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Dear editor,

Co-segmentation aims to segment objects with the same se-

mantic information that simultaneously appears in two or

multiple images. Vicente et al. [1] proposed the definition of

object co-segmentation, i.e., “The task of jointly segmenting

‘something similar’ in a group or a pair of images is com-

monly referred to as co-segmentation”. Co-segmentation

pays attention to something that should be “objects” with

the same semantics rather than other backgrounds in the

images. For example, the common objects should be ele-

ments such as people, birds, cars, rather than background

elements such as grass, curtain, sky. In contrast to seman-

tic segmentation, co-segmentation employs common object

information among images to produce segmentation. In co-

segmentation, common information generally refers to the

same semantic category, while the appearance and context

of the common item in the image collection may be differ-

ent. The co-segmentation task is challenging because it sim-

ply considers whether a given collection of images contains

common objects.

Image co-segmentation methods can be divided into two

categories [2]: image co-segmentation without deep learn-

ing and image co-segmentation based on deep learning. The

deep learning method can extract high-level semantic fea-

tures from images, considerably compensating for the flaws

of hand-crafted features and completing the task of im-

age co-segmentation more effectively. However, most deep

learning-based co-segmentation algorithms to date have

lacked depth mining of co-occurring information.

Unlike learning local features only by the convolutions,

the attention mechanism [3, 4] uses a nonlocal mean fil-

ter to learn the relationship between long-distance pixels.

The attention mechanism obtains the weight of all pixels by

computing the similarity between each pixel and all global

pixels, which has some noise reduction effect on irrelevant

higher-level semantic information. From a channel stand-

point, this attention method computes all channels at each

pixel location as feature vectors. As a result, we developed a

cross-correlation module that reduces the complexity while

highlighting the location of common objects through the op-

eration between channels.

Model framework. Our approach deeply explores the

common semantic information between a pair of input im-

ages, thereby improving the segmentation effect of common

objects. Figure 1 shows an overview of our framework, where

C represents the cross-correlation operation based on pyra-

mid features. The input is a pair of images IA and IB . It

should be noted that during the training process, IA and

IB are preprocessed to a uniform size of 513×513, and dur-

ing the testing process, IA and IB can be in any size. IA
and IB are processed by the Siamese encoder to obtain the

corresponding high-level semantic feature maps fA and fB .

Then, fA and fB are used as the inputs of C. C is the cross-

correlation module. The output of light red C is FA, and the

output of light blue C is FB. Then, we concatenate FA and

fA, FB and fB , respectively, to get the high-level semantic

feature maps as the input of the Siamese decoder, and fi-

nally the masks MA and MB are obtained by the Siamese

decoder.

Cross-correlation module. Different channels represent

different semantics in high-level semantic feature maps,

which are normally independent, and the same class of ob-

jects will show higher activation values on the same chan-

nel [5]. Therefore, for common objects in the input image

pair, they will show high activation values on the same chan-

nel. According to the receptive field concept, each position’s

activation value in a high-level feature map is associated

with the original image’s corresponding area. Therefore, the

common objects in the image pair have three characteristics

on the same channel. (1) They have the same semantic. (2)

The positions of the active regions are different due to the

varied placement of the common objects. (3) The sizes of the

activated regions are different due to the arbitrary sizes of

the image pair. To take advantage of characteristic (1), the
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Figure 1 (Color online) Overview of our co-segmentation method based on pyramid features cross-correlation.

cross-correlation operation uses the depth-wise convolution

for the high-level feature maps and performs the convolu-

tion operation on each channel. Channel fusion operation of

common convolution does not exist in the depth-wise convo-

lution. For characteristic (2), since the common objects may

exist in any position of the image pair, the activated regions

corresponding to the channel may appear in any position. In

the cross-correlation operation, we regard the high-level fea-

ture maps of the first image as the bases and down-sample

the second image to k × k pixels as the convolution kernel.

Then, we use this k× k convolution kernel to convolve with

the bases to compute the global correlation between the first

image and the high-level features of the second image. For

characteristic (3), the size inconsistency of the common ob-

jects is taken into consideration, and the feature pyramid is

built by setting different subsampling sizes for the high-level

semantic features of the convolution kernel to make the size

of the activated regions on each channel of the two high-level

semantic feature maps closer. When the centers of the two

regions overlap, the correlation of the two regions may be

higher, which helps to highlight the center position of the

activated regions.

The cross-correlation operation based on the feature map

fA has the following mathematical description:

f ′

A = ϕ1(fA), (1)

Si

B
= φ(ϕ1(fB); ki), (2)

f̄A =
1

m

m∑

i=1

L2(S
i

B) ⊗ f ′

A, (3)

FA = ϕ2(f̄A), (4)

where ϕ1 is a 1 × 1 convolution layer without activation

function; ki is the size of the i-th pyramid feature map and

ki ∈ {11, 15, 19}; L2(·) denotes L2 normalization; φ(·; ki)

means to use bilinear interpolation to the feature maps and

subsample them to the size ki×ki; m is the number of pyra-

mid layers; ϕ2 is a 1×1 convolution layer with the activation

function ReLU.

Additionally, we can use the above operational procedure

to conduct the cross-correlation operation based on the fea-

ture map fB by exchanging the two inputs of the cross-

correlation module. The output of the cross-correlation op-

eration is recorded as FB ∈ R
h2×w2×c. Then, we put FA

and FB into their respective decoding branches to obtain

the final segmentation results.

Conclusion. In this study, we propose an end-to-end

deep learning method to accomplish image co-segmentation

pair-wise. The Siamese encoder network is used to extract

the high-level features. The core cross-correlation module is

based on depth-wise convolution, which models the common

semantic information between images from the perspective

of feature similarity matching on each channel. And this

module can highlight the center position of the high-level

features of common objects. A multi-scale feature pyramid

is constructed to improve the model’s adaptability for ob-

jects of different sizes. We conducted the experiments on

several public datasets. The experimental results show that

our approach achieves state-of-the-art performance and can

well accomplish the image co-segmentation task. Addition-

ally, several groups of ablation experiments are designed to

show the segmentation effect under different hyperparam-

eters. The results show a good effect based on the cross-

correlation operation of the pyramid features. Please see

Appendixes A–C for details.
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