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Appendix A Related work
The related studies [1–3] of image pair based co-segmentation were introduced in detail in the paper [4].

Appendix B Additional information on the Method
In high-level semantic feature maps, “different channels represent different semantics” [5]. According to that, we used a Siamese

network to extract the high-level semantics of the image pair. The semantics of the two high-level feature maps with the same

channel in the Siamese network are the same. And they are independent of the color and texture features of the object. On each

channel, the location and size of the activated regions of the high-level semantics are different [5]. The definition of the receptive

field is the area size of each pixel on the output feature maps of the convolutional neural network mapped on the original image.

Therefore, activated regions of the features partly reflect the relative location of the object in the original image. The location

information of the object is crucial for target detection, tracking, and segmentation. Highlighting the center position of the features

on the same channel can help to obtain the location information of the common objects. In our core cross-correlation operation, the

feature maps extracted from the first image are regarded as the bases, while the subsampled feature maps extracted from another

image are regarded as the kernels of the depth-wise convolution. On each channel, we treated each pixel of the base as the center

to compute the similarity between the neighborhood distribution of the pixel and the convolution kernel. Ideally, when the center

positions of the two image features overlap, the similarity is high and the location of the pixel obtains a high activation value.

Besides, to solve the problem of the different sizes of common objects in the image pair, we subsampled the feature maps with

different scales to construct a feature pyramid. The whole operation did not change the number of feature channels. So every pair

of input base and convolution kernel is operated by depth-wise convolution instead of ordinary convolution. The difference between

them is shown in Fig. B1. Under a single convolution kernel, the final output of ordinary convolution is a feature map with a single

channel, while the final output of depth-wise convolution has the same number of channels as the input feature maps, because

the corresponding-element values between channels do not need to be added up in depth-wise convolution. A matching operation

on channels is needed to perform, and this matching operation should be a simple computation without introducing any learning

parameters, because that which channels are concerned with background and which channels are concerned with common objects

is not known. The process of depth-wise convolution only enhances the features with common objects.
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Figure B1 Under a single convolution kernel, the operation diagram of (a) ordinary convolution and (b) depth-wise convolution.

Our approach utilizes the Siamese network to extract high-level semantic features of the image pair in the encoder module.

First, the two branches of the Siamese network share the weights. Then, the depth-wise convolution cross-correlation operation is

used to mine the common information of high-level semantic features. Finally, the decoder modules generate the final segmentation

results by the up-sampling and convolution layers.

In our model, we generated two masks for the input image pair. During training, the loss function is defined as follows:

loss = lossA + lossB (B1)

where lossA and lossB represent the loss computed by the standard cross-entropy loss function for the input images IA and IB .
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Appendix C Experiments

Appendix C.1 Dataset

For the model training process, we used the same dataset as reference [2]. The training dataset was based on Pascal VOC 2012

image segmentation training dataset and made in the same way as the method in references [1, 2] to convert the original semantic

segmentation label into the label of image pair with the common objects. More than 160K image pairs were obtained as the training

dataset. For each image pair, there is at least one common object. To evaluate the proposed approach, firstly, 1449 images in

the Pascal VOC 2012 validation dataset were randomly divided into the validation dataset and the test dataset, which had 724

images and 725 images respectively; Secondly, we followed the same way of making the training dataset [1, 2] to make validation

and test datasets; Finally, the validation dataset contains 46973 image pairs and the test dataset contains 37700 image pairs. These

datasets contain not only RGB images but also pixel-level segmentation masks. The method proposed in this paper was tested

on the Pascal, the MSRC and the iCoseg test datasets. Note that the method was trained only once on Pascal VOC 2012 image

co-segmentation training dataset and then tested on the above test datasets.

Appendix C.2 Experimental details

The TensorFlow framework [6] was used to implement our network. In order to speed up the training, the VGG16 network was

pre-trained on the ImageNet dataset and BatchNorm layers were activated to normalize the input of each convolution layer so that

the input data could meet the assumption of independent and identical distribution, thus speeding up the convergence speed of the

model. After the VGG16 network was trained, the first 13 convolution parameters were extracted as the initial parameters of our

encoder network. Then the co-segmentation training dataset was used to train the whole network. Before training, the images of

each batch were randomly scaled, cropped, and rotated to achieve data augmentation and enhanced the generalization ability of

the model. During the training process, the size of each set of images was uniformly 513 × 513, so that the number of input image

pairs for each batch size could be set to 5. For the validation dataset and the test dataset, the images with original size were used

and one set of images was input for each batch. We used the Adam optimizer to update parameters, and since this optimizer could

change the learning rate in each epoch [7], a smaller fixed learning rate (1e-5) was used in this paper. The training dataset was

trained for 10 epochs, and the parameters were updated in about 335k steps. Our network was trained on a single GTX 1080Ti.

Figure C1 Co-segmentation effect on the PASCAL test dataset.

Appendix C.3 Experimental results

To fairly compare the effect of the methods, Jaccard index (J) is used as the evaluation metric. J is the intersection over the

union between co-segmentation result and the ground truth. The statistical results are expressed as percentages, and a higher

score means better performance. This section highlights the results of the best method in bold font. Experimental results of our

approach are collected and compared with the leading image pair co-segmentation methods in recent years within each dataset.

In the previous image pair co-segmentation studies, only [2] used and published segmentation results (it achieves 59.8% in terms

of J) on the Pascal test dataset containing 37700 pairs of images. Firstly, our method was tested on this dataset with the same

number of samples based on PASCAL VOC 2012, and achieves 73.6%, which is better than [2]. In addition, co-segmentation results

on the PASCAL test dataset are shown in Fig. C1. The odd column is the input images. The even column is the corresponding

segmentation results. The images in the two rows contain the common objects.

Figure C2 Co-segmentation effect on the MSRC test dataset.
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Table C1 Compare with other image pair co-segmentation results on the MSRC test dataset.

Method J Method J

*Li2018 [1] 82.9 *Chen2018 [2] 77.7

*Banerjee2019 [3] 85 *Chen2021 [4] 85.9

∗Ours 86.7

Figure C3 Co-segmentation effect on the iCoseg test dataset.

Secondly, the effectiveness of our approach was verified on the MSRC test dataset [8] as shown in Table C1. Our approach

achieves the best result in the Jaccard index, which is 1.7% better than the result of the second-best method. During the training

process of the second-best method [3], except for the segmentation masks of the images, extra supervision information is needed to

determine whether the input image pair contains the common objects. Moreover, the method [3] cannot adapt to any size input,

so the original input image size should be unified first if this method is used. Co-segmentation results on the MSRC test dataset

are shown in Fig. C2.

Table C2 More detailed comparison with other co-segmentation results on the iCoseg test dataset.

iCoseg *Li [1] *Chen [2] *Chen [4] *Ours

bear2 88.7 88.3 90.1 91.4

brownbear 91.5 91.5 92.4 92.4

cheetah 71.5 71.3 89.9 87.7

elephant 85.1 84.4 85.5 91.5

helicopter 73.1 76.5 86.5 83.6

hotballoon 91.1 94 70.9 95.6

panda1 87.5 91.8 92.3 91.6

panda2 84.7 90.3 86.7 85.7

average 84.2 86 86.8 89.9

Finally, to verify the generalization ability, the iCoseg test dataset [9] was used for testing. It was initially used for interactive

image segmentation, and then gradually used to test the effect of image co-segmentation. The test dataset contains 8 classes: bear2,

brownbear, cheetah, elephant, helicopter, hotballoon, panda1, and panda2. These classes are new and have never appeared in the

training dataset. As shown in Table C2, compared with the state-of-the-art methods, our approach achieves the best performance in

the Jaccard index, and our approach has achieved the best results in most classes. By comparing the images of the training dataset

with the images of these eight new classes, we find that most of these new classes can find similar classes in the training dataset. We

extract similar features through the encoder network and then highlight the spatial position information of the activated regions

in each channel through the cross-correlation operation, which can improve the model’s generalization ability. Co-segmentation

results on the iCoseg test dataset are shown in Fig. C3.
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