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Abstract—Weakly supervised semantic segmentation aims at
segmenting images by image-level labels. The existing methods
try to train an end-to-end CNN network, which needs to handle
multiple classes that is difficult. In addition, the existing methods
are sensitive to the image-level cues such as discriminative
regions and the pseudo-annotations. To avoid these drawbacks,
this paper proposes a new strategy, which first obtains the
foregrounds of each class by multiple group cosegmentation, and
then combines the results to form the semantic segmentation.
In our method, three new aspects are considered. 1) we solve
semantic segmentation by each class that is easy to handle. 2) we
extract discriminative regions more globally by context analysis.
3) we learn local-to-global segmentation network to segment the
object from local discriminative priors. A new CNN network for
multiple group cosegmentation is proposed. Two subnetworks
such as global context based discriminative region extraction
network and local-to-global segmentation network are designed.
A simple combination method based on the discriminative map
is proposed to finally obtain the semantic segmentation results.
We verify the proposed method on Pascal VOC dataset. The
experimental results show that the proposed method can obtain
mIOU value 0.563 and 0.603 (without CRF post-processing) on
the validation and test dataset that outperforms many existing
weakly supervised semantic segmentation methods.

Index Terms—Weakly Supervised Semantic Segmentation, Im-
age Segmentation, Discriminative Region Extraction

I. INTRODUCTION

Weakly supervised semantic segmentation uses image-level

labels to segment semantic regions, which is a challenging

task. Several deep learning based weakly supervised semantic

segmentation methods have been proposed. These methods can

be classified into two classes: one-stage based and two-stage

based methods.

One-stage-based method [1]–[4] solves semantic segmenta-

tion by constructing end-to-end CNN network. The discrimina-

tive regions are used as the object priors, which is the essential

step for the successful segmentation. Researchers paid much

attention on designing efficient losses that lead to better

discriminative priors. Several useful losses by the image-level

labels are proposed. The results show that the discriminative

regions can be captured well by CNN network. Two-stage-

based method solves weakly supervised semantic segmen-

tation by two steps. The first step automatically generates

the pseudo-annotations from images with image-level labels.

The second step then learns the semantic segmentation model

by the pseudo-annotations. Better results can be obtained

by the two-stage-based method since more annotations are

used. Meanwhile, generating sufficient and accurate pseudo-

annotations is a challenging task. Several types of pseudo-

annotation generation strategy have been proposed [5], [6],

such as the generation by simple images, user interactions,

and web videos. It is verified that the semantic regions can be

successfully segmented once the pseudo-annotations are well

enough.

The existing weakly supervised semantic segmentation

methods can be considered as the modification of fully su-

pervised semantic segmentation by replacing the pixel-level

annotation with the image-level annotation. Due to the rough

priors provided by the image-level labels, the existing methods

have two challenging problems. Firstly, the discriminative

priors captured by the CNN networks are usually the local

parts rather than the entire objects, which leads to the under

segmentation of the objects. Secondly, the existing methods

are sensitive to the quality of the pseudo-annotations, while

the generation of good pseudo annotations by weak image-

level label is still hard to be guaranteed. It is useful to generate

discriminative priors with more global cues, and is also useful

to avoid the process of pseudo-annotation generation.

This paper proposes a new and simple strategy to accom-

plish the weakly supervised semantic segmentation by coseg-

mentation, which first divides the images into multiple classes

by the image-level labels, and then generates the common

foregrounds of each class by multiple group cosegmentation.

Finally, the cosegmentation results are combined according to

the image labels of each image to form the final results. To

978-1-5386-4458-4/18/$31.00 ©2018 IEEE

Authorized licensed use limited to: University of Electronic Science and Tech of China. Downloaded on June 24,2021 at 09:29:19 UTC from IEEE Xplore.  Restrictions apply. 



fulfill the semantic segmentation, a new multiple group coseg-

mentation is proposed. Two cues such as the discriminative cue

inter group (to describe both the intra-class common priors

and inter-class discriminative priors), and the local-to-global

segmentation cue (to segment object from local priors) are

considered. A corresponding CNN network for multiple group

cosegmentation is constructed, where two subnetworks such as

the discriminative region generation network by considering

global context, and local-to-global segmentation network by

segmenting global region from local prior are proposed. A

simple fusion method based on the discriminative map is

proposed to finally generate the semantic segmentation results.

We verify the proposed method on Pascal Voc 2012 Dataset.

The experimental results show that the proposed method can

obtain 0.563 and 0.603 mIOU value on the validation and

test dataset without CRF post-processing, which is superior to

many existing methods.

II. THE PROPOSED METHOD

A. Overview of The Proposed Method

The flowchart of the proposed method is shown in Fig. 1,

where the proposed method consists of two steps: multiple

group cosegmentation step to generate initial foregrounds for

each class, and the fusion step to generate the semantic

segmentation from the initial foregrounds.

The essential step is the cosegmentation step. Here, we

employ multiple group cosegmentation, because it can obtain

better segmentation results by capturing various cues from

single image, multiple images, and multiple groups. However,

the existing multiple group cosegmentation methods are based

on single class, while multiple classes are considered here.

Therefore, we extend the multiple group cosegmentation to

multiple classes, and propose a new multiple image group

cosegmentation to fulfill our semantic segmentation task.

B. Multiple Group Cosegmentation Step

The multiple group cosegmentation is built by three consid-

erations. 1) The discriminative regions that carry the segmen-

tation cues inter and intra image groups are considered. 2) The

method of capturing more global discriminative information is

considered. 3) The segmentation from local part prior to global

object is also considered to help the segmentation of global

objects.

Based on the three considerations, the proposed multiple

group cosegmentation network is shown in Fig. 1, which

consists of two steps. The first step generates discriminative

probability map from image classification network. The second

step then sends the discriminative map and the original image

into the local-to-global segmentation network, and obtains the

segmentation results. The segmentation results are then used

as new discriminative map to update the segmentation results

further. The two processes are iteratively implemented until

the convergency of the segmentation.

1) The Discriminative Probability Map: The discriminative

probability map contains the probability value of each pixel

belonging to the discriminative region. It is used to describe

the cues inter and intra image classes, where the cue inter

class is the regions that distinguish different classes, and the

cue intra class is the common regions within a class. The

two cues are the critical information to model cosegmentation.

Here, we generate the discriminative probability map by the

classification strategy, i.e., using the rough image-level labels

to first learn the CNN-based classification model, and then

extracting the discriminative probability map from the CNN

network by the back propagation. Here, a new generation

method for discriminative probability map is proposed. Our

idea is to use the context information to generate more global

discriminative regions, which is verified to has the capability

of improving the final semantic segmentation results by our

experiments.

Our purpose is to extract the discriminative region more

global. The traditional methods consider one class cue for

back propagation. However, one class cue is easily to result in

a local solution that is enough to distinguish the objects. Here,

we consider the discriminative cues of all foreground classes

and the background to generate the discriminative region of

one class, i.e., the context information around the object is also

considered. In our discriminative region extraction network, a

1 × 1 Conv layer is added after the convolution process to

transform the feature map into the first discriminative map.

Two branches are then connected. One is the GAP layer

that transforms the discriminative map to the classification

scores. It is used to force the extraction of discriminative

regions. The other is comprised of three sub-branches: two

residual branches, and one BN and Relu branch. We use a

1 × 1 Conv layer and a 3 × 3 Conv layer each with a Batch

Normalization layer to form the two residual branches, with

the purpose of integrating different scales. The three branches

are then added to generate the second discriminative map. We

also use a GAP layer to convert the second discriminative

map into classification scores. After training the network by

classification task, the second discriminative map is then used

as the discriminative probability map directly.

2) The local-to-global segmentation network: Local-to-

global segmentation network aims at segmenting object from

the priors that may be a part of the object. We design the

local-to-global segmentation network based on FCN semantic

segmentation model, but some essential improvements are

performed. First, we change the input as (Ii,M
′) that is a

combination of the image Ii and its discriminative map M ′.
The inputs are then sent into the convolutional neural network

for the feature extraction. VGG-16 network is used as the

backbone network. Finally, we change the output to be a binary

segmentation layer.

Since we lack pixel-level annotations for test images, and

we hope to generate a general foreground segmentation net-

work that can be used in widespread applications, we use

the existing weak-related pixel-level annotations to train the

local-to-global network. Here, the local-to-global segmentation
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Fig. 1. The flowchart of the proposed method. The proposed method consists of two steps: the multiple group cosegmentation step and the fusion step. The
first step is comprised by two subnetworks, i.e., discriminative region generation network, and the local-to-global segmentation network.

network is trained by considering all the classes in the COCO

dataset except the 20 classes in the Pascal Voc dataset. It is

proofed by the experimental results that such local-to-global

segmentation network has a good generalization to the new

classes.

3) The iteration of the local-to-global segmentation: Based

on the initial segmentation results, we use the initial results

as the new discriminative map, and re-implement the local-

to-global segmentation to obtain better segmentation results.

Similar to EM algorithm, such two processes are iteratively

implemented until the convergency of the segmentation results.

C. The Fusion Step

After obtaining the foregrounds by the multiple group

cosegmentation, we next fuse these foregrounds to generate

the final semantic segmentation. The details can be found

in Fig. 1. Specifically, given an image and its labels such

as “Person” and “Train”, the initial discriminative probability

maps Mperson and Mtrain are first obtained in the coseg-

mentation step. Then, the foregrounds Fperson and Ftrain for

“Person” and “Train” obtained by local-to-global segmenta-

tion are then classified into non-overlapping region Rc and

overlapping region Ru. The pixels in non-overlapping region

have unique labels that can be used directly as the labels

Lc of semantic segmentation result. The overlapping regions

have multiple labels, and need to determine further. Here,

we simply compare the probability values of the overlapping

pixels in Mperson and Mtrain, and select the labels of larger

value as the semantic segmentation results. In Fig. 1, such

determination is implemented by the max operation on the

Mperson and Mtrain. By denoting the semantic segmentation

result of overlapping regions as Lu, the semantic segmentation

results are finally obtained by combining Lc and Lu simply.

III. EXPERIMENTAL RESULTS

A. Dataset

We verify the proposed method on Pascal Voc 2012 dataset.

All the images in the validation and test dataset are used. The

training dataset is also used to generate the discriminative map

of the validation and test dataset. The ground-truths of the

validation dataset and the evaluation website of Pascal Voc

2012 are used to calculate the objective results.

B. Experimental Setup

We train our discriminative region extraction network by

considering all image classes, i.e., 20 classes in Pascal Voc

Dataset. For the images of validation and test dataset, the

images in train dataset are also used to train the model and to

generate the discriminative probability map.

The local-to-global segmentation network is trained from

the training images in COCO dataset. The images of the rest

60 classes apart from the 20 classes in Pascal Voc dataset are

used for the training, i.e., the training data does not contain any

images belonging to the 20 class in VOC dataset. The training

dataset is constructed by the original images, the foreground

probability maps generated from groundtruth and gaussian

filtering, and the groundtruth. We set the iteration number of

our local-to-global segmentation as two empirically.

C. Subjective Results

Some semantic segmentation results are displayed in Fig.

2. The original images with one class tag, the discriminative

maps by the proposed discriminative region extraction net-

work, our semantic segmentation results and the ground-truths

are displayed. Some images contain multiple object instances

such as the second and the fifth images. It is seen that our

method successfully segments the semantic regions from these

images.

More semantic segmentation results are displayed in Fig.

3, where the images with two class tags are shown. The

original images, the two discriminative maps by the proposed

discriminative region extraction network, the corresponding

segmentation results by the proposed local-to-global segmen-

tation, our semantic segmentation results and the ground-truths

are displayed. It is seen that our method performs well on these

images that contain more than one class.

D. Objective Results

We next display the objects results, where the intersection-

over-union (IOU) value that is usually used to measure the
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Fig. 2. The original images with one class tag, the discriminative probability
map by the proposed discriminative region extraction network, our semantic
segmentation results, and the groundtruth are displayed.

Fig. 3. Our semantic segmentation results on images with two class tags.

semantic segmentation method is used for the verification.

The IOU values by our method on both the validation and test

dataset are displayed in Table I. The mean IOU values (mIOU)

over 20 classes are shown. The mIOU values by several

recent weakly supervised semantic segmentation results are

also displayed in Table I for comparison. It is seen that our

method obtains 56.3 and 60.3 for the validation set and test

set respectively, which is better than the existing methods.

Note that CRF post-processing is not used in our method. This

further demonstrates the effectiveness of the proposed method.

TABLE I
THE MIOU VALUES ON PASCAL VOC 2012 DATASET

Method CRF Validation Test

SEC [7] Yes 50.7 51.7
TransferNet [4] Yes 52.1 51.2

C-BT-S [1] Yes 52.8 53.7
Built-in [8] Yes 44.8 45.8

Two-Phase [9] Yes 53.1 53.8
Multi-Evidence [10] Yes – 55.6

Adversarial Erasing [11] Yes 55.0 55.7
TMWL [12] Yes 55.3 56.8

Ours No 56.3 60.3

IV. CONCLUSION

This paper proposes a new weakly supervised semantic

segmentation strategy, which first obtains foregrounds of each

class by multiple group cosegmentation, and then combines the

cosegmentation results to obtain the semantic segmentation.

A new multiple group cosegmentation based CNN network is

constructed. Two new subnetworks such as the discriminative

region extraction network and the local-to-global segmentation

network are proposed. A simple combination method based

on the discriminative map is finally proposed to generate the

semantic segmentation. The proposed method is verified on

the Pascal VOC dataset. The experimental results demonstrate

the effectiveness of the proposed method.
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