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Abstract. We address the problem of having insufficient labels in an interac-

tive image segmentation framework, for which most current methods would fail

without further user interaction. To minimize user interaction, we use the appear-

ance and boundary information synergistically. Specifically, we perform distribu-

tion propagation on the image graph constructed with color features to derive an

initial estimate of the segment labels. Following that, we include automatically

estimated segment distributions at “critical pixels” with uncertain labels to im-

prove the segmentation performance. Such estimation is realized by incorporat-

ing boundary information using a non-parametric Dirichlet process for modeling

diffusion signatures derived from the salient boundaries. Our main contribution

is fusion of image appearance with probabilistic modeling of boundary informa-

tion to segment the whole-object with a limited number of labeled pixels. Our

proposed framework is extensively tested on a standard dataset, and is shown to

achieve promising results both quantitatively and qualitatively.

1 Introduction

Image segmentation can be defined as the process of partitioning an image into regions

corresponding to potential objects and their backgrounds. Over the course of years, im-

age segmentation techniques without human interaction have not produced satisfactory

results. In fact, fully automated segmentation is known to be an ill-posed problem due

to the fact that there is (1) no clear definition of a correct segmentation; (2) no agreed-

upon objective measure that defines the goodness of a segment, albeit the quality of a

segment can be assessed [23] and that of a segmentation can be learned to some extent

[21]. In order to do a semantically meaningful segmentation, it is essential to take a

priori image information into account. This issue has been addressed in the literature

as interactive image segmentation, which has been successfully applied in numerous

articles [15, 19, 6, 13, 12, 16, 22]. A popular approach for user interaction is through a

set of strokes or a trimap [24, 5] providing known labels at certain pixels that are called

seeds, from which segment labels at other pixels are to be predicted.

Although interactive image segmentation has drawn much attention, little has been

done to study the problem of insufficient labels. For instance in Figure 1, in the case

there is no label for the duck’s beak, a typical interactive segmentation method would

fail to segment it as part of the duck. A partial solution to this problem is active la-

bel set augmentation, which instantiates active learning [25], a framework that allows
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Fig. 1. When labeled pixels are insufficient, interactive image segmentation can perform badly.

Our approach automatically introduces labels at critical pixels. Left: labeled object and back-

ground pixels are shown as strokes, and the automatically added labels are inside the rectangle.

Right: the resulting object contour.

the learner to ask for informative labeled examples at certain costs. However, the lux-

ury of additional labeled information is not always available. Therefore in this paper,

we propose automatic label set augmentation to address the deficiencies in labeling.

In particular, some pixels which we refer to as critical pixels have uncertain segment

labels. The proposed scheme introduces labels at these critical pixels automatically to

help make better segmentation decisions.

Specifically, our work utilizes information available at salient boundaries [18]. In

other words, our method does not only merge pixels similar in appearance to the seed

pixels in order to form segments; it also introduces unlabeled pixels as seeds in an

automatic fashion based on nonlinear modeling of the compatibility between salient

boundaries and target segments which leverages a non-parametric classification tech-

nique [26]. Our implicit assumption is that pixels within the same object, although may

have distinct appearance features (e.g. colors), share similar spatial relations to salient

boundaries. Intuitively, such addition of labeled information is vital to whole-object seg-

mentation whose goal is to cut semantic objects from images with little user interaction.

While the proposed method does not conclude research on whole-object segmentation,

due to lack of high-level semantic knowledge, it provides a reasonable guess for pre-

viously unknown segment labels at critical pixels. Finally, the distribution propagation

framework [8, 28], which we adopt to integrate appearance and boundary cues, can be

seen as an alternative to previously used graph based label propagation [31, 13, 12]. Be-

cause of the uncertain nature of added segment labels, the way of encoding the label

or its strength as a real number at each vertex becomes inadequate, whereas the dis-

tribution propagation framework serves as a natural mechanism to integrate additional

segment labels probabilistically.

Related Work Our labeling method is most relevant to the segmentation framework

introduced in [13] and recently used in [12] as label propagation, where the segment

labels are encoded as a real-valued function at vertices. Label propagation for segmen-

tation is commonly considered in a transductive setting, where known segment labels at

some pixels are provided and labels at other pixels are to be estimated by minimizing a

certain cost function. Besides, choosing a threshold for determining the segment labels

is a difficult problem [31]. Generally, researchers adopt ad hoc techniques, e.g. class



Enhancing Interactive Image Segmentation with Automatic Label Set Augmentation 3

mass normalization [31] or adaptive window selection [14], which do not necessarily

generalize well. In contrast, rigorous comparison of probabilities is made possible by

using the distribution representation.

Recent years have seen much progress on estimating or utilizing salient boundaries

[18, 17, 2, 3], which are related to the main contribution of this paper. In two such pa-

pers [2, 3], the authors study image segmentation from boundaries. However, their goal

is either to over-segment images [3], or to extract semantically meaningful objects with

sufficient labels [2]. Our work extends these methods by making the object/background

inference based on the boundary information through a non-parametric learning frame-

work and missing labels are directly handled. Among the few works addressing whole-

object segmentation, an approach based on image matting is presented in [27]. In prin-

ciple, our diffusion process for generating boundary related features is similar to mat-

ting. However, we only use boundary information in constructing feature vectors when

appearance fails to provide sufficient evidence for object/background discrimination,

whereas in [27], the authors rely on image appearance for generating mattes.

There are several papers on using priors for describing general shape or config-

uration of an object [29, 16, 9], which segment out the object in a graph-cut setting.

However, the priors used limit their applicability to certain class of images to which the

priors are suited. Our work can be considered complementary to theirs in terms of the

underlying approach and the overall effects of segmentation, which involve automati-

cally added labels. To better present our work, we briefly introduce the six major steps

with more details to follow in their corresponding sections:

1. Distribution propagation using color features (Sec. 2).

2. Let the labeled set be L and the unlabeled set be U . Identify a subset A ⊂ U where

the estimated distribution is ambiguous, i.e., the difference between the probabil-

ities of being object and background is small. Also identify U∗ ⊂ U − A, which

represents the set of pixels where the estimated distribution is informative, i.e., the

probability difference is significant (Sec. 3);

3. Generate boundary probability map Ib indicating the probability of each pixel on a

boundary (Sec. 3.1);

4. Compute diffusion signature vectors, which are the feature vectors at each pixel,

from Ib (Sec. 3.1);

5. Modeling and classification using Dirichlet process multinomial logistic model, for

which the training and test sets consist of feature vectors corresponding to L ∪ U∗

and A respectively (Sec. 3.2);

6. Automatically generate segment distributions on A. Let the labeled set be L ∪ A,

and the unlabeled set be U − A. Then proceed with the distributions computed by

step (1) to derive new segment labels on U , after which the algorithm stops.

2 Distribution Propagation for Labeling

In a graph representing an image, we have a set of n vertices, each of which corre-

sponds to either a labeled or an unlabeled pixel, and a set of edges connecting neigh-

boring pixels. Edges are denoted as e1, e2, · · · , em, each of which is a binary set of
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Fig. 2. Illustration of distribution propagation on an image graph. Lines connecting pixels are

edges. Distributions, including known pi’s and estimated qi’s, are shown as histograms.

vertices. For representing the appearance, we consider the LUV color space due to

its perceptual uniformity [11]. The LUV values of a pixel result in a feature vec-

tor FS for each pixel S: FS = (LS , US , VS). We define the weight of an edge as:

w(e) = exp
(

−
∑3

i=1
(Fi(v1)−Fi(v2))

2

2δ2

i

)

, where v1, v2 ∈ e, and F i(vj) is the ith

feature value at the pixel represented by vertex vj . We pose image segmentation as

propagating distributions at labeled vertices to unlabeled ones. Specifically, let us con-

sider a segmentation setting where the set Y represents l label types which correspond

to the objects and their backgrounds, Y = {1, 2, · · · , l}. A labeled vertex i ∈ L of

class k is assigned a known distribution pi(y), such that pi(k) = 1 and pi(y) = 0
for y 6= k. The estimated distribution at an unlabeled vertex i ∈ U is defined as

a multinomial distribution qi(y), which can be described by an l-dimensional vector,

[qi(y = 1), qi(y = 2), · · · , qi(y = l)]T of non-negative elements summing to one. Such

a distribution can be used for classification of l classes with the maximum likelihood

principle, such that, the vertex is labeled as a member of class y∗ = arg maxy qi(y).

We estimate the distributions qi for unlabeled vertices based on the distributions

pi of labeled vertices and the neighborhood relations encoded by ei. Our main as-

sumption is that multinomial distributions qi should be similar to each other inside

each edge. The general setting of distribution propagation is illustrated in Figure 2,

where we have two classes (marked with different colors), the labeled distributions are

p1 and p12, and the estimated distributions are qi. We describe the discrepancy be-

tween two probability distributions p and q by the Kullback-Leibler (KL) divergence,

D(p, q) =
∑

y∈Y p(y) log p(y)
q(y) . We also define the exponential centroid distribution

of an edge ek to be: qE
k (y) = 1

Zk
exp(

∑

i∈ek
hi,k log qi(y)), with Zk being a normal-

ization constant, and hi,k = 1/|ek|, or 0.5 in our case. Next we can formulate the

optimization on the image graph as:

arg min
qi

n
∑

i=1

riD(pi, qi) +
m

∑

k=1

wk

∑

i∈ek

hi,kD(qE
k , qi), (1)
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where ri is 0 for an unlabeled vertex and a positive constant for a labeled vertex. Further,

we can relax (1) to the following with the optimal solution q∗i to be the same:

arg min
qi,ηk

n
∑

i=1

riD(pi, qi) +
m

∑

k=1

wk

∑

i∈ek

hi,kD(ηk, qi), (2)

since qE
k (y) is the minimizer η∗

k for J(ηk) =
∑

i∈ek
hi,kD(ηk, qi) [1]. Note that the

function in (2) can be decomposed vertex-wise [28]. Based on this observation, and
∑

y∈Y qi(y) = 1, the following decomposed sub-problem for vertex i

arg min
qi

riD(pi, qi) +
∑

{k:i∈ek}

hi,kwkD(ηk, qi), (3)

is solved in closed form by:

qi(y) =
1

ri + di

(ripi(y) +
∑

{k:i∈ek}

hi,kwkηk(y)), (4)

where di =
∑

{k:i∈ek}
hi,kwk is the vertex degree.

We take ri to be a large number, and thus for a labeled vertex, qi(y) = pi(y) mean-

ing that our method performs interpolation respecting the user supplied labels. It can be

shown that the function to optimize in (1) is convex with respect to all the qi(y) terms

[28], and thus a unique solution is guaranteed. This is a nice property for the proposed

framework, as after we add in the automatically generated distributions at the critical

pixels, it is unnecessary to start over from the initial uniform distributions at other unla-

beled vertices. Finally, the algorithm with guaranteed convergence is posed as iterations

over the two major steps: (1) compute the centers qE
k (y) for all k, and set ηk = qE

k ; (2)

solve the optimization sub-problem at each vertex i by updating qi(y) as in (4).

3 Incorporating Boundary Information

After distribution propagation on a graph corresponding to the image, we obtain re-

liable estimates of segment labels at pixels where there is minimal ambiguity based

on appearance features. For certain regions in the image, prior segment labeling may

be missing. We will refer to pixels in such regions as critical pixels. In general, criti-

cal pixels are inside segments whose corresponding vertices are disconnected from (or

weakly connected to) both kinds of labeled vertices. For single object segmentation, we

refer to the object and background as o1 and o2 respectively. Intuitively, the pixels with

ti = | log qi(o
1)

qi(o2) | < τ , where τ is a small positive number, are selected as critical pixels,

and thus A = {i : i ∈ U ∧ ti < τ}. Such intuition is formalized as a decision prob-

lem using the maximum a posteriori (MAP) rule. Specifically, the two classes are likely

correct (C1) and likely wrong (C0) predictions resulting from the distribution prop-

agation. Class C0 corresponds to critical pixels, which are equivalent to those pixels

with P (C0|t) > P (C1|t), where P (Cj |t) ∝ P (t|Cj)P (Cj). Such probabilities can be

computed from a set of images with ground truth segmentation, and thus the threshold
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Fig. 3. Joint probabilities P (strength, O) versus P (strength, N), where the two classes of

boundaries are object (O) and non-object (N). The relative greatness in them determines which

class is more likely. It follows that higher strength implies higher chance of being an object

boundary.

is set as τ = maxt{t : P (C0|t) > P (C1|t)}. Besides, in training the Dirichlet process

based model, we set U∗ = {i : i ∈ U ∧ ti > κ}, such that P (t > κ|C0) < 5%.

We will next discuss a non-parametric Bayesian approach to predict segment dis-

tributions at critical pixels, which are then incorporated to the known set of labels. The

distribution representation gives a principled encoding of the added segment labels with

uncertainty. In regards to labeling weights, unlike original labels in which we have total

confidence, we set ri to be a small number for i ∈ A, such that the effect of occasional

erroneous labels can be offset by correct manual labels. After the label set augmenta-

tion, we resume, instead of restart, the distribution propagation to derive an updated

segmentation result with newly added segment label distributions.

3.1 Boundary Induced Diffusion Signatures

In order to facilitate the incorporation of salient boundaries, we adopt the boundary

probability described in [18]. Intuitively, the boundaries internal to semantic objects

are weaker in strength (i.e., the mean value of boundary probabilities) than the external

ones that outline objects. Such a claim is validated by empirical analysis on GrabCut

and LHI datasets [24, 30] with object-level segmentation ground truth. In this analysis,

we observe that high strength in boundaries is strongly correlated with large probability

of being true object boundaries, as plotted in the left (GrabCut dataset) and right (LHI

dataset) panels of Figure 3 respectively.

As a result, the spatial location of a pixel with respect to the boundaries provides

useful cues for determining its segment label. To get a reliable representation of such

information, we first threshold and transform the probability map Ib to a set of boundary

fragments B = {Bi} by eliminating boundary pixels with small probability values,

where each boundary fragment Bi is identified with the set of pixels that it intersects.

An undirected boundary characteristic graph Gb is defined as: Gb = (V,E), where the

vertex set V = {vi} represents the set of pixels. The edge set E = E0 − E∗, where

E0 = {(vi, vj) : vi and vj are neighbors} is the full set of initial edges, and E∗ =
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Boundaries

Fig. 4. Left: an image with four displayed boundary fragments together with red (+) and blue (-)

heat sources. Right: the corresponding dimensions of diffusion signatures.

{(vi, vj) : ∃k s.t. vi ∈ Bk ∨ vj ∈ Bk} is the set of edges that must be disconnected to

reflect boundary constraints. By doing so, the salient boundaries are transformed to the

characteristic graph Gb.

Diffusion signatures are feature vectors at vertices of Gb, and are derived using

a diffusion process on the graph. Specifically, the ith dimension of the diffusion sig-

nature vector corresponds to the ith boundary fragment, and we place labeling “heat

sources” on its both sides (left panel, Figure 4) to generate numerical descriptions. Let

f i : V → [−1,+1] be a function, S = {Sj} be the set of vertices corresponding

to labeling heat sources and U be the set of unlabeled vertices. Let λ be the mean

value of boundary probabilities at pixels inside Bi. We proceed by assigning +λ and

−λ as the values of function f i(Sj) on the two sides of the boundary fragment re-

spectively, such that f i(·) takes the opposite values on its two sides. In a vector form

f
i
S = [f i(S1), f

i(S2), · · · , f i(S|S|)]
T . The stationary solution vector at unlabeled ver-

tices is computed as: f i
U = −∆−1

U,U∆U,Sf
i
S , where ∆·,· is a sub-Laplacian matrix of the

graph Gb using block matrix notation [13]. Thus, the ith dimension of diffusion signa-

ture at vertex v is defined as f i(v), which equals f
i
U (v) if v ∈ U , or f

i
S(v) if v ∈ S.

In a similar vein, the diffusion signature vector at v is [f1(v), f2(v), · · · , f |B|(v)]T .

Example diffusion signatures associated with some boundary fragments are displayed

on an image in the right panel of Figure 4, where red and blue refer to positive and

negative values respectively. Properties of diffusion signatures in a single dimension in-

clude (1) the farther the pixels are from the boundary in the diffusion sense, the smaller

the absolute values are; (2) the border at which {f i(v) > 0} and {f i(v) < 0} meets

corresponds to a natural extension of the original boundary.

3.2 Non-linear Modeling and Classification

Now we present how the distribution at an unlabeled pixel i ∈ A is estimated using

boundary information. The inputs to this process are the diffusion signatures derived

from salient boundaries. The classification method we adopt is akin to Dirichlet pro-

cess mixture models (DPMMs). Unlike Gaussian mixtures, they allow for automatic

determination of the number of clusters. Our method is a semi-supervised extension of

a recent DPMM based classification technique termed as Dirichlet process multinomial
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logistic model (DPMNL) [26]. We use semi-supervised learning to directly address the

problem of insufficient labeling in interactive image segmentation.

In this model, a cluster refers to a group of salient diffusion signatures correspond-

ing to structures in the image. A single cluster might contain both object and back-

ground pixels, which is accounted for by a multinomial logistic relation between the

input diffusion signatures x and an output class y. Specifically, each cluster in the mix-

ture model has parameters θ = (µ,Σ, α, β). The distribution of x within the cluster

follows a Gaussian model N (µ,Σ), where Σ is a diagonal matrix with elements σ2
i .

The distribution of y given x within the cluster follows a multinomial logistic model

P (y = j|x, α, β) =
exp(αj+x

T βj)
∑

J
k=1

exp(αk+x
T βk)

, where J is the number of segments and equals

2 for single object segmentation. In the left panel of Figure 5, we illustrate the graphical

model representation of DPMNL, which reveals the interdependencies among parame-

ters and variables. Specifically, the model parameters θ are drawn from a distribution G
that is drawn from a Dirichlet process D(G0, γ), where G0 is a base distribution over

model parameters and γ is a scale parameter with a gamma prior. G0’s parameters may

in turn depend on higher-level hyperparameters. However, we use fixed distributions

for simplicity and they led to good performance: µi ∼ N (0, 1), log(σ2
i ) ∼ N (0, 1),

αj ∼ N (0, 1), βj ∼ N (0, I), where i and j are for a feature dimension and a class re-

spectively, and I is an identity matrix. Without loss of generality, we graphically show

the effect of the model on a toy scenario in the right panel of Figure 5, where the two

classes are displayed as dots and squares.

We use the Markov chain Monte Carlo (MCMC) algorithm with auxiliary parame-

ters [20] for posterior sampling, which iterates over updating the data to cluster assign-

ment and the cluster parameters. Our problem is relatively small in scale with several

thousand training examples per image, and thus computational complexity of MCMC

is affordable. In the main iteration of MCMC, we use semi-supervised learning to make

use of the unlabeled pixels. Specifically,

E{P (yi|xi)} = P (yi = 1|xi)qi(1) + P (yi = 2|xi)qi(2), (5)

which is used in place of the conditional P (yi|xi) of an unlabeled training example (i.e.,

i ∈ U∗). Inside this equation, qi(·) values are obtained by distribution propagation. By

doing so, the unlabeled examples are effectively used, instead of being discarded in the

training process as in [26].
Once we obtain post-convergence parameters θt

i = (µt
i, Σ

t
i , α

t
i, β

t
i ), for t = 1, · · · , T

and i = 1, · · · , |L| + |U∗|, where T is the maximum index of iteration, they are used
to estimate the predictive distribution of the class label y∗ for a new input diffusion
signature vector x∗:

P (y∗ = j|x∗) =

∑

T

t=1

∫

P (y∗ = j,x∗|θ
t

∗
)P (θt

∗
|θt, G0)dθt

∗

∑

T

t=1

∫

P (x∗|θt
∗)P (θt

∗|θt, G0)dθt
∗

, (6)

where the test example’s parameters θt
∗ are drawn from a distribution that is drawn

from a Dirichlet process D(G0, γ): θt
∗ ∼ 1

n+γ

∑n
i=1 δ(θt

i) + γ
n+γ

G0, in which δ(·) is a

distribution concentrated at a single point [4], and n = |L| + |U∗|. Therefore, equation

(6) allows for numerical computation according to the assumed and derived distribu-

tions. Note that the predictive distribution is not based on a single parameter estimate,
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Fig. 5. Left: graphical model representation of DPMNL, where n is the number of training ex-

amples. Right: an illustration of its effect on data with 3 clusters. Inside each cluster, a linear

decision boundary separates data from the 2 classes. The overall decision boundary is non-linear

and not shown here.

but is an average of the predictions using all possible values of the parameters, each

of which is weighted by the probability of the parameters having those values. In this

way, DPMNL avoids making hard decisions on assigning diffusion signatures to clus-

ters and thus provides flexibility in modeling the boundary information. Finally, each

test diffusion signature vector is assigned to a segment class with the highest predictive

probability, i.e., ŷ∗ = arg maxj P (y∗ = j|x∗) for the visualization of added labels.

However, for the segmentation task, we set pi(y = j) = P (y∗ = j|x∗) for i ∈ A to

accommodate the probabilistic nature of added labels.

4 Experiments

In order for quantitative evaluation, we perform experiments on the GrabCut dataset

[24], which is one of the few datasets providing both labeling trimaps and segment

ground truth. Labeled object, labeled background and unlabeled pixels are reflected in

the trimaps as white, dark gray and light gray respectively. In experiments, we stick to

original trimaps as provided in the dataset. We will report the performance on set-50

(the whole GrabCut dataset) and set-25 (a subset where there are a significant number

of added labels). While our method helps boost the performance on the whole set, as

can be seen, it enhances the performance on set-25 by a larger margin, which contains

difficult instances due to the lack of labels at numerous critical pixels.

Details of implementation We use superpixels [23] in place of pixels for com-

putational efficiency, such that a superpixel, which roughly contains 15 pixels, is as-

sumed the smallest unit for labeling. We generate boundary fragments by threshold-

ing a boundary probability map [18] at its 60th percentile of non-zero values. The

boundary fragments with junctions are broken into smaller ones, so that they con-

tain simple curves for generating diffusion signatures. We also project the diffusion

signatures onto the subspace learned by principal component analysis (PCA) and re-

tain the top half dimensions to have a compact representation. Thus, the constituent

dimensions of small variances resulting from boundaries with small strength are fil-

tered out. In constructing the set A for automatic label set augmentation as discussed
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in Section 3, with an empirical analysis of the segmentation results on the GrabCut

dataset using distribution propagation, τ is chosen using an MAP procedure, such that

τ = maxt{t : P (C0|t) > P (C1|t)} ≈ 0.004. Finally, κ is chosen as 0.845, such that

P (t > κ|C0) < 5%, i.e., a label in U∗ is very unlikely to be wrong.

Methods for comparison We have used label propagation (LP) and distribution

propagation (DP) as the underlying labeling methods. Together with them, we study

several approaches for label set augmentation as detailed next.

– LP-original: An implementation of the random walk approach [13], where the op-

timal label values at unlabeled vertices are derived by solving linear equations and

are thresholded to produce segment labels.

– DP-original: distribution propagation as introduced in Section 2, where in contrast

to the label value representation at each vertex, a distribution is used.

– DP-GMM: DP with added labels estimated using Gaussian mixture models learned

with EM [10]. A mixture model is trained for each segment class.

– DP-SVM: DP with added labels estimated using support vector machines with ra-

dial basis function kernels and probability outputs implemented in [7].

– DP-object: DP with added labels systematically being object, which produces con-

siderably better performance than randomly guessing on the GrabCut dataset.

– DP-DPMNL: DP with added labels estimated with DPMNL, which is the proposed

method.

– DP-DPMNL-AT: DP with added labels estimated with DPMNL; however, the thresh-

old for distribution propagation is set according to adaptive thresholding [14].

– LP-DPMNL: LP with the same added labels as above.

Evaluation For quantitative evaluation of object-background segmentation on the

GrabCut dataset, we compute the error rate as the percentage of wrongly labeled pixels

in the original unlabeled region. In addition, we demonstrate the error rate of automatic

label set augmentation, which is the percentage of wrongly added labels at critical pix-

els. We note that while the added labels are not 100% accurate, distribution propagation

uses these additional labels in a soft and flexible way, so the overall enhancement is not

compromised by occasional erroneous labels.

The results are tabulated in Table 1, where seg-50/25 refers to the average error rate

of segmentation and aug-50/25 refers to the average error rate of label set augmentation.

Among all the compared methods, the proposed DP-DPMNL outperforms the others

without heuristic thresholding. It can be further seen that the distribution propagation

alone performs better than the label propagation, such as an error rate of 5.4% reported

for a recent method detailed in [12] which uses sophisticated Laplacians. All label set

augmentation methods that we use help to achieve better segmentation accuracy but at

different levels; DPMNL provides better results than the other three alternatives. In par-

ticular, we attribute the less competitive performance of SVMs to their inability in mod-

eling the cluster structures of diffusion signatures. Besides, DP-DPMNL outperforms

LP-DPMNL, which justifies the choice of distribution propagation as the underlying

labeling mechanism.

A comparison with the published average error rates on the entire dataset using

several recent approaches also shows that our method performs the best. In particu-
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lar, our proposed method gives 3.58%, considerably better than error rates achieved in

previous works [5, 13, 12, 11]. Together with adaptive thresholding [14], our proposed

method produces an error rate 3.08%, which is better than 3.3% that is generated using

s-Laplacian together with adaptive thresholding. Despite this fact, we stress that the

thresholding technique has heuristic nature. Thus, DP-DPMNL remains the proposed

method of this paper and is used to generate all the remaining results, even though

DP-DPMNL-AT can give better quantitative results given the GrabCut type of trimaps.

Sample segmentation results and automatically added labels by using DP-DPMNL

are shown in Figure 7 for qualitative evaluation. From top down, the four rows are

respectively: original trimaps, results from the baseline method (DP-original), automat-

ically added labels where red is for object and green is for background, and new results

using added labels. As can be observed, the proposed method provides smooth object

contours while preserving most details. Both missing object labels and background la-

bels can be added at their appropriate places. Besides, for one of the images hard to

DP-original due to insufficient labels, the evolution of the computed object contour is

visualized in Figure 6, before (iterations 0 to 10) and after (11 to 20) the label set aug-

mentation, where iteration 0 refers to the initial condition.

Methods seg-50 aug-50 seg-25 aug-25

LP-original 5.92% − 7.03% −
DP-original 5.22% − 6.84% −
DP-GMM 4.68% 25.25% 5.33% 26.72%

DP-SVM 4.49% 22.08% 5.01% 22.87%

DP-object 5.04% 26.61% 5.66% 30.61%

DP-DPMNL 3.58% 11.08% 3.85% 15.35%

DP-DPMNL-AT 3.08% − 3.14% −
LP-DPMNL 4.82% − 5.63% −

GM-MRF [5] 7.9% − − −
Random walk [13] 5.4% − − −
s-Laplacian [12] 5.4% − − −

s-Laplacian-AT [12] 3.3% − − −
Hypergraph [11] 5.3% − − −

Table 1. Performance in terms of the average error rate in segmentation (seg) and that in label

set augmentation (aug) on the whole set of 50 images and a smaller set of 25 where there are a

significant number of missing labels. Compared are variations of our proposed method and recent

baselines in the literature. Our proposed method (DP-DPMNL) has shown the best results among

all, except for methods combined with adaptive thresholding [14].

5 Discussion and Conclusions

Although user interaction has been widely used for segmentation, the insufficiency in

provided labeling seeds has drawn little attention. In this paper, we addressed this by ex-

ploiting the boundary information. Our experiments on the GrabCut dataset have shown
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Iter. #0 Iter. #10 Added labels Iter. #20

Fig. 6. Contour evolution by our approach. Please refer to Figure 7 for the provided trimap that

contains insufficient labels.
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Fig. 7. Provided trimaps, baseline results, automatically added labels (red: object, green: back-

ground) and new segmentation results.
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Fig. 8. Histogram of the change in error rates, or the error rate of using DP-DPMNL minus that

of using DP-original, on set-50. Improved cases are marked red, and the degraded are in black.

that automatically added labels helped the segmentation process at different success lev-

els. The histogram of change in segmentation error rates with label set augmentation is

shown in Figure 8. We note that the proposed method has dramatically reduced the error

rates in many cases. There is only one case where the added labels reduced the accu-

racy rate by more than 1% (which is 2.0%). This reduction in quantitative performance

was due to similarity between the object and its shadow which resulted in labeling the

shadow as the object. However, the result does not deteriorate qualitatively.1 Besides,

the automatically added labels can be prompted to the user to accept or reject in an

interactive environment, which is a functionality not previously offered.

To summarize, we have presented a framework using distribution propagation to

address interactive image segmentation. A key component of our framework is the au-

tomatic augmentation of labels at critical pixels via a Dirichlet process based non-linear

model. Extensive experiments have shown that the proposed framework performs com-

petitively in predicting critical missing labels and enhancing the overall segmentation

results. In particular, using a limited number of supplied labels, we have achieved both

qualitatively and quantitatively excellent results on the GrabCut dataset.
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