Implementing GrabCut

Justin F. Talbot Xiaogian Xuf
Brigham Young University Brigham Young University

Revised: April 7, 2006

Abstract the paper. Rother et al. [2004] and Mortensen and Barrett [1999]
contain more information on the border matting technique used.

GrabCut is an innovative 2D image segmentation technique devel- GrabCut Summary

oped by Rother et al. [2004]. This paper provides implementation o . .
details omitted from the original paper. Details covered in back- 1. USer creates an initial trimap by selecting a rectangle. Pixels
ground papers are summarized here so that future implementors can ~ inside the rectangle are marked as unknown. Pixels outside of

refer to a single paper. Our implementation of GrabCut is described rectangle are marked as known background.
and resu_lts are included. Our main (_:o_ntribution is correcting_errors 2. Computer creates an initial image segmentation, where all un-
in Equations (9) and (11) of the original paper. We also discuss known pixels are tentatively placed in the foreground class
weaknesses of the algorlthr_n that were not dls_cussed in the origi- and all known background pixels are placed in the background
nal paper. We present possible research directions to address these  (|ags.
problems.

3. Gaussian Mixture Models (GMMs) are created for initial fore-
CR Categories: 1.4.6 [Image Processing and Computer Vision]: ground and background classes using the Orchard-Bouman
Segmentation—Pixel classi cation clustering algorithm.

4. Each pixel in the foreground class is assigned to the most
likely Gaussian component in the foreground GMM. Simi-
larly, each pixel in the background is assigned to the most
likely background Gaussian component.
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1 Introduction 5. The GMMs are thrown away and new GMMs are learned from

the pixel sets created in the previous set.
GrabCut [Rother et al. 2004] is an iterative image segmentation
technique based upon the Graph Cut algorithm [Boykov and Jolly
2001]. GrabCut extends Graph Cut to color images and to incom-
plete trimaps. These developments greatly increase the usefulness 7. Steps 4-6 are repeated until the classi cation converges.
of Graph Cut. User interaction is simpli ed to drawing a rectan-
gle around the desired foreground, followed by a small amount of
corrective editing. The inclusion of color information in the Graph 21 Data structures
Cut algorithm and the iterative learning approach increases its ro-
bustness. Thus, GrabCut is a very promising image editing tool for
foreground extraction.

6. A graph is built and Graph Cut is run to nd a new tentative
foreground and background classi cation of pixels.

GrabCut requires four different pieces of information for eachlpixe

In our implementation, each piece is stored in its own array. Each
This paper presents an accessible description of a GrabCut imple-array is the same size as the original image. Variable names that
mentation. Only background papers directly used in the implemen- occur in the original paper appear in parenthesis.

tation are cited. Rother et al. [2004] and Blake et al. [2004] contain

more background information. Color () —an RGB value

Trimap — user provided segmentation, either TrimapBack-
ground, TrimapForeground, or TrimapUnknown

2 GrabCut Algorithm

Matte @) — in the initial hard segmentation stage dicussed in
this paper, either MatteBackground or MatteForeground

The GrabCut algorithm is brie y outlined below. Each portion of
the algorithm is then described in detail. This discussion of the
GrabCut algorithm is based around our implementation of the al-
gorithm. We only implemented the hard segmentation portion of |n addition to these, GrabCut also requires a foreground and a back-
the algorithm, so we do not discuss the border matting portion of ground GMM withK Gaussian components each. For each compo-
nent, we store:

Component Indexik) — a number between 1 akdinclusive,
whereK is the number of Gaussian components in a GMM

e-mail: justintalbot@gmail.com
Te-mail: xiaogian@et.byu.edu m- the mean (an RGB triple)

S 1_the inverse of the covariance matrix (a 3x3 matrix)
detS — the determinant of the covariance matrix (a real)
p —a component weight (a real)

Section 3.3 covers details on how these values are computed in our
implementation.



2.2 Initialization Background node. These nodes are joined by two types of edges,
also called links. N-links connect pixels in the 8-neighborhood.

The initialization process includes steps 1-3. In step 1, the user These links describe the penalty for placing a segmentation bound-
initializes the trimap by selecting a rectangular region around the ary between the neighboring pixels. We want this penalty to be very
object of interest. Pixels inside the rectangle are marked as Trima-high in regions of low gradient and low in regions of high gradient.
pUnknown. Pixels outside are marked as TrimapBackground. This The N-link weights are constant throughout the execution of the
is the initial information given to the algorithm. In step 2, the matte GrabCut algorithm. Thus, they can be computed once and reused.
is initialized to MatteBackground in the TrimapBackground setand T-links connect each pixel to the foreground and background nodes
to MatteForeground in the TrimapUnknown set. This distinction These describe the probability that each pixel belongs to the fore-
between the trimap and the matte formalizes the separation betweerground or to the background. In GrabCut, this probability is con-

the user input and the segmentation derived by the GrabCut algo-tained in the GMMs. As we iterate through steps 4-6, the GMMs
rithm. update and the probabilities change accordingly. This means that

. o the T-link weights must be updated during each iteration.
In step 3, given the initialized matte, we create kheomponents

of the Gaussian Mixture Models (GMM) for the MatteForeground For N-links the appropriate link weight between pireéind a pixel
and MatteBackground regions. To clarify, this means that we must in its 8-neighborhoody, is:

create a total of R components. We rst divide both regions into g
pixel clusters. The Gaussian components are then initialized from N(m;n) = disttm )
the colors in each cluster. For good separation between foreground ist(m; n)
a_nd background, itis necessary that we generate low variance Gaus\'/vherezm is the color of pixem. Blake et al. [2004] suggest setting
sian components. Thus, we seek to nq tight, w_eII-separated clus- g= 50 and Boykov and Jolly [2001] suggest

ters. There are a wide variety of clustering algorithms that could be

used for this step. Guided by Ruzon and Tomasi [2000] and Chuang _ 1

et al. [2001] we use the color quantization technique described by b= 2 kzm zk2

Orchard and Bouman [1991]. This technique uses the eigenvector

of the color covariance matrix to determine good cluster splits. De- . . ) . .

tails of our implementation of this algorithm are found in Section Equation (1) is a restatement of Equation (11) in the original paper.

3.2. Using these initial clusters, we build the Gaussian components Ve drop the summation since it is implicitly included in the Graph
as described in Section 3.3. Cut computation. The inverse distance term has been added here

as suggested by Equation (4) of the GrabCut paper. Without the
distance term, GrabCut displays a tendancy towards diagonal cuts.

2.3 Learning GMM components There are two T-links for each pixel. The Background T-link con-
nects the pixel to the Background node. The Foreground T-link
As we iterate through the learning portion of the algorithm (steps connects the pixel to the Foreground node. The weights of these
4-6), the matte will change. This moves some pixels from the Mat- links depend on the state of the trimap. If the user has indicated
teForeground to the MatteBackground, and vice versa. When thisthat a particular pixel is de nitely foreground or de nitely back-
happens we want to update the GMMs to re ect the new foreground ground, we re ect this fact by weighting the links such that the
and background color distributions. An obvious way to approach pixel is forced into the appropriate group. For unknown pixels we
this is to rerun the clustering algorithm described in Section 2.2. use the probabilities obtained from the GMMs to set the weights.
While this would work, most clustering algorithms are too slow.
Instead, the GrabCut suggest performing an incremental cluster up-

2
bkz, zk (1)

The T-link weights for pixem are:

date to speed up the algorithm.

The incremental Gaussian clustering algorithm consists of two | Pixel Type Backlgr(k)und Forelgrﬁund
steps (4 and 5). First, each pixel in the MatteForeground set is T-lin T-lin
assigned to the foreground GMM component which has the highest .

likelihood of producing the pixel's color. This is found by simply | M 2 TrimapForeground 0 L(m)
evaluating the Gaussian equation with pixel's color as input. Sim- | M 2 TrimapBackground L(m) 0
ilarly, we assign pixels in the MatteBackground set to the highest LM 2 TrimapUnknown Drore(M) Dpac{m)

likelihood component of the background GMM. The Component |, order to force pixetnto be a member of either the foreground or
Index data structure stores the component to which the pixel is as-packground we must choose

signed. Note that foreground pixels are only assigned to compo-
nents of the foreground GMM and vice versa. Thus, the pair of L(m) > & N(m;n)
values in the Matte (MatteForeground or MatteBackground) and in n

the Component Index (1 K) uniquely identi es one of the R

components. where the sum is over all pixels neighboring By maximizing

Equation (1), we see thgt N(m;n). Thus, for an 8-neighborhood,
Second, once the pixels have been clustered, we throw away thean appropriate choice is

current Gaussian components and create new ones—one for each

Matte/Component Index pair. L(m) = 8g+ 1

Drore and Dgack are functions of the likelihood that the pixel be-
2.4 Performing Graph Cut longs to the foreground and background GMMs respectively. They
are computed as follows for pixet:
We next build a graph to use in the Graph Cut algorithm. In Graph
Cut, as described by Boykov and Jolly [2001], there is a node for

3lzm m'S Hzn M @)
each pixel and two special nodes, the Foreground node and the

D(m= lo 2 -19771 e
- gg'lpl detS;



where the summation is over the foreground Gaussian components

for Drore and over the background Gaussian componentd gy
This equation is a correction to Equation (9) in the original paper
which left out the summation.

2.5 User touchup

The user can correct the segmentation by painting with either a

Split C, into two setsCi = x 2 Cp: €z,
andC,=C, G,.

e m

Computeny,, Sy, m, andS;
This results irK pixel clusters. The GrabCut paper suggests using
K = 5 for both the foreground and background GMMs.

The eigenvalues and eignevectors can be easily calculated us-
ing the OpenCYV library. The library can be downloaded from
http://www.intel.com/research/mrl/research/opencv/.

TrimapForeground or a TrimapBackground brush. These brushes

change the trimap and thus affect the T-links. After each stroke, we
update the trimap and recompute the minimum Graph Cut (step 6).

3.3 Computation of the Gaussian components

If the user desires, we can also restart the iterative learning process.

This may be necessary if the initial color GMMs are very poor.
Note that when we restart the iterative process we must run the
Orchard-Bouman algorithm. However, now the Trimap may con-
tain TrimapForeground in addition to TrimapUnknown and Trimap-
Background. This is easy to handle. We simply initialize the Matte
to MatteBackground in the TrimapBackground region. Everywhere
else is set to MatteForeground.

3 Our implementation

Here we describe the implementation details of the more dif cult
portions of the algorithm. Our implementation has not been opti-
mized. However, this section should be a good starting point for
other implementors.

3.1 Graph Cut

Graph Cut is a complicated algorithm. Implementing it can be
quite time consuming. Instead, we make use of the publicly avail-
able implementation by Vladimir Kolmogorov. It is available from
http://www.cs.cornell.edu/people/vnk/software.html. This software
is very easy to use and compiles without problems in Visual C++.
The documentation is suf cient so we do not discuss more details
here.

3.2 Color clustering details

The GMM initialization depends upon a scheme to cluster pixels
based upon their color. We use a binary tree quantization algorithm
described by Orchard and Bouman [1991]. The algorithm starts
with all the pixels in a single cluster. The cluster is then split in two
using a function of eigenvector of the covariance matrix as the split
point. It then uses the eigenvalues of the covariance matrices to
choose which of the resulting clusters to split next. This procedure
is repeated until the desired number of clusters is achieved. Itis an
optimal solution for large clusters with Gaussian distributions.

For example, we do the following to initializ& clusters for the
foreground GMM:

1. Initialize the seC; = TrimapUnknown TrimapForeground

2. Calculatem, the mean ofZ;, andS;, the covariance matrix
of Cy

3. Fori= 2toK do

Find the setC, which has the largest eigenvalue and
store the associated eigenveatgr

For each of the Gaussian components we have to compute the mean,
the inverse of the covariance matrix, the determinant of the covari-
ance matrix, and the weighting valpe

The mean and the covariance matrix are easy to compute from the
pixel colors. The determinant can easily be computed from the co-
variance matrix. The inverse of the covariance matrix can be com-
puted by nding the cofactor matrix and dividing it by the determi-
nant. This process doesn't work if the covariance matrix is singular,
which we have found happens rather frequently. To avoid this case,
we add a small epsilon value to the diagonal elements of the covari-
ance matrix before computing the determinant and inverse.

The weight,p, is simply the fraction of foreground (or background)
pixels that were assigned to this Gaussian component by step 4.

4 Results

Our implementation achieves very similar results to those shown
in the original paper. Figure 1 shows the results of the iterative
segmentation algorithm on two natural images. The ower image
is successfully segmented due to the large color difference between
the foreground and the background. The shimage is more dif cult
since the sh and the background coral share many of the same
colors. The initial segmentation is nearly correct, but part of the
sh is mistakenly excluded and some coral is included. This can be
easily xed by the user in the touchup step (Section 2.5).

Figure 1: Results without user touchup

Figure 2 shows an image where signi cant user touchup is required
to achieve a good segmentation. The color of the soldier's helmet
nearly matches the rocks behind him. Manual editing is required
to force a good edge between the helmet and the rock. The boots



are not included in the initial segmentation. This problem could be
xed by using more components in the Gaussian mixtures.

Figure 2: Middle image is the result of GrabCut, right image is after
user touchup

The nal example uses GrabCut to extract the text and illustrations

from a degraded document. Figure 3 shows the poor results from
the iterative learning step. Further user touchup is not helpful in

eliminating the background. This may be due to a weakness in the
GrabCut algorithm.

Figure 3: Example of poor results

5 Conclusion

GrabCut is a very user-friendly image segmentation tool. For im-

can fail completely. The original paper contained a couple of sig-
ni cant errors that have been corrected here.

6 Future Work

The border matting discussed in the paper needs to be implemented
and compared to other matting techniques, such as Bayesian or
Poisson Matting. Also, it uses a dynamic programming approach to
nding a good matte edge. This requires additional implementation
overhead. GrabCut would be greatly simpli ed if the border mat-
ting step could be computed in the same Graph Cut-oriented data
structure as the rest of the algorithm.

Although GrabCut is much faster than previous methods, the delay
due to the Graph Cut step is still noticeable. Methods for incremen-
tally updating the graph to reduce delay could be explored.

GrabCut could be extended to general N-D images. Perhaps, most
interesting would be movies or medical data. Since GrabCut only
requires a rough initial Trimap, user interaction costs would be sig-
ni cantly decreased over other N-D segmentation algorithms.

The number of components for the Gaussian mixture models was
arbitrarily chosen. A better approach would determine the number
of components based upon the color complexity of the image.

Finally, the minimization algorithm presented in the GrabCut paper
only guarantees convergence to a local minimum. A nice theoret-
ical result would be the formulation of a GrabCut variant that can
guarantee convergence to the global minimum.
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ages where the foreground and background are cleanly separated,

GrabCut can robustly segment the image given only a rectangular
region as input. However, for for some types of images, GrabCut



