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ABSTRACT

In this paper, we propose an interactive image segmentation
method from a novel perspective of cascaded metric learning.
Given an image with user-marked scribbles that are essential-
ly uncertain and noisy, our method completes the segmenta-
tion task by solving a binary classification problem. Starting
from the initial training samples with known class labels (i.e.,
regions of the image that are believed with high confidence to
be foreground or background), we first find an optimal met-
ric that can best describe the classification of these samples.
After that, we classify the unlabeled samples using the learnt
metric. Samples classified with high confidence are used as
new training samples to refine the metric. This cycle of metric
learning and classification repeats until the accomplishmen-
t of the image segmentation task. The proposed method is
extensively evaluated on the MSRC image set. Experiment
results show that our method outperforms the state-of-the-art
methods.

Index Terms— Cascaded Metric Learning, Interactive
Image Segmentation, Sample Selection.

1. INTRODUCTION

Interactive image segmentation, which usually incorporates
user guidance (e.g., user-provided scribbles or bounding box-
es), is one of the most important and challenging tasks in
the research fields of computer vision and image process-
ing. Recently, several interactive image segmentation meth-
ods have been developed. According to the different inter-
active strategies used, existing methods can be categorized
into two classes: scribbles-based methods and bounding box-
based methods. In the scribbles-based methods, the user will
first provide several scribbles to indicate parts of both the
foreground and the background, and then the algorithm will
segment the image by incorporating the assigned scribbles.
Related scribbles-based methods include Graph Cut [4], Ran-
dom Walker [10], Geodesic Star [11], Convex Active Con-
tours [18], etc. On the other hand, in bounding box-based
methods, the user first marks a bounding box large enough to
cover all the foreground regions, and then the algorithm will
automatically segment the foreground within the area of the
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Fig. 1. Overview of the proposed method for interactive im-
age segmentation.

bounding box. Related bounding box-based methods include
Grab Cut [20], GrabCut-Pinpoint [15], MILCut [25], etc.

In this paper, we provide deeper insight into the scribble-
based approaches, by investigating a novel perspective of cas-
caded metric learning. Basically, metric learning and its vari-
ants (e.g., LMNN [24], ITML [7], MCML [9], BoostMD-
M [6], etc.) aim to learn the optimal metric to map the o-
riginal feature space into a more discriminative and more in-
formative space for better generalization ability. Metric learn-
ing has been successfully applied to various computer vision
tasks, including image retrieval [8, 13, 28], image segmenta-
tion [26], face recognition [5], and visual tracking [14].

However, metric learning methods cannot be immediately
applied to image segmentation. Due to the randomness and
uncertainty in the manually labeling of scribbles, at each time
step during the interactions, the labeled set might include d-
ifferent foreground and background samples. To this end, we
propose a novel robust cascaded metric learning for interac-
tive image segmentation. Specifically, after image process-
ing by representing each non-overlapping superpixel into a
feature vector with the equal dimension, our cascaded metric
learning strategy will segment the image by iteratively

(1) Learning the optimal metric to best separate the back-
ground and foreground superpixels (on the current iter-
ation after metric mapping).

(2) Adding the labeled set with the unlabeled superpixels,
which are of the high-confidence to be foreground or
background basing on the current classification results.

Fig. 1 shows the overview of the proposed method for inter-
active image segmentation.



2. OUR METHOD

2.1. Preprocessing

Coarse Segmentation Initially, the image is partitioned
into several non-overlapping superpixels by using over-
segmentation methods (e.g., SLIC [1], Quick Shift [23],
Turbopixels [16], etc.). By first using over-segmentation as a
step in preprocessing, the neighboring pixels can be grouped
into different clusters with incorporating both color and spa-
tial information, thus the subsequent learning process can be
accelerated and easier to handle.

Feature Extraction To represent each segmented super-
pixel, a total of 148 features are extracted, including color
(66-dimension), intensity (4-dimension), and texture (78-
dimension), which have been demonstrated effective in im-
age segmentation and annotation methods [12, 25, 29]. Color
features include color histogram (statistically represents the
color distribution) and four statistic values (mean, variance,
skewness and kurtosis) within four color spaces (RGB / HSV
/ Lab / YCrCb) [12]. Likewise, for intensity features, the four
statistic values (mean, variance, skewness and kurtosis) are
measured in gray-scale [12]. The popularly used Local Bi-
nary Pattern (LBP) and Gabor features are viewed as texture
features.

2.2. Cascaded Metric Learning Strategy

2.2.1. Learning the Optimal Metric

After the aforementioned image preprocessing, the superpix-
els, which has been labeled by the user as either foreground or
background, are collected as a labeled foreground set F and
a labeled background set B, in which each sample denotes
the feature vector of the corresponding superpixel. Similarly,
we put into an unlabeled set U all the remaining unlabeled
samples.

To better distinguish the foreground and the background
samples, one intuitive way is to endow the sample space with
a metric, under which samples with opposite labels have a
large distance in between. In this paper, we employ metric
learning to find the optimal metric. In other words, with the
optimal metric we found, we will be able to map the origi-
nal feature space into a new space within which foreground
and background samples are very well separated. Differen-
t from the existing metric learning methods, we propose a
cascaded metric learning strategy by repeatedly learning the
optimal metric based on current labeled samples, and mean-
while assigning unlabeled samples to the labeled set with the
high confidence to be foreground and background basing on
the current classification results.

Formally, metric learning aims to learn a positive semi-
definite matrix M for the Mahalanobis distance as follows:

dM (xi,xj) =
√

(xi − xj)⊤M(xi − xj), (1)

where the d-dimensional feature vector xi and xj are the ith

and jth samples respectively.

Suppose we have a set of n labeled samples {(xi, yi)}ni=1,
where yi ∈ {0, 1} denotes the corresponding label (1 as fore-
ground and 0 as background). Then, we apply the metric
learning methods (e.g., LMNN [24], ITML [7], etc.) to learn
the corresponding metric matrix M . M can be mathemat-
ically decomposed as L⊤L, where L ∈ Rd×d denotes the
transformation matrix. Then, the original feature space can be
mapped into a new informative and discriminative space via
L. In the new space, we select the samples from the unlabeled
set via certain sample selection strategies (will be introduced
shortly in 2.2.2), and add the selected samples into the labeled
set. After that, we can relearn metric matrix M . By repeating
the above processes, the optimal metric space can be learned
for later efficient classification.

2.2.2. Sample Selection

Sample selection, trying to add the unlabeled samples into
the labeled set, is a very important procedure in our method.
Here we introduce two methods for sample selection: one
method (namely Map Fusion method) is to generate a proba-
bility map (global method), the other (namely Nearest Neigh-
bor method) is to find the neighbors of each labeled sample
(local method).

Map Fusion method It indicates the probability of each
sample belonging to the foreground, which is calculated by
incorporating both spatial distance and feature difference of
unlabeled samples from all labeled ones in foreground / back-
ground. The map fusion can be written as follows:

Map(xi)=


µ·Db(xi)−h·Dc(xi)−γ·Df (xi), xi ∈ U
1, xi ∈ F
0, xi ∈ B,

(2)
where Db(xi) and Df (xi) denotes the difference between ex-
tracted feature of sample xi ∈ Rd and all background / fore-
ground samples respectively, and Dc(xi) denotes the spatial
distance (coordinate distance on the image) of xi from the n-
earest labeled sample as foreground. Specifically, they can be
defined as follows:

Db(xi)=
∑
x∈B

∥xi − x∥2
f(xi,x)

,xi ∈ U , (3)

Df (xi)=
∑
x∈F

∥xi − x∥2
f(xi,x)

,xi ∈ U , (4)

Dc(xi) = min
x∈F

f(xi,x) ,xi ∈ U , (5)

where f(xi,x) means the spatial distance between xi and x,
∥ · ∥2 denotes the L2 norm.

In order to view the map fusion as the foreground proba-
bility of all samples [22], all elements of the map are normal-
ized into the range [0,1] (i.e., Feature Scaling). Then, after
sorting the samples using descend order, top PF samples in
the unlabeled set are labeled 1, and bottom PB samples in the



(a) (b) (c) (d)

(e) (f) (g) (h)
Fig. 2. The main steps of our method. (a) original image and
scribbles; (b) over-segmentation; (c) initial map generated by
using baseline metric learning; (d) result of baseline metric
learning; (e) initial labeled set, red: foreground; ultramarine:
background; (f) newly increased labeled set, croci and yellow
region: newly increased foreground samples; blue and green
region: newly increased background samples; (g) final map
after using our method; (h) result of our method, green con-
tour: groundtruth.

unlabeled set are labeled 0. Thus, these samples can be added
into the labeled set. Typically, to avoid long processing time
(i.e., PF , PB are too small) and possible noisy disturbing (i.e.,
PF , PB are too large), typically, we set PF , PB to 1− 5%.

Nearest Neighbor method Map fusion method is calcu-
lated based on the global perspective, while lacking of local
information. Since the neighbors of the labeled samples have
high probability belonging to the same class, we find the spa-
tial neighbors of each labeled sample, and add the k-nearest
neighbors into the labeled set. For a labeled sample xi, the set
of all its adjacent neighbors is denoted as N(xi) = {xj |xj ∈
Rd is adjacent to xi}. For each neighbor xj ∈ N(xi), we cal-
culate its similarity with the central point xi by considering
common edge length, neighbor distance, and map difference
as follows:

Sim(xi,xj)=α·L(Ei,Ej)−β·D(xi,xj)−η·G(xi,xj), (6)

where Ei = {e1i , e2i , · · · , e
li
i } is the set of pixels of sample

xi (li is the cardinality of Ei), similar for Ej . L(Ei, Ej)
is to calculate the common edge length between xi and xj ,
D(xi,xj) is the neighbor distance measurement between xi

and xj , and G(xi,xj) is the map difference of xi and xj .
Common edge length: Since the segmented superpixels

are irregular, the longer the common edge between two su-
perpixels, the more they are similar with each other. Thus, it
can be calculated as below:

L(Ei, Ej) =

li∑
p=1

lj∑
q=1

k(epi , e
q
j), (7)

where epi denotes the pth pixel in Ei. If epi and eqj are adjacent,
k(epi , e

q
j) = 1, otherwise k(epi , e

q
j) = 0.

Neighbor distance measurement: Calculate the Euclidean
distance between xi and its neighbor xj as follows:

D(xi,xj) = ∥xi − xj∥2. (8)

As mentioned above, we have calculated the map by E-
q. (2). According to the learned map, the difference between
Map(xi) and Map(xj) can be computed as follows:

G(xi,xj) =|Map(xi)−Map(xj)|. (9)

Similar to map, Sim is also normalized into the range
[0,1]. For each labeled sample xi, k most similar neighbors
are labeled with the same class of xi, and are added into the
labeled set. Typically, we set k to 1− 3.

2.2.3. Put Everything Together

Algorithm 1 summarizes the proposed method.

Algorithm 1 Interactive Image Segmentation Via Cascaded
Metric Learning
Input: image I , scribbles
Output: segmentation result

1: Over-segmentation
2: Extract features T = {x1,x2, · · · ,xi, · · · ,xm}

(LBP, Gabor, Color and Intensity)
LOOP:

3: Learn projection matrix L ∈ Rd×d

4: xi ← L× xi

5: Select new samples set N , and T = T ∪ N
6: Return to step 3

End
7: Perform kNN classifier for final segmentation result

As is shown in Algorithm 1, after obtaining the user-
labeled scribbles, the method first perform an over-segmentation
method (e.g., SLIC [1], Quick Shift [23], Turbopixels [16],
etc.) to partition the whole image into non-overlapping su-
perpixels (Line 1). Then, for each segmented superpixel,
features including color, intensity and texture features are
extracted (Line 2). We use a baseline metric learning method
(e.g., LMNN [24], ITML [7], etc.) to learn a projection
matrix L ∈ Rd×d from the labeled set (Line 3). Then, the
original feature space can be transformed into a new space by
utilizing the transformation matrix L (Line 4). In the trans-
formed feature space, several high-confidence samples in the
unlabeled set are automatically labeled as the corresponding
class, and then they are added into the labeled set (Line 5).
After that, returning to step 3, the new labeled set is adopted
to relearn projection matrix L∗ until convergence (Line 6).
Finally, we can get the final segmentation result by perform-
ing kNN classifier (Line 7). The visualized exhibition of the
main steps in our algorithm is illustrated in Fig. 2.



Table 1. The error rates on the MSRC dataset.
Method GMMRF [3] BJ [4] LS [17] GC [20] RW [10] GS [2] GGC [19] CRW [27] CAC [18] MIL [25] LMNN C-LMNN

Error Rates 7.9 6.7 6.65 5.66 5.4 5.21 4.8 4.1 3.77 3.6 3.95 3.45(ours)

(a) : 1 (b) : 2 (c) : 3 (d) : 4 (e) : 5 (f) : 6 (g) : 7 (h) : 8 (i) : 9 (j) : 10

Fig. 3. An example of the changing map with the increasing number of iterations, and 1, 2, · · · 10 mean the times of iterations.

Fig. 4. Segmentation results compared with typical interac-
tive image segmentation methods. first column: original im-
ages; second column: results of Random Walker [10]; third
column: results of Graph Cut [4]; fourth column: results of
Grab Cut [20]; fifth column: results of Geodesic Star Convex-
ity [11]; sixth column: results of baseline metric learning; last
column: results of our method. green contour: groundtruth;
white region: foreground; black region: background.

3. EXPERIMENT RESULTS AND ANALYSIS

We adopt SLIC [1] method for over-segmentation since SLIC
is fast to compute, and take LMNN [24] as the baseline met-
ric learning method for its superior performance. For notation
simplicity, the proposed method is abbreviated as C-LMNN
in this section. Then, we test our proposed method on the M-
SRC dataset (a.k.a. the GrabCut dataset [20]), which is very
popular and widely used in image segmentation tasks. It con-
sists of 50 natural images and the corresponding ground truth
is available for evaluation.

Evaluation methods We use error rate to measure the
segmentation accuracy for different methods, and MSE
(Mean Squared Error) to evaluate the quality of classifica-
tion results on the transformed space. Specifically, error
rate is widely used in image segmentation for performance
evaluation [3, 18, 19, 21, 25, 27, 29], whereas MSE aim-
s to measure the difference of all pixels between the map
(Map) and the ground truth (GT), which is computed by
1

m·n
∑m

i=1

∑n
j=1(GTij −Mapij)

2.
Result The result of the proposed method on the MSRC

dataset is presented in Table 1, and several typical segmen-
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Fig. 5. The average MSE of each iteration on the MSRC
dataset.

tation results compared with other representative interactive
image segmentation methods are shown in Fig. 4. We can see
that our method can achieve a satisfactory and competitive
result because of the lowest error rate on the MSRC dataset.
Note that in order to validate the feasibility and effectiveness
of our strategy, we just use a simple classifier KNN to obtain
the final segmentation result. In Table 1, the result of the base-
line (3.95%, LMNN ) is worse than ours (3.45%, C-LMNN),
which indicates that our cascaded metric learning strategy can
gradually learn a better metric space via making full use of the
prior knowledge of images, compared with LMNN.

The average MSE of 50 images on MSRC dataset is
shown in Fig. 5, and an example of the changing map is de-
picted in Fig. 3. During the 10 iterations, we can see that the
average MSE of each iteration gradually decreases with the
increasing number of iterations. Also, the map to distinguish
the background and the foreground superpixels is getting bet-
ter, as the number of iterations increases. This reflects that
the transformed space is becoming better and better by using
our cascaded metric learning strategy.

4. CONCLUSION

In this paper, we proposed a novel method for interactive im-
age segmentation problem. By leveraging the information ob-
tained by cascaded metric learning, our method continues (1)
learning the optimal metric based on current labeled samples,
and (2) assigning the unlabeled samples to labeled set with the
high confidence basing on current classification results. The
experiment results validate that our method can obtain the su-
perior performance compared with the state-of-the-arts.
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