
1722 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 23, NO. 4, APRIL 2014

Augmented Multiple Instance Regression for
Inferring Object Contours in Bounding Boxes
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Abstract— In this paper, we address the problem of the
high annotation cost of acquiring training data for semantic
segmentation. Most modern approaches to semantic segmentation
are based upon graphical models, such as the conditional random
fields, and rely on sufficient training data in form of object
contours. To reduce the manual effort on pixel-wise annotating
contours, we consider the setting in which the training data set
for semantic segmentation is a mixture of a few object contours
and an abundant set of bounding boxes of objects. Our idea
is to borrow the knowledge derived from the object contours
to infer the unknown object contours enclosed by the bounding
boxes. The inferred contours can then serve as training data
for semantic segmentation. To this end, we generate multiple
contour hypotheses for each bounding box with the assumption
that at least one hypothesis is close to the ground truth. This
paper proposes an approach, called augmented multiple instance
regression (AMIR), that formulates the task of hypothesis selec-
tion as the problem of multiple instance regression (MIR), and
augments information derived from the object contours to guide
and regularize the training process of MIR. In this way, a
bounding box is treated as a bag with its contour hypotheses as
instances, and the positive instances refer to the hypotheses close
to the ground truth. The proposed approach has been evaluated
on the Pascal VOC segmentation task. The promising results
demonstrate that AMIR can precisely infer the object contours
in the bounding boxes, and hence provide effective alternatives
to manually labeled contours for semantic segmentation.

Index Terms— Semantic segmentation, weakly supervised
learning, multiple instance regression (MIR), segment selection.

I. INTRODUCTION

SEMANTIC segmentation [1]–[18] attempts to assign one
of predefined object classes or background to each pixel in

an image. Distinct from the conventional image segmentation
task, e.g., [19]–[26], semantic segmentation not only deter-
mines the shapes or boundaries of objects, but also identifies
the object classes of interest. Namely, it involves solving two
of the most fundamental problems in image analysis: recog-
nition and segmentation. Accordingly, semantic segmentation
plays an essential role in many high-level computer vision
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applications, such as scene understanding [2], [4], [17], object
recognition [4], [6], and image categorization [14], [16].

Recently, significant progress on semantic segmentation
has been made with advances in many aspects, such as
more powerful features [4], [14], combination of information
from different levels of image quantization [10], [11], [13],
and exploration of contextual relations among object classes
[1], [5]. These approaches are often built on graphical models
such as Markov random fields (MRFs) [7] or conditional
random fields (CRFs) [27], [28] for their merits in fusing
diverse visual evidences and ensuring spatial consistency.
However, learning graphical models for the complex semantic
segmentation tasks, e.g., Pascal VOC [29], often requires
sufficient training data in form of object contours, i.e., pixel-
wise annotation. In general, the object contours are manually
drawn or delineated by tools with intensive user interaction.
Therefore, the heavy annotation cost of collecting training data
undoubtedly hinders the advances in semantic segmentation.

In this work, we aim at reducing the annotation cost
in semantic segmentation, and consider training data as a
mixture of a few contours of objects and an abundant set of
bounding boxes of objects. This is motivated by the fact that
annotating the bounding box of an object is pretty simple by
just clicking the four outermost points in the object boundary.
If the unknown object contours enclosed by the bounding
boxes can be accurately inferred, they can then be used as
the training data for semantic segmentation. It reveals the
potential of remarkably reducing the annotation cost. The
bounding box of an object here is regarded as a positive
bounding box. We also consider the use of negative bounding
boxes, each of which has no sufficient overlaps with positive
ones. We consider negative bounding boxes because they carry
rich information regarding the background, and can activate
discriminant learning in inferring the object contours of the
positive bounding boxes.

We propose to use tight segments [30] as the common basis
for fusing the information from three different sources, i.e.,
object contours, positive and negative bounding boxes, and
formulate the inference of the object contours enclosed by the
positive bounding boxes as a variant of the multiple instance
regression problem. Fig. 1 gives an overview of the framework.

Specifically, we integrate the bounding box prior [30] into
the concept of multiple image segmentations [13], [31], [32]
to develop a new algorithm that can automatically generate
a set of tight segments for each positive bounding box. By
assuming that at least one of these tight segments is close
to the ground truth, the inference of the object contour for
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Fig. 1. Framework overview. We unify three different information sources, i.e., object contours, positive and negative bounding boxes, in the basis of tight
segments. The proposed AMIR minimizes the square errors of the labeled tight segments, while carrying out multiple instance learning over the unlabeled ones.
After optimization, the most plausible tight segments in the positive bounding boxes are picked, and can serve as the training data in semantic segmentation.

Fig. 2. (a) The bounding box of a kitty can be defined by the four clicks (purple stars). Background seeds are sampled outside the bounding box, i.e., the
blue highlighted region in the case. (b) The superpixels of the bounding box. (c) The object segment (ground truth). (Rest) A few tight segments, marked by
red contours, together with their accuracies in IoU shown below. These tight segments are generated from different foreground seeds (shown as cyan circles).
The seeds are sampled at different locations (columns) and with five different radii (rows).

a bounding box can be achieved by picking the best tight
segment from the generated set. Fig. 2 gives an example of
a positive bounding box and the generated tight segments.
The same procedure is also applied to the bounding boxes of
the labeled object contours and the negative bounding boxes.
Although the tight segments generated from negative bounding
boxes are not object contours, they are helpful in assessing the
tight segments yielded from positive bounding boxes owning
to the shared background information.

It can be observed that the bounding boxes and tight
segments match the two-layer structure in multiple instance
learning (MIL) [33]. Namely, each positive (negative) bound-
ing box can be treated as a positive (negative) bag with
its tight segments as instances. The tight segment closest to
the contour in a positive bounding box corresponds to the
positive instance. We propose an approach, called augmented
multiple instance regression (AMIR), that casts the task of
tight segment selection as the problem of MIR, and augments
information derived from the labeled object contours to guide

and regularize the training process of MIR. The target value
of a tight segment indicates its goodness in regression. Thus,
the target values of the tight segments yielded from labeled
contours are known, while those from bounding boxes are
unknown. AMIR performs least square fitting for labeled
tight segments, and carries out multiple instance learning for
unlabeled ones. After completing the optimization, the most
plausible tight segment for each positive bounding box is
determined. Any off-the-shelf approach to semantic segmenta-
tion can then be adopted and trained using the inferred object
contours for the semantic segmentation task.

With the aim of inferring object contours enclosed by
bounding boxes, this work distinguishes itself with the fol-
lowing three main contributions. First, it greatly reduces the
manual annotation in semantic segmentation by using training
data as a mixture of a few object contours and a set of
bounding boxes, and casting object segment estimation as an
MIR problem. The proposed AMIR approach jointly exploits
the data labels in the levels of bags and instances, and better
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solves the MIR problem. Second, AMIR adopts the smooth
maximum function [34] to handle unlabeled instances. The
resulting objective function is differentiable. It follows that
AMIR can be very efficiently optimized by gradient descent
methods. Third, we demonstrate that the estimated object
contours by AMIR are of high quality, and can replace
the manually labeled contours even in challenging semantic
segmentation tasks such as PASCAL VOC.

II. RELATED WORK

We review several research topics that are relevant to the
development of our approach in the section.

A. Semantic Segmentation

Approaches to semantic segmentation, such as [1]–[17],
aim to perform multi-class object recognition and segmenta-
tion jointly. Most of these approaches are established upon
MRFs or CRFs, which can effectively model the dependen-
cies among random variables and observations, and enforce
the consistency of labeling. For instance, Shotton et al. [4]
proposed a rich set of features to capture the texture, layout
and contextual information of object classes in the pixel level,
and combined these features via solving an energy minimiza-
tion problem over CRFs. Zhou et al. [7] developed dynamic
hybrid Markov random field (DHMRF) that can combine
middle-level object shapes and low-level visual appearance
to solve the semantic segmentation problem. Various high
order potential functions for CRFs have been introduced for
semantic segmentation. For example, Kohli et al. [5] and
Boix et al. [1] expressed the contextual information among
object classes and integrated features extracted from different
levels of image quantization by developing hierarchical gen-
eralizations of CRFs. Some variants of CRFs were developed
by integrating with other prediction models. For instance,
Payet and Todorovic [6] combined Hough forest and CRFs for
joint object recognition and segmentation in images. Despite
the effectiveness of the aforementioned approaches, training
CRFs for semantic segmentation requires a vast amount of
manual drawing on labeling object contours. The heavy anno-
tation cost of compiling sufficient training data hinders the
advances in semantic segmentation.

B. Figure-Ground Segmentation

Some notable methods of this category, such as
graph-cut [35], GrabCut [36], constrained parametric
min-cuts [32], cast this task as an energy minimization
problem over graph structures. A latter improvement of
GrabCut was made by Lempitsky et al. [30] with the
so-called bounding box prior. They showed that the resulting
foreground regions are sufficiently tight with respect to the
given bounding boxes. Instead of working on individual
images, the authors of [37], [38] extended figure-ground
segmentation for a set of images of an object class. In this
way, additional class-specific cues can be included to benefit
figure-ground segmentation. Due to the inherent difficulties of
unsupervised segmentation, the steps of segmenting objects

and learning class models in [37] and [38] are carried
out either alternately or sequentially. However, segmentation
methods aware of object classes may suffer from the problems
caused by large intra-class variations, especially when there
are only a few training data available.

C. Multiple Image Segmentations

Classic image based segmentation methods, such as
[19]–[26], were developed with theoretic support.
However, the general conclusion [39] is still that the
resulting segmentations typically are not good enough
for discovering object contours. Since there is barely
universal single-shot solution to segment out various objects
with satisfactory results, the strategy of multiple image
segmentations, e.g., [13], [31], [32], [40], and [41], arises,
in which many segmentation hypotheses are computed with
different segmentation algorithms, parameter settings, and/or
seeds. In [31] and [32], the authors assumed that each object
can be discovered by at least one segmentation hypothesis.
In [13], Pantofaru et al. sought the most probable objects
based on the intersections of multiple segments. Distinct
from these approaches, we are motivated by the fact that the
bounding box of an object can be acquired with low labeling
cost, i.e., four clicks, and it contains rich information for
inferring the object contour within it. We couple the concepts
of the bounding box prior and multiple image segmentations
to develop an algorithm that generates a set of tight segments
for each bounding box of an object with the assumption that
at least one tight segment is similar to the ground truth.
Furthermore, the generated tight segments will serve as the
common basis for fusing data in forms of object contours,
positive and negative bounding boxes. Thus, we can work
with different types of data without worrying about their
variations in representations.

D. Object Segmentation With Low Cost

Recent research efforts have been made on reducing the
labeling cost for object segmentation. Weakly supervised meth-
ods, e.g., [15], [18], [38], [40], [42], and [43], support training
data labeled in the levels of images or bounding boxes,
instead of object maps. As information regarding object classes
has been annotated, the class-specific clues can be extracted
to facilitate object segmentation. However, restricted by the
nature of weakly supervised labeling, the large intra-class
variations often obstruct the discovery of the latent object
contours. Another type of methods, e.g., [30], [36], [44],
and [45], for saving manual labeling is interactive segmen-
tation, in which the segmentation process is guided by user
inputs. Distinct from these approaches, our approach adopts
MIR to model the uncertainty in training data, and automat-
ically infers object contours enclosed by bounding boxes via
leveraging knowledge transferred from a few labeled contours.

E. Multiple Instance Learning (MIL)

MIL [33] is a variant of binary-class, supervised learning.
The training data in MIL are labeled on bags, each of which is
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composed of instances. A bag is positive if there is at least one
positive instance in it, while a bag is negative if all its instances
are negative. The task of MIL is to predict whether a test bag
(and its instances) is positive or not. MIL has been applied
to image analysis applications for handling the ambiguity in
training data, such as face detection [46] and content-based
image retrieval [47]. Motivated by the fact that the objective
functions of MIL may not be convex, Li and Sminchisescu [48]
reformulated non-convex MIL problems as convex ones by
optimizing on the likelihood ratio between the positive and
the negative class for each instance.

In this work, we derive a regressor to rank the hypotheses
of object contours, and hence consider multiple instance
regression (MIR) [49], [50], instead of the widely adopted
multiple instance classification. Each bag in MIR is associated
with a target value in the training phase. Ray and Page [49]
considered that a bag is well predicted if there is at least
one instance whose regression value is close to the target
value. On the other hand, Cheung et al. [50] designed their
MIR algorithm in the manner that a bag is well predicted
if the maximal regression value of all its instances is close
to the target value. The proposed AMIR adopts the criterion
by Cheung et al. because it fits well to our task. AMIR can
derive a robust regressor by taking not only labeled bags
but also labeled instances into account. Furthermore, with the
introduction of the smooth maximum function [34] to handle
instances with uncertain labels, AMIR can be more efficiently
optimized by simply applying the gradient descent methods.

III. PRELIMINARY

In the section, we first describe how to generate a set
of tight segments for an ROI (region of interest) of an
image or the bounding box of an object, since tight segments
serve as the common basis for information fusion in our
approach. Then, the notations and the problem definition are
given.

A. Multiple Tight Segment Generation

We apply the algorithm in our prior work [40] to generate a
set of tight segments (or contours hypotheses) for the bounding
box of an object. A segment is tight with respect to a bounding
box if it touches all the four sides of the bounding box. The
reason why we use tight segments is clear, since the bounding
box is the smallest rectangle covering the real object contour,
which must be tight. Our algorithm [40] adopts the bounding
box prior [30] to ensure the tightness of the yielded segments.
It also implements multiple image segmentations by seeding at
various scales and locations so that at least one tight segment
is close to the real object segment. This property is precious,
since it validates the use of MIL in our approach.

To better describe the procedure of multiple tight segment
generation, an example of a bounding box and some of the
yielded tight segments is given in Fig. 2. The bounding box
B of an object segment, the kitty in Fig. 2(a), is obtained by
four clicks. We then partition B into superpixels by the mean-
shift algorithm [19] for the sake of efficiency. The bandwidth
parameters in mean-shift are adjusted by binary search so

that about 50 superpixels are generated. Fig. 2(b) shows the
generated superpixels of B.

Apart from the property of tightness, the bounding box of
an object also provides additional hints for discovering the
enclosed object segment: (1) Its outside border gives strong
cues for identifying the background area within the bounding
box; (2) There exist a few subregions fully filled by the
object within the bounding box, and the appearance of these
subregions can be distinguished from that of background. If
we can retrieve one of the subregions, it will facilitate the
discovery of the object segment. We maintain the aspect ratio
and expand the bounding box by 10%. The background seeds
are the pixels between the bounding box and the expanded one,
i.e., those in the blue highlighted region in Fig. 2(a). On the
other hand, inspired by [32], [41], we sample multiple sets of
foreground seeds to account for the uncertainty of the locations
and scales of the subregions. To this end, one circular region of
foreground seeds is sampled in the centroid of each superpixel
with each of the five predefined radii. The cyan circles in
Fig. 2 are some of the sampled regions of the foreground
seeds.

Like [40], we generate one tight segment for each fore-
ground seed region. Specifically, a GMM (Gaussian mixture
model) f with five components is fit to the RGB color vectors
of the pixels in the foreground seed region. Similarly, GMM
b is fit for the background seed region. We use the two
GMMs f and b to construct the unary potential function,
which computes the likelihoods of each superpixel belonging
to the object and the background. On the other hand, a pairwise
potential function, a variant of the Potts model, is employed
to enforce the smoothness of the segmented object hypothesis.
Apart from the unary potential and the pairwise potential, the
bounding box prior [30] is introduced to constrain the solution
and ensure the tightness. It turns out that the object segment
hypothesis can be obtained by solving a series of linear pro-
gramming problems. The procedure is repeated for each of the
foreground seed regions. Some of the yielded tight segments
(red contours) as well as the corresponding foreground seed
regions (cyan circles) are shown in Fig. 2. Refer to [40] for
the details of multiple tight segment generation.

If the ground truth of the object segment, e.g., Fig. 2(c),
is given, the goodness or the score of each generated tight
segment, specified by label m, can be measured by

IoU(m, GT ) = |m ∩ GT |
|m ∪ GT | × 100 (%), (1)

where IoU (intersection over union) is known as the Jaccard
index; the binary mask m indicates each pixel of the bounding
box as either foreground or background; and GT is the ground
truth. Hereafter, we use IoU as the evaluation metric, and
estimate the accuracy of a segment by comparing it with the
ground truth. In Fig. 2, the accuracies of the 18 tight segments
in IoU are shown. It can be observed that seed regions of
foreground located within the object and with proper radii
often lead to satisfactory tight segments. Since the object must
appear in some location of the bounding box with a particular
scale, the seeding strategy discovers at least one tight segment
close to the ground truth with high chance.
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B. Problem Definition

Suppose a few contours as well as bounding boxes have
been annotated in the images of an object class, say cat.
We crop the ROIs of the contours as well as the bounding
boxes in the images. For ROIs of the object contours, we
denote them by L = {(Bi , GTi )}�i=1, where � is the number of
the contours. Bi is the ROI of the i th labeled object, while GTi

is the ground truth in form of the figure-ground map, as the one
shown in Fig. 2(c). As for the ROIs of the bounding boxes, we
have U+ = {Bi}�+u+

i=�+1, where u+ is the number of the positive
bounding boxes of the objects, and Bi is a positive bounding
box. Note that the ground truth of the object segment in U+ is
not available. Typically, we have much more positive bounding
boxes than labeled object contours, i.e., u+ � �. In most of
our experiments, we set u+ = 9�. For each ROI in L ∪ U+,
we partition it into superpixels by mean-shift, and generate a
set of tight segments by the aforementioned approach.

The proposed AMIR approach works with three kinds of
data, including labeled object contours, positive and negative
bounding boxes. We describe the three kinds of data, give the
notations, and specify the goal of this work in the following.

1) Object Contours: After generating the tight segments for
each (Bi , GTi ) ∈ L, we have (Bi , GTi ) = {(xi j , yi j )}Ni

j=1,
where Ni is number of the generated tight segments for the
i th labeled object, and xi j is the feature representation of
the j th tight segment, which will be described in Section V.
Since ground truth GTi is available, the goodness of segment
xi j , yi j ∈ [0, 1], can be computed via Eq. (1), and yi j will be
the target value for xi j in our regression problem.

2) Positive Bounding Boxes: By applying the tight segment
generation algorithm to each Bi ∈ U+, we have Bi = {xi j }Ni

j=1,
where Ni is the number of the yielded tight segments, and
xi j is the feature vector of the j th tight segment. Note that
the target value of xi j is not available due to the lack of ground
truth. Nevertheless, as we mentioned previously that at least
one tight segment is close to the ground truth, the maximal
regression value of {xi j }Ni

j=1 is supposed to approach 1. We
will exploit this property to regularize the learning of the
regressor, and alleviate the problems caused by insufficient
labeled training data.

3) Negative Bounding Boxes: While the object contours
in L and the positive bounding boxes in U+ are manually
labeled, the set of negative bounding boxes can be automat-
ically generated. Consider an image I from which one or
multiple positive bounding boxes are cropped. We randomly
sample a few bounding boxes in I, and consider a sampled
bounding box, say BN , as negative if there is no sufficient
overlap between BN and all the positive bounding boxes
in I. That is, BN satisfies the following criterion in our
implementation:

IoU(BP,BN ) ≤ 50%,∀BP in I, (2)

where function IoU is defined in Eq. (1).
There are often numerous bounding boxes that satisfy

Eq. (2) in I. In the empirical test, negative bounding boxes
with similar areas and aspect ratios to the positive bound-
ing boxes give the most information for contour inference.

Thus for each positive bounding box BP in I, we randomly
sample at most 30 negative bounding boxes with the same
size as BP . The procedure is repeated for each B ∈ U+.
The tight segments of each negative bounding box are also
compiled. It follows that a set of negative bounding boxes
is collected and can be represented as U− = {Bi}�+u++u−

i=�+u++1,

where Bi = {xi j }Ni
j=1 and u− � 30u+. Although the

tight segments of the negative bounding boxes don’t contain
complete objects, they hold effective information to identify
the bad tight segments generated from positive bounding boxes
owing to the common background (and the incomplete object
foreground).

Given L, U+, and U−, our goal is to learn a regressor f ,
which can effectively pick the most plausible tight segment for
each positive bounding box. Then the picked tight segments
are used in place of the manually drawn contours, and serve as
the training data in semantic segmentation for saving manual
annotation efforts. Thus, the goal of our algorithm is to predict
the goodness values of tight segments and pick up the one
closest to the unknown ground truth.

IV. THE PROPOSED AMIR APPROACH

The proposed AMIR approach jointly works with three
different sources of data, L, U+, and U−, and adopts tight
segments as the unified basis, upon which knowledge derived
from the three sources can be mutually transferred and ben-
eficial. AMIR performs least square fitting over the tight
segments in L, while carrying out multiple instance regression
for bounding boxes in U+∪U−. In this way, positive (negative)
bounding boxes are treated as positive (negative) bags with
their tight segments as unlabeled instances. Besides, the tight
segments in L are considered as the labeled instances, which
are used as augmented information in learning the regressor.

In the following, we first depict the least square fitting
over L. Then, multiple instance regression over U+ ∪ U− is
specified, followed by the derivation on how the regressor in
AMIR can be efficiently optimized by simply using gradient
descent methods. Finally, the tight segments with the highest
regression values in positive bounding boxes are selected and
used as training data for semantic segmentation.

A. On Least Square Fitting Over L

We first consider a linear regressor, f (x) = w	x + b, to
perform least square fitting over all the tight segments in L =
{(xi j , yi j )}�,Ni

i=1, j=1. For compact representation, we let xi j ←
[xi j 1]	 and w ← [w b]	 such that regression can be
represented as f (x) = w	x. The linear regressor f can be
derived by minimizing the l2-regularized squared error, i.e.,

w = arg min
w

λ1 J1(w)+ ‖w‖2, where (3)

J1(w) = 1

NL

�∑

i=1

Ni∑

j=1

‖w	xi j − yi j‖2 and NL =
�∑

i=1

Ni . (4)

In Eq. (3), ‖w‖2 is the regularization term that penalizes the
parameter set w with a large norm, and λ1 is a positive constant
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controlling the trade-off between the fitness and regularization
terms.

Steepest gradient descent is one efficient and effective way
to optimize Eq. (3) with derivatives

∂λ1 J1(w)+ ‖w‖2
∂w

= λ1

NL
2(X X	w − XY	)− 2w, (5)

where X = [x11 · · · xi j · · · x�N� ] ∈ R
D×NL is the instance

matrix where D is the dimensionality of the features, and
Y = [y11 · · · yi j · · · y�N� ] ∈ R

1×NL is the target value
vector.

We could use the learned regressor f in Eq. (3) to
regress tight segments in the positive bounding boxes, and
select tight segments with high regression values to serve
as training data for semantic segmentation. However, two
unfavorable effects may occur in this case, and lead to sub-
optimal performance. First, there are only a few data used
for deriving the regressor f . The learned parameters w are
hence at a high risk of overfitting. Second, if large intra-class
variation exists among the object segments in L ∪ U+, the
regressor f learned with L will not predict the tight segments
in U+ well. Unfortunately, it is usually the case in nowa-
days benchmarks of semantic segmentation, such as Pascal
VOC [29]. We have to address these two unfavorable effects
to ensure the quality of the selected tight segments.

B. On Multiple Instance Regression Over U+ ∪U−

We resolve the two aforementioned problems, overfitting
and large intra-class variation, by taking the bounding boxes
of U+ ∪ U− into account. First, the abundant bounding box
data can be exploited to guide and regularize the training
process of the regressor. It compensates for the lack of the
labeled training data, and alleviates the unfavorable effect of
overfitting. Second, our goal is to predict the goodness of tight
segments in positive bounding boxes. By introducing U+ into
the training process, the regressor is derived with the access to
the tight segments in U+. It will relieve the problems caused
by large intra-class variation, since the tight segments to be
predicted are included in the training process.

As mentioned previously, the bounding boxes and tight
segments in this case respectively meet the definitions of bags
and instances in multiple instance learning. Namely, at least
one tight segment in a positive bounding box is positive,
while all the tight segments in a negative bounding boxes are
negative. We formulate it as a problem of multiple instance
regression, and couple it with least square fitting. To begin
with, we define the regression value of a bag (bounding box)
Bi = {xi j }Ni

j=1 ∈ U+ ∪U− as

R(Bi ) = max
j

f (xi j ) (6)

= max
j

w	xi j . (7)

It is shown in Eq. (7) that the regression value of a bag
is the maximum of the regression values of its instances. For
each positive bag Bi ∈ U+, its regression value is supposed to
be close to 1. We adopt the log-loss function to enforce this

property in learning the regressor, i.e.,

J2(w) = 1

u+
∑

Bi∈U+
log (1+ exp (1− R(Bi ))), (8)

where u+ is number of bags in U+. The log-loss function
in Eq. (8) will penalize the positive bags whose regression
values do not approach 1. We here use the log-loss function,
instead of l1- or l2-error, because it is more robust to noisy
data and outliers. According to our empirical test, the log-
loss function gives much better performance than l1- and
l2-error in our approach to tight segment regression and
semantic segmentation.

For negative bags in U−, the loss function can be oppositely
designed as

J3(w) = 1

u−
∑

Bi∈U−
log (1+ exp (R(Bi )− τi )), (9)

where u− is number of bags in U−. As shown in Eq. (9),
the negative bags are penalized if their regression values are
not small enough. Note that we give an upper bound τi for
each bag Bi rather than force its regression value to approach
zero. We set τi as the highest overlap ratio between Bi and
a positive bounding box. Here the overlap ratio is defined as
the first term in Eq. (2).

By jointly considering positive and negative bounding
boxes, the induced optimization problem of multiple instance
regression in this work becomes

w = arg min
w

λ2 J2(w)+ λ3 J3(w)+ ‖w‖2. (10)

Notice that the max operator in Eq. (7) makes the optimization
problem in Eq. (10) non-differentiable, and gradient descent
methods are no longer applicable. It makes the coupling of
least square fitting over L and multiple instance regression
over U+∪U− difficult. To address this problem, we introduce
the softmax activation function (or the log-sum-exp trick) [34]
to give a differentiable surrogate of R(Bi ) in Eq. (7) by

R(Bi ) = max
j

w	xi j ≈ 1

γ
log

( ∑

j

exp (γ w	xi j )

)
, (11)

where the smoothness parameter γ is a positive constant,
and is used to control the degree of precision in approximation.
We use γ and the exponential function to scale up the values so
that the largest one dominates the rest. It can be verified that,
if γ is large enough, max j exp (γ w	xi j ) ≈∑

j exp (γ w	xi j )
and there is a unique maximum. By taking the log and dividing
both sides by γ , we have Eq. (11). Larger γ yields more
precise approximation, but may result in the overflow problem
in implementation. We empirically set γ = 2, which provides
sufficiently good approximation in our dataset. Hereafter, we
re-define R(Bi ) as the differentiable approximation in Eq. (11).

The optimization problem in Eq. (10) is now differentiable,
and can be efficiently solved by gradient descent methods.
In the following, we give the derivatives with respect to the
set of the optimization variables w. We start by showing the
gradients of R(Bi ), the common component in J2(w) and
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J3(w), as below:

∂ R(Bi )

∂w
=

∑

j

κi j xi j , (12)

where κi j = exp(γ · w	xi j )∑
j ′ exp(γ · w	xi j ′ )

. (13)

It can be observed in Eq. (12) that the derivative of R(Bi )
w.r.t. w is a convex combination of its associated instances.
The derivative of J2(w) is then derived by using the chain
rule, and we show it as follows:
∂ J2(w)

∂w
= 1

u+
∑

Bi∈U+

− exp(1− R(Bi ))

1+ exp(1− R(Bi ))
× ∂ R(Bi )

∂w
(14)

= 1

u+
∑

Bi∈U+

− exp(1− R(Bi ))

1+ exp(1− R(Bi ))︸ ︷︷ ︸
bag term

×
∑

j

κi j xi j

︸ ︷︷ ︸
inst. term

. (15)

The derivative of J3(w) with respect to w is similarly
obtained
∂ J3(w)

∂w
= 1

u−
∑

Bi∈U−

exp(R(Bi )− τi )

1+ exp(R(Bi )− τi )︸ ︷︷ ︸
bag term

×
∑

j

κi j xi j

︸ ︷︷ ︸
inst. term

. (16)

With the derivatives of J2(w) and J3(w), the problem of
multiple instance regression in Eq. (10) can be optimized by
simply using gradient descent methods.

The derivatives in Eq. (15) and Eq. (16) have intuitive
meanings. For a bag Bi in either Eq. (15) or Eq. (16), the cor-
responding derivative is the product of two terms: the instance
term and the bag term. For the instance term, it is a weighted
combination of all the instances in Bi . The weights {κi j }Ni

j=1
in Eq. (13) are non-negative, and sum to one,

∑
j κi j = 1.

The κi j grows exponentially as the regression value of the
j th instance increases. It indicates that the instance terms in
both Eq. (15) and Eq. (16) put emphasis on the instance with
the largest regression value in Bi . It is consistent with the
rationale of MIR, since instances with the largest regression
values in the bags are more relevant to the determination of the
regressor. On the other hand, the bag term of positive bag Bi

in Eq. (15) is negative, and that of a negative bag in Eq. (16)
is positive. While their signs control the directions in the pro-
cedure of gradient descent, the magnitudes of the bag terms in
both Eq. (15) and Eq. (16) show that the algorithm will focus
on the training bags that are not well predicted by the current
regressor w. Namely, the positive bags whose regression values
do not approach 1 or the negative bags whose regression values
are larger than the corresponding upper bounds. In brief, our
MIR part weights the bags as well as its instances in gradients,
and uses weighted data to conduct the subsequent learning.

By jointly considering the least square fitting over L in
Eq. (3) and multiple instance regression over U+ ∪ U− in
Eq. (10), the optimization problem of the proposed AMIR is
defined as

w = arg min
w

λ1 J1(w)+ λ2 J2(w)+ λ3 J3(w)+ ‖w‖2, (17)

where J1(w), J2(w), and J3(w) are given in Eq. (4), Eq. (8),
and (9), respectively.

Algorithm 1 AMIR Training Procedure

Algorithm 2 AMIR Test Procedure

Since all terms in Eq. (17) are differentiable, we use
steepest gradient descent to optimize AMIR for its simplicity.
The optimization variable w is set as the zero vector in
initialization, and the optimization is done until convergency
of the objective values. The parameters, λ1, λ2, and λ3, are
determined by five-fold cross validation in the experiments.

After completing the optimization of Eq. (17), we can pick
the most plausible tight segments in positive bounding boxes.
Specifically, for each Bi = {xi j }Ni

j=1 in U+, we pick its j∗th
tight segment, where

j∗ = arg max
j

w	xi j . (18)

We can complete the collection of a set of training data
D = L ∪ Ũ+, where L = {GTi }�i=1, Ũ+ = {T Si j∗ }�+u+

i=�+1,
and T Si j∗ is the picked tight segment in the i th positive
bounding box. D can then be used as the input to any of
the off-the-shelf semantic segmentation methods. The training
and test procedures of AMIR are summarized in Algorithm 1
and Algorithm 2, respectively.

V. TIGHT SEGMENT FEATURE REPRESENTATION

We give a brief introduction to the adopted features for
representing the yielded tight segments. The features are
roughly divided into two categories: the segment-level and the
pixel-level features. The segment-level features are designed to
characterize the mid-level structural and context information
regarding the segments. The pixel-level features instead cap-
ture the low-level visual cues of pixels within the segments,
and explore the distributions of local evidences. The two types
of features are complementary, and jointly adopted to account
for the appearance variation of object segments.
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Fig. 3. The IoU distributions of the best tight segments w.r.t. each of the 20 object classes. The edges of each box are the 25th and 75th percentiles, while
the red line indicates the median. Outliers are marked as red-cross signs. The green cycle denotes the median IoU of the baseline that treats full bounding
boxes as objects. The average number of the generated tight segments is given in parentheses.

A. Segment-Level Features

We implemented a set of segment-level features, most of
which are suggested in [32], for characterizing each tight
segment, including

• Percentage of boundary pixels (one dim): the ratio of the
number of boundary pixels to the number of foreground
pixels. It measures how complicated the shape of a
segment is.

• Boundary edge strength (one dim): the edge strengths
along the object contour. We used Canny edge detector
to evaluate the edge strengths of the pixels. A good
tight segment is supposed to have higher boundary edge
strength.

• Centroid (two dims): the normalized coordinates of the
mass center of the segment. Each object class may
have its own particular distribution of the segment
centroids.

• Major and minor axis length (two dims): we used an
ellipse to approximate a segment, and selected normalized
lengths of its major and minor axes as the features. They
measure the aspect ratio of a segment.

• Convexity and area (two dims): the ratios of the number of
foreground pixels to the area of the convex hull and to the
whole bounding box. They describe geometric properties
of segments.

• Foreground and background dissimilarity (three dims):
the dissimilarity is respectively measured by three kinds
of features, including RGB, SIFT [51], [52], and Tex-
ton [4], [14], [53]. By using the BoW (Bag-of-Words)
model with 500 visual words, a pair of histograms, one
for foreground and one for background, over the visual
words are generated for each feature. The χ2 distance is
employed as the dissimilarity measure.

In our implementation, MATLAB function regionprops
was used to extract the first four types of the segment-
level features, while the packages provided in [52] and [53]
were used to compute SIFT and Texton features, respec-
tively. We concatenate all the segment-level features into an
11-dimensional feature vector for each tight segment.

B. Pixel-Level Features

The segment-level features capture the global and struc-
tural properties of segments. They don’t make the most of
information provided by the associated bounding boxes. The
pixels outside the bounding boxes, i.e., the background pixels,
carry the rich information to identify background pixels inside
the bounding boxes, and are hence helpful for evaluating the
quality of a tight segment. To this end, we develop pixel-level
features to exploit this evidence.

For each bounding box, we expand its region by 50%
without changing the aspect ratio, and collect pixels that are
inside the extended bounding box but outside the original one.
A GMM model g is fit to the RGB features of the collected
pixels. The pixels within the bounding box are then sorted
according to their probabilities measured by g. Like [30], two
GMMs f and b are learned with the last 33% and the first 33%
of the sorted pixels respectively. The probability of each pixel
belonging to foreground and background can be estimated by
f and b, respectively. We compute the relative probability [32]
of pixel i as p(xi ) = ln(pf(xi )) − ln(pb(xi )). For each tight
segment of the bounding box, we can obtain its mean relative
probability by averaging the relative probabilities of all pixels
within the tight segment. The mean relative probability is then
taken as one feature of the tight segment.

To exploit other kinds of pixel features, the aforementioned
procedure is repeated by changing the pixel features from
RGB color vectors to SIFT [51], [52] and Texton [4], [14],
[53] respectively. Thus, for each tight segment, there are
totally three pixel-level features which are the mean relative
probabilities for RGB, SIFT and Texton.

To sum up, a tight segment is described by a 15-dimensional
feature vector, in which 11 dimensions are for segment-
level features, 3 for pixel-level features, and one additional
dimension for a bias term.

VI. EXPERIMENT RESULTS

We designed three sets of experiments to evaluate the
proposed approach on Pascal VOC segmentation task [29].
In the first experiment, we checked whether our approach can
generate at least a tight segment close to the ground truth
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Fig. 4. Several examples of the generated tight segments by our approach. (a) The bounding box of an object. (b) The ground truth. (c) The best tight
segment. (d) ∼ (i) Some of the other generated tight segments. The IoU of each tight segment is also reported.

TABLE I

THE MEAN IOU (%) OF THE INFERRED SEGMENTS BY VARIOUS APPROACHES ON PASCAL VOC SEGMENTATION TASK

in each positive bounding box, since the MIR formulation is
established upon this assumption. Second, AMIR was evalu-
ated by measuring the IoU scores of the tight segments picked
by the derived regressor. Third, we assessed if the picked
tight segments by AMIR can replace the manually labeled
contours in semantic segmentation, the underlying goal of this
work.

A. Dataset: Pascal VOC 2007

The Pascal VOC 2007 Segmentation Challenge is composed
of 20 object classes. Each object category contains about
30 ∼ 100 annotated objects, except the class of person,
which has 345 ones. The dataset consists of highly deformable
objects with large intra-class variation, and results in

substantial annotation costs for manual contour labeling. Thus,
it serves as a good test bed for verifying the effectiveness of
our approach. In view of that most segmentation algorithms
are often sensitive to image resolutions, we computed the
corresponding bounding box for each annotated object contour.
Then, we excluded the bounding boxes whose resolutions
are less than 2,000, and resized each of the rest to around
80,000 pixels, without altering their aspect ratios.

B. Experiment I: Multiple Tight Segment Generation

The effectiveness of multiple segmentation strategy lives
with the underlying assumption that there is at least one
tight segment close to the object segment. To inspect if this
assumption is valid, we cropped the bounding box of each
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annotated object segment in the training and validation sets
in Pascal VOC 2007, and generated a set of tight segments
for the bounding box using the approach in Section III. The
resulting tight segments are compared to the annotated ground
truth via Eq. (1). The IoU of the best tight segments indicates
the theoretical upper bound on the performance of our
AMIR method.

Fig. 3 depicts the distributions of the IoU scores of the
best tight segments for each of the 20 object classes using
MATLAB’s boxplot. The average number of the generated
tight segments in the positive boxes of each class is also
reported in parenthesis in Fig. 3. The number is with the
range between 52 and 367. The IoU of the best tight segment
for each bounding box certainly depends on the complexity
of object appearance and the foreground/background
discernibility. Nevertheless, it can be found that most bounding
boxes hold good tight segments with their median IoU higher
than 80%, except for those of the class bike. Even for bike,
the median IoU is still higher than 70%. The experiment
shows there is a good chance to find a satisfying tight segment
from the generated candidate set for each bounding box.
As a reference, we consider the baseline that treats the whole
bounding boxes as objects, and show the median IoU scores of
the baseline in Fig. 3. It is obvious that the baseline only works
well on the classes where objects can be approximated by
rectangles, e.g., bus and TV. The baseline performs poorly on
the rest.

Fig. 4 shows several examples of the object bounding boxes
as well as the generated tight segments by our approach for
visual assessment. The best yielded tight segments are given
in the third column. It can be observed that our approach to
multiple tight segment generation still works well even on
highly deformable objects with clutter background.

C. Experiment II: AMIR for Tight Segment Selection

The experiment II was designed to assess the quality of
the selected tight segments by AMIR. The proposed AMIR
learned a regressor for each of the 20 object categories
in Pascal VOC 2007 segmentation task. For each category,
randomly selected 10% of bounding boxes come with the
ground truth (object contours), i.e., L, while the rest were
treated as positive bounding boxes, i.e., U+, and their object
contours were assumed to be unknown. We randomly gener-
ated at most 30 negative bounding boxes around each positive
bounding box, and collected all the negative bounding boxes to
yield U−. AMIR was used to infer the object contour enclosed
by each positive bounding box. Similar to the experiment I,
the quality of the inferred tight segment is evaluated with
the IoU score. For performance comparison, we implemented
eight baselines of the following three categories.

Single image figure-ground segmentation. Methods in
this category perform figure-ground segmentation for contour
estimation by considering a positive bounding box at a time.
Specifically, we adopted the following four approaches, each
of which is denoted below in bold and in abbreviation:

• GrabCut: GrabCut [36] works with initial fore-
ground/background models. Here the foreground model

is initialized with the whole bounding box, while the
background model is fitted from the region outside the
bounding box.

• TS (Tight Segments): Following [30], bounding box prior
is integrated into figure-ground segmentation. It ensures
that the resulting foreground segment is tight with respect
to the given object bounding box.

• OP (Object Proposals): Endres & Hoiem [41] also pro-
posed a two-stage process, in which a set of object
proposals were produced. A pretrained regressor is used
to rank these proposals and pick the best one.

• FG (F-G Classification): The approach by Chen et al. [44]
estimates the background and various foreground priors.
Different contour hypotheses are generated by changing
the foreground priors, and the one that maximizes the
score of segmentation quality is selected.

Class-based object contour estimation. Methods of this
category work by considering all the bounding boxes of an
object class simultaneously. Thus, the class-specific knowledge
can be derived to benefit object contour estimation. Specifi-
cally, we implemented the following two approaches:

• DCCoSeg (Discriminative Clustering for Co-Segme
ntation): We implemented the discriminative clustering
algorithm by Joulin et al. [54] to jointly segment out the
objects enclosed by the positive bounding boxes.

• SVR (Support Vector Regression): Our prior work [40]
learns a regressor by considering both the object
contours and the positive bounding boxes at the same time
i.e., L ∪ U+. It formulates the task of object contour
estimation as a support vector regression problem.

The variants of AMIR. We consider two degenerate
variants of AMIR, and describe them as follows:

• LR (Linear Regression): The linear regressor solves the
optimization problem in Eq. (3), in which only data in
form of object contours, i.e., L, are considered.

• MIR (Multiple Instance Regression): The MIR regressor
solves the optimization problem in Eq. (10), in which
only data in form of bounding boxes, i.e., U+ ∪U−, are
considered.

We applied AMIR and the eight baselines to infer the object
contours in the positive bounding boxes for the 20 object
classes. For each method, Table I reports the mean IoU score
for each class and the average mean IoU score of all classes
(the second column). Because GrabCut, TS, OP, and FG, work
on a single bounding box where only restricted information is
accessible, they often result in suboptimal performance. On the
other hand, the two class-based methods, DCCoSeg and SVR,
give diverse IoU scores. SVR jointly utilizes labeled object
contours and object bounding boxes, and leads to good results.
DCCoSeg seeks object contours that share common appear-
ance. However, this assumption may not hold, since there exist
large intra-class variations in Pascal VOC. It is interesting
that LR and MIR achieve similar average mean IoU scores,
but their class-wise IoU scores are differently distributed.
It means object contours, used in LR, and bounding boxes,
used in MIR, often carry complementary information. The
proposed AMIR significantly and consistently outperforms LR
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Fig. 5. The IoU distributions of AMIR (displayed by boxplot) as well as the median IoU scores of other baselines.

Fig. 6. Inferred object contours and their IoU scores by various approaches. (a) Bounding box. (b) Ground truth. (c) GrabCut [36]. (d) TS [30]. (e) OP [41].
(f) FG [44]. (g) DCCoSeg [54]. (h) LR. (i) AMIR.

and MIR. It indicates that AMIR can effectively make the
most of both types of information, leading to promising results.
In addition, AMIR outperforms all baselines in terms of the
average IoU.

Fig. 5 shows the IoU distributions of the inferred
object segments by AMIR for the twenty object classes

(using MATLAB’s boxplot). Along with the distributions,
the median IoU scores of GrabCut [36], TS [30], OP [41],
FG [40], LR, and MIR are also plotted in Fig. 5. It can be
seen that AMIR performs best in most classes. For visual
assessment, Fig. 6 gives some of the inferred object segments
by various approaches. The object segments by AMIR are very
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TABLE II

THE NUMBERS OF DATA IN L , U+ , AND U− IN EACH OBJECT CLASS, TOGETHER WITH THE RUNNING (TRAINING) TIME OF AMIR

Fig. 7. The performances, average median and mean IoU scores over the
20 object classes, of LR and AMIR with different fractions of the labeled
object contours. The performance upper bounds, i.e., the IoU scores of the
best tight segments, are also given.

close to the ground truth no matter the objects are rigid or
highly deformable. This indicates that manual annotation can
be replaced with the inferred segments by AMIR with low
quality degradation but with high annotation cost reduction.

The quantitative and qualitative results in Table I, Figs. 5
and 6 are measured when 10% of the object contours in
Pascal VOC are used as L, and the bounding boxes of
the rest 90% form U+. We evaluated the performance of
AMIR with different fractions of labeled object contours. To
this end, we randomly divided the object contours in Pascal
VOC into two disjoint subsets. One consists of k% of the
object contours, and serves as L. The rest yields U+. We
respectively set k = 1, 3, 5, 10, 20, 35 and 50, and report
the performances of LR and AMIR in Fig. 7. As references,
the performance upper bounds, i.e., the IoU scores of the
best tight segments, are included in the figure. It can be
observed that AMIR consistently outperforms LR especially
when k is small. In addition, the performance of AMIR rapidly
converges with a small fraction, say 10%, of labeled object
contours.

The training time of AMIR, the running time of solving
Eq. (17), is reported in Table II. Since AMIR is trained class by
class, the numbers of labeled contours, positive and negative
bounding boxes of each class are also given in Table II.
The training of AMIR took less than 20 seconds in most
classes, because AMIR can be efficiently optimized by steepest
gradient descent. It is also worth mentioning that although
AMIR only slightly outperforms its prior work [40] in object
contour inference in the aspect of accuracy, AMIR gives a two
order speed-up in the training process.

We also tested the stability of AMIR by evaluating its per-
formance with different values of γ in Eq. (11). According to

Fig. 8. The performances, average median and mean IoU scores over the
20 object classes, of AMIR with different values of γ .

the results shown in Fig. 8, AMIR works stably, and is not
very sensitive to the value of γ . We used γ = 2 throughout
all experiments in the paper.

D. Experiment III: Semantic Segmentation

The experiment III aims to verify the effectiveness of
AMIR in acquiring training data for semantic segmentation.
To this end, the inferred object contours by AMIR and the
eight baselines were used as training data for two state-
of-the-art semantic segmentation algorithms [10], [17]. That
is, we used the automatically inferred object contours in
place of the manually labeled ground truth in Pascal VOC
segmentation task. For performance evaluation, the seman-
tic segmentation method [10] was trained 10 times respec-
tively with ground truth, the results of AMIR and the eight
baselines, and evaluated by the testing data, test, on the
Pascal VOC 2007 segmentation dataset. Table III reports
the quantitative results. Table IV reports results for another
semantic segmentation method [17].

It can be observed in both Tables III and IV that, compared
with the eight baselines, training with AMIR’s results gives
the best performance in semantic segmentation. AMIR also
achieves similar performance to training with ground truth,
i.e., 13.27 vs. 12.81 using [10] or 12.99 vs. 12.56 using [17].
It shows that AMIR can automatically infer object segments
enclosed by bounding boxes with sufficient quality. The exper-
imental results indicate that AMIR can be an effective alternate
for the manually drawn contours in the task of semantic
segmentation, and can save the expensive annotation cost. We
complete this section by showing some examples of semantic
segmentation in Fig. 9, for visually assessing the similar
segmentation quality using AMIR’s inferred object segments
and manually labeled ones for training.
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TABLE III

IoU SCORES (%) OF [10] ON PASCAL VOC SEGMENTATION TASK WITH TRAINING DATA GENERATED BY VARIOUS APPROACHES

TABLE IV

IoU SCORES (%) OF [17] ON PASCAL VOC SEGMENTATION TASK WITH TRAINING DATA GENERATED BY VARIOUS APPROACHES

Fig. 9. Some results by applying the method in [10] to semantic segmentation. The first two rows give the testing images and the ground truth, respectively.
The third and forth rows show the results by learning with manually labeled segments and with the object segments inferred by AMIR, respectively.

VII. CONCLUSION

With the aim to reduce the heavy annotation cost of
acquiring training data for semantic segmentation, we develop
an effective and efficient approach, AMIR, to automatically
infer the object segments enclosed by the bounding
boxes. The main contribution of this work is three-fold.

First, we propose to use training data for semantic
segmentation in form of a few contours and an abundant set
of bounding boxes, and formulate the estimation of the object
contours as a variant of the multiple instance regression
problem. Second, the proposed AMIR can jointly work with
three different data sources, including the labeled object
contours, the positive and the negative bounding boxes, and
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fuses the information of different sources in the basis of tight
segments. It performs least square fitting for the labeled tight
segments while carrying out multiple instance learning for the
unlabeled tight segments. It turns out that AMIR can resolve
the problems caused by the large intra-class variations, and
alleviate the unfavorable overfitting induced by the lack of
labeled contours. Third, the proposed framework has been
evaluated on a benchmark of semantic segmentation, Pascal
VOC 2007. The promising experimental results demonstrate
that the inferred object contours by AMIR are of high quality,
and can replace the manually labeled contours.
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