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Abstract We believe that reliable general image segmentation is
too difficult to achieve because of the fundamental com-
A global parametric shape model (boundary) of the object plexity of modelling visual patterns that appear in generic
is optimized according to evidence accumulated from lo- images, and the intrinsic ambiguities of general image per-
cal features and the prior probability of the model parame- ception. Therefore, the procedure presented in this paper
ters learned from already segmented training samples. Theis designed for segmenting objects of a specific family that
parametric boundary is then deformed to the most conspic-share some color and shape properties. By narrowing down
uous edge pixels near it. We emphasize the effectivenest a specific domain, we can assume reasonable models,
of human intervention. Any unsatisfactory automatic seg- which are not too complex to be manageable. Reliable
mentation is corrected interactively with mouse clicks. We strong segmentation is still difficult to achieve even in spe-
demonstrate the above segmentation procedure on a flowecific domains if the pictures are taken under highly vari-
image database of 1078 samples from 113 species. 257 oudble illumination and have complex background. In stead
of 1078 images are segmented without interactive correc-of pushing complicated automatic methods, we opt to seek
tion. On average, 5.7 mouse clicks are needed for each im-the help from the user. We believe that, at the current stage,
age, and the segmentation process takes 15.2 seconds. in some situations, efficient user intervention can be very
effective. Allowing parsimonious user intervention guaran-

1. Introduction tees reliable precise segmentation.
The segmentation method presented in this paper com-

Strong object segmentation could be widely used for visual bines a model-based statistical approach with a morpholog-
pattern recognition, computer vision, content-based imageical watershed algorithm. Interactive correction is used to
retrieval, and model-based video coding. Although image refine the automatic segmentation when necessary.
segmentation has been intensively studied for decades, there
still doesn’t exist an “off-the-shelf’ solution applicable to
all types of images. Some recent approaches [3][8] con-2. Flower database
sider image segmentation as a parameterized computational
process, not a stand-alone vision task, i.e., an algorithm thatWe collected a “stress-test” database of flowers with a dig-
generates different solutions dynamically according to re- ital camera for interactive visual pattern recognition re-
quirements represented by a few adjustable parameters. search [9]. This interactive segmentation procedure is used

General image segmentation has been found to be exio generate ground-truth segmentation of the flower image
tremely difficult. In [7], the authors argued that “... ob- database. There are totally 1078 flower pictures of 113
ject segmentation for broad domains of general images isspecies. Figure 4 shows four typical examples of flower
not likely to succeed, with a possible exception for sophis- pictures in our database. (The blue curves superimposed on
ticated techniques in very narrow domains.” A 1992 work- the pictures are the automatic segmentation results.)
shop organized by US National Science Foundation in Red-  All pictures are 320 by 240 pixels, taken under highly
wood, CA, stated that “computer vision researchers shouldvariable illumination. Although we have so far pho-
identify features required fanteractive image understand- tographed only “flat” flowers, their shape is arbitrary. The
ing, rather than their discipline’s current emphasis on auto- majority are yellow, white, blue, or red. Some of the flowers
matic techniques.” Several interactive methods were subseare quite out of focus, and several pictures contain multiple,
quently proposed for image segmentation. “Magic Wand” tiny, overlapping flowers. The background is the real scene,
and “Lasso” are the main selection tools in Photoshop. “In- which may include complex vegetation and sharp shadows.
telligent Scissors” [5] and “Intelligent Paint” [6] are two Humans have a remarkable ability to recognize such flow-
well-known general purpose, interactive object segmenta-ers, but it is difficult to conceive that a machine can segment
tion tools. them reliably.
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3. Segmentation procedure or background pixel. The position informatién, ) is not

: used for the histogram estimation except for determining
We present a model-based segmentation procedure based Re pixel’s category, i.e., foreground or background.
color and shape distribution derived from a set of segmented Parametric parti';ion :amd associated parameter esti-
training images. Each training image is segmented manu- o A parametric curve’, (6) is now used, as an ap-
ally into a foreground and a background region. The fore- proximation tol',,,, to segment the image into foreground
ground and background color distributions are estimatedF () and backg;oundfc(e) Our model of the flower

undary is a circle with parametets = (6,,6,,0,),

from the training images. A parametric model (here, a cir- bo
cle) is then fitted to each boundary and the distribution of where the first two parameters define the center of the circle
and the third its radids For each flower image in the train-

its parameters is estimated from all the training images. Fi-
nally, the distribution of the deviation of the “exact” bound- ing set, the circld, (8) is obtained by minimizing its mean
square deviation from the exact boundary.

ary from the parametric boundary is approximated by a one-
The parameters of the multivariate dendty(6,, 6, 6..)

parameter (Laplacian) density function.
Alter the above training process is completed, each N€Ware estimated from the training set under the assumption
of independent Gaussian distributions because there is not

flower image is segmented as follows: 1) a circle (paramet-
ric boundary) is fitted by maximizing its posterior prob- enough training samples to estimate the whole covariance
matrix:

ability; 2) a likelihood map is generated by assigning to

each pixel a value which indicates its likelihood of being a

boundary pixel; 3) foreground and background “seed” pix- Pg(0s,0y,0,) = N (po,,00,) N (po,.06,) N (19, ,09,)

els are located, and a seeded watershed algorithm is applied 3)

to the likelihood map to find a segmentation boundary; 4)  Estimation of the deviation of the circular shape

if the boundary obtained by the watershed algorithm is un- model from the exact boundary. The radial deviation of

satisfactory, it is corrected interactively by introducing ad- the boundary pixels on the ground-truth boundggy from

ditional seed pixels with mouse clicks, until an acceptable the circleI', is now estimated from the pairs of boundary

segmentation is reached. curves in the training set. Let,, a radius vector of circle
The training and operational phase of the segmentationl’, in direction, intersect’,, atr, andI',, atr,, (Figure

process are described in detail in the following sections.  1(a)). Set the radial deviation = r,,, /.. The distribution

of A over all¢ of all training samples is plotted in Figure

3.1. Parameter estimation 1(b), which can be closely approximated by a unity-mean

For each training image, manual segmentation yields aLapIaC|an with parametef,

boundaryl',,,, which partitions the image intdoreground
F,, andbackgroundF,. The manual segmentation is con-
sidered as the ground truth. The interface used for manualy estimated to be 5.52.
segmentation is based on some of the concepts presented

below, and will be explained in the corresponding sections. 3.2. Automatic segmentation

Estimation of foreground and background color dis- = o
tribution. The 320 by 240 RGB image arrajfi{z,y) = These parameter statistics, accumulated from training sam-

(I™(z,y), IS (z,y), I® (z,y)) indicates the color at pixel ples., are used to segment new flqv_ver images.

(z,y). Itis difficult to estimate the complete color his-  Likelihood of a parametric partition. In order to com-
togram of2563 values with a small number of training sam- Pute the likelihood of a parametric partitidn, (6) accu-
ples. We opt to assume that the probability densities of R, rately, one needs a complex model of the correlation among

G, B are independent, therefore the foreground and backPX€ls, which is unattain:able in p”ractice. We therefore at-
ground color distributions are: temptto rr_10de| only t.he average” correlation. o
If the pixels were independent of each other, their joint
Pr, (I(z,y)) = PR (I%(2,y)) P (I%(x,y))PE (I”(z,y)) distribution could be expressed as
1)

Pre, ((x,y)) = Pg. (I%(2,)) PE. (I°(2,9)) PR, (I” (2, y)) Prob(Fa(0)) =[] Pr.((,y)

' (2 (z,y)EFa(0)
These color distributions are gstimated for each of the 256 1Although the circle model seems too simple for the flowers, we can-
values of[ %, I¢, andI” from histograms of the RGB val-  not afford very complicated models because: (1) We have too few training
ues of all the training flowers. samples to estimate the parameters of a more elaborate model. (2) Even

We explicitly write that the distributions depend on with the simple circle model, determining the optimal center and radius is
S0 computation intensive that we must use gradient descent instead of ex-

(xvy) in order to ingicate that, given a paI’Fitid'h the lo- haustive search. (3) With a more complicated model, the gradient descent
cation(z, y) determines whether the pixel is a foreground algorithm is more likely to stop at a local extremum.
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Figure 1: (a)r,, intersectd’, atr, andIl',, atr,,. (b) The
histogram of the ratio. = r,,,/r, over allp of all training Figure 2: Average region discrepancy between manual and
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samples. circle segmentation with respectdo
for the foreground, and The two terms in the likelihood are functions 6éf
. Whether the pixe(z, y) is in the foreground or the back-
Prob(Fg(0) = [  Pre(I(z,v) ground region is completely determined #yand so is the
(z,y)€Fg(0) likelihood.

Parametric segmentation. We fit a circle to each new
image by maximizing the posterior probability of the para-
P[I|T,(0)] = Prob(F,(0)) Prob(F:(0)) (5) metric (circle) partition.

for the background. Then

where Pr, (I(z,y)) and Pr: (I(z,y)) are the estimated 6™ = argmaxp(T',(0)|1) (8)
foreground and background color distributions, which are 0
evaluated with Equations (1) and (2). From Bayes’ Rule:

However, image pixels in natural scenes are highly cor-
related. If we assume that (1) foreground pixels are inde-
pendent from background pixels, (2) all the pixels in the
foreground region depend completely on each other, i.e.,
the color of the other foreground pixels are completely de-
termined by the color of any given foreground pixel, and (3)
all the pixels in the background region depend completely
on each other, the likelihodd

0" = agmax{p(Il.(6))P(l(6)}  (9)

P(IT,(0)) andP(T',(0)) are computed with equation (7)
and (3) respectively.

Generation of the boundary likelihood map. After
parametric segmentation, the object is roughly segmented
by a circle. However, the real object boundary is much more
complicated than the model. The circle must be deformed
P[IT(8)] « (Prob (Fa(a)))m (Prob (Fg(g)))ﬁ ) to the actual object boundary.

(6) Our approach combines Bayesian classification with
where||F,|| and||F¢| indicate the number of foreground morphological watershed segmentation to deform the cir-
pixels and the number of background pixels, respectively. Cle to the most conspicuous boundary pixels near it. The

As a compromise between total independence and totaideformation process guarantees that the final boundary is a
dependence, it is intuitive to use the following equation to closed curve.

approximate the likelinood. If the pixel (x,y) is a boundary pixel, the random vari-
) ableT'(z,y) = 1; otherwise,I'(z,y) = 0. We compute
PI|T4(0)] o (Prob (F.(6)))=TFT (Prob(F(6)))="T  the probability,P(I'(z,y)|A(x,y), f(x,y)), of each pixel to

) be a boundary pixel given its radial deviation ratit, y)

Equation 7 is purely empirical. The constantwhich from the optimal parametric boundary, and the boundary
compensates the correlation of pixels, is set to 0.02% featuref (z, y) chosen to differentiate boundary pixels from
estimated to be the value that results, on the average, in fithon-boundary pixels. To simplify the notation, we drop the
ting the best circles to the corresponding manual boundaryargument(z,y) of ', A, f, andV in the following discus-
curves of all training samples. As shown in Figure 2, the sion.
distribution of the quality of the fitted circles is quite flat ~ If we assume equal prior$(T')), and\ is conditionally
over a broad range ef, which means that the likelihood is  independent off, i.e., P(\, f|T") = P(A|l") P(f|T"),
not sensitive to the precise value®f POL£T)P(T)

P\ 1)

P(T|\f) = « POD)P(£IT)  (10)

2|n general, the RHS of Equation (6) doesn’t add up to 1.



P(MI') has been estimated from the training images
(Equation 4). To modeP(f|T"), we begin with a very sim-
ple model, P(f|T") « |V|, where|V| is the magnitude of
color gradients. The probability that a pixel is on the bound-
ary then becomes

P(TIA ) o |V|§e’ﬁ|’\’1| (11)

Equation (11) reflects the intuition that we are looking
for the pixels which are close to the circle, and have high
color gradient. Applying Equation (11) to the entire image
yields a 2D array with a boundary probability assigned to
each pixel. We call it doundary likelihood mapBLM). In
the BLM, boundary pixels tend to have larger values than

non-boundary pixels. i . .
Deformation with seeded watershed algorithm. we ~ Figure 3: On the gradient map, the deformation process

assume that the center of the circle is inside the object andd0€sN't stop at the “correct” boundary (the first row). How-
that the four corner pixels are outside the objeand ap- ever, on the BLM the gradients th_at are near the fitted circle
ply an algorithm similar to [1] to the BLM. Initially, the (r.ed) are amplified, and the gradlents_ that are far from the
foreground and background regions contain only the seed?'rde are attenuated. The segmentation result (blue curve)
pixels. The deformation process expands the boundariedS therefore much better (the second row).

around foreground seed pixels and around background seed

pixels until the boundaries coalesce. In each iteration of

the algorithm, the unlabelled pixels, which are connected o strategy for interactive segmentation is to let the sys-
to the current foreground or background region, are enterecdier try jts best to segment the object. If the user is satisfied,
into an ascending ordered list according to their probability e segmentation is confirmed. Otherwise, the current seg-
P(L|A.f). Then the pixel, which has the smallest prob- mentation is corrected by introducing new seed pixels with
ability, is retrieved from the list, and labelled either fore- ,ouse clicks.

ground or backgrou_nd according to the mgjority vote of_its Automatic segmentation always precedes interactive
already labelled neighbors. When there is a tie, the pixel o, yection. The user clicks on a misclassified pixel to shrink
is randomly assigned a label. The algorithm ends when they,q toreground region if that pixel should be in the back-
sorted list is empty. It can be_proved that the algorithm flnd_s ground, or to grow the object region if it should be in the
the watershed of the seed pixels on the BLM, so we call it foreground. The clicks are saved as seed pixels, and the

seeded watershed algorithm seeded watershed algorithm is applied to the BLM with the

This deformation method works even without the para- n4ated seed pixels. The process is repeated until a satis-
metric segmentation step. Without that step, we have NOfactory segmentation is reached (Figure 5).

ohptirgfllvlc_ircl_e. E|qu ?jtion P(]ll) 2‘?00mé€(r\‘/§) o< [V, anr? The advantage of this strategy is that the machine always
the Is simpiimed to thegradient map We assume that displays its segmentation results to the user. We observe

the centgr of the Image 15 msuje the Ob](.aCt’ and the four hat it is a consensus among all the users that the large mis-
corner pixels are outside the object, then find the watershe egmented regions are always chosen to be corrected first.
of the gradient map from these seed pixels. We segmente

initial set of traini ict ith thi thod fol q herefore, the segmentation quickly converges to the “ex-
ouriniial Set ot training pictures wi IS method followed boundary. Depending on the application, the user can

by interactive corrections (Section 3.3). However, the term decide whether to correct the local small errors
ge*ﬁ“*”, which reflects the result of parametric segmen- '

tation, helps to prevent big, non-flower-like excursion. Fig- ) )
ure 3 shows a good example. 4. Experimental results and evaluation

. . The automatic segmentation process takes approximately
3.3. Interactive correction 0.5 seconds on a 1GHz PC. The response time of the com-

The automatic method described above cannot guarante@uter to each interactive correction is negligible (tens of mil-
accurate segmentation of all the images. Interactive cor-|iseconds).

rection is necessary for robust strong segmentation. Figure 4 shows the automatic segmentation of four typi-
3The assumptions about initial seed pixels are application dependent.(?a-I samples. We can observe that the parametric segmgnta—
The initial seed pixels will be overwritten by the user’s clicks. tions (circles) are fine for all four flowers. The segmentation
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Figure 6: Histogram of the number of clicks (top) and his-
togram of interactive time in seconds (bottom).

We evaluated the automatic part of the segmentation
procedure with 216 flower pictures from 29 species. The
samples were partitioned in 6 different ways according to
a leave-one-out-per-class experimental design, yielding an
equivalent experiment with 174 (29 * 6) mutually-exclusive
Figure 5: Interactive correction. 7 foreground clicks (red testsamples and 187 (216 - 29) training samples.
circle dots) and 1 background click (red square dot) gener- The results of automatic segmentation were compared
ate almost perfect segmentation. to the interactively produced “ground truth” segmentation.

On the average, the region of automatic segmentation and

“ground truth” overlapped by 75%, and the boundary was

8.7 pixels away from the “ground truth”. With “ground
for the bottom two and the top-left samples is perfect. The truth” segmentation, 141 out of 174 samples were correctly
segmentation result for the top-right flower may also be ac- classified by a nearest-neighbor classifier based on eight
ceptable depending on the application. color and shape features. With automatic segmentation, 84

The flower in Figure 5 can be considered difficult, since out of 174 samples were correctly classified.
its boundary is very complicated, and so are the color lay- The interactive correction depends on the user’s expecta-
outs of both the flower and the background. The automatictions and patience. A computer engineering undergraduate
method cannot segment it correctly. However, with the studentinteractively segmented all the flower pictures in our
help of the interactive correction from the user, a few clicks database (1078 flowers from 113 species). The student was
quickly yields near-perfect segmentation. Of course, the ac-asked to segment the flower pictures as precisely as possi-
tual number of clicks depends on where the user clicks. Fig-ble, since the results were used as the ground-truth strong
ure 5 shows one scenario, which took 7 foreground clicks segmentation for the development and evaluation of an in-
and 1 background click. The correction process took lessteractive flower recognition system. A log subsystem em-
than 30 seconds. The intermediate results after 1, 2, 3, andedded in the segmentation program recorded the number
after all 8 clicks are shown. of seeds, the position of seeds, and the combined human




and machine time spent on each picture. Figure 6 showsof 12,000 manual segmentations. Incorporating more so-
the histograms of the number of manually-introduced seedphisticated models and their parameter statistics accumu-
pixels and the histogram of the time spent on each flowerlated from interactively segmented samples will improve
picture. On average, 5.7 seed pixels were needed for eaclthe performance of the automatic part of the segmentation
picture, and the segmentation process took 15.2 secondsprocedure. Eventually, reliable fully automatic segmenta-
24% (257 out of 1078) pictures were segmented without in- tion method may be developed.

teractive correction.
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