
AClusteringSamplingMethod for Image
MattingViaSparseCoding

Xiaoxue Feng, Xiaohui Liang, Zili Zhang
feng_xiaoxue@buaa.edu.cn, liang_xiaohui@buaa.edu.cn, zhangzili@buaa.edu.cn

Problem
In this paper, we present a new image matting al-
gorithm which solves two major problems encoun-
tered by previous sampling-based algorithms. The
first is that existing sampling-based approaches typ-
ically rely on certain spatial assumptions in collect-
ing samples from known regions, and thus their per-
formance deteriorates if the underlying assumptions
are not satisfied. The second problem is that the
quality of matting result is determined by the good-
ness of a single sample pair which causes errors when
sampling-based methods fail to select the best pairs.

Materials and Methods
Samples Gathering: Clustering the foreground
and background pixels respectively via a two-level
hierarchical k-means clustering framework to gath-
er a representative set of foreground and background
samples.
Samples Selecting: Choosing a set of candidate
samples that could better represent the true fore-
ground and background colors of the pixel from that
representative sample sets via a simple objective
function.
α Estimating : The proposed method capitalizes on
the sparse coding to establish an objective function
for generating alpha values directly from a bunch of
candidate foreground and background samples.

β = argmin
β

‖ vz −Dβ ‖22 +λ ‖ wTβ ‖1

s.t. ‖ β ‖1≤ 1; β ≥ 0
(1)

αz =
∑

p∈Fz

βp (2)

Conclusion
A robust sampling-based image matting approach is
proposed. We select samples for each unknown pix-
el based on both color and spatial statistic to solve
the problem of missing out true samples. More-
over, based on sparse coding, we adopt a new objec-
tive function to generate alpha values from a bunch
of candidate samples directly. Finally, the qual-
ity of the estimated matte is refined using a lo-
cal smooth priors. Experimental results show that
the proposed method achieves more robust perfor-
mance than state-of-the-art approaches evaluated on
a benchmark dataset.
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Quantitative Evaluation
Table 1: Evaluation of matting methods on the benchmark dataset with three trimaps with respect
to SAD, MSE and Gradient error metrics.

Sum of Absolute Difference Mean Square Error Gradient Error

avg. avg. avg. avg. avg. avg. avg. avg. avg.

overall small large user overall small large user overall small large user

Method rank rank rank rank Method rank rank rank rank Method rank rank rank rank

1.Proposed 10.2 14 6.3 10.4 1.LNSP 8.8 6.3 8.1 12.1 1.KL-D 10.5 9.1 8.4 14.1

2.LNSP 10.5 7 10 14.5 2.KL-D 11.9 11.5 10.3 13.9 2.LNSP 10.7 8.3 10 13.8

3.KL-D 11.8 11.3 10.6 13.6 3.CCM 12.2 15.3 12.1 9.1 3.Compre 11.8 12.1 11 12.4

4.Compre 13.5 11.3 13.5 15.8 4.Compre 13.3 12.3 13 14.5 4.CCM 13.8 16.5 13.5 11.5

5.IT 13.9 15.4 13.1 13.1 5.SVR 13.5 17.5 11.9 11.1 5.SVR 14 16.6 15.1 10.3

6.CWCT 14.3 14.8 14.8 13.3 6.CWCT 14.6 14.5 15.4 13.9 6.SparseCoded 14 16 12.8 13.4

7.SVR 14.4 17.1 14 12 7.Proposed 15.8 19.4 9.5 18.4 7.Global 15 14.9 16.8 13.4

8.SparseCoded 14.8 18.1 15.3 11.1 8.WCT 17.1 15.9 18.4 17.1 8.ImprovedC 15.3 16.9 16.8 12.3

9.WCT 16.6 14.5 18.3 17 9.SparseCoded 17.2 19.4 18.3 13.9 9.Shared 15.5 15.8 17 13.8

10.CCM 16.7 19.5 16.4 14.3 10.Global 17.8 13.4 21.6 18.5 10.Proposed 16.2 19 7.3 22.4

Visual Comparatione
Figure 1 shows the visual comparison of our approach with the recent matting methods on the
doll, plant and pineapple images from the benchmark dataset.
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Figure 1: Visual Comparison of our approach with other matting methods. (a)Original image, (b)
Zoomed areas. (c)LNSP, (d)Comprehensive sampling, (e) Sparse coding matting, (f) KL-Divergence
based sparse sampling and (g) proposed approach

Previous sampling-based image matting methods typically rely on spatial closeness while col-
lecting samples which would fail to generate accurate alpha matte when the true samples are
not spatially close to the unknown pixels, this problem is known as missing out true samples.
Figure 2 evaluates the effectiveness of the proposed sampling method in dealing with missing
out true samples problem.

(a) (b) (c) (d) (e) (f) (g)

Figure 2: Illustration of missing out true samples. (a) Original images. (b) Zoomed areas. (c)
Ground truth mattes. Estimated mattes by (d) Proposed method, (e) KL-Divergence sampling (f)
Comprehensive sampling and (g) Global Sampling.


