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Abstract

We propose a novel approach to semantic segmen-
tation using weakly supervised labels. In tradi-
tional fully supervised methods, superpixel labels
are available for training; however, it is not easy to
obtain enough labeled superpixels to learn a satisfy-
ing model for semantic segmentation. By contrast,
only image-level labels are necessary in weakly su-
pervised methods, which makes them more practi-
cal in real applications. In this paper we develop
a new way of evaluating classification models for
semantic segmentation given weekly supervised la-
bels. For a certain category, provided the classi-
fication model parameter, we firstly learn the ba-
sis superpixels by sparse reconstruction, and then
evaluate the parameters by measuring the recon-
struction errors among negative and positive su-
perpixels. Based on Gaussian Mixture Models,
we use Iterative Merging Update (IMU) algorithm
to obtain the best parameters for the classification
models. Experimental results on two real-world
datasets show that the proposed approach outper-
forms the existing weakly supervised methods, and
it also competes with state-of-the-art fully super-
vised methods.

1 Introduction

Semantic segmentation is an interesting and challenging
problem in computer vision, which aims to identify the se-
mantic label of pixels of images, i.e., assign each pixel in an
image to one of pre-defined semantic categories. Semantic
segmentation is usually considered as a supervised learning
problem in contrast to low-level unsupervised segmentation
which groups pixels into homogeneous regions based on vi-
sual features [Lu et al., 2011; Munoz et al., 2012].

In the past years there have been many attentions in the
semantic segmentation task [Kohli et al., 2009; Ladicky et
al., 2009; Shotton et al., 2006; 2008; Yang et al., 2007;
Jain et al., 2012; Lucchi et al., 2012; Ladicky et al., 2010].
Although these methods have shown promising results, most
of them rely on a training set of annotated images, where the
label for each pixel is known. However, in real-world appli-
cations, reliable pixel-level labeled images is rare, and manu-

ally labeling pixels is time-consuming and labor-intensive, so
fully supervised methods cannot be widely applied in prac-
tice.

Recently, a few works have been proposed to address the
weakly supervised semantic segmentation problem, where
only the image-level annotations are available for training
[Verbeek and Triggs, 2007; Vezhnevets and Buhmann, 2010;
Vezhnevets et al., 2011; 2012]. In general, the task of seman-
tic segmentation includes several steps as follows: (1) Over-
segment images into superpixles and extract visual features
for each superpixel; (2) Train classifiers with the features of
superpixles in training set; (3) Apply classifiers on testing
images to get the results of semantic segmentation. Since
there is no groundtruth label of superpixels in the training set,
most existing weakly supervised methods for methods aim to
maximize the likelihood between pixel label prediction and
image-level label, or to maximize various kinds of potentials.

In this paper, we come up with a novel approach to
weakly supervised semantic segmentation based on sparse
subspace reconstruction and classification model evaluation.
The overview of the proposed approach is shown in Fig.1.
Firstly, Images are segmented into superpixels. For each
category, we classify the positive and negative superpixels
by a classification model with respect to this category, then
take the positive superpixels as input, and learn the bases
of the subspace for the corresponding category. Secondly,
evaluation is conducted by comparing the difference between
the reconstruction error of negative and positive superpixels.
Thirdly, with a few random samplings of model parameters,
we can efficiently identify the optimal parameter for classi-
fication model based on GMM (Gaussian Mixture Models),
and then we can easily classify the superpixels of testing im-
ages and group adjacent the superpixels sharing the same la-
bel into one homogeneous region. The main contributions of
this paper include:

• We develop a new way of evaluating classification mod-
els for semantic segmentation given weekly supervised
labels. Based on the chosen classification model param-
eters, we get an approximate groundtruth for unavail-
able superpixel label and learn the positive basis super-
pixels which perform sparse reconstruction of category-
specific subspace. By measuring the reconstruction er-
rors among negative and positive superpixels, we pro-
vide a powerful criterion for evaluating the effectiveness
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Figure 1: Overview of our framework. Images are firstly oversegmented into superpixels. For each category, we select a model
to classify superpixels in training images. Based on the reconstruction error, we evaluate the basis superpixels and obtain the
optimal classification model parameter. The optimal parameter is then used for classifying superpixels in test images.

of classification models. Experimental results on two
challenging datasets show that our method outperforms
previous weakly supervised methods, and it even com-
petes with some fully supervised methods.

• Based on Gaussian Mixture Models, we also develop an
Iterative Merging Update (IMU) algorithm to obtain the
best parameters for the classification models. This algo-
rithm aims to identify the model with best evaluation but
minimal number of samplings, which is also known as
exploration vs. exploitation trade-off.

The remainder of this paper is organized as follows: We re-
view the related work in Section 2. We then elaborate the pro-
posed method for sparse reconstruction weight learning, basis
superpixels learning, and optimal model parameters estimat-
ing by Iterative Merging Update (IMU) algorithm in Section
3. Our experimental results on two real datasets are given in
Section 4. Finally, we conclude this paper in Section 5.

2 Related Work

In [Shotton et al., 2006], semantic segmentation was per-
formed by defining a conditional random field (CRF) over
image pixels with unary potentials which could be learnt
by a boosted decision tree classifier over texture-layout fil-
ters. The successive research along this direction focused
on improving the CRF structure, such as enabling infer-
ence for combining multiple segmentations [Jain et al., 2012;
Gonfaus et al., 2010; Kohli et al., 2009; Munoz et al.,
2010], integrating label co-occurrence statistics [Ladicky et
al., 2010], and introducing hierarchy with higher order po-
tentials [Ladicky et al., 2009]. [Vezhnevets et al., 2012] in-
troduced pairwise potentials among multi-feature images as
components of CRF appearance model. Another direction
was to develop faster and more accurate features. [Shotton et
al., 2008] obtained fast and powerful features via random de-
cision forests that convert features to similar semantic texton
histograms by combining node counts and category prior of
each tree.

In weakly supervised semantic segmentation settings , no
groundtruth is available for evaluating pixel-level classifica-
tion. Most existing works make use of the global consistency

between image label and superpixel label, together with lo-
cal consistency between various kinds of potentials. Predic-
tions of pixel-category are conducted by maximizing either
or both consistencies. Towards less supervision, [Duygulu
et al., 2002] posed the problem as machine translation while
[Verbeek and Triggs, 2007] solved this problem with aspect
models and the spatial extensions. In [Vezhnevets and Buh-
mann, 2010], a multi-instance multi-task learning modifica-
tion of semantic texton forest (STF) [Shotton et al., 2008]
was proposed. In [Vezhnevets et al., 2011], multi-image
model(MIM) was propsed to integrate observed training im-
age features and labels together with latent superpixel labels
into one network. [Vezhnevets et al., 2012] defined a para-
metric family of structured models, and designed a Maximum
Expected Agreement model selection principle to evaluate the
model parameters.

Our method performs weakly supervised semantic seg-
mentation by subspace reconstruction and model evaluation.
As for subspace reconstruction, various algorithms have been
implemented with different regularizers [Elhamifar and Vi-
dal, 2009; Liu et al., 2010; Wang et al., 2011]. As for model
evaluation, the criterion for evaluating model parameters in-
troduced in [Vezhnevets et al., 2012] can be easily affected
by outliers. In contrast, our method goes from a different
direction. No constraint is given on classification models em-
ployed. Based on the chosen classification model parame-
ters, we get an approximate groundtruth for unavailable su-
perpixel label and learn the positive basis superpixels which
perform sparse reconstruction of category-specific subspace.
Our method gives more promising results than the previous
methods which use probabilistic inference merely with global
and local consistency.

3 The Proposed Approach

Suppose that there are weakly labeled images and each im-
age is oversegmented into several superpixels. For each im-
age, the image-level label is provided while superpixel-level
label is not available. For a specific category, if one im-
age is labeled positive then there is at least one superpixel
with the concerned label; otherwise, all superpixels included
in the image are negative. Our goal is to determine the se-
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mantic label for each superpixel, and then adjacent super-
pixels sharing the same label are fused as the whole one.
Let C = {c1, . . . , cM} be the semantic lexicon of M cate-
gories. We try to get a classification model for each cate-
gory, and then can easily determine whether one superpixel
belongs to this category or not. Suppose that classification
models for the labels cm,m ∈ (1, . . . ,M) are parameter-
ized by θm,m ∈ (1, . . . ,M), respectively. The task is to
estimate the optimal parameters such that the classification
models fit the weakly labeled images and perform well in pre-
diction labels of superpixels. Since the labels of superpixels
are unknown, the parameters of the classification models can
not be learned in a straight way. Instead, we can firstly esti-
mate the parameters at random, and then evaluate the random
guess by investigating whether the corresponding classifier
performs well on the given data.

For a certain category cm, all superpixels included in neg-
ative images are negative while the superpixels included in
positive images can be either positive or negative. Once its
classifier parameters θm are provided, the set of superpixels
included in positive images can be divided into two subsets:
positive or negative. Let X = [x1, ...,xN ] denote the set of
all positive superpixels where each column is the visual fea-
ture of one superpixel. It should be pointed out that the above
classification results might be incorrect because the parame-
ters θm are provided at random.

3.1 Sparse Reconstruction Weight Learning

We extract low-level visual features for each superpixel, and
the feature vector is often high-dimensional. However, high-
dimensional data usually lie in a low-dimensional subspace
with respect to some category the data belongs to, and one
data point can be approximately reconstructed by some other
points from the same subspace. For a certain category cm,
since X = [x1, ...,xN ] is the set of all positive superpixels,
each superpixel can be reconstructed by the others in X , and
intuitively, those more similar samples will contribute more
in reconstructing it. The number of reconstructing points is
much less than the number of all positive candidates in X ,
so the reconstruction is sparse. Denote W ∈ R

N×N as the
reconstruction matrix, which can be obtained by minimizing
the cost function as follows:

min
W

f(W ) = (‖X − XW‖F )2 + α(‖W‖1)2

s.t. 1�W = 1�, Wij ∈ [0, 1], (i, j = 1, . . . , N)
(1)

where 1 denotes an all-one vector, and α is the trade-off
parameter. In the first term, ‖X − XW‖F is the re-
construction error expressed in the Frobenius matrix norm.
Denote the j−th column of X as col(X, j) which corre-
sponds to the j−th superpixel. The j−th column of the
product XW equals to the matrix X times the j−th column
of W : col(XW, j) = Xcol(W, j) =

∑N
i=1 Wijcol(X, i);

therefore, (‖XW −X‖F )2 =
∑N

j=1 ‖
∑N

i=1 Wijcol(X, i)−
col(X, j)‖2. By constraining that Wj,j = 0(j = 1, . . . , N),
each superpixel can be estimated as a linear combination of
other superpixels except itself, which also avoids the case that

the optimal W collapses to the identity matrix. As for the
second term, due to Wij ∈ [0, 1], minimizing the �1-norm
‖W‖1 encourages Wi,j to be zero if the reconstructing weight
is too small such that W is sparse.

The cost function in Eq.(1) is convex and can be solved
with the Augmented Lagrange Multiplier (ALM) method[Lin
et al., 2009]. However, W is an N ×N matrix, and the com-
putational cost is expensive for ALM to optimize the prob-
lem. As mentioned before, W is encouraged to be sparse, so
we come up with a novel approach to solution by convert-
ing the original optimization of Eq.(1) with the complexity of
O(N2) into N sub-problems each of which operates on a sin-
gle column of W with the complexity of O(N). Since these
sub-problems are independent of each other, parallel compu-
tation can be employed to accelerate the optimization process.
We firstly re-write Eq.(1) as follow:

f(W ) =
N∑
j=1

x�
j xj −

N∑
j=1

2x�
j

N∑
i=1

xiWij

+

N∑
j=1

D∑
d=1

(

N∑
i=1

xi(d)Wij)
2 + α

⎛⎝ N∑
i,j=1

Wij

⎞⎠2 (2)

where xi(d) denotes the d−th element of xi. Ac-
cording to Cauchy-Schwarz Inequality (

∑n
i=1 aibi)

2 ≤
(
∑n

i=1 a
2
i )(

∑n
i=1 b

2
i ), we get:

(

N∑
i=1

xi(d)Wij)
2 ≤

N∑
i=1

(xi(d)Wij)
2

Tijd⎛⎝ N∑
i,j=1

Wij

⎞⎠2

≤
N∑

i=1,j=1

(Wij)
2

Qij

(3)

where Tijd ∈ (0, 1), Qij ∈ (0, 1) and
∑N

i=1 Tijd = 1,∑N
i,j=1 Qij = 1. Thus, we obtain the upper bound of our

cost function as follows:

f(W ) ≤
N∑
j=1

{
x�
j xj +

N∑
i=1

{
− 2(x�

i xj)Wij

+

(
D∑

d=1

((xi(d))
2

Tijd
+

α

Qij

)
(Wij)

2

}} (4)

The equalities in Eq.(3) and Eq.(4) hold if and only if

Tijd =
(xi(d)Wij)

2∑N
i=1(xi(d)Wij)2

;

Qij =
(Wij)

2∑N
i,j=1(Wij)2

;

(5)

Therefore, under the condition of Eq.(5), the original opti-
mization problem is equivalent to minimizing the right side
of Eq.(4), which can be furthermore divided into N indepen-
dent QP (Quadratic Programming) sub-problems:

min
W.j

1

2
W�

·j ΛjW·j +B�
j W·j

s.t. W·j � 0, 1�W·j = 1;

(6)
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where W.j denotes the j−th column of W whose element is
non-negative. Λj ∈ RN×N is a diagonal matrix with the i−th
element on the diagonal equal to 2

(∑D
d=1

(xi(d))
2

Tijd
+ α

Qij

)
.

Bj ∈ RN×1 is a vector with the i−th element equal to
−2x�

i xj . Such quadratic programming problem can be eas-
ily solved via the existing software solvers such as CVX-
OPT1, MOSEK2, and TOMLAB3. By iteratively solving the
optimization problem in a flip-flop manner, i.e., updating
Tijd, Qij with Eq.(5) and updating Wij with Eq.(6) alterna-
tively until convergence, we obtain the optimal reconstruction
weight matrix W .

3.2 Learning Basis Superpixels

Once the sparse reconstruction weight matrix W has been
learned, we select the basis superpixels spanning the sub-
space corresponding to the current category cm. Actually,
the weight matrix W can be viewed from two perspectives:
i)column view: Each column of W corresponds to one re-
constructed superpixel; ii)row view: Each row of W illus-
trates the contributions of one superpixel to reconstructing
others in the category cm. Based on the column view, we
learn the reconstruction weight matrix in above subsection.
Now, we focus on the row view to choose the basis super-
pixels.

Note that the weight matrix W is sparse, and from the row
view of W , the larger weights imply that the corresponding
superpixel play an important role in reconstructing others and
in spanning the subspace. Therefore, we calculate the sum of
each row Sum(i) =

∑N
j=1 Wij and select the superpixels

with the largest Sum(i)’s as the bases. The pseudo-code for
learning basis superpixels is shown in Algorithm 1.

Algorithm 1: Learning Basis Superpixels
Input:
X = [x1, ...,xN ];
r: the Number of Basis Superpixels;
Output:
[x̃1, ..., x̃r]: Basis Superpixels Spanning the Subspace;
begin

Initialization: W ← W0;
while not convergence do

1.Update T,Q with Eq.(5);
2.Solve QP Problem in Eq.(6);

Sum(i) =
∑N

j=1 Wij , (i=1,...,N);
Select r Superpixels with Large Sum(i)’s as Bases;

For a certain category cm, its classification model is pa-
rameterized by θm, and the learned basis superpixels are
X̃ = [x̃1, ..., x̃r]. If the classification model parameters
are appropriately estimated and the learned basis superpix-
els are satisfying, the distance between negative superpix-
els and the subspace spanned by X̃ = [x̃1, ..., x̃r] should

1CVXOPT: http://abel.ee.ucla.edu/cvxopt/index.html
2MOSEK: http://www.mosek.com
3TOMLAB: http://www.tomlab.com

be large. Let Xneg denote all superpixels included in neg-
ative images, and each column of Xneg corresponds to one
superpixel which is definitely negative. We define the dis-
tance between negative superpixels and the subspace spanned
by X̃ as the minimal negative-by-positive reconstruction er-
ror minWneg‖Xneg − X̃Wneg‖F , where Wneg is the recon-
struction weight matrix of negative superpixel by the learned
bases. Since the learned bases X̃ depend on θm, the above
reconstruction error depends on θm as well, and the more
appropriate the parameter θm is, the larger the negative-by-
positive reconstruction error becomes. Therefore, it can be
looked on as one criterion to evaluate the estimation of θm,
denoted as Score(θm) = minWneg

‖Xneg − X̃Wneg‖F .

Algorithm 2: Iterative Merging Update
Input:
Sampling pairs θm and Score(θm) as < Θ,Ψ >:
Θ = {θ1m, θ2m, ..., θKm},
Ψ = {Score(θ1m), Score(θ2m), ..., Score(θKm)}
Output: θ∗m = argmaxθm Score(θm)
begin

θ∗m = argmax {Score(θ1m), ..., Score(θKm)}
Fitting sampling data with Conditional GMM:
fΨ|Θ(y|x) =

∑C
j=1 wj(x)N(y|mj(x), σ

2
j );

for (i = 1; i < K; i++) do
1.Use KL-divergence to compute the difference
between two components of GMM;
2.Find pair (j1,j2) with minimal KL-divergence;
3.Merging pair (j1,j2) with the following rules:

w =wj1 + wj2 ,

m =
wj1

w
mj1 +

wj2

w
mj2 ,

σ =
wj1

w
σj1 +

wj2

w
σj2+

wj1wj2

w2
(mj1 −mj2)(mj1 −mj2)

�;

4. θ̂ = argx m(x), where m(x) is the centroid of
new component after merging pair (j1,j2);
5.Update θ∗m = argmax

θ
(Score(θ∗m), Score(θ̂))

3.3 Optimal Model Parameters Estimating

Now we provide a powerful criterion Score(θm) for evalu-
ating the effectiveness of classification models. The larger
Score(θm) is, the better classification model we get. How
can we find the θm that maximizes Score(θm)? It is hard
to compute the gradient of Score(θm) with respect to θm,
thus direct solution of maximizing Score(θm) is intractable,
and enumeration of the entire solution space is also time-
consuming. Here, inspired by [Sung, 2004], we use an It-
erative Merging Update (IMU) algorithm based on Gaus-
sian Mixture Model (GMM) which fits the distribution of
Score(θm).
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Figure 2: Some example results for semantic segmentation by our method in comparison with the ground-truth on MSRC.

In the parameter space, we randomly sample K different
θm’s and calculate the corresponding Score(θm). Thus, we
get K sample pairs < θkm, Score(θkm) >, (k = 1, ..,K). Let
the set of θkm is denoted as Θ, and the set of Score(θkm) as
Ψ. Each element in Θ and Ψ can be considered as random
variable, and the joint probability density can be defined by
GMM as follows:

fΘ,Ψ(x, y) =

C∑
j=1

πjN(x, y|μj ,Σj)

C∑
j=1

πj = 1, μj =

[
μjΘ

μjΨ

]
, Σj =

[
ΣjΘΘ ΣjΘΨ

ΣjΨΘ ΣjΨΨ

] (7)

where C is the number of GMM components and πj is the
weight of the j-th component. μj is the joint mean vector
and Σj is the joint co-variance matrix for the j-th GMM
component. We obtain the conditional PDF (Probability
Density Function) of Ψ|Θ as

fΨ|Θ(y|x) =

C∑
j=1

wj(x)N(y|mj(x), σ
2
j ) (8)

where

wj(x) =
πjN(x|μjΘ,ΣjΘΘ)∑C
j=1 πjN(x|μjΘ,ΣjΘΘ)

mj(x) = μjΨ +ΣjΨΘΣ
−1
jΘΘ(x− μjΘ)

σj = ΣjΨΨ − ΣjΨΘΣ
−1
jΘΘΣjΘΨ

(9)

In Iterative Merging Update (IMU) algorithm, we initial-
ize the GMM with K components. In each iteration, we cal-
culate KL-divergences between components and update the
GMM by merging the most similar pair of components. At
the centroid of new component after merging pair, the con-
ditional probability density of Score(θm) achieves the local
peak and thus we add the corresponding θm to the set of pa-
rameter candidates. The detail of IMU Algorithm is shown
in Algorithm 2. IMU algorithm reduces the initial model to
a finite Gaussian mixture of C components, where C ranges
from K to 1.

4 Experiments

We conduct experiments on two real-world image datasets:
MSRC [Shotton et al., 2006], and VOC2007 [Everingham

et al., 2007].On both datasets, we use EDISON system[Co-
maniciu and Meer, 2002] for the low-level segmentation.
Popular visual descriptors including texture (i.e., the output
of filter banks), color statistics (histogram or moments) and
SIFT [Lowe, 2004] are used for each superpixel. Max-margin
classification models are employed in our experiments.

Methods Train Test
[Shotton et al., 2008] - 64.6
[Vezhnevets et al., 2011] 83 67
Ours 87 69

Table 1: Accuracies (%) of semantic segmentation of our
method on both training and test subset of MSRC dataset,
in comparison with state-of-art weakly supervised methods.
The results of the state-of-art were reported in the related lit-
eratures.

The MSRC image dataset contains 591 images of resolu-
tion 320×213 pixels, accompanied with a hand labeled object
segmentation of 21 object categories[Shotton et al., 2006].
Pixels on the boundaries of objects are usually labeled as
background and not taken into consideration in these segmen-
tations. For fair comparison, we use the same train/test splits
as in [Shotton et al., 2008]. Some example results for se-
mantic segmentation by our method in comparison with the
ground-truth are shown in Fig.2. Table 1 gives the average
accuracies of semantic segmentation of our method on both
training and test subset, compared with the other two well-
known weakly supervised methods. The results of the state-
of-the-art were reported in [Shotton et al., 2008] and [Vezh-
nevets et al., 2011]. As can be seen, the performance of our
method is better than that of the others. Table 2 shows the
results of our method for individual labels on MSRC dataset,
in comparison with other competitive algorithms (including
fully supervised and weakly supervised ones). Our method
outperforms state-of-the-art weakly supervised methods on
average, and it is even competitive with those fully supervised
methods in many cases.

PASCAL VOC 2007 dataset [Everingham et al., 2007] was
used for the PASCAL Visual Object Category segmentation
contest 2007. It contains 5011 training and 4952 testing im-
ages where only the bounding boxes of the objects present
in the image are marked, and 20 object classes are given for
the task of classification, detection, and segmentation. Rather
on the 5011 annotated training images with bounding box in-
dicating object location and rough boundary, we conduct ex-
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[Shotton et al., 2006] 62 98 86 58 50 83 60 53 74 63 75 63 35 19 92 15 86 54 19 62 07 58
Fully [Yang et al., 2007] 63 98 90 66 54 86 63 71 83 71 80 71 38 23 88 23 88 33 34 43 32 62
Supervised [Shotton et al., 2008] 49 88 79 97 97 78 82 54 87 74 72 74 36 24 93 51 78 75 35 66 18 67

[Ladicky et al., 2009] 80 96 86 74 87 99 74 87 86 87 82 97 95 30 86 31 95 51 69 66 09 75
[Csurka and Perronnin, 2011] 75 93 78 70 79 88 66 63 75 76 81 74 44 25 75 24 79 54 55 43 18 64
[Lucchi et al., 2012] 59 90 92 82 83 94 91 80 85 88 96 89 73 48 96 62 81 87 33 44 30 76
[Verbeek and Triggs, 2007] 45 64 71 75 74 86 81 47 1 73 55 88 6 6 63 18 80 27 26 55 8 50

Weakly [Vezhnevets and Buhmann, 2010] 7 96 18 32 6 99 0 46 97 54 74 54 14 9 82 1 28 47 5 0 0 37
Supervised [Vezhnevets et al., 2011] 5 80 58 81 97 87 99 63 91 86 98 82 67 46 59 45 66 64 45 33 54 67

Ours 63 93 92 62 75 78 79 64 95 79 93 62 76 32 95 48 83 63 38 68 15 69

Table 2: Accuracies (%)of our method for individual labels on MSRC dataset, in comparison with other algorithms (fully
supervised or weakly supervised). The last column is the average accuracy over all labels.
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Brookes 6 0 0 0 0 9 5 10 1 2 11 0 6 6 29 2 2 0 11 1 6
Fully [Shotton et al., 2008] 66 6 15 6 15 32 19 7 7 13 44 31 44 27 39 35 12 7 39 23 24
Supervised [Ladicky et al., 2009] 27 33 44 11 14 36 30 31 27 6 50 28 24 38 52 29 28 12 45 46 30

[Csurka and Perronnin, 2011] 73 12 26 21 20 0 17 31 34 6 26 41 7 31 34 30 11 28 5 50 25
TKK 19 21 5 16 3 1 78 1 3 1 23 69 44 42 0 65 30 35 89 71 31

Weakly [Shotton et al., 2008]1 14 8 11 0 17 46 5 13 4 0 30 29 12 18 40 6 17 17 14 9 16
Supervised Ours 48 20 26 25 3 7 23 13 38 19 15 39 17 18 25 47 9 41 17 33 24

Table 3: Accuracies (%) of our method for individual labels on VOC2007 dataset, in comparison with other algorithms (fully
supervised or weakly supervised). The last column is the average accuracy over all labels.

periments on the segmentation set with the ’train-val’ split in-
cluding 422 training-validation images and 210 test images,
which are well segmented and thus are suitable for evaluation
of the segmentation task.

The experimental results of our method compared with
other related works are given in Table 3. The last column of 3
shows that the average accuracy of our method is better than
that of the other weakly supervised method [Shotton et al.,
2008] and is comparable to those fully supervised ones. Our
method performs far better than the only segmentation entry
(Brookes)[Everingham et al., 2007]. Although our method
uses much fewer training images than TKK[Everingham et
al., 2007] which is trained by 422 training-validation images
as well as a large number of annotated images with semantic
bounding boxes from 5011 training sample, our method still
get a comparable result to state-of-the-art methods.

5 Conclusions

We perform semantic segmentation in a weakly supervised
framework where only image-level labels are available.
Sparse reconstruction is used to learn the basis superpixels
spanning the subspace for a certain category. If the classifi-

1The result of weakly supervised STF is not provided in the paper
[Shotton et al., 2008], here we show the result obtained by running
the code provided by the authors.

cation model parameters are appropriately estimated and the
learned basis superpixels are satisfying, the distance between
negative superpixels and the subspace should be large. We
introduce one criterion to evaluate the estimation of classifier
parameter. Based on Gaussian Mixture Models, we select the
best parameters for the classifiers employed. The proposed
method is a general framework for evaluating various classi-
fication models, and it is suitable for any parametric model.
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