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Abstract: the current popular contrast self-supervised pre-training method is mainly more
suitable for the downstream task of global image classification, and for image segmentation of
spatial information demanding intensive prediction task, the effect is not satisfactory, so we
proposed a multi-scale contrast learning based on image segmentation model, the method in the
global, local and pixel three contrast learning, fill the gap between self-supervised pre-training and
intensive prediction task. The method for the problem of limited annotation data, efficient use of a
small amount of annotation data, data through color enhancement, and then use multiscale
contrast loss function training can accurately extract the image features of training model, the
training model can in image segmentation this task, according to different specific tasks, fine-tune
the overall segmentation network. We demonstrate the effectiveness of the proposed training
strategy using the Cityscapes and PASCAL VOC 2012 segmentation datasets. Our results show
that pre-training with the proposed contrast loss can achieve high performance gain for the
intensive prediction task of image segmentation with limited amount of labeled data,

outperforming existing technical methods.
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1. Introduction

Image segmentation is an important research task in the field of computer vision and plays an important
role. Image segmentation is a pixel-level classification of the image into several different sub-regions. Among
them, the pixels in the same area have a certain correlation, and there are certain differences in the different
areas of the pixels, that is, the process of giving the same label to the pixels with the same nature in the picture.
Image segmentation technology is widely used in intelligent security, driverless vehicles, satellite remote
sensing, medical image processing and other fields. Because the accuracy of segmentation will affect the

effectiveness of subsequent image analysis, recognition and other tasks, so it is of great significance.

Image pre-training (Pre-train) refers to a model pre-trained model in image processing tasks or the process

of pre-trained model, which has been widely used in the field of computer vision in recent years. Since the
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datasets that people have are small scale, it is difficult to train a CNN network from scratch, so the general
operation is to train a model on a large dataset and then fine-tune some of the parameters of the model on their
own tasks. The pre-trained model allows us not to repeatedly train large-scale models and can rely on less data,
saving us a lot of time and computational resources. By training on the ImageNet dataset, many pre-trained
models were generated, including LeNet-51"7. AlexNet?? . GoogLeNet’l. VGG-16M4. VGG-19"And

ResNet-5001Such as network model.

Contrast learning is a self-supervised learning method for learning the general features of a dataset by
letting the model learn which data points are similar or different without labels. By maximizing the difference
between positive samples (the corresponding samples in the input and target modes) and negative samples (the
randomly selected samples in the input and target modes), contrast learning enables the backbone network to
distinguish related and irrelevant samples, so as to better serve downstream tasks. Due to the outstanding
performance of contrast learning in the field of self-supervised learning, in recent years, more and more
researchers have applied contrast learning to pre-training tasks, fully utilizing contrast learning to improve the
ability of backbone networks to distinguish between relevant and irrelevant samples, thus improving the

performance of downstream tasks.

At present, most of the mainstream image segmentation pre-training techniques are supervised learning
methods, which rely on manually annotated labels, and the information provided by the data itself is richer than
sparse labels. The pre-training model using supervised learning methods cannot include comprehensive data
features. Therefore, in order to solve the above problems, this paper proposes a pre-training method combined
with multi-scale contrast learning, by extracting the original image and enhance the image of multi-scale
contrast loss, so as to use multi-scale contrast loss, in the case of limited marker data can also efficient training

network, improve the performance of the image segmentation model.
2. Related work

2.1 Contrast learning

After Turing Award winner Yann Lecun delivered a lecture on contrast learning in AAAI 2020, contrast
learning technology became one of the most popular ideas in self-supervised learning. The core idea of contrast
learning is to learn the high-dimensional features of samples by comparing positive and negative sample pairs!®,
Specifically, the input is expressed as a feature vector in parameter form, and close the distance between positive
samples in the feature space while making the distance as far as possible, so as to achieve the goal of
distinguishing different inputs. The positive sample pair is the sample associated with the input data, such as
taking the input enhanced by the data as the positive sample, while the negative sample is any data within the
batch that is unrelated to the current input. Compared to generative learning treating each pixel equally, contrast
learning treats a portion of the input data as a more important representation and weights it when encoding!”,
This makes contrast learning learned features facilitate downstream classification tasks including target

detection, image segmentation and more!®,

In contrast learning, the design of agent tasks!®’ And the amplification of the negative sample library!'%s the

key to determining the performance of this model. Early contrast learning is mainly end-to-end, where
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InstDiscl!IThe negative sample library is expanded by establishing the form of memory bank, while the later
Moco series chooses to establish a momentum update queue to ensure higher computing resource utilization.
Other work has explored the comparative learning methods that compare the model performance to the batch
size solution corner, such as BYOL!?, SimSiam(!*); And CMC that improve performance by increasing mutual

information'YOther methods such as.
2.2 Image segmentation and pre-training

Pre-training is a very important step in computer vision. Usually, when we train a classification,
segmentation, or detection model, we will load a pre-trained backbone network, which can speed up the training
of downstream tasks. The pre-trained agent task is usually the image classification task, and transferring the
trained backbone network directly to a pixel-level task such as segmentation may lead to inter-task migration
difficulties. Pre-training usually retains only the backbone network, and the decoder of the image segmentation

model is randomly initialized, which may also lead to the instability of the network structure.

With the development of deep learning in the field of computer vision, a variety of pre-training methods for
semantic segmentation have been proposed. These methods can be divided from the following aspects, from the
pre-trained network structure can be divided into pre-trained encoder and decoder or only encoder. From the
pre-trained agent tasks can be divided into image-level global tasks and pixel-level local tasks. The pre-training
method can be divided into supervised pre-training and unsupervised pre-training. The specific method is like
for the slices at different positions of the same image, to restrict the consistency of their original position
characteristics!'*l. You can also randomly crop two kinds of an image, paste the cropped image as a foreground
on two different background pictures, and train the network to produce consistency on the foreground features
of different synthetic images!'®l. Such pre-training methods are all restricting the invariance of the model on the
pixel-level features of the same position. Pre-trained datasets are pretrained using large publicly available
datasets such as Imagenet or only some dedicated image semantic segmentation datasets!!”"Then the image

segmentation task.
3 Methods

IHua,hHn' = f (Dh! = f(I) This paper proposes a pre-training method for image segmentation based on
multi-scale contrast learning. Given the original image and its color enhanced image, the image pair input, and
then uses the feature extraction network to feature extract the image, i. e., the feature extraction network here
can be ResNet or any other mainstream feature extractor. The acquired image feature pairs are mapped to higher
order representations by projection heads at different scales, and contrast learning on three global, local and

pixel scales.(h!, h1)

Figure 1 shows the overall network framework of this paper. The method proposed in this paper combines
three scales of contrast loss to pre-train the network: (1) global contrast loss, (2) local contrast loss, and (3) pixel
contrast loss.L, L, L,,
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Figure 1. Overall network structure diagram
.1 3 for global-and local-based contrast learning

For general contrast self-supervised algorithms, it is based on global feature contrast learning. Specifically,
color enhancement of the image gives a pairl!”), Then the features are extracted by the feature extraction network,
and then the global contrast loss is calculated through the global projection head. The global projection head
here consists of a global pooling layer and two fully connected layers, and the global contrast loss is expressed

as:

exp(z' - z} /1)
exp(z! - zL) + X5 exp(z! - zL /1)

L, = —log

z! sz;szepresents features of the current image, positive sample pair image features of the current image,
and negative sample pair image features of the current image. Using the contrast loss function will close the

positive key while pushing it away from other negative keysz!zL[18],

k!l € REPXWXKpl ¢ RHXWXK However, the contrast learning based on local features improves the above
framework, and the main difference is that the algorithm calculates the contrast loss between the local feature
vectors output by the local projection head at the local feature level. Specifically, the features are extracted from
the feature extraction network, and the image features are denoted as,. Instead of pooling globally, it is directly
spatially. Then each image block passes through a local projection head. The projection head is a 1 * 1
convolution layer!!9z! € RS*S¥Ezl ¢ RSXSXE The output features of the local projection head are marked as,.

Finally, the contrast loss of the local features is calculated:

Li=5;), ~log cxplzt /)
b7 52 - exp(zl-zL) + Zzg_ exp(z} - zI_/7)
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ISZS +ZSZS ZéZSIZSIWhere, representing the feature vector at the first spatial position in the current image,

namely query, representing the matching feature vector, that is, the positive feature, representing the
mismatching feature vector, and the global loss function, and is no longer represents a whole image, but
represents a block of image, that is, the local feature of the view. In addition, we stipulate that the matching

mode is to correspond to the local feature vector of the image pair one to one.z’ 2!
.2 3. Pixel-based contrast learning

Contrast learning based on pixel-level features is further improved on contrast learning based on local
features, since image segmentation is pixel-level classification, considering the predictive power of pixel-level
features. Specifically, the feature extraction network directly uses three 1 * 1 convolution layers without block
processingh! hI201z1 € RHXWXK 71 ¢ RHXWXK Get higher-order features of the image, and finally calculate the
contrast loss of pixel-level features based on this feature. The contrast loss of pixel-level features is the pixels
with the same labels in the original image and its enhanced image as positive pairs, and the pixels with different
labels as negative pairs. By pulling in the distance between the positive pairs in the feature space and pushing
the distance between the far negative pairs, the feature extraction network can extract the image features more
accurately. This article defines the number of pixels in the image, represents the feature vector of the pixels, the

image, the label of the number of pixels, is the symbol function, if the label of the pixels and the pixels in the

image is 1, or 0, so the pixel contrast loss can be expressed as:N’Iz Apy; ApNI Iyp B ApBk

N EII exp(z' ~zf/r)

_lNI D exp( z{/r)

Therefore, our total loss is:
L=L,+L +L,

4 Experiment

This section presents the experimental setup, comparison and other methods, and ablation experiments.

4.1 Experimental setup

Verify the proposed method on two publicly available image segmentation datasets: PASCAL-VOC

201202And Cityscapes?!ldata set. The PASCAL-VOC2012 dataset consists of 10582 training images, 1449
validation images, and 456 test images with annotations of one background object class and 20 foreground
object classes. Cityscapes Data set contains street records from 50 different cities of various stereo video
sequence, the data set of fine and coarse two sets of evaluation standard, are generally using the fine evaluation
standard, namely by 5000 fine annotation sample set for training and evaluation, sample set including 2975
training map, 500 validation map and 1525 test map, each image size is 1024x2048.The parallel ratio (MloU) is
used to measure the effectiveness of this method.

4.2 Comparison of image segmentation performance based on different numbers of training samples

To verify the effectiveness of the proposed method, this paper compares the image segmentation
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performance without pre-trained and multi-trained scale contrast learning based on PASCAL-VOC 2012 and
Cityscapes datasets based on different numbers of training samples. On the Cityscapes data set, even when all
training maps (2975) are used, the pre-trained image segmentation can be improved by about 10%, while when
the training sample is less than 600, the pre-trained based image segmentation performance MIoU can be
significantly improved, with an increase of about 12%. On PASCAL-VOC2012 data set, after pre-training
model performance has greatly improved, including training samples to one tenth of the original, the
pre-training image segmentation performance improvement points more than 34%, training samples reduced to
one fifth of the original, the pre-training image segmentation performance improvement points also significantly
increased by about 31%. The above results verify the effectiveness of the proposed pre-training method based
on multi-scale contrast learning, which has a good segmentation performance in the case of insufficient training
samples.

Table 1 Image segmentation performance based on different numbers of training samples

PASCAL-VOC 2012 C ityscapes
data set
MloU MloU

Number of training samples | 1059 | 2118 | 5295 | 10582 | 343 596 1527 | 2975

random initialization 23.6 30.1 36.4 40.7 48.2 54.6 60.8 63.5

O urs 57.8 61.9 64.2 66.7 64.3 68.4 72.8 73.5

4.3 Ablation experiments

In this paper, three different scales of contrast loss: global contrast loss, local contrast loss, and pixel
contrast loss.L, L, L,, Table 2 shows the elimination of different contrast loss functions on the performance of

downstream image segmentation tasks on the PASCAL-VOC 2012 and Cityscapes datasets. Ablation
experiments demonstrate the effectiveness of the proposed multiscale contrast loss function.

Table 2 Performance of different contrasting loss variables

data set Cityscapes PASCAL-VOC 2012
Number of training samples 1527 5295
No contrast loss 60.8 36.4
Ly 71.1 57.5
L, 71.3 58.9
L, 71.6 59.6
Ly + L 719 60.7
L, + L, 72.1 61.5
L+ L, 72.3 62.9
Lo+ L+ L, 72.8 64.2

4.4 Method Comparison

To verify the effectiveness of the proposed method, this paper and the existing methods are compared,
including the AF of the region-based loss function?3lAnd RMI?4, And the SimCLR based on global contrast
learning™, All of these methods used ImageNet for pre-training. Table 3 shows the segmentation results of all
methods using 2118 training images and 5295 training images on the PASCAL-VOC 2012 dataset, respectively.
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The experimental results show that the performance of the proposed method on the PASCAL-VOC 2012 dataset
exceeds the previous methods and verifying the effectiveness of the proposed method.

Table 3 Performance of different pre-training methods for image segmentation

method

PASCAL-VOC 2012
2118

PASCAL-VOC 2012
10582

random initialization 30.1 40.7
SimCLR 60.8 64.3
AF 60.4 63.2
RMI 61.1 64.5
O urs 61.9 66.7

5 Conclusion

This paper proposes a pre-training method for image segmentation based on multi-scale contrast learning.
Data data data through limited annotation data enhancement, and then trains the feature extractor with
multi-scale contrast loss function to extract the accurate feature extractor and finally obtain the image
segmentation pre-training model. The pre-trained model can acquire networks that can be used for specific
image segmentation tasks. Experiments on two publicly available datasets show that the proposed pre-training
method can maximize the use of data labels with limited annotation data, and can also achieve good

performance on small-scale image segmentation data sets, which verifies the effectiveness of this method.
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