some imposed minima. Then, the output may be of differ- ~". : . : -
o . , . . unique solution, regardless of implementation. An efficient
ent types: ‘line-algorithms’ return separating WS lines that . . ) : ! .
algorithm is presented in section 3 and finally two appli-

*R. Audigier is funded by CAPES. cations are described in section 4: a bounding interval for




each segmented object’'s extension and a progressive seg- This lexicographic path cost, inspired from Meyer’s to-

mentation procedure.

2. DEFINITION

2.1. Overview of the Image Foresting Transform (IFT)

Under the IFT framework, an image is seen as a weighted

graphG = (V, A, I) where each pixel (or voxel in 3D) is
represented by a node or vertex V' with intensityI (v) (I
is a map fromV' to Z for digital image). An arqu,v) € A
exists between verticesandv when the corresponding pix-

pographical distance strategy [5], is very simple to compute,
avoids a prior lower completion on image with plateaux,
and provides partitions that seem to be more equitable (on
plateaux) than when only the maximum cost is used.

2.2. The Tie-Zone Watershed (TZWS) transform

As we saw in the previous section, many optimal forests

and so, many partitions may correspond to an input image-
graph. We propose then a new definition of watershed trans-
form in the IFT context which results in a unique partition.

els are adjacent according to the defined adjacency (usually A node is included in a specific catchment basi;
4- or 8-adjacency in 2D and 6- or 26-adjacency in 3D). A When itis linked by a path to a same segdn all the opti-

path from a node: to a nodev in a graph(V, A4, I) is a se-
quence(u = wvy,vs,...,v, = v) of nodes of such that
Vi=1...n—1,(v;,v,41) € A. A pathis said simple if all
its nodes are different from each other. 1tC V' be a set
of particular nodes; called seeds or markers.

For a given weighted grapt’ = (V, A,I) and a set
S = {s;} of seeds, an IFT is directed forestF" of G, i.e. a
directed acyclic subgraph of G, such that (i) there exists
for each nodev € V aunique and directed simple path
m(s;,v) in F from a seed node; € S to v and (ii) each
such path has minimum cosfor linking v to any seed of
S, according a specified path cost functif.

Assume that the args:, v) are weighted with the gray-
level I[v] of the pixel corresponding to. Assume that the
seed nodes correspond to the regional minima of the imag
(or to imposed minima, i.e. markers). If the path cost func-
tion is defined as the ‘maximum arc’ functigh, .,

fmax({v1,v2, ..., v,)) = max {h(vy), [ (v2),...,I(v,)}

whereh is a fixed but arbitranphandicap cos{6], the IFT

€

mal forests, otherwise it is included in the Tie-Zdhe

CB;
T

{veV, VFe®, In(s;,v)inF}
v\ | JCB

If a node is in the tie-zone, it means that it could be
included in different CBs without affecting the forest opti-
mality. CBs are only the common part of all optimal solu-
tions whereas differing parts are considered TZ. Therefore,
the tie-zone existence prevents from making any arbitrary
choice between optimal solutions. Consequently, the TZWS
solution is defined without ambiguity.

Note that this definition does not produce watershed
lines but only regions: catchment basins and tie zone. They
form together ainiqueoptimal partition of the image. If all
pixels are assigned in a catchment basin, the tie zone will
be empty. This situation can occur when the lexicographic
path-cost function unties growing CBs on plateaux. So, the
watershed transform possibly does not contain any tie zone.

Unlike in the WS by IFT, each CB corresponds to a tree

computes a region-WS transform where each tree of the for-O part of it, while the TZ is composed of many terminal
est2 corresponds to a CB. Note that all vertices (pixels) are Parts of trees as in the example of Fig. 2(b).

covered by this forest. The IFT can result in many optimal

forests because many paths of minimum cost are sometimes

possible. The set of all optimal forests is denotedboy
The optimality of the WS by IFT was proved in [12]
where a two-component lexicographic cost functifi:

3. ALGORITHM

In this section, we present an efficient algorithm that labels
the image in order to obtain a TZWS. It is based on Dijk-

was proposed to mimic the flooding process and handle withstra’s shortest path algorithm [10] and utilizes an ordered

plateaux to0:fr.c = (fmax, fa). The first component, of

queue® where each bucket has a FIFO policy. Note that

highest priority, is the max-arc function and represents thethe second component, of the lexicographic cost isot
flooding process. The second one makes different watergntrinsically computed by the FIFO policy and must be ex-

propagate on plateau at a same speed rate:

fa((vi,v2,. . 0m)) = ponax {k, Clon] = Clon—kl}
C[’Un} = fmax(<vl>v27~-~7vn>)
1The graphG’ = (V’, A’) is a subgraph o if V/ C V, A’ C A

andA’ CV/ x V.
2A tree of the foresF is a connected component Bt

plicit in the TZWS by IFT in order to prevent 1-pixel bias.
The algorithm input is: the image (or scene) as a
weighted graphG = (V, A, I), the seed node se& with
associated labeling functiohn and handicap functiorh.
The priority queue( is initially empty: DequeueMin
removes from@ and returns the node of minimum cost;
Enqueue (p, ¢) inserts nodep in @ at priority (cost)c
bucket. We denote the neighborhood of a npde V' by:



Nea(p) ={q € V,(p,q) € A}. Label mapL correspondsto  so many as the distinct label mergings (see Fig. 2(c)). This
the TZWS result, magP gives each node’s predecessor in merging information can be used in several applications.
the tree and map§',C; give the lexicographic cost of an
optimal path from a seed to each node. ~ 4.1. Maximum extension of segmented objects

The beginning of the algorithm (lines 1 to 11) is identi-
cal with the IFT algorithm in [9]. Lines 12-16 are TZWS- As we saw, the proposed TZWS gives sets of nodes that
specific. In line 12, the second component of lexicographic are unequivocally associated with specific seeds, the CBs:
cost is incremented, as water propagates on plateau. Lineshey represent the minimum extensidfs,,, of segmented
13 to 16 detect the nodes where paths from (at least) twogpjectsO? and form, with the tie zon&, a partition of the
seeds L[[p] # L[v]) tie, i.e. have same cost§'{ and(C5). image ) (see Fig. 2(b)):Vi # j,Ei. NE .~ = (,

n min

Algorithm 1: TZWS by IFT with lexicographic path cost. Eml{fhr;jl:MA? azlilg\?v‘s/ to L(J)thgi"r;mthLeJ ﬁ.aximum extension

1. VpeV, Calp] — 0; done(p) — FALSE; E! .. of each segmented object, composed by the corre-

2. Vp ¢S, Ci[p] —oo; Llp| —NIL; P[p] < NIL; spondingE? ;.. and all nodes assigned with merged labels

3. Vpe S, Ci[p] < h(p); Llp] < A(p); Plp] < p; where labet tied. Therefore, one can be sure that with a de-
Enqueue (p, h(p)); fined set of markers/minima, all WS algorithms (with same

4. while QueueNotEmpty , adjacency and cost definitions) will result in segmented ob-

5. v« DequeueMin ; done(v) — TRUE; jects O' in these limits: E!,, C O' C E! . (see

6. Vp € Ng(v) and done(p) = FALSE, Fig. 2(d)-(f)). Consequently, measures on segmented ob-

7 ¢ max{C:[v], I[p]}; jects can be bounded. Moreover, in interactive segmentation

8. it = C.l (v, ) procedures, these boundaries can help the user to correct or

S if pin Q, Dequeue (p); determine new markers for further resegmentations

10, Cilp] ¢ Lip] — L[v]; Plp] v, '

11. Enqueue (p, C1[p]);

12. if c = C1[v], Calp] «+ Cav] + 1; 4.2. Progressive segmentation

13. elseif ¢ = C1[p] and L[p] # L[v], . L o .

14. if e = C1[u], As.the fma_ll goa[ of segmentation is to partmc_)n images into

15. if Ca[p] = Cafv] + 1, L[p] — TZ; objects, itis desirable not to have large undefined regions. A

16. elseL[p] — TZ; thinning procedure can therefore be used. We propose now

a progressive segmentation in order to reduce the thick tie-
This algorithm is fast and has the same speed perfor-zones without making implementation-dependent choices.
mance as the IFT-WS [9]. The solution of TZWS is optimal ~ The number of labels that tied together at each node
because it is based on IFT, it keeps therefore the optimal-can be seen as the degree of liability of a single-label as-
ity of the shortest-path forest solution as demonstrated insignement. More labels tied at a node, more unliable would
[12, 9]. Besides, the other algorithms generally depend onpecome a single-label assignment. The number of tied la-
arbitrary decisions in processing order (which pixel is re- pels NTL is computed during the LMA at each call of the
moved first from a priority bucket of the queue?) that are MergelLabels function. The map oNT'L can be used to
not in the strict definition of WS and that introduce bias resegment the result of a first TZWS. This step is repeated
(see the different solutions of Fig. 2(i)-(n)). Note that the until stability of the segmentation result. In most of cases,
case of buttonhole shown in Fig. 2 is similar to configura- the thick tie zones will be progressively thinned or desap-
tions found in real images, as refered by [8]. Observe thatpear. It is another possible option for the segmentation task.
the bias problem does not occur only on plateaux and may  |n this new procedure, all regions segmented with certi-
be unacceptable for some applications (e.g. precise meatude (minimum extensions) are definitively labeled whereas

sures on segmented objects). the tie zones have to be conquered in the next step by these
labeled regions. The tie zones’ original topography is then
4. APPLICATIONS modified to allow a new segmentation by TZWS: it is modi-

fied into plateaux whose level is proportional to the number

The Label Merging Algorithm (LMA) is a useful variation ~Of candidate labels (Fig. 2(g)). Consequently, the proximity
of the previous algorithm. When waters from different min- Criterion progressively unties the tie-zones (Fig. 2(h)).

ima are merging, it assigns a new blended label to the region

invaded by these waters. Substitute in algorithm 1 TZ label 5. CONCLUSIONS AND FUTURE WORK

(lines 15-16) byMergeLabels (L[p], L[v]). So, the final

labeled image allows a traceability on tie zones: it informs In this work, we introduced a new definition of watershed
exactly which and how many trees of different labels tied transform under the IFT framework: the Tie-Zone Water-
together at each node. There is no more one TZ label butshed. It provides an optimal, unique and, thereby, unbiased



solution: it is not implementation-dependent. We presented
an efficient algorithm based on Dijkstra’s one and a simple
lexicographic cost, and proposed finally two possible ap-
plications of the TZWS. Firstly, it provides limits for the

segmented objects’ extensions which could guide the use

in interactive segmentation process or bound measures on

[9] A.X. Falcao, J. Stolfi, and R.A. Lotufo, “The IFT:
theory, algorithms, and applicationdEEE Trans. on
PAMI, vol. 26, no. 1, pp. 19-29, Jan. 2004.

r[10] E.W. Dijkstra, “A note on two problems in connexion

with graphs,”"Numerische Mathematit 959.

objects. Secondly, a procedure of progressive segmentatio11] A.X. Falcio, B.S. da Cunha, and R.A. Lotufo, “De-

based on TZWS is described: the number of merging CBs
is the key to this tie-zone thinning proposal.

As the TZWS is the consensus of all IFT-based solu-
tions, the resulting partition is unique and unbiased. In fu-
ture work, we plan to characterize the robustness of segmen-
tation with tie-zone features. For example, the tie-zone size
can be a warning of potential bias or unreliability in seg-
mentations. We also intend to compare the TZWS with hi-
erarchical WS approach and to investigate the relation of the
bottleneck phenomenon (in bold in the Fig. 2(a)) with pass-
value and saliency concepts, as well as similarities with the
topological watershed.
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Fig. 2. (a): Original grayscale image (3 minima, 8 bottle-
necks). (b): TZWS using 4-adjacency: 3 CBs (gray), TZ
(white), forest (black).(c): Result of the Label Merging
Algorithm. (d)-(f): Each image extends a specifid3; to
its E!. ... While remainingC B; have only minimum exten-
sions. Remaining TZ in whitgg): Map of Number of Tied
Labels. (h): Result of the progressive segmentation: TZ
(in white) is thinnedJ(i)-(j) : Watersheds (black) by Vincent
and Soille’s algorithm (raster or anti-raster sca(k)-(n):
Watersheds by Dijkstra-IFT varying scanning-order.



