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Abstract

Figure-ground segmentation from bounding box input,
provided either automatically or manually, has been ex-
tremely popular in the last decade and influenced various
applications. A lot of research has focused on high-quality
segmentation, using complex formulations which often lead
to slow techniques, and often hamper practical usage. In
this paper we demonstrate a very fast segmentation tech-
nique which still achieves very high quality results. We
show that by combing two simple ideas we are able to
achieve an order of magnitude (10x) speed-up with respect
to the closest competitor, and at the same time achieve a
considerably higher accuracy. Our first idea is to include
a simple salient object prior which is motivated by recent
work in the field of salient object detection. Our second
idea is to replace the iterative refinement of global colour
models by a densely connected CRF. We motivate this de-
cision by showing that a dense CRF implicitly models an
unnormalised global colour model.

1. Introduction
Figure-ground image segmentation from bounding box

input, provided either automatically [10, 13] or manually
[25], has been extremely popular in the last decade and
influenced various computer vision and computer graph-
ics applications, including image editing [19], object detec-
tion [27], image classification [31], photo composition [11],
scene understanding [16], automatic object class discov-
ery [32], and fine-grained categorization [10]. In order to
achieve high quality results, recent methods have focused
on complex formulations [21, 28, 29], which typically leads
to slow techniques.

In this works we aim to design a very fast figure-ground
image segmentation technique which still achieves high
quality results. Our method relies on two insights about the
problem. First, given a user provided bounding box con-
straint, the target object region often stands out as a non-
ambiguous salient object [22]. This salient object prior as-
sumption enables a good initial estimation for the target ob-

ject region by borrowing ideas from state-of-the-art salient
object detection techniques [1, 12, 13, 22, 24]. We reformu-
late the salient object detection problem, aiming to maxi-
mize the amount of information generated within the spec-
ified bounding box while still maintaining real-time effi-
ciency (Sec. 3.1). Second, we observe that a dense CRF im-
plicitly models an unnormalized global colour model, the
explicit estimation of which often leads to slow optimiza-
tion (Sec. 3.3). This enables us to replace the iterative re-
finement of global colour models [25] with a densely con-
nected CRF, for which very efficient inference techniques
have been recently developed [18].

Following recent advances in GrabCut segmentation
[28], we extensively evaluate our method on two stan-
dard benchmarks, the GRABCUT [25] and the MSRA1000
[1, 22] datasets, containing 50 and 1000 images, respec-
tively, with corresponding binary segmentation masks. Our
formulation achieves Fβ = 92.8% and Fβ = 95.5% on the
GRABCUT [25] and the MSRA1000 [1, 22] dataset respec-
tively, where the Fβ represents the harmonic mean of pre-
cision and recall. Along with generating better segmenta-
tions, our method enables real-time CPU processing which
is (10× on average) faster than its closest competitor [28].

2. Related work
Here we review related work that performs interactive

figure-ground segmentation [8,26]. Among the many differ-
ent approaches proposed over the years, the most successful
technique incorporates a per-pixel appearance model and
pairwise consistency constraints [4], and uses graph cut for
efficient energy minimization [7].

Rother et al. [25] proposed the first bounding box based
segmentation system that optimised both the appearance
model and the segments, using initial appearance models
computed from a given bounding box. It was shown by Vi-
cente et al. [29] that it is possible to reformulate the Grab-
Cut energy functional [25] in closed form as a higher order
MRF, by maximizing over global appearance parameters.
This was possible by switching from a GMM to a histogram
representation for the appearance model. However, the opti-
mization of the higher-order MRF is unfortunately NP-hard.

1



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

CVPR
#648

CVPR
#648

CVPR 2015 Submission #648. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Nevertheless, the proposed dual decomposition technique is
able to achieve globally optimality in about 60% of cases.
Recently, OneCut [28] by Tang et al. has derived a simi-
lar formulation. They argue, however, that the part of the
higher-order MRF that make the problem NP-hard, i.e. the
volume regularization term, is not relevant in practical ap-
plications. Hence, they drop this term and can guarantee a
globally optimal solution. It is important to note, that on an
abstract level our paper has exactly the same reasoning. We
show that the GrabCut functional and a densely connected
CRF formulation are the same under some approximations.
We then argue and show that these approximations are not
too critical for practical scenarios.

Our method is inspired by the active research field of vi-
sual attention modelling. We refer the reader to a recent
survey paper [5] for details about the three major branches
of this area: fixation prediction [15], salient object detec-
tion [6], and objectness estimation [14]. Here we discuss
recent advancements in the most related areas of salient ob-
ject detection and segmentation. Liu et al. [22] proposed a
CRF framework that combines multiple saliency measures
for an effective salient object detection. Achanta et al. [1]
proposed a frequency tuned approach to detect salient ob-
ject regions. Cheng et al. [13] proposed a salient object de-
tection method by modelling the global contrast of a region
to all other regions in the image. A filtering based frame-
work [24] and an efficient data representation [12] have also
been used for the salient object detection task. Although
these methods have successfully achieved accurate salient
object detection and segmentation results on images with
a single non-ambiguous object, dealing with more compli-
cated images with multiple objects remains a challenging
issue. Moreover, such methods are designed for unsuper-
vised salient object segmentation, so they do not explicitly
explore the background prior available in interactive seg-
mentation applications.

3. Methodology
We formulate the figure-ground segmentation problem

as a binary label Conditional Random Field (CRF) prob-
lem. The CRF is defined over the random variables X =
{X1, X2, ..., Xn}, where each Xi ∈ {0, 1}, 0 for back-
ground and 1 for foreground, represents a binary label of the
pixel i ∈ N = {1, 2, ..., n} such that each random variable
corresponds to an image pixel. We denote with x a joint
configuration of these random variables, and I the observed
image data. Based on the general formulation of [18], a
fully connected binary label CRF can be defined as:

E(x) =
∑

i∈N
ψi(xi) +

∑
i<j

ψij(xi, xj), (1)

where i and j are pixel indices, ψi and ψij are unary (see
Sec. 3.1) and pairwise (see Sec. 3.2) potentials respectively.

3.1. Saliency aware unary term estimation

The unary term ψi measures the cost of assigning a bi-
nary label xi to the pixel i, defined as,

ψi = − log(S(xi)), (2)

where S(xi) ∈ (0, 1) will be estimated in a saliency aware
fashion. Different from other state-of-the-art figure-ground
segmentation approaches, which pay more attention to the
iterative optimization [25] or to finding the globally mini-
mal solution for the energy function [20, 28, 29], we focus
on the complementary task of efficiently obtaining better
unary potentials. We argue that although pairwise terms are
very informative and important, previous approaches have
primarily tried to get the best results according to the noisy
unary. Using an incorrect unary term, even if we manage
to find the globally optimal solution for the entire energy
function, we might still obtain incorrect results. We there-
fore believe that the unary terms should receive at least the
same amount of attention as the pairwise ones.

For object segmentation in complicated images with
multiple objects, the target typically stands out as a non-
ambiguous salient region [22] within the specified bound-
ing box. This saliency assumption however has yet to
be explored in the current interactive image segmentation
literature. We initially considered using the state-of-the-
art salient object detection method to find the saliency map
from the image region cropped according to the selected
bounding box. However, directly using traditional saliency
detection methods in the bounding box scenario does not
explicitly use the background prior, i.e. the fact that pix-
els outside the selection window belong to the background.
This leads to a suboptimal appearance model estimation and
missing parts for regions with similar appearance to back-
ground. We show examples of such images in the top two
rows of Fig. 1, and statistical results in Tab. 1.

For an effective use of both background and saliency pri-
ors for segmentation, we need to carefully consider what are
the major underlying hints contained by two priors, and use
them in an efficient and unified way. The background prior
not only tells us that the pixels outside the bounding box
could be excluded from possible object regions, but it also
supplies robust samples for understanding the background
appearance. One of the most effective feature for salient
object region detection is that the region should have high
contrast with respect to the entire image, i.e. global contrast.
Such cues have been extensively explored in the state-of-
the-art salient object detection methods [1, 12, 13, 24].

For foreground labeling, we propose the following equa-
tions to capture both background and saliency priors,

S(xi = 1) =
P (ΘB , Ii)

P (ΘB , Ii) + wsP (ΘF , Ii)
, (3)

2
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Figure 1. Sample results for global contrast saliency estimation [12] and saliency aware unary maps with different ws values (see also (3)).

where P (ΘB , Ii) and P (ΘF , Ii) represent the probabil-
ity of a pixel color Ii belonging to the background color
model ΘB and the foreground color model ΘF , respec-
tively. The parameter ws is a scalar value that indicates
how salient the target object should be. The larger ws is
the more salient an object should be in order to get a high
value of S(xi = 1). For background labeling, we use
S(xi = 0) = 1 − S(xi = 1). Notice that due to the nature
of the bounding box interaction, ΘB is trained from con-
fident background samples. Other pixels (containing both
foreground and background pixels) are used to train a less
confident foreground color model ΘF .

In Fig. 1, we show results obtained using different values
of ws. When ws = 1, (3) represents the value used in a
standard GrabCut implementation [9, 23, 25]. When ws >
1, the value S(xi) ∈ (0, 1) in (3) measures the saliency of
an unknown pixel xi with respect to all other pixels, while at
the same time giving a larger weight to nearby background
pixels, which is the most effective feature in state-of-the-
art salient object detection methods [1, 12, 13, 24]. In our
experiments we use ws = 2, obtained using 5-fold cross
validation.

3.2. Fully connected pairwise term

The pairwise term ψij encourages similar and nearby
pixels to take consistent labels. We use a contrast sensitive

two kernel potential:

ψij = [xi 6= xj ]g(i, j), (4)
g(i, j) = w1 · g1(i, j) + w2 · g2(i, j) (5)

where the Iverson bracket [·] is 1 for a true condition and 0
otherwise, and the similarity function (5) is defined in terms
of color vectors Ii, Ij and position values pi, pj :

g1(i, j) = exp
(
−|pi − pj |2/θ2α − |Ii − Ij |2/θ2β

)
, (6)

g2(i, j) = exp
(
−|pi − pj |2/θ2γ

)
. (7)

Here, (6) models the appearance similarity and encour-
ages nearby pixels with similar color to have the same bi-
nary label. (7) encourages smoothness and helps remove
small isolated regions. The degree of nearness, similarity,
and smoothness are controlled by θα, θβ and θγ , respec-
tively. Intuitively, θα � θγ should be satisfied if the first
term manages the long range connections and the second
term measures the local smoothness. These parameters are
learned via cross validation.

3.3. Implementations

Color modelling: GMMs vs. Histogram. Effective
color modelling is very important for good segmentation re-
sults. Among many different models suggested in the liter-
ature, two of the most popular ones are histograms [8] and

3
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Gaussian Mixture Models (GMMs) [4,25]. Some important
recent works use histogram [28, 29] representations.

In [29], the authors suggest that the MAP estimation with
the GMM model is in effect an ill-posed problem, since fit-
ting a Gaussian to the color of a single pixel may result in
an infinite likelihood (see [3]). As explained in [26], this
can be avoided by adding a small constant to the covariance
matrix. Compared to histograms, GMMs can better adapt
to the colours of the image, while still being effective at
capturing small appearance differences between foreground
and background. Furthermore, the histogram representa-
tion will treat different colours equally differently, ignoring
the color values of the histogram bins, e.g. two pixels of
a banana might have slightly different color and be quan-
tised to different bins, even if they are different from the
background, with typically a much larger color difference.
We experimentally verify the above discussion via extensive
evaluations in Sec. 5.1.

Efficient GMM estimation. As in both the OpenCV [9]
and Nvidia CUDA implementation [23], typical GMM esti-
mation can be very computationally expensive, due to the
large amount of data samples (pixels) used to train the
GMMs. In the salient object detection community, more
efficient GMM estimation methods have recently been de-
veloped [12]. The estimation is made more efficient us-
ing an intermediate histogram based representation. Since
natural images typically cover a very small portion of all
possible colours, uniformly quantizing the image colours
(with each channel divided into 12 parts) and then choos-
ing the most frequent color bins until 95% of image pixels
are covered, typically results in a small histogram (an av-
erage of 85 histogram bins has been reported [13] for the
MSRA1000 [1, 22] benchmark). Instead of using hundreds
of thousands of image pixels to train the GMM, we can use
this small number of histogram bins as weighted samples to
train the color GMM, enabling efficient GMM estimation.

Efficient CRF inference. Our CRF formulation satisfies
the general form of the fully connected pairwise CRF with
Gaussian edge potentials [18]. This enables to use highly
efficient Gaussian filtering [2] to perform message passing
in the mean field framework. Instead of computing the exact
Gibbs distribution:

P (X) ∝ exp (−E(x)) (8)

of the CRF, we can find a mean field approximation Q(X)
of the true distribution P (X), that maximizes the KL-
divergence D(Q||P ) among all distributions Q that can
be expressed as a product of the independent marginal,
Q(X) = ΠiQi(Xi) [17]. Minimizing the KL-divergence,

while constraining Q(X) and Q(Xi) to be valid distribu-
tions, yields the following iterative update equation:

Qi(xi = l) =
1

Zi
exp(

∑
j 6=i

g(i, j)Qj(l
′)− ψi(xi)), (9)

where l, l′ ∈ {0, 1} and l′ = 1 − l are binary variables.
Naive estimation of the above equation for all image pixels
have a high computational complexity, which is quadratic
in the number of pixels. We can rewrite the last term of (9)
by adding and then subtracting Qi(l′) so that∑

j 6=i

g(i, j)Qj(l
′) =

∑
j∈N

g(i, j)Qj(l
′)−Qi(l′) (10)

where
∑
j∈N g(i, j)Qj(l

′) is essentially a Gaussian filter,
whose value for all image pixels can be calculated effi-
ciently using fast filtering techniques (e.g. [17, 18]). This
reduces the complexity of the mean field inference, enabling
it to be linear to the number of pixels.

4. Relationship between fully connected
CRF and global color model.

In many figure-ground segmentation methods, e.g. Grab-
Cut [25], two (foreground and background) global colour
models are explicitly used. Each colour model is derived
from its respective region label. This coupling between the
pixel labelling and the global colour model leads to a very
challenging optimisation, since both parts need to be in-
ferred jointly. In GrabCut this is done in an iterative fashion,
while [29] uses dual decomposition. However, both the it-
erative and dual decomposition optimisations are slow, with
the latter taking up to minutes per frame.

In this work we replace the global colour model with
a single optimization of fully connected CRF. This is
based on the insight that a fully connected CRF and a stan-
dard low-connected (e.g. 8-connected) CRF with associated
foreground and background global colour models are very
closely related. This observation suggested that we can
avoid the computational expensive process of global color
model estimation, and use the efficient inference for fully
connected CRF to enable very fast computation.

Let us consider a specific form of our fully connected
CRF, where θα →∞, i.e.

ĝ1(i, j) = exp
(
−|Ii − Ij |2/θ2β

)
. (11)

This gives our full energy as

E(x) = E1(x) + w1

∑
i<j

ĝ1(i, j)[xi 6= xj ], (12)

E1(x) =
∑

i∈N
ψi(xi) + w2

∑
i<j

g2(i, j)[xi 6= xj ]. (13)

Note that this is only a minor change to the energy (1) since
the spatial smoothness term g2 is still present, but only once

4



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

CVPR
#648

CVPR
#648

CVPR 2015 Submission #648. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

and not twice. Let us now define a specific version of the
GrabCut functional as follows:

E(x,ΘB ,ΘF ) = E1(x) + w1

∑
i∈N

(PB(Ii; ΘB)[xi = 0]

+PF (Ii; ΘB)[xi = 1]). (14)

Here ΘF/B are the foreground and background Gaussian
mixture models respectively, and PF/B(Ii; ΘF/B) is the
negative log probability of the color Ii under the respec-
tive Gaussian mixture model. Furthermore, if we choose a
small θγ then the spatial smoothing term g2 approximates
well the traditional 8-connect Ising prior of Grabcut.

The only difference between the GrabCut function and
the fully connected CRF is the term ĝ1 in (12) and the sum
over the negative log probability in (14).

Let us define the following Parsen-Density estimator:

P ′
B(Ii) =

1

|NB |
∑

j∈NB

K(Ii, Ij) (15)

with kernel: K(Ii, Ij) = −1

2
exp(

−|Ii − Ij |2

2θ2β
) (16)

Here NB is the set of background pixels, i.e. xi = 0. Note
that P ′

B(Ii) is the average kernel-distance of the color Ii at
pixel i with all colors that are assigned to background. The
Parsen-Density estimator for foreground is defined similar:
P ′
F (Ii) = 1

|NF |
∑
j∈NF

K(Ii, Ij). We can now state the
following theorem (see supplemental material for the corre-
sponding proof) that relates (12) and (14).

Theorem. The minimizer x of (12) and (14) is the same
if we replace the global color-model functions PF (Ii; ΘF )
and PB(Ii; ΘB) in (14) by unnormalised Parsen-Density
estimators |NF |P ′

F (Ii) and |NB |P ′
B(Ii), respectively.

It is very important to note that this discussion is very
similar to the discussion of the OneCut [28], in which they
re-write the GrabCut functional and remove the ”balancing
term” from the functional in order to guarantee global opti-
mality. This balancing term enforces that the segmentations
with a ratio |NF |

|NB | = 1 are preferred, i.e. it penalizes segmen-
tations with extreme ratios. They observe empirically that
removing this term does not affect results. We argue that ig-
noring the balancing term and having scaled density estima-
tors is very similar, since both approximations are negligible
if the ratio |NF |

|NB | = 1. Furthermore, we also get empirically
good results.

5. Experiments

We extensively evaluate our method on two well known
benchmarks (MSRA1000 [1, 22] and GRABCUT [25]), and
compare our results with the state-of-the-art alternatives
[25, 28], in terms of segmentation quality and efficiency.

5.1. Segmentation Quality Comparison

We evaluate the binary segmentation performance of
each method given a user bounding box around the object
of interest. The GRABCUT [25] benchmark contains 50 im-
ages with bounding box and binary mask annotations. For
MSRA1000 [1,22] benchmark, we export the bounding box
annotation from its binary mask ground truth, and use this
bounding box as input to each method.

To objectively evaluate our method, we compare our re-
sults with the two other state-of-the-art methods for bound-
ing box-based figure-ground segmentation i.e. GrabCut [25]
and OneCut [28]. For GrabCut, we use the CPU imple-
mentation from OpenCV [9] and two highly optimised com-
mercial GPU implementations from Nvidia [23] (one uses
a GMM color model and another one uses a histogram
color model). Average precision, recall, and F-Measure are
compared against the entire ground truth datasets, with F-
Measure defined as harmonic mean of precision and recall:

Fβ =
(1 + β2)Precision× Recall
β2 × Precision + Recall

. (17)

Tab. 1 shows the average precision, recall, and Fβ val-
ues (we use β2 = 0.3 as in [1, 13, 28]). Visual examples of
input bounding boxes and segmentation results are shown
in Fig. 2. Among the baseline methods, the commercial
GPU GrabCut implementation from Nvidia [23] achieves
the best segmentation results. Although faster computa-
tionally, the histogram representation has limited ability to
precisely capture appearance differences, resulting in sig-
nificantly worse segmentation results than the GMM based
representation. The comparison between the two versions
of Nvidia’s commercial implementation clearly verifies our
discussion in Sec. 3.3. In both the benchmarks, our method
consistently produces better segmentation results than all
other alternatives.

The adoption of the fully connected pairwise term [18],
enables our methods to capture correlation between pixels
with similar appearance even if they are spatially further
away from each other. Modelling such long distance consis-
tency constraints, rather than only modelling 4 or 8 neigh-

MSRA1000 [1, 22] GRABCUT [25]
Fβ Time Fβ Time

CPU
GrabCut [25] 0.945 1.22 0.909 2.02
OneCut [28] 0.949 0.664 0.900 1.70

Ours 0.955 0.075 0.928 0.143
GrabCut [23](GMM) 0.949 0.072 0.927 0.130
CUDA [23](Hist.) 0.889 0.065 0.714 0.116

Table 1. Average precision, recall, Fβ , and processing time (mea-
sured in seconds) on two well known benchmarks (see Fig. 2 for
sample results). Tested on a desktop computer with Intel Xeon
E5645 2.40GHz CUP, GeForce GTX 770 GPU and 4 GB RAM.
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Figure 2. Sample results for images from MSRA1000 [1, 22] (a-g) and GRABCUT [25] (h-k) benchmarks, using different methods: (i)
GrabCut [23]GMM), (ii) GrabCut [23]Hist.), (iii) GrabCut [25], (iv) OneCut [28], and (v) Ours.

bours for each pixel, enables our method to produce fine
detailed results which could not easily be achieved by state-
of-the-art interactive figure-ground segmentation tools such
as GrabCut [25] or OneCut [28]. Notice that the fine details
of the target object regions are successfully segmented in
Fig. 2(b) and Fig. 2(d).

Due to explicitly enforcing color separation between
foreground and background, similar in spirit to enforcing
the foreground to become salient, only OneCut provides re-
sults similar to our own. Both methods recover more accu-

rate fine object boundaries than the other methods, e.g. Fig.
2(a-c). However, on average, our method produces bet-
ter results than OneCut, possibly due to the more powerful
color model representation. Extending the OneCut method
to incorporate GMMs for representing colours is non-trivial
and known to be a NP-hard problem [28, 29].

5.2. Computational time

As shown in Tab. 1 our method is 10× faster than any
other current CPU based implementation. Implementing a

6
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Figure 3. Examples for top 50 ‘failing examples’ shows that our results are very often comparable to ground truth annotations: (a) ground
truth mask in MSRA1000 benchmark [1] is preferred, (b) our segmentation results is preferred.

GPU version to fully explore the parallel nature of the algo-
rithm is a promising direction for future work.

Due to the use of the very efficient GMM representa-
tion of [12], the most computationally expensive part of
our algorithm is the mean field based inference [18], which
could be efficiently solved using advanced bilateral filtering
techniques [2]. It is worth mentioning that the mean field
based inference is an intrinsically parallel algorithm, and
thus can be made further efficient using graphics hardware
(GPU) or multi-core CPUs. In our current implementation
we use OPENMP instructions to parallelize across multiple
CPU cores.

5.3. Limitations

The high accuracy of our method (Fβ = 95.5% for
the MSRA1000 [1, 22] benchmark and Fβ = 92.8% for
the GRABCUT [25] benchmark), indicates that most results
of our methods are very similar to the ground truth. This
make it feasible to visualise and study all the clearly failing
examples even for a large benchmark such as MSRA1000
[1, 22]. We do this by studying the top 50 ‘failing exam-
ples’, which are automatically selected as the results with
lowest Fβ values according to ground truth. We found
that the MSRA1000 [1, 22] benchmark, although used as
standard benchmark for figure-ground segmentation (hav-
ing currently 700+ citations), contains some clear ground
truth errors as shown in Fig. 4 (where ground truth masks
appear shifted due to unknown reasons). Note that, besides
these errors (less than 1%), which we could easily detect
from top 6% ‘failing cases’, most of the other ground truth
annotations are of very high quality.

Fig. 3(a) shows typical examples of top ’failing cases’.
In the first example, the shadow part occurs only inside the
bounding box and its appearance is quite different compared
with pixels outside the bounding boxes, forcing the algo-
rithm consider it as an object region. In the other two fail-
ure cases, some foreground regions have a large portion of
similar appearance regions outside the bounding box, which
confuses the algorithm and leads to missing regions for the
target object. We went through top 50 ’failing cases’ and
found 12 cases with low quality (see also Fig. 3) and 8
cases with wrong mistakes (see also Fig. 4).

Figure 4. We found ground truth errors in the MSRA1000 bench-
mark [1] as shown above (the red lines on top of each image illus-
trate the contour of the ground truth mask). After a manual check,
we found 9 such errors from all the annotations of 1000 images,
all such ground truth errors are found in the top 6% ‘failing cases’.
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6. Conclusions
We have presented an efficient figure-ground image seg-

mentation method, which simultaneously models the salient
object prior assumption and uses fully connected CRF for
effective label consistency modelling. Formally, we show
that: a fully connected CRF, as used in this work, and a
standard low-connected, e.g. 8-connected, CRF with associ-
ated foreground and background global colour models are
very related. This motivated us to replace the global colour
model in the traditional GrabCut framework with a single
optimization of a fully connected CRF. Extensive evalua-
tion on two well known benchmarks, MSRA1000 [1,22] and
GRABCUT [25], demonstrates that our methods is able to get
more accurate segmentation results compared to other state-
of-the-art alternative methods, while achieving an order of
magnitude speed-up with respect to the closest competitor.

Further introducing a bounding box prior [21], or other
CPU high order terms [30] could be useful future additions
to our framework. Currently, the weight ws in (3) is set to
a fixed value for the entire dataset, so another interesting
area of future work is to learn to compute image specific
weights.
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