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ember 12, 2002Computer Engineering DepartmentUniversity of CaliforniaSanta Cruz, CA 95064Abstra
tImmersion simulation-based Watershed Transforms (WSTs) generally 
ontain two types of imple-mentation dependent ordering operations. In this paper, we examine the s
anning order dependen
iespresent in an immersion simulation-based WST algorithm. The WST algorithm examined generates a
omplete partition of the original image without pixels being designated as watershed pixels. We des
ribethe ordering dependen
ies and analyze how they a�e
t the �nal partition when di�erent s
an orders areapplied.The results of our analysis indi
ate the di�eren
e in the partitions generated from using di�erents
anning orders is on the order of one pixel per region. Moreover, these di�eren
es 
omprise of a relativelysmall portion of the total pixel 
ount for the test images used. The number and lo
ation of thesedi�eren
es are su
h that they are not dete
table when visually 
omparing the region boundaries ofpartitions generated using di�erent s
anning orders.Keywords: watershed transform, immersion simulation, initialization s
anning order, neighborhoods
anning order.



1 Introdu
tionA variety of methods are used to implement Watershed Transforms (WSTs). Floodingalgorithms, or immersion simulations, are widely 
onsidered the fastest and most a

urate WSTalgorithms and are used in a majority of published WST appli
ations. In this paper, we examinethe immersion simulation-based algorithm of Bue
her and Meyer [1℄ in 
onjun
tion with theprepro
essing algorithm des
ribed by Dobrin et al. [2℄.WST algorithms generate one of two types of outputs: a 
omplete image tessellation or animage 
ontaining regions delineated by pixel-wide watershed lines. The immersion simulation-based WST algorithms appearing the literature generally have the same stru
ture and givesimilar results. They do, however, di�er in the type of output they generate. Most immersionsimulation WST algorithms generate watershed lines in addition to regions [2, 4℄. These water-shed lines only serve to delineate regions but are not members of regions. The WST algorithmof Bue
her and Meyer [1℄ does not generated watershed lines; region boundaries are delineatedby the edge between two pixels of di�erent regions.Immersion simulation-based WST 
ontain two types of s
anning order dependen
ies: neigh-borhood s
anning orders and initialization s
anning orders. Neighborhood s
anning order refersto the sequen
e in whi
h pixels are examined during WST implementation. Initialization s
an-ning order refers to the method in whi
h 
at
hment basins are �rst formed and listed by theWST algorithm. S
anning order dependen
ies 
ause pixels in the generated partition to bepla
ed in di�erent regions when di�erent s
an orders are applied.2 Immersion Simulation WST Algorithm AnalysisFig. 1 shows the four steps required for an appli
ation of an immersion simulation-basedWST. This diagram shows three steps of prepro
essing followed by the a
tual WST. The �rststep generates a gradient image based on the original grays
ale image. The next step designates
ertain portions of the image as regional minima whi
h be
ome the pri
k-points for the ensuingimmersion simulation. The initial pixel queuing step adds pixels to the ordered queue to 
reatea starting state for the WST. The �nal step is the a
tual WST.
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ess 
ow of the immersion simulation-based WST algorithm.In this se
tion, we examine the uniqueness of the partition generated by the WST. Moreover,we des
ribe the e�e
ts that the blo
ks of Fig. 1 have on the generated partition. We analyze ea
hstep in order to determine the dependen
ies the steps have on the uniqueness of the generatedpartition. Implementation details are provided where appropriate but we assume the reader1



is familiar with the 
on
epts of immersion simulation-based WSTs. Referen
e [4℄ provides anintrodu
tion to immersion simulation-based WSTs.2.1 Gradient Image GenerationThe �rst step in WST pro
essing generates a gradient image based on the original grays
aleimage. Ea
h pixel in the grays
ale image, I, is mapped to a value representing the dis
retegradient magnitude at its lo
ation. This mapping forms the gradient image X, i.e., rf : I ! X.Ea
h pixel p in I is mapped to X by the fun
tionrf whi
h approximates the gradient magnitudeat p.Published WST implementations generally agree that partitions generated by WSTs arenot parti
ularly sensitive to the method used to approximate gradient values. Generating thegradient image essentially provides prepro
essing to the regional minima dete
tion step. If themethod used to approximate gradient values is applied equally to every pixel in the image, nos
anning order dependen
ies are generated. We therefore shift our fo
us to the se
ond blo
k ofFig. 1.2.2 Regional Minima Dete
tionThe appli
ation of the WST requires lo
ating and labeling regional minima in the gradientimage. Regional minima represent the so-
alled pri
k-points used in immersion simulation-basedWSTs. The partition produ
ed by the WST is dependent upon the method used to lo
ate andlist the pri
k-points. The pri
k-points serve as seeding points for the region growing, or 
oodingpro
ess. Ea
h pri
k-point spawns the growth of a 
at
hment basin, and ea
h 
at
hment basin
ontains only one pri
k-point. In this paper, we limit our dis
ussion to automati
1 regionalminima dete
tion te
hniques.2.2.1 Dobrin's Regional Minima Dete
tion AlgorithmThe �rst work by Dobrin et al. [2℄ presented several prepro
essing steps prior to the WSTappli
ation. This prepro
essing in
luded an algorithm for regional minima dete
tion. Regionalminima are not expli
itly assigned by Dobrin's regional minima dete
tion algorithm. In theDobrin et al. approa
h, the algorithm instead lo
ates and marks pixels that do not �t thede�nition of lo
al minima. These pixels are labeled as not a regional minimum, or NARMs.The gradient image, X, is transformed into an image where ea
h pixel is either a NARM orthe initial value assigned by the algorithm. Pixels 
ontaining initial values are then 
onsideredregional minima. This pro
edure 
reates a \sea" of NARMs interspersed with \islands" ofregional minima. This de�nition of regional minima renders the analogy of \pri
k-points" fromimmersion simulation models misleading sin
e the minima are not 
onstrained to being singlepixels, or \points". Instead, a single regional minima 
an be as small as a single pixel or as large1In this paper, the term automati
 refers to te
hniques that do not require intervention from an outside user.2



as a major portion of the image. WST algorithms generally use the term markers2 synonymouslywith regional minima.2.2.2 Uniqueness of the Marker ImageIn this se
tion, we examine the marker dete
tion portion of the Dobrin et al. prepro
essingalgorithm. We show the marker sele
tion by this algorithm produ
es a set of markers that areunique and 
onsistent relative to a given gradient image. Moreover, we show this algorithm
ontains no s
anning order dependen
ies that 
ould a�e
t the WST-generated partition.To fa
ilitate des
ription, images are represented as numeri
al fun
tions. Let DX representthe domain of a 2-dimensional image X where DX � Z2 and Z is an integer. Pixel values formthe range of X whi
h 
omprise the set R = f0; 1; : : : ; N � 1g, where N is a positive integer.A

ordingly, X : DX ! R with the value of X at any pixel p 2 DX denoted by X(p). Theunderlying lo
al digital grid is denoted by G with NG(p) = fp0 j p0 2 Gg de�ning the lo
al pixelneighbors3 of any pixel p. Any pixel p0 is 
onsidered to be adja
ent to, or a neighbor of, pixel pif p0 2 NG(p).De�nition 1: A regional minimum M of X at a height h is a 
onne
ted set of pixelsP with jP j � 1, from whi
h it is impossible to rea
h a pixel p0 with X(p0) = h0 andh0 < h, without en
ountering pixel p00 with X(p00) = h00 where h < h00.In general, a marker sele
tion algorithm examines every pixel in the gradient image to de-termine if the 
riteria stated in De�nition 1 is met. A straight-forward approa
h to markersele
tion would be to 
ompare ea
h pixel value to the value of its neighbors using raster s
anorder. The algorithm of Dobrin et al., however, applies De�nition 1 to ea
h pixel in the im-age re
ursively. Moreover, the algorithm re
urses through 
onne
ted NARMs; the re
ursion ishalted and transferred to the next NARM in the image on
e all the pixels in the 
urrent NARMare pro
essed. There is no time advantage to the approa
h of Dobrin et al. and a
tually hasin
reased spa
e requirements4 
ompared to a non-re
ursive approa
h.Marker dete
tion depends solely upon the value of a pixel relative to the value of adja
entpixels. The relationship between pixels and neighboring pixels is independent of the order inwhi
h pixels are 
onsidered. This independen
e allows Dobrin's marker dete
tion algorithm togenerate the same marker set regardless of the pro
essing order applied. Therefore, the regionminima dete
tion algorithm of Dobrin et al. 
ontains no s
anning order dependen
ies. Thisresult 
an be shown experimentally by applying the regional minima dete
tion algorithm toan image and versions of the same image rotated by 90, 180, and 270 degrees. The rotatedimages provided a simple method to e�e
tively apply di�erent s
anning orders. Results ofmarker dete
tion are 
ompared after rotating the images ba
k to their original orientations. As2The term markers is sometimes used to signify areas that were intera
tively sele
ted by an outside user.3In regards to WSTs, we 
onsider only an 8-
onne
ted pixel model.4The in
rease in spa
e requirements is dependent upon image 
hara
teristi
s. Image areas 
ontaining higherspatial frequen
ies are generally asso
iated with high 
ounts of 
ontiguous NARMS whi
h deepens the re
ursion.3



expe
ted, the image are identi
al. Example images from these experimental results are trivialand are not presented here.2.2.3 Neighborhood S
anning Order Dependen
yPro
essing in immersion simulations pro
eeds by examining and queuing pixels. When apixel is pro
essed by the algorithm, the neighbors of that pixel are examined. The order inwhi
h these lo
al pixels are examined is referred to as the neighborhood s
anning order. Thisraises a question of whether the order in whi
h neighboring pixels are pro
essed have any e�e
ton the �nal regions generated by the WST?This question was 
onsidered by Dobrin et al. in [3℄. In this work, Lemma 4 states: Theneighborhood s
anning order does not a�e
t the result of Meyer1 and Meyer2 algorithm. A
omplete proof and further des
ription of this lemma is found in [3℄. Therefore, no neighborhooddependen
ies are present and the se
ond blo
k of Fig. 1 does not a�e
t the uniqueness of the�nal partition.2.3 Initial Pixel QueuingWST pro
essing up to this point has not generated s
anning order dependen
ies. We nowexamine how the initialization s
anning order a�e
ts the �nal WST partition. Initializations
anning order refers to the order with whi
h the marker image is s
anned when sear
hing forunlabeled markers5. Pixel queuing is a pro
ess inherent to every immersion simulation-basedWST. Initial pixel queuing o

urs on
e a marker is en
ountered and labeled. The �rst pixelsqueued are the pixels surrounding the markers. The order in whi
h pixels are queued is thereforedependent upon the order in whi
h markers are en
ountered.In the Dobrin et al. algorithm, pro
essing of the ordered queue does not o

ur until ea
hmarker is en
ountered and the pixels surrounding the marker are queued. This approa
h dependsupon some pre-de�ned order in whi
h to pro
ess the pixels surrounding regional minima. Sin
ethe regional minima are expli
itly dete
ted, a s
an of the marker image is required to initiatethe queuing of pixels surrounding the markers. Dobrin's prepro
essing algorithm does not statea sear
h order for marker dis
overy and is therefore dependent upon the initial pixel queuingorder.Initial pixel queuing o

urs after regional minima dete
tion and is embedded in the markerlabeling portion of the algorithm. The �rst pixels to be pla
ed on the ordered queue are theNARM pixels neighboring the markers in IM . These pixels are denoted by �(Mi) with �(Mi) =fp jIM (p) 6= mi and 9p0 2 NG(p) with IM (p0) = mig where i = f1; 2; : : : ; kg and k is the numberof markers in IM . It is obvious from this de�nition that the order in whi
h pixels appear on theordered queue are dependent upon the s
anning order used to lo
ate unpro
essed markers.The initialization s
anning order dependen
ies inherent in all WSTs are attributed to theanalog to digital 
onversion of images. The fa
t that these dependen
ies 
onsequently 
ausedi�eren
es to appear in the regions of the �nal partition was noted and des
ribed in an analysis5Rasters
an order is 
onsidered a initialization s
anning order.4



of watershed algorithms by Dobrin et al. [3℄. Dobrin's work tra
es the dependen
y of the �nalwatershed partition to 
ases where 
at plateaus of pixels are found between 
at
hment basins.As the 
ooding progresses, the rising waters be
ome biased toward the basin that is pro
essed�rst. Basin pro
essing order is determined by the initialization s
anning order. This biasinge�e
t only o

urs when an odd number of pixels separate the two 
at
hment basins in question.The same e�e
t exists with WST algorithms generating pixel-wide boundaries but o

urs in
ases where an even number of pixels separate 
at
hment basins.The biasing e�e
t is best des
ribed in the 
ontext of initial pixel queuing sin
e this is the�rst time it 
an o

ur. The Dobrin work 
entered the dis
ussion on the general 
ase des
ribedin the previous paragraph where an odd number of pixels with symmetri
 values separate two
at
hment basins. In the general 
ase, the bias toward one basin does not emerge until pixelsadja
ent to two regions are assigned to a 
at
hment basin. Fig. 2 demonstrates the initializations
anning order dependen
y in the 
ontext of initial pixel queuing. Fig. 2(a) shows the originalimage with numbers representing the grays
ale values. Fig. 2(b) is the asso
iated marker im-age with two markers, Ma and Mb, shown with shaded pixels and labels a and b, respe
tively.Fig. 2(
) and Fig. 2(d) are the partitions generated with a left-to-right and a right-to-left initial-ization s
anning order, respe
tively. Pixels in the di�erent 
at
hment basins are indi
ated withlabels a and b in Fig. 2(
) and Fig. 2(d). The hat
hed lines highlight the di�eren
es betweenthe resulting 
at
hment basins. In this image, pixels not in Ma or Mb are 
ontained in �(Ma)or �(Mb). This simple example demonstrates the dependen
y the WST generated partition hasupon initial pixel queuing. For this example, the di�eren
es in the �nal partition are the line ofpixels separating the two regions, i.e., �(Ma) \ �(Mb).
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) (d)Figure 2: An example demonstrating the WST generated partition's dependen
y upon initial-ization s
anning order. (a) is a grays
ale image and (b) is the asso
iated marker image withtwo markers labeled a and b. (
) and (d) show the �nal partitions generated using two di�erentinitialization s
anning orders.2.4 The Watershed TransformThe �nal blo
k of Fig. 1 is the a
tual appli
ation of the Watershed Transform. Previousanalysis showed that s
anning order dependen
ies exist prior to the appli
ation of the WST.More spe
i�
ally, at this point in WST prepro
essing, marker pixels and the surrounding pixelsare assigned to regions. Changing the s
anning order would possibly pla
e these pixels in5



lena (256x256) tripod (256x256) peppers (256x256)Figure 3: The test images.other regions. The WST appli
ation further promotes the di�eren
es appearing in the partiallysegmented image as water levels rise and regions are grown. Moreover, the WST essentially a
tsupon the pixel di�eren
es already present in the image. The further in
rease in pixel di�eren
esthat o

ur in the WST step are are due to the mis-
lassi�
ations present prior to the WST andnot the WST itself. This result is quanti�ed in the next se
tion.3 ResultsAs des
ribed in the previous se
tion, the exa
t form of the partition generated by a WSTis dependent on the initialization s
anning order. Fig. 3 show the images used for testing.Fig. 4 shows the di�eren
es when four di�erent initialization s
anning orders are used. The fourinitialization s
anning orders are generated by applyingWST pro
essing to an image and to threerotated versions of the same image. The non-rotated version is 
onsidered to be the baseline
ase. The other three s
anning orders are e�e
tively generated by applying WST pro
essing to90, 180, and 270 degree rotations of the original image. The 90, 180, and 270 degree rotationsare referred to as UR-LR, LR-LL, and LL-UL, respe
tively.Fig. 4 demonstrates the e�e
ts of initialization s
anning order. Fig. 4(a)-(
) show the regionboundaries after the WST is applied to the test images. The images in Fig. 4(d)-(i) are basedon the worst-
ase s
anning order (LR-LL) of Table 1. Fig. 4(d)-(f) show the pixels enumeratedby the fourth 
olumn and LR-LL row of Table 1. Fig. 4(g)-(i) show the pixels enumeratedby the sixth 
olumn and LR-LL row of Table 1. These examples show that although thereare di�eren
es, they are seemingly negligible. Running this experiment on other test imagesgenerated similar results but are not shown here.Table 1 lists results from applying the di�erent initialization s
anning orders. The se
ond
olumn lists the number of regions in the partition. Column four lists the number of pixels thatare in di�erent regions than the baseline 
ase after initial pixel queuing. Column �ve shows theper
ent di�eren
es of 
olumn four based on the total number of pixels in the image. The sixth
olumn lists the number of pixels in di�erent regions after the WST is 
omplete. Columns sevenshows the per
ent di�eren
e of 
olumn six based on the total number of image pixels. The �nal6



(a) (b) (
)

(d) (e) (f)

(g) (h) (i)Figure 4: An example showing the e�e
ts of initialization s
anning order on the WST partition.Results are listed for the LR-LL s
an order. (a)-(
) show the image boundaries for the baselines
an order. (d)-(f) show the pixel di�eren
es 
ompared to the baseline s
an order after the initialpixel queuing. (g)-(i) show the pixel di�eren
es in the �nal watershed partition.7



Initial Pixel Queuing Watershed Partitions
an # di�s % total # di�s % total # di�simage # regs order (pix) of image (pix) of image per regionlena 859 UR-LR 416 0.64 796 1.22 0.93LR-LL 547 0.84 1008 1.54 1.17LL-UL 242 0.37 438 0.67 0.51tripod 1343 UR-LR 538 0.82 894 1.36 0.67LR-LL 1023 1.56 1628 2.48 1.21LL-UL 614 0.94 987 1.51 0.73peppers 751 UR-LR 329 0.50 655 1.00 0.87LR-LL 460 0.70 890 1.39 1.19LL-UL 240 0.37 489 0.75 0.65AVGS 984 490 0.75 865 1.32 0.88Table 1: Results of applying di�erent initialization s
anning orders to the test images.
olumns lists the number of pixel di�eren
es in the �nal partition per number of regions in theimage.4 Con
lusionOur results demonstrate that the WST's dependen
y on s
anning order is relatively small.The di�eren
es in the partitions generated from using di�erent s
anning orders is less thanone pixel per region (0.88) when all image regions are 
onsidered. These di�eren
es are foundin the higher frequen
y areas of the image and exhibit qualities of randomness. Moreover,initialization s
anning order di�eren
es after the initial pixel queuing step average less than oneper
ent (0.75%) of the total number of image pixels. This initial number of pixels pla
ed indi�erent regions approximately doubles (1.32%) in the �nal partition after the WST is applied.Despite their number and lo
ation, di�eren
es in regions are not visually dete
table when theregion boundaries of partitions generated using di�erent s
anning orders are visually inspe
ted.Referen
es[1℄ S. Beu
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